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Highlights

What are the main findings?

* A Hybrid Conditional Kalman Filter (HCKF) framework is proposed for urban low-
altitude UAV perception by fusing TDOA and Remote ID measurements through
kinematics-based temporal alignment, measurement quality evaluation, and subspace-
decoupled EKF fusion.

* The proposed framework reduces positioning errors by explicitly handling TDOA alti-
tude jumps, Remote ID timing irregularity, and horizontal-vertical geometric anisotropy,
achieving over 40% RMSE reduction compared with single-source baselines.

What are the implications of the main findings?

® The results demonstrate that TDOA and Remote ID can provide complementary advan-
tages for urban low-altitude UAV tracking, improving both positioning accuracy and
trajectory continuity under asynchronous sampling and signal instability.

* The proposed HCKF framework provides a practical and robust fusion solution for UAV
perception in complex urban environments, especially when measurements are affected
by packet loss, multipath effects, and vertical observability degradation.

Abstract

Accurate Unmanned Aerial Vehicle (UAV) position estimation is the cornerstone of urban
low-altitude safety management systems. Time Difference of Arrival (TDOA) and Remote
Identification (Remote ID) are widely used surveillance technologies with complementary
characteristics. TDOA provides high-rate updates but suffers from geometry-induced
horizontal-vertical anisotropy and multipath effects, while Remote ID supplies absolute
state information yet struggles with intermittent sampling and packet loss. Existing fusion
schemes typically address these issues in isolation: sequential filtering manages asynchrony
but assumes Gaussian noise, robust estimators suppress outliers at the cost of discarding
valid data, and coupled-filter architectures allow vertical anomalies to contaminate hor-
izontal estimates through the Kalman gain cross-coupling. No prior framework jointly
handles structural TDOA altitude jumps, stochastic Remote ID timing jitter, and the ge-
ometric anisotropy between estimation subspaces within a single coherent pipeline. To
bridge this gap, we propose a Hybrid Conditional Kalman Filter (HCKF) framework com-
prising three integrated modules. First, a kinematics-based temporal alignment module
maps asynchronous measurements onto a uniform timeline and predicts missing samples,
resolving cross-modal time mismatches. Second, a measurement quality evaluation mech-
anism detects TDOA altitude steps via robust two-layer stratification and scores Remote
ID timing irregularity through a confidence mapping, converting these anomalies into
dynamic covariance adjustments and weight caps without discarding observations. Third,
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a Subspace-Decoupled Fusion strategy exploits the physical insight that TDOA horizontal
precision derives from hyperbolic intersection geometry, whereas its vertical estimates suf-
fer from weak observability due to near-coplanar ground-station deployment . By applying
entropy-guided weighting in the horizontal plane and a conditional Remote ID-dominant
rule in the vertical axis, this design prevents cross-dimensional error propagation. The
framework was validated using three real-world flight missions at distinct altitudes (255 m,
345 m, and 440 m) totaling 13.51 km of flight distance, with RTK serving as ground truth.
HCKEF reduces the Root Mean Square Error by over 40% relative to single-source baselines
(95% bootstrap confidence interval: [35.2%, 48.7%]), and paired Wilcoxon signed-rank tests
confirm statistically significant improvement (p < 0.01) over standard EKF, Covariance
Intersection, and Iterative CI across all three tracks.

Keywords: multimodal data fusion; TDOA; Remote ID; EKF; urban low-altitude UAVs

1. Introduction

In recent years, the strategic development of low-altitude airspace has become a global
focal point. For instance, the United States is actively promoting Advanced Air Mobility
(AAM) systems, while China has formalized the “low-altitude economy” as a national
strategy. As a pivotal component of these ecosystems, Unmanned Aerial Vehicles (UAVs)
have attracted significant attention from both academia and industry [1]. Driven by their
inherent advantages in deployment flexibility, cost-effectiveness, and operational agility,
UAVs have experienced rapid development and achieved broad utilization across diverse
application scenarios. Policy support has accelerated the deployment of UAVs in industrial
tasks such as inspection and logistics, while simultaneously expanding consumer-grade
applications including aerial photography. As the number of UAVs and the density of flight
missions continue to rise, safety incidents in low-altitude airspace have become more fre-
quent, thereby increasing operational risks. This issue is particularly pronounced in urban
low-altitude environments, where complex electromagnetic conditions, interference-prone
communication links, and dense, obstructed built environments collectively elevate the like-
lihood of accidents and complicate regulatory oversight [2,3]. These challenges highlight
the urgent need for a structured urban low-altitude safety management system [4]. Reliable
UAV positional-awareness capabilities constitute the foundation of this system, which
provide accurate, real-time position and trajectory information to support the perception of
UAV activities in complex urban low-altitude environments [5].

The complex electromagnetic environment and dense buildings of urban low-altitude
airspace make it impossible for a single sensor to accurately detect UAV location [6,7].
Instead of depending solely on single sensor, the urban low-altitude safety management
system increasingly emphasize multi-sensor data fusion and cooperative sensing architec-
tures [8]. Some researchers suggest using cameras or radar. But visual sensors struggle with
privacy issues [1] and limited range [2]. Radar systems are effective but often too expensive
and heavy for dense urban deployment [3]. In addition, 5G positioning is promising but
not yet fully mature for precise tracking [4]. In practical applications, Radio Frequency (RF)
detection techniques (e.g., Time Difference of Arrival, TDOA) and Remote ID system are
commonly utilized and demonstrate significant complementary capabilities. TDOA is a
passive multi-point positioning technique that estimates UAV location based on the differ-
ences in signal arrival times at multiple ground stations; however, in urban low-altitude
environments, station geometry constraints and severe multipath effects lead to observation
instability, intermittent signal loss, and poor altitude-estimation performance [9]. Remote
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ID system employs airborne modules to actively broadcast identity and status information,
providing real-time positional reporting [10]. However, the Remote ID system is limited by
low update rates, frequent data loss, and dependence on compliant onboard equipment [11].
The complementary strengths and limitations of these sensing modalities motivate the
adoption of a multimodal fusion approach to better accommodate the constraints of urban
low-altitude environments.

It should also be noted that the abnormal jumps and jitter observed in TDOA mea-
surements are not merely random noise. They are closely related to the urban propagation
environment, including multipath reflections, non-line-of-sight reception, receiver geome-
try, and weak vertical observability. Recent studies on multi-source localization in complex
multipath environments have shown that propagation-aware reliability modeling is im-
portant for robust positioning [12]. In addition, fundamental performance-limit analysis
indicates that achievable localization accuracy is constrained by sensing geometry and
signal parameters [13]. These studies motivate the present work to treat TDOA reliability
in a source-aware and subspace-aware manner. A complete theoretical performance-bound
analysis for TDOA-Remote ID fusion is left for future work.

Beyond the specific sensing modalities, the broader field of probabilistic sensor fusion
has seen significant advances relevant to urban UAV perception. Graph optimization-
based estimators [14,15] offer globally consistent trajectory estimates but assume batch
processing, which limits real-time applicability for safety-critical tracking. Uncertainty-
aware tracking frameworks [16] incorporate learned observation models to predict sensor
reliability; however,they require extensive training data that may not generalize across
deployment sites. Bayesian asynchronous filtering [17] provides a principled treatment
of irregular sampling but typically assumes stationary noise distributions. The HCKF
framework builds upon these foundations while specifically addressing the joint challenges
of structural altitude anisotropy and stochastic timing irregularity that are characteristic of
TDOA-Remote ID fusion in urban canyons.

Due to differences in working principles and the complexity of urban low-altitude
environments, TDOA and Remote ID exhibit distinctly different sensing and positioning
data characteristics, which present three challenges to multimodal data fusion. Firstly, time
stamp misalignment and sampling rate differences between the two sensing systems result
in unreliable data association. Conventional buffered synchronization solves asynchrony
but does not account for the quality of interpolated samples. Secondly, measurements
suffer from stochastic uncertainty: Remote ID faces frequent packet loss and timing jitter,
while TDOA signals are often interrupted by obstacles. Robust M-estimators suppress
outliers but may incorrectly down-weight valid TDOA horizontal data due to unrelated
vertical anomalies. Third, the sensors exhibit geometric anisotropy: TDOA provides
high horizontal precision but lacks vertical stability due to station geometry. Coupled-
filter architectures allow vertical errors to propagate into horizontal estimates through
off-diagonal Kalman gain blocks. These three challenges interact, and addressing any one
in isolation leaves the fusion vulnerable to the others. To address these challenges, we
propose the Hybrid Conditional Kalman Filter (HCKF) for UAV sensing and positioning in
low-altitude airspace.

This work investigates the fusion of Time Difference of Arrival (TDOA) and Remote
ID data for urban low-altitude UAV perception and positioning. We propose a data fusion
strategy based on the Hybrid Conditional Kalman Filter (HCKF) algorithm. This strat-
egy maximizes the complementary strengths of each sensor by processing horizontal and
vertical dimensions separately. This work tests the hypothesis that explicitly modeling mea-
surement quality through confidence-driven covariance inflation and subspace-decoupled
fusion yields statistically significant improvements in both trajectory accuracy and tempo-
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ral continuity compared with conventional coupled-filter fusion, provided both sensing
modalities maintain at least intermittent availability.

It should be emphasized that HCKEF is not intended as a new Kalman filter variant
obtained by merely stacking existing modules. Its novelty lies in converting the physical
sensing characteristics of TDOA and Remote ID into conditional fusion rules. Specifically,
the high horizontal sampling density but weak vertical observability of TDOA, and the
absolute but sparse and jittered reporting of Remote ID, are explicitly represented through
source-specific covariance inflation, confidence-limited information weighting, and vertical
admissibility conditions. Therefore, the proposed framework changes the way heteroge-
neous measurements enter the EKF update, rather than only changing the motion model or
tuning the noise matrix. The main contributions of this work are summarized as follows.

(1) We propose a kinematics-based temporal alignment method. This method fuses
timestamps and predicts missing samples using sliding-window motion models. It ef-
fectively solves the problem of data asynchrony between heterogeneous sensors. This
approach reduces time-gap errors and generalizes well to typical UAV flight patterns.

(2) We develop a spatiotemporal quality control mechanism. This mechanism maps
structural altitude jumps and stochastic timing anomalies to dynamic weight constraints.
It addresses the challenge of signal instability in urban canyons. This ensures robust
estimation by down-weighting unreliable data instead of deleting them, maintaining
continuity even when measurements are sparse.

(3) We design a horizontal-vertical separated fusion architecture. This architecture
separates horizontal information weighting from vertical conditional updates. It resolves
the conflict caused by the geometric anisotropy of different sensors. This strategy prevents
errors in one dimension from contaminating the other, achieving both high precision and
trajectory continuity.

(4) We validate the complete HCKF framework using real-world flight datasets col-
lected in the Xuzhou Olympic Sports Center area. Unlike simulation-based evaluation,
the field experiments capture realistic multipath reflections, intermittent signal blockage,
and vertical instability caused by large stadium structures, grandstands, metallic roofs,
and surrounding buildings. The empirical results demonstrate that the proposed frame-
work improves positioning accuracy and trajectory continuity under the tested urban
low-altitude conditions.

The remainder of this paper is organized as follows: Section 2 introduces the current
related work at home and abroad. Section 3 describes the data-fusion model; Section 4
presents the experimental validation and comparative results; Section 5 discusses the roles
of the proposed modules; and Section 6 concludes and outlines future work.

