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ABSTRACT: Multi-object tracking (MOT) for unmanned aerial vehicles (UAVs) remains challenging due to rapid
camera motion, frequent occlusion, scale variation, and unreliable detections, all of which degrade the robustness
of data association. Existing detection-based tracking methods generally rely on fixed fusion strategies while lacking
explicit reliability modeling for detector observations and motion predictions, limiting their adaptability in dynamic
UAV environments. To address this issue, this paper proposes a confidence-aware adaptive data association model
for UAV multi-object tracking. The proposed model explicitly characterizes the reliability of detector observations
and motion predictions within a unified association framework. A hierarchical confidence model is first developed to
progressively associate detections according to their confidence levels. Subsequently, a prediction confidence model
is established by exploiting the inverse covariance of the Kalman filter to quantify motion uncertainty. Finally, an
adaptive association cost model is formulated by jointly incorporating detection and prediction confidence, enabling
dynamic fusion of motion and appearance cues during data association. Experiments on the VisDrone2019 and UAVDT
benchmarks validate the effectiveness of the proposed model. The proposed approach achieves 41.439 Multiple Object
Tracking Accuracy (MOTA) and 44.001 Higher Order Tracking Accuracy (HOTA) on VisDrone2019, together with
49.000 MOTA and 52.03 HOTA on UAVDT. The results demonstrate that the proposed model provides stable and
competitive tracking performance in challenging UAV scenarios.

KEYWORDS: Multi-object tracking; unmanned aerial vehicle; reliability modeling; confidence-aware association;
adaptive data association; Kalman filtering

1 Introduction

Multi-Object Tracking plays an essential role in target tracking, navigation, and situational awareness for
unmanned aerial vehicles [1,2]. Its importance becomes even more prominent in complex and high-precision
scenarios such as dense urban environments, low-altitude high-speed inspections, and target-following
missions [3,4].

At present, detection-based tracking has become the mainstream approach. In this paradigm, object
detectors are used to locate targets in each video frame, and data association is adopted to link these
detections across time [5,6]. To improve the reliability of association, many recent methods combine
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appearance information with motion predictions produced by filtering algorithms [7,8]. Although these
strategies have achieved considerable progress, they still face clear limitations in real UAV applications. One
limitation lies in the separation of detection and association modules, which prevents the full use of the
valuable information produced by detectors. For example, detection confidence reflects not only category
reliability but also the clarity, distance, and occlusion status of the target. High-confidence detections
usually correspond to clear and visible targets, while low-confidence detections often come from occluded,
blurred, or distant objects [9]. These signals are extremely important in UAV scenarios that involve low
altitudes, dense targets, or frequent occlusion, yet they are often ignored. Another limitation is that most
existing methods use fixed weights to combine appearance and motion information [7]. Such static fusion
cannot adapt to the changing reliability of different cues. In UAV scenarios, rapid camera motion, severe
occlusion, and motion blur can degrade detection quality and undermine the reliability of motion-based
association [10]. When fixed weights continue to be used under these conditions, association errors tend to
accumulate quickly.

To overcome these issues, this paper proposes a multi-level hierarchical dynamic association strat-
egy. First, a confidence-guided hierarchical matching mechanism is designed, in which detections are
grouped according to their confidence, and high-confidence detections are matched with priority. Second, a
prediction-confidence evaluation module is introduced to measure the reliability of the motion information
produced by the Kalman filter, ensuring that unreliable predictions do not dominate the association process.
Finally, a dynamic weighting strategy is developed to fuse appearance and motion cues. By simultaneously
considering detection confidence and prediction confidence, the system adjusts the relative influence of
the two information sources in real time. When one source becomes unreliable due to motion drift
or visual degradation, its weight is reduced, while the weight of the more reliable source is increased.
Through these designs, the proposed method significantly enhances the adaptability and robustness of data
association in the highly dynamic and uncertain environments encountered by UAV tracking systems. Unlike
existing confidence-prioritized association methods, the main distinction of our approach lies in jointly
combining multi-level confidence stratification, Kalman-covariance-based prediction reliability estimation,
and adaptive motion-appearance cost fusion.