2. Related Work
2.1. Research on TDOA and Remote-ID

Time Difference of Arrival (TDOA) is extensively utilized for passive UAV surveillance
due to its superior temporal resolution, but its efficacy in urban low-altitude environments
is fundamentally compromised by systematic errors stemming from synchronization, ge-
ometry, and propagation. Firstly, precise clock synchronization constitutes the physical
baseline, but residual offsets inevitably persist due to hardware heterogeneity. In multi-
sensor fusion systems, these uncalibrated errors tend to accumulate over time, leading
to significant trajectory drift, particularly in GNSS-denied areas [18,19]. Secondly, the
geometric configuration of ground stations imposes severe structural limitations on 3D
positioning. Analytical derivations confirm that determining a target’s altitude using
ground-based TDOA is characterized by weak vertical observability [20]. Specifically, the
typical flat deployment of sensors creates a severe Vertical Geometric Dilution of Preci-
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sion (GDOP), rendering altitude estimates numerically unstable compared to horizontal
tracking [20,21]. Thirdly, Non-Line-of-Sight (NLOS) propagation in urban canyons intro-
duces deterministic positive biases that systematically shift position estimates away from
obstacles. Although robust neurodynamic optimization methods have been proposed to
suppress these outliers, they often entail heavy computational costs that limit real-time
applicability on edge devices [22]. Furthermore, without aiding from onboard sensors,
standalone TDOA solvers frequently fail to converge during rapid maneuvers, highlighting
the necessity for multimodal fusion [23].

Remote ID, serving as a digital license plate, provides absolute coordinates but is
constrained by communication-induced systematic limitations and integrity risks. Un-
like proprietary command links, Remote ID operates in crowded unlicensed ISM bands,
where protocol interference leads to bursty packet loss and stochastic transmission delays.
Theoretical analysis reveals that these delays follow a non-Gaussian distribution that stan-
dard filters fail to model effectively [24]. This latency is further exacerbated by protocol
switching (e.g., between BLE and Wi-Fi), which introduces discrete time gaps in trajectory
reporting [25]. Beyond latency, data integrity remains a critical concern, as environmental
factors and interference significantly degrade link reliability in urban settings [26]. More-
over, the system is vulnerable to GPS spoofing, where valid format but false coordinates
are broadcast. While RSS-based verification methods have been developed to detect such
anomalies, they typically require dense receiver grids for effective triangulation [27,28].
Consequently, raw Remote ID data exhibit inherent trust gaps and temporal mismatches
when fused with high-rate sensors, a characteristic often neglected by existing frameworks
that treat it merely as a low-precision GPS source [29].

The above studies provide useful tools for asynchronous tracking, maneuvering-target
prediction, and robust filtering. However, they do not fully match the coupled characteris-
tics of the TDOA-Remote ID fusion problem in urban low-altitude UAV perception. First,
asynchronous fusion methods usually focus on delayed track association, whereas the
present problem requires measurement-level alignment between a high-rate passive source
and a sparse cooperative source. Second, multiple-model filters improve motion prediction,
but they do not explicitly model the source-dependent reliability changes caused by Remote
ID packet loss and timing jitter. Third, robust EKF variants and covariance inflation meth-
ods suppress abnormal innovations, but they normally treat outliers as generic statistical
events and do not distinguish the horizontal and vertical reliability of TDOA. In practical
urban scenes, TDOA is informative in the horizontal plane but may introduce structural
altitude jumps, while Remote ID provides more stable altitude information but suffers from
sparse and irregular sampling.

2.2. Fusion Algorithms for Target Tracking

The fusion of cooperative (e.g., ADS-B and Remote ID) and non-cooperative (e.g.,
Radar and TDOA) surveillance data is a well-established paradigm in Air Traffic Control
(ATC), providing a theoretical foundation for urban UAV monitoring. The primary chal-
lenge lies in the asynchronous and heterogeneous nature of these data streams. To address
sampling rate discrepancies, where TDOA /Radar provides high-frequency updates while
Remote ID/ADS-B suffers from latency, Sequential Filtering architectures have been widely
adopted. Bar-Shalom et al. [30] established that processing measurements sequentially
as they arrive, rather than buffering them into synchronous frames, significantly reduces
latency in real-time tracking. Building on this, recent works have applied Track-to-Track
Fusion (T2TF) to decouple the estimation processes. For instance, Yan et al. [31] proposed an
asynchronous T2TF framework that locally estimates state vectors for each sensor and then
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fuses them using a pseudo-measurement matrix, effectively handling the “negative time”

https://doi.org/10.3390/drones10060457


https://doi.org/10.3390/drones10060457

Drones 2026, 10, 457

6 of 34

problem caused by delayed ADS-B packets. However, standard T2TF assumes statistical
independence between tracks, which often leads to over-confident covariance estimates
when process noise is correlated [32].

Addressing the maneuvering characteristics of targets is another critical problem.
UAVs in urban environments exhibit high agility, rendering single-model filters (like
standard Kalman Filters) prone to divergence. They usually assume the target moves at
a constant velocity or acceleration. When a UAV turns sharply or stops, this assumption
fails. This discrepancy makes predictions inaccurate. As residuals spike, the filter diverges
and loses the target. For such scenarios, the Interacting Multiple Model (IMM) algorithm
is the preferred solution. By running multiple filters (e.g., Constant Velocity, Coordinated
Turn) in parallel and mixing their probabilities, IMM can rapidly adapt to mode changes.
Genovese [33] demonstrated that IMM significantly outperforms static filters in tracking
maneuvering UAV by dynamically adjusting model weights. In the context of UAVs, Li
et al. [34] extended IMM with adaptive turn-rate models to capture the erratic movements
of quadrotors. Despite its effectiveness, IMM's computational complexity scales linearly
with the number of models, posing challenges for deployment on resource-constrained
edge computing nodes [35].

The most significant hurdle in urban fusion is Robustness to Non-Gaussian Errors.
Unlike high-altitude ATC scenarios where errors are largely Gaussian, urban low-altitude
environments are dominated by outliers (e.g., NLOS biases) and heavy-tailed noise. Classi-
cal Extended Kalman Filters (EKF) are highly sensitive to such anomalies. To mitigate this,
Adaptive Covariance Inflation methods have been developed. Osman et al. [36] introduced
an online adaptive scheme that scales the measurement noise covariance R based on the
innovation sequence, effectively down-weighting data that contradict the predicted state.
Similarly, Robust Statistics approaches, such as the Maximum Correntropy Criterion (MCC)
filter proposed by Wang et al. [37], replace the Mean Square Error (MSE) criterion to filter
out impulsive noise. Furthermore, specifically for the fusion of biased sensors, Bias Estima-
tion techniques are crucial. As demonstrated in ADS-B/Radar fusion by Zhang et al. [38],
augmenting the state vector to estimate systematic sensor biases online is essential for
aligning heterogeneous coordinate systems. However, most existing robust filters treat
outliers as random events, failing to account for the structural and direction-dependent
nature of TDOA errors in urban canyons (e.g., persistent vertical bias), which requires
domain-specific subspace decoupling rather than generic statistical rejection [39].

The proposed HCKEF differs from these methods in two conceptual aspects: (i) instead
of applying isotropic covariance inflation based solely on innovation magnitude, HCKF
employs a structured strategy where TDOA altitude jumps trigger binary gating while
Remote ID timing irregularity is mapped to a continuous confidence score that modulates
both covariance inflation and weight caps; and (ii) the horizontal and vertical subspaces
are fused separately with dimension-specific strategies. Entropy-guided weighting is used
for the well- conditioned horizontal plane and conditional Remote ID-dominant gating for
the ill-conditioned vertical axis, thereby explicitly accounting for the direction-dependent
nature of TDOA errors.

3. Methodology

This section details the Hybrid Conditional Kalman Filter (HCKF), a hierarchical
fusion framework designed to mitigate the specific challenges of urban low-altitude UAV
perception and positioning.as summarized in Figure 1. First, the two types of perceptual
data are unified and supplemented via interpolation at identical timestamps. Within a
sliding window, three motion models are evaluated in parallel—constant velocity (cv),
constant acceleration (ca), and coordinated turn (ct). A dwell rule limits model switching
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and reduces prediction jitter. Measurements are then handled without ad hoc deletion.
TDOA-derived altitude (TDOA Z) uses a global two layer stratification to flag vertical
jump points with a binary indicator. Remote ID timing irregularity is summarized by
temporal deviation and horizontal inconsistency and is mapped to a confidence score that
inflates the Remote ID covariance and caps its weight. All observations pass chi square
X>. gating and a Huber loss to limit the influence of outliers. Fusion is then performed by
subspace. In the horizontal plane, channel weights are assigned by information gain and
combined into a single pseudo measurement. In the vertical axis, Remote ID is the primary
source and TDOA Z is admitted only when consistency gates and amplitude limits are
satisfied. The two pseudo measurements are used in one information form EKF update.
In this way, measurement reliability is converted into explicit noise and weight control,
and the estimator maintains accuracy and continuity under outliers, jump events, and
asynchronous sampling.

Step 1: Multi-model Step 2: Measurement Step 3: Subspace-Decoupled
Adaptive Prior Quality Evaluation EKF Fusion
Sliding Window " TDOA Stratification XYPlane |
High-Rate cv  TDOA Jump

TDOA

Flags

Max NG
lSeparalion #
D(x)

Layer L,

Sparse

1

Remote ID|

4 Min Entro |
\ : g i, Aligned L V. , 24 1 1
Measurements s e e e e
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i (Z) ﬁ!amote ID Confidence Mapping Z Axis State
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: :

1

State Feedback (Prediction)

Figure 1. Overall architecture of the HCKF framework.

The HCKEF framework is constructed around a measurement-conditioned update
mechanism. At each epoch k, a set of data-quality conditions is first extracted from the
aligned measurements, including the TDOA altitude-jump indicator, the Remote ID confi-
dence score, the horizontal consistency gate, and the vertical agreement constraint. These
conditions are denoted as

Ce = {J3(k), qr, 8y (k), 82(k) }, 1)

where J7.(k) is the TDOA altitude-jump flag, gy is the Remote ID confidence score, gy (k) de-
notes the horizontal consistency gate, and g (k) denotes the vertical admissibility condition.
The condition set Cy is then used to regulate measurement covariance inflation, fusion-
weight constraints, and subspace-level measurement admission before the information-
form EKF update is performed.

For clarity, the complete computational procedure of HCKF is summarized in
Algorithm 1. The algorithm shows how the three modules interact at each epoch: temporal
alignment produces a motion-consistent prior, measurement-quality evaluation generates
reliability indicators and effective covariances, and subspace-decoupled fusion constructs
horizontal and vertical pseudo-measurements for the final EKF update.
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Algorithm 1: Core computational procedure of HCKF

Input: raw TDOA measurements Z T raw Remote ID measurements ZR,
nominal covariances Rt, Ry, grid step Ty
Output: fused state sequence {£y i, Pyx }
1 Convert raw WGS84 measurements into the local ENU coordinate frame.
2 Construct the uniform time grid 7 = {¢tg, f1, ..., tx} with step Tp.
3 Assign TDOA and Remote ID observations to the corresponding grid epochs.
4 foreachepocht, € T do
5 Evaluate CV, CA, and CT motion candidates in the sliding window W;.
6 Compute the robust window loss L;(W;) for each candidate model i.
7 Select the motion model n7;, with the minimum loss subject to the dwell rule.
8 Propagate the prior state (£;;_1, Pyx—1) using model m.
9 Detect TDOA altitude jumps and obtain the binary flag J (k).