2 Related Works

Multi-object tracking algorithms designed for UAV scenarios are generally derived from methods
developed for generic environments, yet they incorporate a series of targeted improvements to adapt to
the characteristics of aerial data. Among these characteristics, the frequent camera motion, complex target
dynamics, drastic scale changes, and lower visual discriminability of targets introduce significant challenges
for association. Consequently, many existing studies strengthen the association stage by integrating motion
trajectories, appearance representations, spatial constraints, and temporal continuity. Based on their techni-
cal design and application emphasis, these methods can be reviewed from two primary perspectives: those
originally proposed for general-purpose multi-object tracking, and those specifically tailored to address the
unique difficulties of UAV-based tracking.

In the category of general-purpose tracking methods, SORT [1] proposed by Bewley and colleagues,
established the widely adopted paradigm of detection-based tracking. SORT utilizes the Kalman filter to
generate position predictions for existing trajectories and relies on the intersection-over-union (IoU) metric
to perform matching. Although simple and efficient, its reliance on motion cues alone limits its robustness
in occluded or crowded scenes. DeepSORT [11] introduced as an extension of SORT, alleviates this problem
by incorporating an independently trained re-identification network that extracts discriminative appearance
features. The addition of stable appearance cues significantly enhances the robustness of tracking in the
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presence of occlusion, re-entry, and similar-looking targets. ByteTrack [12] further improves detection-based
tracking by addressing the common issue of low-confidence detections being discarded too early. It proposes
a two-stage association strategy that first matches high-confidence detections with existing trajectories
and then allows unmatched low-confidence detections to be associated in a secondary stage. This design
recovers many targets that would otherwise be missed because of temporary occlusion, blur, or insufficient
detector certainty. BoT-SORT [13] continues this line of improvement by redesigning the Kalman filter state
representation. Instead of relying on bounding box area and aspect ratio, it models width and height directly,
which enhances stability when targets undergo scale variation. In addition, BoT-SORT introduces camera-
motion compensation to address global image displacement caused by camera movement, allowing motion
prediction to remain reliable even under dynamic camera conditions. UCMCTrack [14] tackles an even
more challenging issue: large box displacement caused by UAV motion. It projects bounding boxes onto
the physical ground plane during matching, which significantly reduces the geometric distortion caused
by perspective variations and improves the robustness of data association under camera motion. Other
methods seek to handle detection and re-identification jointly. FairMOT [15] presents a balanced framework
that addresses the inconsistency between detection features and re-identification features in traditional
pipelines. It adopts a unified architecture that allows both tasks to be optimized simultaneously with an
anchor-free detection strategy that avoids spatial misalignment. QDTrack [16] pushes appearance modeling
further through a quasi-dense similarity learning approach. It performs contrastive learning by densely
sampling image regions, constructing large numbers of positive and negative sample pairs. This leads to more
discriminative appearance representations, which strengthen tracking performance especially when targets
are visually similar or appear at low resolutions.

Methods specifically designed for UAV scenarios incorporate additional mechanisms to cope with
aerial-view challenges. GIAOTracker [17] uses a three-stage architecture: it compensates camera motion with
Oriented FAST and Rotated BRIEF (ORB) and Random Sample Consensus (RANSAC), extracts appearance
features via an identification network, and models motion with adaptive and unscented Kalman filters. It
links trajectories via transformer-based temporal dependency modeling and refines results through post-
processing. UAVMOT [18] enhances temporal consistency with keypoint compression and attention weights,
adapts association modes by motion pattern, and improves heatmap learning with category-balancing and
small-target-aware weights. FOLT [19] improves small-object tracking by aggregating features from adjacent
frames through optical flow, enabling the detector to use information from multiple perspectives to improve
recognition. It introduces a motion prediction module that uses a lightweight convolutional network to
estimate object displacement directly, replacing the classical Kalman filter and improving performance under
large motion. The overall framework combines a lightweight detector with an efficient optical flow estimator
to achieve real-time performance on UAV platforms. SFTrack [20] refines association by matching high-
confidence detections first and incorporating low-confidence ones only after validation. Ren et al. [21]
proposed SuperMOT for UAV multi-object tracking. It employs a pyramid deformable alignment module
for multi-level temporal feature fusion, a lightweight video super-resolution module to enhance small-
object representation, and a motion decoupling module to separately model object and platform motion.
Zheng et al. [22] proposed the DFA-MOT, a joint detection and tracking framework. It mitigates geometric
distortion caused by UAV movement via the Dynamic Field-of-View Consistency Learning module and
improves the prediction accuracy of target position and scale through the Scale-Aware Tracking mechanism.
Ling et al. [23] proposed GraphTrack-UAYV, a graph-based multi-object tracking framework for aerial videos.
It builds a spatio-temporal graph with detections as nodes and inter-object relations as edges, and uses a
graph pruning strategy to maintain efficiency. By message-passing graph neural network (GNN), the model
captures long-range dependencies, and feature fusion and node aggregation improve robustness to occlusion
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and appearance variation. Different from ByteTrack and related confidence-aware trackers, which mainly
exploit detection confidence through staged matching, confidence adjustment, or adaptive thresholds, our
method further introduces fine-grained multi-level stratification and explicitly evaluates Kalman prediction
reliability from its covariance. The resulting prediction confidence is then incorporated into the dynamic
fusion of motion and appearance costs.