10 Compute Remote ID temporal and spatial irregularity scores s¢(k) and s, (k).

11 Map s; (k) and s, (k) to the Remote ID confidence score gy.

12 Inflate effective covariances R%ff(k) and R%ff(k).

13 Apply chi-square gating and Huber robust screening to accepted measurements.

14 Fuse accepted horizontal measurements using entropy-guided information weights.
15 Limit the Remote ID horizontal weight using the confidence-dependent upper bound.
16 if TDOA-Z satisfies jump, horizontal-consistency, and amplitude gates then

17 Admit TDOA-Z into the vertical update with entropy-guided weighting.

18 else

19 Use the Remote-ID-dominated vertical update.

20 end if

21 Assemble horizontal and vertical pseudo-measurements into Z¢ (k) and R (k).

22 Perform the information-form EKF update to obtain (£, Pyjc)-

23 Save (£, Pxx) as the fused state at epoch .
24  end for
25 return {X\k\k/ Pk\k}llszl

3.1. Multi-Model Adaptive Prior

Reliable fusion requires synchronized data inputs. However, TDOA and Remote ID
operate asynchronously with different sampling rates. This section establishes a uniform
timeline to align these heterogeneous data streams. We employ a sliding-window approach
to map measurements from their raw timestamps onto this grid. Accurate alignment relies
on predicting the UAV motion between samples. Yet, urban UAVs exhibit complex flight
patterns. They cruise stably, accelerate suddenly, and execute sharp turns. A single kine-
matic model cannot capture such diversity. Therefore, we integrate three distinct models:
Constant Velocity (CV) for steady flight, Constant Acceleration (CA) for maneuvering,
and Coordinated Turn (CT) for curvilinear motion. This adaptive selection constructs a
stable and informative temporal prior. The three-model set (CV, CA, and CT) provides a
parsimonious yet sufficient basis: CV and CA span the longitudinal dynamics, and CT
captures planar curvature.

Let the system state at epoch t be Xy = [prr, Py s Pk Uxks Vyks vk, p.x and v
represent the position and velocity components. The state is associated with a prior mean
and covariance (fk|k—1/ Py t—1)- TDOA and Remote ID measurements with time stamps
{tT} and {tR} are resampled to a uniform timeline T = {fo, ..., t} of step Ty so that each

epoch t; € T has collocated multi-source observations, as summarized in Figure 2.

https://doi.org/10.3390/drones10060457


https://doi.org/10.3390/drones10060457

Drones 2026, 10, 457

9 of 34

Asynchronous _S_I_igl_ip_g_‘f{i_r_tfl_qy_l_‘{k ________ Model _Selection
Samples Parallel Prediction . (min Ly)
: At Gri i
Raw TDOA (t;) | t Grid cvi gate
— : et ps b Lt et |Loss
S 5 i selector
5 - ™~ <CA node
P S Dwell
; o s B L' > II' Regu I;?zation
| R
PN | ]

Raw Remote ID (tp)

—
. Aligned State ()

Figure 2. Data interpolation framework based on sliding window and kinematic model.

3.1.1. Robust Outlier Screening on the Aligned Grid

Raw measurements mapped to the uniform timeline may still contain gross errors. We
apply a two-step screening process to identify them. First, we check for vertical anomalies.
Let Az, denote the sequence of height increments along curve T. The outlier rejection gate
is defined by the 90th percentile of the median-centered absolute deviation.

90 = quantile(|Az — median(Az)|,0.90) ()

where gy denotes the 90th percentile of the median absolute deviation. If |Az — median(Az)| >
Boo, the epoch is flagged as a coarse-grained outlier. However, aggressive filtering can break
trajectory continuity. To prevent this, we introduce two protection parameters: a maximum
removal ratio and a minimum sample count. If the number of valid samples falls below
the minimum sample count within the sliding window, we retain the points even if they
exceed the threshold.

Next, we apply a spatial consistency test on the horizontal plane. This jointly validates
suspicious points. Let pk‘ k-1, and P,g';; denote the predicted and observed horizontal
positions, respectively. The prior covariance is Pyjx_1,,y- We compute the normalized
squared distance as follows:

T -1
@2y (k) = (PR — Priray) (P + Robsy(®)) (PR — Prp-1y) < B(p) )

where pz,bxsy denotes the observed horizontal position at epoch k, and Py 1y, denotes
the predicted horizontal position from the prior state. Py_q ., is the predicted hori-
zontal covariance, and Rohs,xy<k) is the horizontal observation covariance. The statistic
d,zcy(k) is a Mahalanobis distance and can therefore be consistently compared with the
chi-square threshold x2(p) with two degrees of freedom. In this study, p is set to 0.997
unless otherwise specified.

3.1.2. Motion Models and Process Noise

To capture the diverse motion patterns of urban UAVs, we utilize three kinematic
models: Constant Velocity (CV), Constant Acceleration (CA), and Coordinated Turn (CT).
All models operate on the uniform timeline with a sampling interval of At. The CV
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CA

Pi

model describes stable cruising. The state vector X includes 3D position and velocity. The
transition follows standard discrete-time dynamics:

I Ath

F =
cv lo I

2 LA ALY
, Qev =07 | ’ (4)
1L APL
where Fcy denotes the state transition matrix, and I3 denotes the 3 x 3 identity matrix.
Qcv represents the process noise covariance. The parameter ¢, represents the standard
deviation of the white-noise acceleration, which models small, random velocity changes.
The CA model accounts for maneuvering phases. It extends the state vector to include

acceleration:
2 5 4 3
T I; Atl; 451 %413 %13 AT:I?’
Vi aﬂ, Foa= |03 Iy Afl; |Qea=07 |ACL AEL 200, (5)
3 2
03 03 Iy 80y, ANIp At

where the CA model extends the state vector to include acceleration. Fcp and Qca represent
the corresponding state transition matrix and process noise covariance in three-dimensional
space, respectively. The parameter ¢j denotes the standard deviation of the jerk (i.e., the
rate of change of acceleration), allowing the model to capture dynamic speed variations.

Because the CV, CA, and CT candidates use different local parameterizations, all candi-
date predictions are projected back to the common fusion state [px, Py, Pz, Vx, Oy, ;] T before
likelihood evaluation and EKF updating. For the CA model, the acceleration component is
treated as an auxiliary prediction variable, while only the position—velocity block and its
covariance are retained for fusion.

Xpq1 = Xp + %(Sin(q’k + wAt) — sin ¢y) (6)

(4
Yesr = e + % (cos i + W) — cosgy) @)

where vy is the horizontal ground speed, and ¢y is the heading angle. The parameter wy
represents the turn rate. Fcr is the state transition function, and Qcr is the process noise
covariance constructed in the tangential-orthogonal coordinate system and mapped to
the Cartesian coordinate system via the Jacobian matrix evaluated at the current state
(Vk, @k, wi). As wy approaches 0, this model reduces to the CV model.

For the selected model m, the prior propagation at ¢ is as follows:

k-1 = fn(Re_1je—1, AE), Pe—1 = Fon Pe_1k—1Fm, + Qi (8)

where £, _; denotes the predicted state vector at the current epoch. Py;_; represents the
corresponding predicted error covariance matrix. On the right-hand side, f,(e) is the
state transition function for model my. £;_;x_q and P;_q;_; are the updated state estimate
and error covariance from the previous epoch, respectively. Q;;, denotes the discrete-time
process noise covariance specific to the chosen model. F,, is the Jacobian matrix of f,.

To handle outliers without discarding data, we apply Huber weighting. This adjusts
the influence of measurements based on their innovation. For the scalar normalized
innovation v,

¥(o) = ©)
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where v is a scalar normalized innovation, and ¢ is the Huber threshold expressed in stan-
dard deviations, with § € [1.5, 2.0]. This effectively inflates the anomalous residual term
Si t, thereby reducing its influence in L{ W) and stabilizing the model selection process.

3.1.3. Windowed Model Selection

On each window W, = { t|te {tk — %, t + g} } (length W, stride s), the three
candidate models M = {CV,CA, CT} are independently propagated to produce candidate
priors and whitened innovations. For model i € M, let

tip =2zt — HR®j (10)

Sit = HP,y,_H™ + R/ 11)

where 7; ; represents the innovation residual vector, calculated as the difference between the
actual measurement }; and the predicted measurement Hf; ;; ;. S denotes the innovation
covariance matrix. H is the measurement Jacobian matrix. P;;_y is the predicted state
covariance, and Rfff is the effective measurement covariance. The model-selection loss
combines the negative log-likelihood of whitened innovations with an information-volume
and complexity penalty:

Li(We) = Y oS rie+a Y IndetS;; + Bp; (12)
teWy te Wy

where L;(Wj) is the choice of loss function, which combines the negative log-likelihood of
the whitened innovation term with an information penalty term and a model complexity
penalty term, with « € [0.2,0.5], B ~ 2, and p; being the state dimension of model i. The
tentative best model i is the one that minimizes this loss:

iy = argmin L; (W) (13)
ieM
To avoid oscillatory switching, enforce residency regularization. Let m;_1 denote the
model used in the previous window, and 7(m;_1) denote its current residency count (per
window). The update rule is as follows:

Mg_q ..., if Lmkil(wk) <(1- E)Li;(wk) or T(myg_1) < D

mj =
i otherwise

(14)

where my_; is the model from the previous window, and D signifies the minimum dwell
count within the window, with minimum dwell D and advantage margin e. In low-speed
or near-hover segments, the CT candidate is disabled by constraining the feasible set to
M; = {CV,CA}.

Operational constraint under prolonged packet loss. The kinematics-based temporal
alignment module is designed to bridge short-term asynchrony and intermittent missing
samples, rather than arbitrary long communication outages. When Remote ID is unavail-
able for several consecutive epochs, its confidence score is reduced through the temporal
irregularity term, and its effective covariance is inflated in the fusion stage. If no reliable
Remote ID measurement is available within the sliding window, the Remote ID channel is
not used as an active constraint. In this case, the filter relies on TDOA updates when they
pass the quality-control gates; otherwise, the system enters a prediction-dominated mode,
in which the state covariance increases according to the process-noise model.

https://doi.org/10.3390/drones10060457


https://doi.org/10.3390/drones10060457

Drones 2026, 10, 457

12 of 34

To prevent overconfident extrapolation, a maximum prediction interval Tgzi" is intro-

duced. When the missing interval exceeds Tg;,", the corresponding source is marked as
unavailable rather than being interpolated. The output during this period is flagged as
low-confidence. Therefore, HCKF does not assume that the sliding-window prediction can
remain accurate under unlimited packet loss; reliable recovery requires the reappearance
of Remote ID or another accepted external observation.

Parameter rationale. The Huber threshold § € [1.5,2.0] is chosen based on asymptotic
relative efficiency: at § = 1.5, the estimator retains ~ 95% efficiency under Gaussian noise
while bounding the influence of any single observation to ¢ standard deviations. The
process noise parameters (0; = 1.5m/ 2, i =08m /s3, 0o = 0.05 rad/s) correspond to the
observed maneuverability of the multirotor platform and are validated through sensitivity
analysis in Section 4.3. The loss function weights (¢« € [0.2,0.5], B ~ 2) follow BIC-style
scaling where B = In(Neg) for typical window sizes. The dwell count D = 3 and advantage
margin &, = 0.05 implement hysteresis to prevent chattering at consecutive epochs.

3.2. Measurement Quality Evaluation

This section establishes a measurement quality evaluation mechanism prior to fusion.
Two complementary mechanisms are addressed: (i) detection and conditional correction of
TDOA altitude jumps (ii) Remote ID time-irregularity marking with confidence scoring.
The outputs are the effective measurement covariances R$(k) and quality flags (J%(k), qx)
that are subsequently consumed by the information-form fusion in 3.3 through gating,
weight capping, and entropy-guided weighting.

Let z;(k) denote a measurement at epoch #; from source i € {TDOA, Remote-ID},
with nominal covariance R;(k). We write z,-,xy(k)eRz. and 1;,(k) € R for its horizontal

and vertical components, and we use the prior (J?k‘ k-1, Py k—1) from 3.1, with Hy, and H;
extracting the corresponding sub-states.

3.2.1. TDOA Altitude Jump Detection

As summarized in Figure 3, this section performs global jump detection on TDOA
height data by partitioning the TDOA measurements into two height layers and adopting
the criterion of maximizing inter-layer separation while minimizing intra-layer disper-
sion.The MAD-based stratification is used to generate a quality indicator for the TDOA
vertical channel. Specifically, the altitude sequence is divided into two candidate layers,
and the split point with the largest robust inter-layer separation and the smallest intra-layer
dispersion is selected. The resulting binary flag J7 (k) indicates whether a structural altitude
jump is detected at epoch k. This flag is subsequently used as one of the conditions for
vertical measurement admission in the subspace-decoupled fusion stage.

Let {zr(k) }X_, be the TDOA altitudes at the common grid {t;}. For any candidate split
index T € {2,...,K}, define the two layers S;(7t) = {1,...,7— 1} and S(7) = {7,...,K},
with sizes n1(t) = 7 —1 and ny(t) = K— 7+ 1. Compute the median altitude for
each layer:

m1(7) = median{zr(k) : k € S1(1)}, mo(t) = median{zr(k) : k € Sp(7)}  (15)

where m1(T) and m(7) are the medians of the first and second layers, respectively. To
quantify within-layer dispersion robustly, use the median absolute deviation (MAD) in
each layer:

0i(t) = 1.4826 - median{|zr(k) —my(7)| : k € S;(7)}, i€ {1,2} (16)
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where 0;(T) represents the robust deviation for layer i. The constant scaling factor 1.4826
ensures that the MAD serves as a consistent estimator for the standard deviation under a
normal distribution assumption. The between-layer separation is measured by the absolute
median gap D(7) = |my(7) — ma(7)|. To discourage degenerate splits with vanishing
support in one layer, introduce a size-balance factor B(1) = % € (0, % , which
attains its maximum when the two layers are balanced. The subsequently proposed global
hierarchical scoring is as follows:

D(7)
01(t) + 02(T) + ¢

S(t) = -B(1),e >0 (17)
where S(7) represents the segmentation effectiveness score for the candidate split index
7. e is a small positive constant added to prevent division by zero. This method employs
mild balance regularization to explicitly maximize inter-layer median separation while
minimizing intra-layer dispersion. The optimal segmentation is defined as:

*— S 18

T = argfhax (1) (18)

where C = {7 : n1(T) > Npin, 72(T) > Nmin } enforces a minimum layer length Ny, for
statistical reliability. The final TDOA altitude jump is declared at T*.

1,k=T1*
[ (k) = Y =) (19)

0, otherwise

where k denotes the TDOA height jump index declared within the Jr neighborhood;
J3(k) € {0,1} is the binary jump flag derived for fusion processing, set to 1 when ¥ = 1
and to 0 otherwise.

! = o - ;| Median of layer2

Wi o2@ - - .

il = |p@) =1 my@) - myo) |
1 —_— 1
: 71(%) . om - '___E _____
- B - B 3 ' Median of layer1
B T T T T T I T I S A I
S(7) : 0o D(1)

0,(T)+0,(7) +¢

Figure 3. TDOA global jump point layered detection diagram. The orange square markers denote
the TDOA altitude observations. The gray dashed horizontal lines indicate the median altitude
levels of Layer 1 and Layer 2, namely m1(7) and m; (7). The blue solid horizontal lines represent the
MAD-based robust dispersion bounds &1 (7) and 65 (7) for the two layers, while the vertical bracket
denotes the inter-layer separation D(t) = |my(7) — mz(7)|. In the lower panel, the black curve
represents the global hierarchical score S(7), and the red star with the red dashed vertical line marks
the optimal split point T* corresponding to the maximum score.
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3.2.2. Remote-ID Time-Irregularity Marking and Confidence-Based De-Weighting

As summarized in Figure 4, this subsection formalizes a time-irregularity handling
scheme for Remote-ID measurements on the aligned time grid. The objective is to convert
timing anomalies into effective measurement covariances that reflect reliability, without
altering the raw observations. The outputs are a scalar confidence g, € (0,1) and the
effective Remote-ID covariance R&f(k), which are subsequently used by the fusion stage

for gating and weight assignment.

Temporal Irregularity (s;) Confidence Mapping (q) Covariance Inflation (Re/f )'
Remote ID Actual Aty
. . I 1 N
Time Jitter Sigmoid o) Inflation Factor a;,
ZA A Packet Loss A
| — o
T, (Grid Step) Score s, t &
Spatial Consistency (s,) =
S
£
Predicted LS
Stale Pkllr-_l_ B 0’2 ________
{ @ (Mahalanobis) [ " Confi )
Prior == L COMTCenG gy Effective R*//
State Geometry ey LOW
Mismatch Confidence
Score s, * Total Deviation (s; + s,,)

Figure 4. Confidence modeling and analysis of irregular Remote-ID sampling frequency. The arrows
indicate the reliability-evaluation flow from temporal irregularity s; (k) and spatial consistency s (k)
to the confidence score gi, and then to the covariance inflation factor a; used to construct the effective

Remote-ID covariance R%ff (k).

Let {ifk},If:1 be the uniform grid (step Tp), and let Z,f denote the Remote-ID measure-
ment available at epoch t; after alignment. Define the inter-arrival interval Aty =ty — t;_1,
and denote by (fk' k-1, Py k,1> the prior from Section 3.1. The prior horizontal position is
pk‘ k—1,xy- and the Remote-ID-derived horizontal position is P,fxy.

A temporal deviation score normalizes the interval departure from the grid step:

Aty — T

Aty =ty — t_1,5t(k)
where s;(k) is a dimensionless metric measuring the irregularity of arrival intervals. The
parameter ¢ is a small positive constant included to prevent division by zero. Higher values
indicate potential buffering, network jitter, or data lag.

Spatial consistency scores measure the deviation between predictions and measure-
ments on the horizontal plane under conditions of quality uncertainty:

dm (k) = (Plgxy - Pk\kfl,xy)TP]:‘kl_l,xy(ngy - Pk|kfl,xy) (21)

sp(k) = y/du (k) (22)

where dj (k) represents the squared Mahalanobis distance, which quantifies the statistical
mismatch between the measurement and the prediction. s, (k) is a dimensionless prior-
normalized horizontal mismatch. It increases when the Remote-ID geometry conflicts with
the predicted motion state. (s;(k), s, (k)) are the feature pair quantifying reliability along
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the temporal and geometric axes, respectively, and are subsequently aggregated into a
single confidence score g.

1

Gk = 0 (Ao — Aese(k) — Apsp(k)), o(u) = 1+exp(—u)

(23)

where Ag > 0 is a confidence offset, and A; and A, control the sensitivity to temporal
irregularity and spatial inconsistency, respectively. With this formulation, g; approaches
one when both temporal and spatial deviations are small. As either timing jitter or spatial
inconsistency increases, g decreases monotonically, leading to a larger effective covariance
for the Remote ID channel.

Rryxy(k) 021
Rr(k) = Y (24)
( ) 02><1 RR,Z (k)
The effective covariance R%ff(k) is then modulated by an inflation factor ay.
RRxy(k)  02x1
Reffk _ X RRxy X o =14 x(1— (25)
R ( ) [ 02><1 lkaR,z(k) k ( Qk)

where « is a scaling constant that determines the maximum inflation intensity. When
temporal and spatial deviations are small (i.e., s;(k) and s, (k) are low), the confidence
remains high (g ~ 1), the inflation factor stays near unity («; ~ 1), and the Remote-ID
covariance remains effectively nominal. As either deviation grows, g, decreases and «;
increases, which inflates the innovation covariance and thereby reduces the statistical
influence of the Remote-ID channel in a principled manner. In all cases, R%ff(k) enters the
innovation covariance in Section 3.3, directly lowering the entropy gain of the Remote-ID
channel—and hence its fusion weight—whenever the confidence is low.

The confidence offset by = 4.0 positions the sigmoid such that g; ~ 0.98 when both
temporal and spatial deviations are negligible. The asymmetric sensitivity (y; = 1.0,
p = 0.5) reflects that timing jitter is a more direct indicator of Remote ID degradation than
spatial mismatch, which can also arise from legitimate maneuvers. The inflation constant
x = 9.0 bounds the maximum covariance scaling at ;™ = 10, effectively removing an
unreliable Remote ID channel from the fusion while the smooth sigmoid prevents abrupt
switching. Sensitivity to these parameters is examined in Section 4.3.

3.3. Subspace-Decoupled EKF Fusion

The reason for separating the XY and Z updates is the anisotropic reliability of the
two sensing sources. In the tested urban low-altitude environment, TDOA provides
relatively dense horizontal observations, but its altitude component is more vulnerable
to vertical GDOP, non-line-of-sight propagation, and multipath-induced jumps. Remote
ID is sparser and may suffer from timing jitter, but its altitude reports are generally more
stable when valid packets are received. A fully coupled 3-D update may allow unreliable
TDOA altitude residuals to affect the horizontal state through cross-covariance terms. The
proposed subspace-decoupled update therefore isolates the vertical reliability decision
from the horizontal information fusion, improving numerical stability while still admitting
TDOA-Z when the jump, horizontal-consistency, and amplitude conditions are satisfied.

Given the severe anisotropy of TDOA measurements—specifically the high precision
in the horizontal plane contrasted with instability in the vertical domain (due to high
VDOP)—a standard coupled EKF update risks allowing vertical outliers to contaminate
horizontal estimates. To address this, we decompose the state-space update into two de-
coupled subspaces: the horizontal subspace and the vertical subspace. At each epoch ty,
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the filter receives (i) the prior (£x_1, Prx—1) from Section 3.1 and (ii) evaluated measure-
ments from Section 3.2 with effective covariances Rlef*f (k) and quality flags {qx, J7(k)}. In
a standard coupled EKEF, the off-diagonal blocks of the Kalman gain Ky, . couple vertical
innovations to horizontal corrections: a vertical error J, induces a horizontal displacement
of approximately ||Kyy > - 9;||. During TDOA multipath events where J, can reach 50-100 m,
this cross-contamination shifts horizontal estimates by several meters even when the hori-
zontal TDOA measurement is accurate. Moreover, when ground stations are near-coplanar,
the vertical subspace of the observability matrix has a significantly smaller minimum
singular value, making the vertical state weakly observable from TDOA alone. To elimi-
nate these effects, we decompose the state-space update into two decoupled subspaces by
imposing a block-diagonal structure on the fused measurement covariance R (k), which is
equivalent to setting Ky, . = 0. Throughout this section, H. denotes the Jacobian of the
corresponding measurement function . (e) evaluated at the prior state £;_;. For each
source i € {TDOA, Remote ID} and subspace * € {xy,z}, we form the EKF innovation
and its covariance:

Tig = Zix (k) = Hafgpe 1 (26)

S (k) = HuPyy (HI + R (k) 27)

In the horizontal subspace, the contributions from the accepted channels Z,, (k) €
{TDOA, Remote ID} are combined in the information domain. For each channel:

Vi (0) = (R 0) 28)

i xy (k) = Yi,xy(k) Zi,xy (k) (29)

Working with (Y, 1) is natural because information contributions add linearly when
measurements are conditionally independent given the state. To determine how much each
channel should contribute in this epoch, we quantify its anticipated uncertainty reduction
via the differential-entropy gain of its innovation:

1
AHY(K) = S Indet(I+ R (k)" Huy P 1 Hiy) > 0 (30)

This expression equals the logarithmic ratio between the innovation entropy and
the measurement entropy, and it increases under the following conditions: (a) the prior
information is informative in the measurement direction, and (b) the channel covariance is
small—precisely the conditions under which the measurements hold statistical value. We
normalize these gains to obtain the original weights.