3 Proposed Model

As illustrated in Fig. 1, the proposed method follows the classical SORT tracking paradigm. For clarity,
the overall tracking procedure is organized into five functional stages: detector input, Kalman prediction,
hierarchical confidence-based association, dynamic cost fusion, and trajectory output and update. The
Kalman filter is used to estimate the motion state of each trajectory, while a re-identification (ReID) module
provides appearance features that help distinguish different targets. Detection confidence and trajectory
prediction confidence are treated as two distinct reliability quantities: the former determines the confidence
group to which each detection belongs, whereas the latter modulates the contribution of motion information
during association. The association problem is formulated as a bipartite graph matching task and is solved
through the Hungarian algorithm. The cost matrix for this algorithm is constructed by combining the motion
and appearance costs between trajectory predictions and current detections. The resulting association
cost follows a consistent minimization direction and is used by the Hungarian algorithm for trajectory—
detection assignment. The central design principle of the method is to assign higher matching priority
to reliable detections. Following this principle, detections with high confidence scores are matched first,
whereas detections with lower confidence are handled at later stages. To make full use of both appearance
and motion information, the method introduces a reliability evaluation mechanism for motion prediction
and a dynamic fusion strategy that adaptively adjusts the contribution of appearance and motion cues.
Together, these components provide a unified confidence-aware association procedure in which detection
reliability, motion-prediction reliability, and motion-appearance costs are explicitly coordinated during
hierarchical matching.

| Input Deep Association >
[ N N [
(a) Input (b) Kalman Prediction () Hierarchical Association (¢) Output

e 7 1

—_—————

Trackers | _»i Detections with | priority

| |
| |
| |
| high confidence | matching™ ! ! | Qutputl
4 N~ / : ! |  Trajectories I
2 : ! ! | withIDs
1 ) - (" Detections with | 1ast matching L1y 3
KalmanFilter | low confidence | 5 ! |
. I
Predict \S—mmmmmmmmmmmm e / (S Y,
Detector
3 ¢ 4 (d) Dynamic Cost Fusion )
Motion Cost Matrix ~ Appearance Cost Matrix
[ |
Q = n ‘
>
¢ T={T, T, T} v v v v
D=(D,,Ds,..D,} EE mE | Fusion | ‘ ® Sigmoid

[ [ Confidence={C},C,,.,C,} —>

Confidence={C},Cs,,C,}
\_Association Cost Matrix J

Figure 1: Multi-level hierarchical dynamic association strategy.
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Fig. 1 shows the overall multi-level hierarchical dynamic association framework. The complete tracking
pipeline is summarized in Algorithm 1. For each frame at time ¢, the detector produces a detection set

N[
D' = {d]t} , Ii, where j denotes the detection index and N}, is the number of detections in the current frame.
]:

Each detection djt. contains a bounding box that specifies the location, width, and height of the detected
target, together with a detection confidence D }. The Kalman filter then predicts the motion of each existing
trajectory, where the i-th trajectory at frame ¢ is denoted by T/. Each T/ is associated with a predicted
bounding box and a trajectory prediction confidence T}, which reflects the reliability of the predicted
state. Here, 7, j, and k denote the trajectory, detection, and confidence-group indices, respectively, while the
superscript ¢t denotes the temporal index. After obtaining the detection set D’ and the predicted trajectory
set T*, the two sets are passed into the hierarchical association module.