(k) = max(AH;” (k),0)

i B L) max(AH]?‘y (k),0)

(31)

where &fy (k) represents the normalized raw weights obtained across all receiving channels.
These weights reflect the relative statistical values of each channel at epoch k. The Remote-
ID weight is then capped by confidence:

W?% (k) = Wmin + (Wmax — Wmin)qk (32)

This formulation ensures that the confidence-dependent upper bound always satisfies
Wiy (k) € [Wimin, Wmax], thereby avoiding the contradiction in which the cap exceeds wWmax

at high confidence.
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(wR,z (k)/ WT 2 (k)) = {

77fz

@Ry (k) = min (W, (6), WF(K) ), Oy (K) = 1= @Ry () (33)

where wj v, (k) = aw@jq, (k) + (1 — aw)w;ry(k—1), i€ {T,R} denotes the confidence-
dependent upper bound of the weight for the horizontal (xy) component of the Remote-ID

channel in the k the time slot. (IJ;y(k) is the weight calculated based on the amount of

information. The smaller one is taken as the final fusion welght denoted by @ xy(k). A
first-order exponential smoother, w; (k) = awcﬁxy(k) + (1 —ap)w; w;? (k—1), preventsjittery

switching. The fused horizontal information and the associated pseudo-measurement are

as follows:
Yf,xy(k) = Z Wi xy (R?;];(k)> ny (34)
lEny
ﬂf,xy(k) = Z Wi xy x/ ( f{é(@) Z; xy(k) (35)
i€y (k)
Pf,xy(k) = Yf;y(k)/ Zf,xy(k) — Pf,xy(k)’ff,xy(k) (36)

where (3 Fays Pf,xy) summarizes all accepted horizontal channels in a single consistent 2-D
observation whose statistical weight is automatically reduced when Remote-ID confidence
is low. In the vertical subspace, priority is given to Remote-ID, while TDOA-Z is admitted
conditionally to avoid height steps. Let

Yiek) = (R @) @)

Miz (k) = Yi,z (k)zi,z (k) (38)

TDOA-Z contributes only when three consistency conditions hold simultaneously:
(i) no jump is detected at k (J7.(k) = 0), (ii) the horizontal P gate with respect to
Remote-ID passes (i.e., the two sources are geometrically consistent in the plane), and
(iii) |zr (k) — zr (k)| < Ah (i.e., no vertical conflict exists). When both channels are admissi-
ble, we allocate weights using the same entropy rationale:

AHE (k) = ;m( +(RY ) HszleZT>, i€ {T,R} (39)
e (1) — AHR (k)
Vi) = REE () 1 AL(R) T e 0)

e (1) — AHZ (k)
“r=0) = EE () + AFE(D) T e

(41)

If any admissibility condition fails, we enforce (w%, @%) = (1,0). The fused vertical
statistics are

(wk ,(k),w? ,(k)), if all TDOA-Z admissibility conditions are satisfied 42)
(1,0), otherwise
Yfz Z wzz ( Eff( )) H, (43)
1EIZ(k
= ¥ w0 (R ®) zak), Pralt) = Y2K), zpa(k) = Pra(knga(k) (44)
i z iz\K), fz fz 7 f.z fz\K)1fz

lEIz(k)
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This design explicitly ties the use of TDOA-Z to verified consistency, preventing
spurious vertical steps while allowing TDOA-Z to contribute when corroborated. The
block-diagonal structure in Ry (k) is imposed only between the horizontal subspace and the
vertical subspace. It does not assume that the x and y direction errors are independent, since
Pt xy (k) remains a full 2 x 2 covariance matrix in the horizontal plane. This approximation
is consistent with the proposed subspace-decoupled fusion strategy. In urban low-altitude
scenarios, the dominant vertical uncertainty of TDOA mainly originates from weak altitude
observability and vertical GDOP, whereas the horizontal uncertainty is mainly governed by
planar station geometry, multipath propagation, and sampling density. Therefore, directly
introducing horizontal-vertical cross-covariance may allow abnormal altitude jumps to
affect the horizontal update through coupled covariance terms. The block-diagonal form is
thus adopted as a conservative decoupling approximation to prevent vertical outliers from
contaminating horizontal trajectory estimation.

For the unified state update, we finally assemble the fused observation and its covari-
ance into a block-structured measurement for the EKF:

Z4(k) = [Z{;;{,Eﬂ,wm = [ngjl") P(ij;(;()] ()

Let H be the Jacobian that stacks Hy, and H; consistently with f¢(k). The information-
form EKF computes

Ag=Pgi  +H'Re(k)'H (46)
M = Pop_yReeea+H Rp(k) ' Z¢ (k) (47)
P = At Rige = Pl (48)

Because Ry (k) is block-diagonal and positive definite, A; remains symmetric positive
definite, and the update is numerically stable. Conceptually, we have replaced many
heterogeneous measurements with one fused pseudo-measurement per subspace, whose
covariance reflects both (a) the statistical value of each channel (via entropy gain) and (b) its
quality (via g and J% through R°ff and weight caps).

Compared with conventional adaptive Kalman filtering, the proposed HCKF does
not rely only on global covariance adaptation driven by innovation statistics. Instead,
it introduces sensor-specific quality conditions before fusion and applies them to both
covariance adjustment and subspace-level measurement admission. In particular, the
TDOA vertical component is not simply assigned an enlarged covariance under abnormal
conditions; it is admitted into or excluded from the vertical update according to the altitude-
jump flag, horizontal consistency, and inter-source altitude agreement. Therefore, HCKF
extends adaptive covariance regulation with condition-controlled subspace fusion, which
is tailored to the heterogeneous and anisotropic error characteristics of TDOA and Remote
ID in urban low-altitude environments.

4. Results and Experiments
4.1. Scenario Description

The flight experiments were conducted in the Xuzhou Olympic Sports Center area,
where the low-altitude operational environment is highly challenging due to the presence
of large stadium structures, grandstands, and surrounding buildings. Such an urban
setting introduces substantial environmental complexity for UAV surveillance and posi-
tioning. On the one hand, the main venue structure and adjacent buildings can cause
intermittent signal blockage, leading to non-line-of-sight propagation and occasional loss
of measurement availability. On the other hand, metallic roofs, glass curtain walls, and
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hard ground surfaces may generate severe multipath reflections, which further degrade
the quality of both TDOA and Remote ID observations. These factors jointly impose strin-
gent requirements on trajectory continuity, positioning stability, and three-dimensional
estimation accuracy. Therefore, conducting experiments in this scenario provides a realistic
and representative test of the robustness and adaptability of the proposed algorithm in
complex urban low-altitude environments. In addition, the experimental platform was
established using professional TDOA sensing equipment, Remote ID receiving devices, and
an RTK-based high-precision reference system, thereby ensuring the technical reliability of
data acquisition, fusion processing, and performance evaluation.

The TDOA network comprised four ground stations (USRP B210 SDR, 25.6 MS/s,
GPSDO-synchronized to <50 ns) deployed at inter-station distances of 180-520 m. Remote
ID was received via a Wi-Fi Beacon receiver (ASTM F3411-22a compliant, nominal 1 Hz).
RTK ground truth (horizontal 0.5 cm + 1 ppm, vertical 1.0 cm + 1 ppm RMS) was logged
at 10 Hz. Fusion algorithms ran on an Intel i9-13900K workstation (64 GB RAM, Ubuntu
22.04, Python 3.10), with HCKF averaging 1.8 ms per epoch.

For reproducibility, all raw measurements were processed using their original times-
tamps. TDOA and Remote ID data were first converted from WGS84 coordinates to a
common local ENU frame and then aligned to a uniform time grid with step Ty = 1.0 s.
When multiple measurements were available within one grid interval, the measurement
closest to the grid epoch was used; when no valid measurement was available, the corre-
sponding source was marked as unavailable rather than being forward-filled indefinitely.
RTK data were used only as post-processing ground truth and were not used for filtering,
data association, or parameter tuning.

4.2. Key Parameter Settings and Tuning Protocol

To improve the reproducibility of the proposed HCKF framework, the key imple-
mentation parameters used in the experiments are summarized in Table 1. We report
only the parameters that directly affect temporal alignment, motion-model selection, ro-
bust measurement screening, Remote ID confidence mapping, covariance inflation, and
subspace-decoupled fusion. Other quantities, such as identity matrices, Jacobians, and
numerical stabilizers, are either directly defined in Section 3 or determined by standard
EKF operations.

Table 1. Key parameter settings of the proposed HCKF framework.

Category Parameter Value Function
Temporal alignment To, W, s 1.0s,9,1 Time-grid construction
Model switching D, ey 3,0.05 Model-switch control
Process noise Oa, 0j, 0 1.5,0.8, 0.05 Motion uncertainty
Robust screening p, o 0.997,1.5 Outlier suppression
. . ' o Altitude-jump
TDOA jump detection Qz, Nmin, "max 0.90, 15, 5% detection
Remote ID confidence bo, v, vp 4.0,1.0,0.5 Confidence mapping
Covariance inflation K 9.0 Reliability adjustment
. Weight and height
Subspace fusion Winin, Wmax, &, A1 0.15,0.85,0.30,20 m Congol &
TDOA covariance Rt diag(202,202,402) m®> TDOA noise setting
Remote ID covariance Rr diag (102,102, 6%) m? Remote ID noise
setting

The same parameter set was used for all flight trajectories without trajectory-specific retuning. RTK data were
used only for post-processing performance evaluation.

The parameters were selected according to three principles. First, the temporal-
alignment parameters were determined based on the effective sampling characteristics of
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TDOA and Remote ID. Second, the robustness-related parameters were tuned according
to innovation consistency and filtering stability, rather than by fitting the RTK reference
trajectory. Third, the same parameter set was applied to all flight trajectories without
trajectory-specific retuning. The RTK data were used only as the post-processing ground
truth for performance evaluation and were not used for filtering, temporal alignment, data
association, or parameter tuning. Table 2 summarizes the tested ranges and selected values
of the main hyperparameters.

Table 2. Tested ranges and final selected values of the main hyperparameters.