Within the hierarchical association process, all detection boxes are first grouped according to their
confidence values using 7. The groups are then matched with the predicted trajectories one by one in
descending order of confidence. During matching, the association cost matrix is constructed by combining
motion cost and appearance cost. The motion cost is derived from the Intersection over Union (IoU)
similarity between the predicted and detected bounding boxes, whereas the appearance cost is computed
using the cosine distance between the feature vectors extracted by the re-identification module. Through
dynamic weighting, the final cost matrix encourages reliable motion predictions while avoiding inaccurate
associations when motion estimation becomes unreliable.

Once all confidence levels have been processed, there may still be a small number of detections and
trajectories that remain unmatched. These residual unmatched elements are handled by an additional IoU-
based association stage. The preceding hierarchical stages rely on the dynamically weighted combination
of motion and appearance information to establish reliable correspondences progressively. However, for
some residual elements, appearance features may be ambiguous or degraded because of small target size,
partial occlusion, or motion blur, which are common in UAV imagery. In such cases, repeatedly applying the
same motion-appearance fusion criterion may provide limited additional benefit. Therefore, the final stage
relies only on spatial overlap, using the IoU-derived cost 1-IoU between the remaining predicted boxes and
detections, thereby avoiding additional dependence on potentially unreliable appearance features. Since this
stage operates only on the residual unmatched detections and trajectories and does not modify associations
already established in the preceding hierarchical stages, it serves as a supplementary fallback mechanism
to recover plausible short-term correspondences and reduce unnecessary trajectory fragmentation. The
resulting associations are then used to update the trajectory set T'. Trajectories that fail to match with
any detection box are not immediately removed. To maintain long-term identity consistency, unmatched
trajectories are temporarily kept in the set. A trajectory is deleted only if it remains unmatched for more
than thirty consecutive frames. This strategy avoids unnecessary fragmentation of tracks caused by brief
occlusions or temporary detector failures.

The complete computational steps are given in Algorithm 1.

Algorithm 1: Pseudo-code of the proposed tracking method

Input: video sequence V, object detector Det, confidence interval size 7
Output: trajectory set T

1 Initialize T as an empty set

2 For each frame f; in video sequence V'
N[

3 Obtain detection set D’ = {d;} ‘ L; from Det (f;)
j=

(Continued)
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Algorithm 1 (continued)

4 For each trajectory T} in T
5 Use KalmanFilter to generate prediction Dy, |
6 Compute the trajectory prediction confidence T.; based on the Kalman filter
prediction uncertainty
7 Update T/ with the predicted state and trajectory prediction confidence T}
End
8 Group detections in D' according to their detector confidence scores d}.score
9 For each detection d!
10 Determine the confidence level k according to1 - k7 < d]t..score <l-(k-1
1 Assign d ]' to the corresponding confidence group D}
12 Continue grouping all detections in D in this manner
13 End
14 For each confidence group G,k =1,2,...,K
15 Perform association between G and the current trajectory candidate set using the dynamic
association cost
16 Remove successfully matched trajectories from the trajectory candidate set
17 Pass the unmatched detections in G]Et) to the next confidence group G,E?l
18 End
19 Identify remaining trajectories that were not matched
20 Perform IoU-based association between the remaining unmatched detections and trajectories

using the IoU-derived cost
21 For each matched trajectory in T

22 Update its state based on the associated detection

23 Remove trajectories that have failed to match for more than the allowed threshold
24 For each remaining unmatched detection d

25 Initialize a new trajectory in T

26 End

27 End

28 Return the final set T

3.1 Detector

The proposed method depends on the bounding boxes and confidence scores produced by the object
detector. For each frame in the video sequence, the tracker must obtain reliable estimates of potential target
locations as well as the confidence values that reflect the likelihood of each object category. These outputs
form the basic input to the tracking module and are typically generated by an independent detection model.

In UAV application scenarios, real-time performance is essential. The computational capacity available
on UAV platforms is often limited, yet the tracking system must still process high-frame-rate video streams
to respond promptly to rapidly moving targets. As a result, the detector must achieve a balanced compromise
between accuracy and inference speed. Taking these requirements into account, YOLOX-S [24] is adopted
as the base detection model in this work. It provides a suitable trade-oftf between precision and efficiency,
making it appropriate for deployment on resource-constrained UAV systems.
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3.2 Multi-Level Association Strategy

Data association is the central element of multi-target tracking, whose goal is to match current-frame
detections with historical trajectories in a reliable and temporally consistent manner. In UAV scenarios,
the association process becomes considerably more challenging due to frequent target occlusions, rapid
variations in scale, dense distributions of small objects and the inevitable missed detections and false alarms
produced by the detector. These factors often cause traditional single-stage association strategies to lose track
continuity or drift, especially in environments characterized by high motion dynamics or partial visibility.