Parameter Tested Range Selected Value Function

Information-volume penalty in windowed

it 0.2-0.5 0.3 .
model selection
B 1.0-3.0 20 Model—complemty penalty in windowed
model selection
Yt 0.5-1.5 1.0 Sensitivity to Remote ID temporal irregularity
Tp 0.25-0.75 0.5 Sensitivity to Remote ID spatial inconsistency
» 50-12.0 9.0 Max1mum 1'ntens.1ty of confidence-based
covariance inflation
) 1.5-2.0 1.5 Huber threshold for robust innovation screening

The same selected values were used for all three trajectories without trajectory-specific retuning.

The confidence score of Remote ID was computed as

qx = (bo — yese (k) ~ 'Ypsp(k))r (49)

where g; denotes the Remote ID confidence at epoch k, o(+) is the sigmoid function, s¢(k) is
the temporal irregularity score, s, (k) is the spatial inconsistency score, by is the confidence
offset, and 7 and 7y, control the effects of temporal and spatial deviations, respectively.
This formulation ensures that the confidence remains high when both deviations are small
and decreases when irregular sampling or geometric inconsistency occurs.

The confidence-dependent upper bound of the Remote ID horizontal weight was

set as
max

Cl)R,xy (k) = Wmin + (wmax - wmin)qk (50)

This formulation constrains the Remote ID weight within the predefined inter-
val [Wmin, Wmax], preventing low-confidence Remote ID observations from dominating
the horizontal fusion process. In the vertical subspace, TDOA-Z was admitted only
when no altitude jump was detected, the horizontal consistency gate was satisfied, and
|zr (k) — zr (k)| < Ah. Otherwise, the vertical update was dominated by Remote ID to
avoid contamination caused by TDOA altitude jumps.

4.3. Baseline Implementation and Fairness Protocol

To ensure a fair comparison, all baseline algorithms were implemented using the same
input data, coordinate system, temporal alignment grid, initialization rule, and evaluation
protocol as HCKE. Raw WGS84 coordinates were converted to the same local ENU frame,
and RTK was used only as post-processing ground truth. No baseline was tuned using
the RTK trajectory. The initial position was set to the first accepted measurement on the
aligned grid, the initial velocity was set to zero, and the initial covariance was identical for
all filters. The same chi-square gating threshold was applied before measurement updates.

For CV-EKF and CT-EKF, the process and measurement noise parameters were set
according to the same nominal TDOA and Remote ID covariance assumptions used by
HCKE. The linear KF used the same constant-velocity state definition as the CV-EKF but
without nonlinear turn dynamics or source-aware covariance adaptation. CI and ICI used
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the same local estimates produced from TDOA and Remote ID streams and differed only
in the conservative covariance-intersection fusion rule. For HCKEF, the additional modules
were activated through the parameters listed in Table 3. Thus, performance differences
mainly reflect the proposed quality-aware and subspace-decoupled fusion logic rather than
differences in preprocessing or data selection.

Table 3. Common settings for comparative algorithms.

Item Value Applied Methods
Coordinate frame Local ENU converted from WGS84 - All methods

Time grid step To=1.0s All methods

Initial position First accepted aligned measurement. All methods

Initial velocity [0,0,0] Tm/s All methods

Initial covariance diag(lOOz, 100%,1007,10%,102,10%) All filters

TDOA nominal covariance diag(ZOz, 202,40%) m? EKEF, CI, ICI, HCKF
Remote ID nominal covariance diag(lOz, 102, 62) m? EKEF, CI, ICI, HCKF
Chi-square gate p =0.997 All methods

RTK usage Evaluation only All methods
Parameter tuning Fixed for all tracks All methods

4.4. Comparative Evaluation of Positioning Accuracy and Filtering Performance

We evaluated three representative urban low-altitude flight missions within the test
site. Each flight recorded two perception data streams: TDOA measurements from the
ground receiver network and Remote ID signals broadcast by the airborne module. RTK
data served solely as post-processing ground truth for evaluation and were not utilized
in the preprocessing, tuning, correlation, or fusion stages. All data streams retained their
original timestamps and source data and were subsequently aligned to a uniform timeline
using the step size At, as described in Section 3. Raw coordinates were recorded in WGS84.
For metric analysis and charting, they were converted into a local Cartesian coordinate sys-
tem (ENU). Altitude is expressed as elevation above sea level. No smoothing was applied
prior to alignment, and missing data remained unchanged without forward interpolation.

Figure 5 compares three representative flight trajectories. The black dashed line repre-
sents RTK ground-truth measurements, the blue dashed line originates from raw TDOA
measurements, and the orange dashed line is derived from Remote ID measurements.

As shown in Figure 5, Track 1 has a path length of approximately 5.38 km and an
altitude of about 255 m. Remote ID exhibits localized sparseness in certain sections,
resulting in increased sampling intervals that form visible gaps. TDOA displays continuous
vertical steps and significant instability in street-canyon segments, with occasional gaps
emerging under non-line-of-sight conditions.

As shown in Figure 5, Track 2 has a path length of approximately 3.55 km, with an
altitude of about 345 m. Remote ID sampling is dense and temporally regular. TDOA
reveals a few hopping events and slight jitter, primarily occurring at turns and along
sections with reflective building facades.

As shown in Figure 5, Track 3 has a path length of approximately 4.58 km and is
located at an altitude of about 440 m. Remote ID remains generally stable, although long
intervals occur in certain sections. TDOA exhibits jitter, offset, and frequent jump points.
Unlike in the lower-altitude tracks, these errors are mainly caused by geometric constraints
(vertical GDOP), because the target altitude increases relative to the ground stations.

Tables 4—6 report RMSExy, RMSEz, RMS;3p, and the valid sample counts for Tracks 1
to 3 under TDOA, Remote ID, and HCKF conditions. All methods employ identical
alignment procedures, coordinate systems, and gating settings on a uniform timeline.
Unless otherwise specified, valid samples refer to time periods that pass the chi-square
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Figure 5. Representative trajectories of the raw multi-source perception data in three real-flight
datasets, including RTK ground truth, TDOA measurements, and Remote ID measurements:
(a) 255 m perception data trajectory; (b) 345 m perception data trajectory; (c) 440 m perception
data trajectory.

TDOA exhibits the largest error across all trajectories, manifesting as high root mean
square error (RMSE) and occasional significant vertical deviations. This is consistent with
the expected anisotropy caused by the base-station geometric layout and multipath effects
within urban street canyons, and it helps explain the frequent signal interruptions observed.
While Remote ID reduces vertical errors, its reduced number of effective samples, caused
by reporting rates and packet loss, creates temporal gaps and limits horizontal accuracy.
HCKEF achieves the lowest RMS;p values across all three trajectories, reducing RMSExy to
single-digit meters while maintaining RMSE within a small error range. Compared with
the single-source methods, it significantly increases the volume of effective data, indicating
superior continuity under heterogeneous sampling conditions.

On Track 1, amid sparse telemetry from Remote ID and TDOA and severe vertical
jumps, HCKF maintains continuity and reduces error by separating horizontal and vertical
processing: plane information-driven weighting leverages TDOA density, while the vertical
channel is protected by Remote-ID dominance, conditionally accepting TDOA-Z data only
when the consistency and amplitude thresholds are met.

On Track 2, under stable altitude and dense Remote-ID conditions, the HCKF algo-
rithm simultaneously reduces horizontal and vertical errors while enhancing the effective
sampling rate. Its principle lies in achieving stable associations through grid-time consis-
tency and mapping Remote-ID consistency to higher weights while preserving TDOA data.

On Track 3, in geometrically variable and multipath environments, HCKF effectively
suppresses the impacts of TDOA jitter and offset through confidence-based weighting and
moderate temporal smoothing. This approach avoids weight oscillations while preserving
the three-dimensional geometry.

In this study, “data volume” denotes the number of valid epochs that contribute to
the reported trajectory on the unified time grid. For TDOA and Remote ID, it refers to the
number of epochs at which the corresponding source provides an accepted measurement
after temporal alignment and quality control. For HCKEF, it refers to the number of epochs
at which at least one accepted fused update is available. Therefore, data volume reflects
trajectory continuity rather than the amount of raw data stored by the sensor.
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Table 4. Comparison of errors and data counts for Track 1 under TDOA, Remote ID, and HCKF.

Method RMSEyxy/m RMSEz/m RMS;3p/m Data Volume
TDOA 62.585 25.069 70.481 338
Remote ID 38.481 7.844 40.476 134
HCKF 7.114 4.403 8.980 472

Note: RMSExy denotes the horizontal subspace root mean square error, RMSE denotes the vertical subspace root
mean square error, and RMSzp denotes the overall three-dimensional root mean square error. Bold values indicate
the best result for each metric, namely the minimum error in the error columns and the maximum value in the
Data Volume column.

Table 5. Comparison of errors and data counts for Track 2 under TDOA, Remote ID, and HCKE

Method RMSExy/m RMSEz/m RMS;p/m Data Volume
TDOA 27.470 56.077 62.430 156
Remote ID 14.816 2.083 14.961 164
HCKF 5.711 1.059 5.808 320

Note: RMSExy denotes the horizontal subspace root mean square error, RMSE denotes the vertical subspace root
mean square error, and RMS3p denotes the overall three-dimensional root mean square error. Bold values indicate
the best result for each metric, namely the minimum error in the error columns and the maximum value in the

Data Volume column.

Table 6. Comparison of errors and data counts for Track 3 under TDOA, Remote ID, and HCKF.

Method RMSExy/m RMSEz/m RMS;3p/m Data Volume
TDOA 30.953 14.088 31.889 174
Remote ID 8.777 7.692 12.719 254
HCKF 4.671 5.706 7.774 332

Note: RMSExy denotes the horizontal subspace root mean square error, RMSE; denotes the vertical subspace root
mean square error, and RMS3p denotes the overall three-dimensional root mean square error. Bold values indicate
the best result for each metric, namely the minimum error in the error columns and the maximum value in the

Data Volume column.

It should be noted that data volume does not directly reduce RMSE. RMSE measures
positioning accuracy over the valid epochs, whereas data volume measures temporal
continuity. A method with a larger data volume may still produce a large RMSE if the
retained measurements contain strong bias or outliers. Conversely, a sparse method may
show moderate RMSE but fail to provide continuous trajectory coverage. Therefore, RMSE
and data volume are jointly used to evaluate the accuracy—continuity trade-off.

Figure 6 presents three sets of accuracy-continuity trade-off plots: root mean square
error versus data count, XY-direction root mean square error versus data count, and
Z-direction root mean square error versus data count. The HCKF point sets form ideal
clusters in the low-error and high-count regions, indicating a Pareto advantage over the
single-source methods—that is, in most cases, HCKF achieves a more favorable balance
between error and data count.

In terms of overall error and continuity, TDOA tends to occupy regions with high data
volume but large errors, while Remote ID resides in areas with low errors but sparse data.
Compared with both, HCKEF shifts the data cloud toward regions with lower errors and
higher valid-epoch coverage, indicating a more favorable accuracy—continuity trade-off.

In the horizontal view, HCKF maintains a stable low-error, high-density pattern that
suppresses TDOA jump events during turns and obstructions while preserving geometric
constraints through higher sampling rates. In the vertical view, HCKF primarily resides in
the low-Z-error, high-count region; in sections with strong vertical interference, it ensures
overall continuity by moderately sacrificing Z-axis accuracy.
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These trends are consistent with the fusion design that treats the horizontal and vertical
components separately and applies statistical gates and robust losses to contain outliers
and jump events. The results support the use of Remote ID for vertical accuracy, TDOA for
sampling density, and layered robust fusion to control errors while sustaining continuity.
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Figure 6. Accuracy-continuity trade-off plot. (a) Horizontal accuracy and data volume. (b) Vertical
accuracy and data volume. (c) Overall accuracy and data volume.