To mitigate these challenges, this work proposes a confidence-driven deep association framework that
improves robustness through progressive matching and adaptive weighting mechanisms. The proposed
approach first introduces a confidence-based stratification procedure, in which candidate detections are
grouped according to their confidence values and matched with trajectories in descending order of reliability.
By prioritizing high-confidence detections, the system significantly reduces the propagation of association
errors and enhances the stability of long-term trajectory maintenance. In addition, a prediction-uncertainty
evaluation module is designed to quantify the reliability of motion information produced by the Kalman
Filter. By converting the covariance structure within the filter into an interpretable measure of prediction
confidence, the system is able to assess the trustworthiness of motion cues and avoid over-reliance on
inaccurate predictions. Furthermore, the method constructs an association cost matrix through a dynamic
coupling strategy that balances motion information and appearance information. The contribution of each
information source is adaptively adjusted according to the reliability of the detector outputs and the temporal
context of the current frame. This allows the association process to emphasize the modality that offers more
stable cues under different conditions, enabling the framework to maintain robust tracking performance
even in complex UAV environments.

(1) Multi-Level Matching Mechanism

The confidence scores produced by the detector contain rich information about the reliability of each
observation. High-confidence detections generally correspond to clear and complete targets whose localiza-
tion and category information are trustworthy. In contrast, low-confidence detections may result from partial
occlusion, long viewing distance or motion-induced blur, and therefore carry a higher risk of false alarms.
When all detections are treated equally during association, low-quality observations may interfere with or
even corrupt existing stable trajectories. To alleviate this issue, the detection set D' = {d! ..., d]} is stratified
according to confidence scores, while the trajectory set is denoted as T* = {t! ..., t.}. The detection set is
divided into multiple confidence levels D}, D5, ..., D!, according to

D,t(:{d;|1—kT<d§-.scoreSl—(k—l)T}, )

where 7 denotes the confidence interval size, d;.score denotes the confidence score of detection d;, j denotes
the detection index, and k denotes the confidence-group index. According to Eq. (1), the detection set is
partitioned into descending confidence intervals using a left-open and right-closed convention. Thus, a
detection whose confidence score lies exactly on an internal boundary is uniquely assigned to the adjacent
lower-confidence group. The same inequality direction and boundary convention are used in Fig. 2, and
matching is performed sequentially from the highest-confidence group to the lowest-confidence group. For
clarity of illustration, d td ]i, and df, in Fig. 2 denote representative detections in the first, intermediate, and
last confidence groups, respectively, and should not be interpreted as a redefinition of the general detection
index j used in Eq. (1). Here, the subscript of D! denotes the confidence level in the hierarchical grouping,
while the confidence score of each detection determines its membership in the corresponding interval.
Matching is then performed sequentially from the highest-confidence group Dj to the lowest-confidence
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group D!, For each level, the dynamic cost matrix introduced in the subsequent sections is used to associate
the detections with the trajectory set T*.

|Df 1-7<d|.score<1 — |

51
|D,i 1—1!r<1d;.score£1—(k—1)r — | |
| ‘ Bl\l | T:{TI,TZ...Tn}l
|D; l—nt <d,.score <1—(n—1)T | mup l

Figure 2: Confidence stratification strategy.

As shown in Fig. 2, the advantage of this multi-level strategy is that it prioritizes the establishment of
the most reliable associations, thereby providing a stable foundation for the entire tracking process. When
a high-confidence detection fails to match any trajectory in its current level, it is not discarded; instead, it is
passed to the next confidence level and continues to participate in later matching rounds. This progressive
degradation mechanism prevents the loss of newly appearing targets due to a single association failure.
Meanwhile, the hierarchical filtering structure suppresses the influence of unreliable detections, effectively
reducing the likelihood that low-confidence observations disrupt well-established trajectories.