Figure 7 compares the performance of the proposed HCKF algorithm with CT EKF [40],
CV EKF [41], CI [42], ICI [43], and the linear KF in tracking low-altitude non-cooperative
targets. All methods employ uniform timeline alignment, identical coordinate systems, and
identical gating mechanisms. RTK is used solely as a post-processing reference. The left
panel shows the overlay of the fused horizontal trajectory and the RTK trajectory; the right
panel presents the vertical root mean square error for the same segment.

HCKEF closely approximates the RTK paths under turning and occlusion conditions
with minimal lateral deviation. CT EKF and CV EKF exhibit drift when UAV velocity
changes rapidly or sampling becomes irregular, reflecting their single-model assumptions
and sensitivity to temporal variation. The linear KF exhibits the greatest deviation in
densely built urban areas with anisotropic noise. While CI and ICI demonstrate greater sta-
bility, their conservative weighting causes lag and fails to fully exploit information updates.
These characteristics are consistent with HCKF’s time-consistency prior, confidence-based
de-weighting mechanism, and information-driven horizontal weighting, whose combined
effect suppresses jump residuals while preserving the horizontal information provided by
high-density observation points.

Across all test segments, HCKF achieves the lowest or near-lowest RMSE; values.
When height measurements exhibit noise or irregularities, the performance of CT EKF and
CV EKF degrades because their process noise must simultaneously account for both the
kinematic state and sampling inconsistencies, thereby amplifying residuals. While CI and
ICI maintain consistency, this comes at the cost of increased vertical errors. The linear KF is
the most susceptible to step effects caused by multipath in TDOA-Z. In contrast, HCKF
enforces a Remote ID-dominant strategy for the vertical channel, using TDOA-Z only when
horizontal consistency holds and an amplitude threshold is satisfied. This conditional rule
prevents false vertical steps while flexibly utilizing TDOA-Z when it is reliable.

Figure 8 reports the bar-chart statistics for the three flight trajectories, including the
overall RMSE, horizontal error (RMSExy), and vertical error (RMSEy).

Figure 8a compares the three-dimensional RMSE values of the three test trajectories
under different filters. The traditional methods (CT EKF, CV EKF, CI, ICI, and Linear
KF) are clearly inferior to HCKF in overall accuracy. Notably, on Track 2, their errors
remain around 30 m, whereas HCKF reduces the error to single-digit meters, yielding an
improvement of about 70-80%. Tracks 1 and 3 show a similar pattern: HCKF sustains low
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error while maintaining stability, thereby avoiding the accuracy fluctuations exhibited by
the traditional algorithms in highly dynamic segments.

Figure 8b compares the performance in the horizontal subspace in terms of RMSExy.
HCKEF keeps the horizontal error within 8 m on all three tracks, reducing the error by
more than 75% relative to CT EKF and CV EKEF, with Track 2 showing a particularly
notable improvement from 22.00 m to 7.11 m. By contrast, the traditional methods degrade
on Track 2, with sharp error growth at turns and during acceleration. By leveraging
adaptive covariance adjustment and multi-source constraints, HCKF suppresses such
drift accumulation.

Figure 8c reports the vertical accuracy in terms of RMSEz. HCKF maintains a stable
advantage, achieving 1.05 m on Track 1, which is about 32.73% lower than that of the tradi-
tional methods, and 4.40 m and 5.71 m on Tracks 2 and 3, corresponding to improvements
of approximately 74.01% and 28.14%, respectively. Traditional filters are vulnerable to
altitude drift and transient spikes when signal quality degrades, whereas the Subspace-
Decoupled Fusion strategy in HCKF constrains the vertical state and uses residual feedback
to suppress these bursts.
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Figure 7. Trajectory comparison across fusion algorithms. The lines represent the trajectories or
vertical errors obtained by HCKEF, CT EKF, CV EKE, CI, ICI, and linear KF, while the RTK trajectory is
used as the post-processing reference. Subfigures (a—c) correspond to the 255 m, 345 m, and 440 m
flight tracks, respectively.
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Figure 8. RMSE of different filtering algorithms. (a) Horizontal RMSE comparison. (b) Vertical RMSE
comparison. (c) Overall RMSE comparison.

Across the three tested trajectories, HCKF achieved lower positioning errors and
improved trajectory continuity in the overall, horizontal, and vertical subspaces. These
results indicate that the proposed conditional fusion strategy is effective under the tested
urban low-altitude conditions, where TDOA and Remote ID exhibit complementary but
heterogeneous error characteristics.

Although the proposed HCKF framework improves positioning accuracy and con-
tinuity in the three real-flight trajectories, the experimental scope remains limited. All
trajectories were collected in one urban low-altitude area, and the TDOA receiver geom-
etry, Remote ID communication environment, and UAV platform were fixed during the
experiments. Therefore, the current results do not fully characterize performance under
different station layouts, terrain structures, UAV dynamics, communication protocols, or
weather conditions. Future work will extend the validation to multiple urban sites and
different receiver-network configurations to further assess the generalization capability of
the proposed method.

4.5. Statistical Validation and Robustness

Table 7 summarizes the statistical validation. Paired Wilcoxon signed-rank tests
confirm that HCKF outperforms all baselines at p < 0.01 on all three tracks. Bootstrap
95% confidence intervals (B = 10,000) for RMSzp reduction relative to the best single-
source baseline are well-separated from zero. Under three perturbation scenarios on
Track 2—additional 20%Remote ID packet loss, TDOA vertical noise injection (o = 20 m),
and 500 ms linear clock drift—HCKF maintains RMS3p below 10 m in all cases, with
the largest degradation of +18.7% under vertical noise injection. The average per-epoch
processing time of HCKF is 1.82 ms (¢ = 0.28 ms), comparing favorably with ICI (2.45 ms)
and CT EKF (1.23 ms) while providing superior accuracy.

Table 7. Statistical validation summary across three flight tracks. CI: bootstrap 95% confidence
interval for RMS3p reduction vs. best single-source baseline. Perturbation: RMSzp under degraded
conditions on Track 2 (nominal: 5.808 m).

Metric Track 1 Track 2 Track 3
Wilcoxon p (vs. best baseline) <104 <104 1.7 x 1073
RMS;3p reduction 77.8% [74.1, 81.2] 61.2% [56.8, 65.5] 38.9% [33.4, 44.7]
Robustness analysis for Track 2

20% Remote ID loss 6.841 m (+17.8%)

TDOA-Z noise ¢ =20 m 6.894 m (+18.7%)

Clock drift 500 ms 6.423 m (+10.6%)
Processing time (ms/epoch) 1.82 +0.28
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4.6. Module Ablation Experiments

To evaluate the effectiveness of the proposed multi-source fusion positioning method
and quantify the contributions of each module, we conducted ablation experiments and
comparative studies on a unified platform and dataset for the three modules introduced in
Section 3. The analysis focused on two core questions: (i) the independent and synergistic
gains of the three modules, where M is the multi-model adaptive prior based on a unified
grid; C is the measurement quality evaluation, transforming temporal anomalies and jump
events into effective covariance and weight upper bounds; and V is Subspace-Decoupled
EKF Fusion, combining horizontal information weighting with vertical updates dominated
by Remote ID; and (ii) the extent to which the C module enhances accuracy in both the
horizontal and vertical components. The findings provide quantitative evidence for the
design choices, reveal the complementarity among modules, and identify the components
that most significantly affect the key dimensions of accuracy and continuity.

The proposed method has operational limits under prolonged packet loss. The multi-
model prediction and sliding-window alignment can reduce short-term time gaps, but
they cannot fully replace external observations during long communication outages. If
Remote ID packets are continuously lost and TDOA measurements are also unavailable
or rejected by the quality-control gates, the filter will rely mainly on prediction, and the
uncertainty will grow over time. Under such conditions, trajectory accuracy cannot be
guaranteed, and the output should be interpreted as a low-confidence estimate. Future
work will investigate explicit outage-mode handling, adaptive process-noise inflation, and
integration with additional onboard sensors to improve robustness under long-duration
communication loss.

To quantify the contributions of the three core modules M, C, and V in the multi-source
localization system, we conduct a 3 x 3 combination ablation using RMSE under unified
data and parameter settings. Figure 9 presents the RMSE heatmaps for the three flight
trajectories. The axes represent different pairwise module combinations. The color intensity
encodes the RMSE magnitude. Each cell displays two values: the absolute RMSE and a
value in parentheses. The number in parentheses specifically indicates the error increase
relative to the full-module HCKF scheme.
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Figure 9. Heatmaps of 3 x 3 module-combination ablation results across three distinct flight trajecto-
ries: (a) 255 m experiment; (b) 345 m experiment; (c) 440 m experiment.

Figure 9a Track 1: The complete configuration reduces the error by approximately
two-thirds compared with the baseline without any modules, demonstrating a significant
synergistic effect. Removing the V module causes the most severe performance degradation,
bringing the error close to that of the weakest baseline, which indicates that the quality of
the source data varies significantly and therefore requires an adaptive weighting strategy.
Removing the C module similarly leads to a substantial increase in error, which is consistent
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with the presence of high noise, irregular sampling, and the need for dynamic gating and
anomaly suppression under high-velocity maneuvers. Removing the M module also
degrades the performance, although less severely than removing the V or C module. This
indicates that spatiotemporal matching accuracy remains important, but on this trajectory
it can be partially compensated for by robust control and fusion techniques.

Figure 9b Track 2: The complete configuration performs best across all module-deletion
and baseline scenarios. Compared with the no-module scenario, the root mean square
error decreases by more than half. Removing any module increases the error, with the
deletion of Module C causing the greatest degradation (more than one-third worse than the
complete configuration), followed by the deletion of Module M, while removing Module V
has the smallest impact. This ranking is consistent with the scenario characteristics: when
data quality is relatively balanced, confidence-based control is crucial for smoothing and
noise reduction, while temporal-consistency association prevents matching errors from
propagating to the fusion stage. Information-based weighting remains effective but has
less influence than Modules C and M under these conditions.

Figure 9c: The gain achieved by the complete configuration relative to the no-module
baseline is relatively modest, amounting to approximately one-third. The three single-
module ablation schemes exhibit similar performance degradation, with smaller gaps
than those observed on Tracks 1 and 2. This indicates that the contributions of the three
modules are more balanced under conditions of high coverage and low noise. Nevertheless,
the V module provides the greatest accuracy improvement among the three, followed by
the C and M modules. This is consistent with the ability of the weighting mechanism to
effectively exploit informative updates without requiring frequent aggressive gating or
association-repair operations.

Across all three tracks, the fully configured system consistently reduces the error by
approximately one-third to two-thirds. The importance of each module depends on the
scene characteristics. Under complex conditions with sparse Remote ID and TDOA jump
events, system performance depends more heavily on the robustness of Module C and the
adaptability of Module V. When observation conditions are favorable and the data flow is
balanced, Modules M and C dominate the performance improvements, while Module V
still provides measurable but smaller gains. Overall, the modules exhibit an additive effect
on accuracy and compensate for each other under varying noise levels and sampling modes,
thereby improving the robustness and adaptability of the system.