(2) Accuracy Measurement Mechanism for Kalman Filter Prediction Boxes

The Kalman Filter predicts the future position of each target by modeling its underlying motion state.
However, the reliability of these predictions varies over time. When a target moves smoothly with nearly
constant velocity, the prediction tends to be highly accurate. In contrast, abrupt maneuvers such as sudden
turns or acceleration, as well as long-term occlusion, can cause the prediction error of the constant-velocity
model to increase significantly. Conventional tracking methods typically overlook this dynamic variability
in prediction reliability. To explicitly quantify such uncertainty, the error covariance matrix P, an internal
component of the Kalman Filter, is employed as the measurement source.

The diagonal element P;; of matrix P represents the estimation variance of the i-th state variable, such
as the x coordinate of the target center. A larger variance implies greater uncertainty in the estimation of
that state component. Based on this principle, the raw confidence of the i-th state variable is defined as the
reciprocal of the square root of its variance:

fi=— @
confi = —
V Pii
arithmetic mean. To bound the raw confidence values while preserving their monotonic relationship with
prediction uncertainty, the Sigmoid function is adopted. Specifically, the input to the Sigmoid function is
the raw state-wise confidence ¢/*" =1//P;;, where P;; denotes the corresponding diagonal element of the
Kalman prediction covariance matrix. Since c/*" is non-negative, the resulting Sigmoid output lies in [0.5,1]
rather than the full interval [0,1]. The Sigmoid function is expressed as

o(x)=— (3)

where « is a scaling parameter that controls the steepness of the function. The parameter is used to control
the numerical sensitivity of the nonlinear transformation and is fixed throughout all experiments rather than
being adaptively tuned for individual sequences. A larger « makes the transformed confidence more sensitive



Comput Model Eng Sci. 2026;149(1):40 9

to changes in the raw confidence, whereas a smaller a produces a smoother variation. The scaling parameter
a is set to 0.5 and fixed throughout all experiments. It controls the steepness of the Sigmoid function and thus
the sensitivity of the nonlinear transformation to changes in the raw confidence. In this work, « is used only
to control the sensitivity of the confidence mapping and does not alter the monotonic relationship between
the Kalman covariance and prediction confidence.

After applying the Sigmoid transformation to each raw confidence value, the normalized confidence
becomes

1

normeony; = (4)

It should be emphasized that the transformed value is not interpreted as the probability that the Kalman
prediction is correct. Instead, it serves as a relative reliability score for modulating the contribution of
motion information in the subsequent association stage. When P;; increases, indicating larger prediction
uncertainty, 1/\/P;; decreases and the transformed confidence approaches its lower bound of 0.5. Conversely,
a smaller prediction variance produces a larger confidence value approaching 1. The nonzero lower bound
is retained because the proposed mechanism does not completely discard motion information when the
Kalman prediction becomes uncertain. Instead, it reduces its relative contribution while preserving the
temporal cue provided by the motion model for subsequent association.

Finally, the overall prediction confidence of the Kalman Filter, denoted as con fxr, is computed as the
arithmetic mean of the normalized confidence values of all state variables:

N
confir = 1 Z norM onf, (5)
N3
where N is the total number of state components. The arithmetic mean used here should be interpreted as an
equal-weight aggregation of the transformed state-wise reliability scores rather than as a probabilistic fusion
of the original covariance quantities. In other words, the proposed confidence is a heuristic reliability indi-
cator designed for adaptive association weighting, rather than a statistically calibrated probability measure.
Through variance-based quantification and normalization, this method provides an integrated confidence
measurement that reflects the reliability of the Kalman Filter’s prediction at each frame. The resulting metric
provides a simple and interpretable relative indicator of the reliability of the Kalman prediction, thereby
supporting adaptive adjustment of motion information in the subsequent association stage.

(3) Dynamic Cost Matrix

Data association ultimately depends on measuring the discrepancy between detection boxes and
trajectory prediction boxes, which is represented by the association cost matrix. A common approach is
to compute the motion cost matrix and the appearance cost matrix independently, and then fuse them
using a fixed linear weighting scheme. However, fixed-weight fusion cannot accommodate the rapidly
changing conditions encountered in UAV scenarios. To address this limitation, a dynamic coupling strategy
is introduced, allowing the contributions of motion cues and appearance cues to adjust adaptively according
to the context of the current frame. The overall association cost matrix C is formulated as

Cmvtion : CoanF +w:- Capperance
C= (6)
1+w

where Cyoti0n is the motion cost matrix and Cqpperance is the appearance cost matrix. It should be empha-
sized that con fxr and w are not treated as two equivalent normalization weights in Eq. (6). The coefficient
determines the contribution of the appearance term, whereas con fxr acts as a reliability modulation factor
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applied to the motion term. Specifically, the nominal coefficient of the motion branch is set to 1 and is further
modulated by con fxr. Accordingly, Eq. (6) can be equivalently interpreted as

C- L CO”fKF : Cmotion +w- Cappeamnce
1+w

7)

where the 1+ w denominator corresponds to the nominal coefficients of the motion and appearance
branches. The factor con fxr independently adjusts the effective contribution of the motion information
according to the reliability of the Kalman prediction. If confxr + w were used as the denominator, the
reduction of confxr would simultaneously reduce the normalized motion contribution and implicitly
increase the normalized relative contribution of the appearance term. In contrast, the proposed formulation
allows the motion contribution to be attenuated according to its own reliability without automatically
increasing the appearance contribution, whose reliability is separately characterized by w. Moreover, both
component costs are represented on a common normalized scale before fusion. Given Ciotions Cappearance €
[0,1], confxr € [0,1] and w > 0, Eq. (6) satisfies

confxp+w
1+w

0<C< <1 (8)
which prevents uncontrolled amplification of the fused association cost and keeps it on a bounded scale
for subsequent assignment. The motion cost matrix Cyotion is derived from the Intersection over Union
between the detection set D' and the predicted trajectory set T* generated by the Kalman Filter. IoU itself
is a similarity measure, for which a larger value indicates greater spatial overlap. To maintain a consistent
minimization direction with the subsequent Hungarian assignment, the IoU similarity is converted into a
motion cost as

Cinotion = 1—ToU (D', T") 9)

Accordingly, a smaller Cy,,si0, indicates stronger spatial consistency between a trajectory prediction and
a detection. Therefore, C,1i0n follows the same minimization direction as the appearance cost and the final
association cost. The motion and appearance costs are subsequently fused through Eq. (6), and the resulting
association cost matrix C is minimized by the Hungarian algorithm for trajectory-detection assignment.

The appearance cost matrix Cypperance is obtained from the cosine distance between the deep features
extracted from each detection and the historical appearance features stored in the trajectories. A ReID model
is used to compute these feature embeddings, enabling the differentiation of targets with similar visual
characteristics. The appearance cost is therefore described as

Capperance = Cos (Dt.feature, Tt.feature) (10)

Accordingly, Cappearance retains its definition as the appearance cost matrix, with each entry character-
izing the appearance cost of the corresponding trajectory-detection pair.

To integrate motion and appearance cues, a comprehensive weighting coefficient w is introduced. This
coeflicient incorporates the detector confidence D*.confidence and the motion cost information contained
in Cyotion. Since the appearance cost depends jointly on the features extracted from the detector and those
preserved in the trajectory history, the influence of both components should be fully reflected in its weighting.
Hence, the coefficient is defined as

w = D'.confidence - Cpotion (11)
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For further clarification, the weighting quantity w is defined pairwise for the trajectories and detections
involved in the current association stage. Suppose that Nt trajectories and N detections participate in the
association. Then w has the same pairwise dimension as the corresponding cost matrices, i.e., w € RN7No,
Accordingly, each element w;; corresponds to the weighting quantity associated with the i-th trajectory and
the j-th detection. Therefore, Eq. (11) should be understood in a pairwise matrix form, consistent with the
dimensions of Cyuotion> Cappearance- and the final association cost matrix C.

The central idea behind the dynamic cost matrix is to achieve context-dependent coupling of motion
and appearance information. First, con fxp serves as a reliability modulation factor for C,,o¢ion, allowing
the effective contribution of the motion information to vary according to the reliability of the Kalman
prediction. When the Kalman prediction is accurate, motion information is emphasized. When prediction
uncertainty increases, its contribution is reduced to avoid propagating unreliable estimates. Importantly, the
reduction of con fxr does not directly increase the appearance contribution, because the appearance term
is independently controlled by the adaptive coefficient w. Second, the design of the appearance weight w
provides additional adaptivity. Higher detector confidence implies clearer targets and better image quality,
which generally yield more reliable appearance features. Likewise, a larger C,,,+i0, indicates weaker spatial
consistency between the predicted trajectory and the detection. In such cases, appearance information
can provide complementary evidence for association, particularly when the detection confidence is high.
This dynamic coupling mechanism ensures that the association process remains both robust and efficient
under different operational environments, achieving an effective balance between tracking accuracy and
computational efficiency.