To evaluate the effectiveness of the Subspace-Decoupled EKF Fusion module in vertical
accuracy, we select three representative trajectories and compare the performance with and
without the Subspace-Decoupled EKF Fusion module against high-accuracy RTK ground
truth, with the analysis focused on the Z-axis subspace. The evaluation metric is RMSE ;.

As shown in Figure 10a for Track 1, the vertical RMSE7 is 8.54 m without Subspace-
Decoupled EKF Fusion and drops to 2.86 m with Subspace-Decoupled EKF Fusion, rep-
resenting an improvement of 84.64%. The error curve without Subspace-Decoupled EKF
Fusion exhibits large fluctuations during interference, with peak values tens of times higher
than the reference, whereas with Subspace-Decoupled EKF Fusion it remains at a low
amplitude. This gain stems from conditional gating in the update stage, which dynamically
accepts or rejects observations based on residuals and covariances.

In Figure 10b for Track 2, multiple high-noise intervals are present. Without Subspace-
Decoupled EKF Fusion, the vertical RMSE; reaches 21.73 m with frequent high-amplitude
oscillations; with Subspace-Decoupled EKF Fusion, it falls to 3.92 m, representing an 81.91%
improvement. Subspace-Decoupled EKF Fusion markedly reduces transient deviations in
high-noise segments by down-weighting anomalous observations, thereby avoiding the
degradation typical of a standard EKF under non-Gaussian noise.
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e with Subspace-Decoupled EKF Fusion
= without Subspace-Decoupled EKF Fusion

In Figure 10c for Track 3, the case without Subspace-Decoupled EKF Fusion shows
a pronounced initial error spike and moderate subsequent fluctuations, with an MAE
of 9.64 m; with Subspace-Decoupled EKF Fusion, the MAE drops to 2.41 m, represent-
ing a 75.02% improvement. Subspace-Decoupled EKF Fusion accelerates convergence
under unstable initialization by adaptively suppressing early outliers, thereby reducing
error accumulation.

= with Subspace-Decoupled EKF Fusion
——without Subspace-Decoupled EKF Fusion
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Figure 10. Effect of Subspace-Decoupled EKF Fusion on vertical positioning accuracy (Z RMSE)
across different trajectories: (a) 255 m experiment; (b) 345 m experiment; (c) 440 m experiment.

Across all three trajectories, Subspace-Decoupled EKF Fusion improves vertical accu-
racy by more than 75%—exceeding 80% in two cases—through conditional updates that re-
ject or attenuate anomalous measurements, strengthened vertical constraints in covariance
adjustment, and reduced the influence of erroneous early observations. These mechanisms
yield stable, high-accuracy vertical estimates under interference, strong noise, and unstable
initialization, thereby enhancing the overall robustness of the three-dimensional trajectory.

4.7. Mechanistic Interpretation

The performance gains observed in the ablation study can be explained through three
coupled mechanisms. Entropy-guided weighting creates a self-balancing feedback loop:
when TDOA becomes noisy due to multipath, its entropy gain AH;’ decreases, automat-
ically reducing its weight; conversely, when Remote ID loses confidence, its weight is
capped, shifting authority to TDOA. Because entropy is a concave function of covariance,
this transition is smooth and free of threshold-induced oscillations. Covariance inflation
operates before the fusion step: inflating Rt (k) reduces the Kalman gain, and this reduced
information propagates consistently through both the state and covariance updates, main-
taining filter consistency. Without inflation, an overconfident Remote ID measurement
with hidden timing errors would produce an artificially small Py, causing subsequent
epochs to over-weight the prior—a positive feedback loop leading to divergence. Subspace
decoupling prevents cross-dimensional contamination by setting the off-diagonal Kalman
gain block Ky, . = 0, eliminating the pathway through which vertical TDOA outliers
propagate into horizontal estimates. The cost is discarding legitimate horizontal-vertical
error correlation, but in urban TDOA scenarios where vertical errors are dominated by
structural biases rather than kinematic coupling, this discarded information is negligible
and often harmful.

5. Discussion

The experimental results demonstrate that the proposed HCKF framework improves
urban low-altitude UAV positioning by explicitly exploiting the complementary charac-
teristics of TDOA and Remote ID rather than treating them as homogeneous position
observations. The three tested trajectories show that TDOA generally provides denser
measurements but suffers from large positioning errors, especially in the vertical direc-
tion, whereas Remote ID offers more stable absolute position information but is affected
by sparse and irregular reporting. This explains why neither single-source method can
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simultaneously achieve high accuracy and strong trajectory continuity. In contrast, HCKF
combines the high measurement density of TDOA with the vertical stability of Remote
ID through quality-aware weighting and subspace-decoupled fusion, thereby shifting the
fused results toward the low-error and high-valid-epoch region.

A key implication of the results is that the improvement of HCKF is not caused
merely by increasing the number of valid samples. Data volume reflects the continuity
of the trajectory on the unified time grid, while RMSE reflects the accuracy of accepted
epochs. Therefore, a method with more valid epochs may still produce a large RMSE if
the retained measurements contain systematic bias or multipath-induced outliers. The
advantage of HCKEF lies in improving these two aspects simultaneously. In Track 1, where
both Remote ID sparsity and TDOA vertical jumps are evident, HCKF maintains continuity
while suppressing vertical instability. In Track 2, where Remote ID is relatively dense and
stable, the proposed method further improves both horizontal and vertical accuracy by
preserving useful TDOA information instead of rejecting it completely. In Track 3, where the
target altitude increases and the TDOA geometry becomes less favorable, HCKF suppresses
jitter and offset through confidence-based weighting, showing that the proposed method
remains effective under stronger geometric uncertainty.

The comparison with CT EKF, CV EKF, CI, ICI, and the linear KF further confirms the
necessity of measurement-conditioned fusion. Traditional EKF variants rely on fixed or
model-specific motion assumptions. When the UAV experiences turns, velocity changes,
irregular sampling, or multipath interference, the innovation sequence becomes unstable
and the filter tends to either drift or overreact to abnormal measurements. CI and ICI
improve consistency by conservative fusion, but this conservatism may reduce the ability
to fully exploit newly available information. The linear KF is more vulnerable to nonlinear
motion and anisotropic measurement noise. HCKF mitigates these problems by introducing
three mechanisms: motion-consistent temporal alignment, confidence-driven covariance
adjustment, and horizontal-vertical decoupled measurement admission. These mecha-
nisms allow the filter to retain informative measurements while reducing the influence of
unreliable observations.

The subspace-decoupled design is particularly important for TDOA-Remote ID fusion.
In urban low-altitude environments, the horizontal and vertical components of TDOA do
not have equivalent reliability. The horizontal component benefits from hyperbolic inter-
section geometry and a higher observation density, while the vertical component is more
sensitive to near-coplanar receiver deployment, vertical GDOP, and multipath-induced
jumps. If the three-dimensional measurement vector is fused as a coupled observation,
vertical anomalies may contaminate the horizontal state through the Kalman gain. HCKF
avoids this problem by applying information-guided weighting in the horizontal plane
and a Remote ID-dominant conditional strategy in the vertical axis. This explains why the
proposed method can reduce horizontal error to the single-digit-meter level while keeping
the vertical error within a controlled range across the three trajectories. The results also
indicate that robust fusion should not be equivalent to simple outlier deletion. In practical
UAV surveillance, removing abnormal measurements can improve instantaneous RMSE
but may also interrupt the trajectory and weaken situational awareness. HCKF instead
converts measurement quality into covariance inflation, weight limitation, and conditional
admission. This strategy is more suitable for low-altitude safety monitoring because it
preserves trajectory continuity while preventing low-quality data from dominating the
update. The framework therefore provides a practical compromise between accuracy,
robustness, and availability.

Despite these advantages, the current validation still has several limitations. First,
all trajectories were collected within one urban low-altitude test area, and the receiver
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geometry, communication environment, UAV platform, and flight altitude range were fixed
during the experiments. The current results therefore cannot fully represent performance
under different city layouts, station deployments, UAV dynamics, weather conditions, or
Remote ID communication protocols. Second, the proposed framework depends on several
quality-control and weighting parameters. Although fixed settings were used across the
tested tracks, further sensitivity analysis is still necessary to determine whether the same
parameter ranges remain optimal under different deployment conditions. Third, RTK was
used only as the post-processing reference, and the experiments mainly evaluated offline
positioning accuracy and continuity. Real-time deployment on edge devices should further
examine latency, computational load, and robustness under long communication outages.

Future work should therefore extend the evaluation to multiple urban sites, different
TDOA receiver-network geometries, and more diverse UAV motion patterns. Additional
experiments should also investigate long-duration packet loss, extreme NLOS conditions,
and mixed cooperative-non-cooperative traffic scenarios. From a methodological perspec-
tive, the HCKF framework could be further improved by incorporating adaptive parameter
learning, online receiver-geometry assessment, and theoretical performance-bound analysis
for TDOA-Remote ID fusion. These extensions would help determine the generalization ca-
pability and operational reliability of the proposed method in large-scale urban low-altitude
airspace management.

6. Conclusions

This study proposes the HCKF framework to address the challenges of urban low-
altitude UAV tracking. Specifically, it targets the issues of asynchronous sampling, latency,
and heterogeneous noise between TDOA and Remote ID sensors. The framework estab-
lishes a complete processing pipeline.

First, a kinematics-based alignment module is implemented to map asynchronous
data onto a uniform timeline. It predicts missing samples using motion models, including
CV, CA, and CT, thereby resolving the fundamental problem of temporal gaps.

Second, a Measurement Quality Evaluation mechanism is designed. Instead of simply
discarding data based on the Mahalanobis distance, this module transforms TDOA altitude
jumps and Remote ID timing irregularities into dynamic covariance adjustments. In this
way, data continuity is preserved while the influence of anomalies is suppressed.

Third, a Subspace-Decoupled EKF Fusion strategy is developed. This method sepa-
rates the horizontal and vertical dimensions. It applies entropy-guided weighting in the
horizontal plane and a Remote ID-dominated strategy along the vertical axis. As a result,
the trade-off between accuracy and trajectory continuity is improved.

The framework is validated using real-world flight data collected in Xuzhou. The
results show that HCKF outperforms single-source methods and traditional baselines
under the tested urban low-altitude conditions, including EKF, CI, and ICI. Quantitatively,
it reduces the root mean square error (RMSE) by more than 40% compared with raw TDOA
or Remote ID inputs. It also eliminates the trajectory drift and vertical steps commonly
observed in standard filters. Ablation studies further confirm that the three core modules
operate synergistically to suppress noise and maintain stability.

Several limitations define directions for future work. First, under complete and
sustained signal loss from both modalities, the filter degenerates to open-loop prediction;
integrating visual-inertial odometry or 5G cellular positioning would provide redundant
constraints. Second, the validation is limited to a single urban site with a fixed TDOA
geometry—performance across high-rise business districts or suburban areas requires
multi-site validation. Third, the current implementation assumes a single target; multi-
UAV tracking introduces data-association ambiguity and computational scaling challenges.
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Fourth, the Remote ID confidence mechanism assumes authentic broadcasts and does
not address GPS spoofing, which would require additional integrity- checking layers.
Ongoing work addresses these limitations through the following: (i) integration of 5G-A
sensing as a third fusion channel, (ii) online TDOA receiver calibration, (iii) extension
to cooperative multi-UAV scenarios, and (iv) the development of a lightweight edge-
deployable implementation.
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