4 Case Study and Experimental Results

To comprehensively evaluate the performance of the proposed tracker, extensive experiments were con-
ducted on two publicly available UAV multi-object tracking datasets: VisDrone2019 [25] and UAVDT [26].
These datasets capture complex urban environments, crowded scenes and diverse motion patterns, making
them well suited for assessing tracking robustness in realistic UAV applications. For quantitative evaluation,
four commonly used multi-object tracking metrics were adopted, namely MOTA, MOTP, IDF1, and HOTA.

4.1 Experimental Details

All experiments were conducted following the official training and testing splits provided by the
VisDrone2019 and UAVDT datasets. YOLOX-S was adopted as the baseline object detector for both datasets,
with the input image resolution set to 1280 x 1280. The detector was optimized using Stochastic Gradient
Descent, where the learning rate was fixed at 0.01. Each dataset was trained for a total of 60 epochs.
The training processes were executed on a single NVIDIA GeForce RTX 2080 Ti GPU, while inference
was performed on an NVIDIA MX250 GPU. This configuration allows for a realistic evaluation of the
computational efficiency of the proposed tracking framework under resource-constrained conditions. The

Kalman filter adopts an eight-dimensional state vector X = [x, W, h,x, y,w, h]T based on a constant-
velocity model. The confidence-group interval is set to 7 = 0.1, and a trajectory is removed if it remains
unmatched for more than 30 consecutive frames. For appearance representation, OSNet-x0.25 with publicly
available pretrained weights is used without additional training. No appearance-feature update strategy or
camera-motion compensation is applied.

For a fair comparison, all baseline trackers were evaluated under the same experimental protocol as the
proposed method. In particular, the same YOLOX-S detections, detection thresholds, input preprocessing,
dataset splits, track initialization and termination settings, and evaluation toolkit were used throughout
the comparison. For trackers requiring appearance information, the same ReID features were provided,
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whereas trackers that do not rely on appearance features retained their original association structures.
Thus, the comparison mainly reflects differences in the tracking and data-association strategies rather than
differences in the detector or evaluation configuration. All baseline methods were reproduced using their
publicly available implementations under the unified configuration described above, and the results reported
in Tables 1 and 2 were obtained from these controlled evaluations.

Table 1: Experimental results on the VisDrone2019 dataset.

Method MOTA?t MOTP| IDF1?t HOTA?

SORT [1] 35.431 75.496 47.268 40.25
DeepSORT [11] 34.083 75.043 49.349 40.955
BotSORT [13] 35.732 76.224 56.493 41.554
Bytetrack [12] 39.248 75.187 54.111 43.378
OCSORT [27] 39.986 76.173 50.266 42.092

[\

StrongSORT [28] 39.309 75.704 50.301 41.81
Sparsetrack [29] 36.09 74.02 55.214 43.373
Ours 41.439 74.005 54.123 44.001

V%)

Table 2: Experimental results on the UAVDT dataset.

Method MOTA? MOTP| IDF14} HOTA?
SORT 47.55 78.578 66.107 50.018
DeepSORT 48.218 79.309 65.517 50.567
BotSORT 47.676 78.62 66.418 50.204
Bytetrack 48.359 79.247 66.915 51.079
Sparsetrack 47.55 78.578 66.107 50.018
OCSORT 48.021 79.533 65.161 50.667
StrongSORT 48.359 79.25 67.001 51.119
Ours 49 79.474 66.904 52.03
4.2 Dataset

VisDrone2019, developed by the AISKYEYE team of Tianjin University, is one of the most representative
UAV multi-object tracking datasets. It contains 288 video sequences with a total of 261,908 frames captured
across 14 cities in China. The dataset covers diverse environments, including urban streets, residential areas
and rural roads, as well as a variety of tracking conditions such as sparse pedestrian flows and dense traffic
scenarios. The Multi-Object Tracking (MOT) subset follows the official partitioning standards and includes a
training set, validation set, test-dev set and test-challenge set, each containing multiple annotated sequences
tailored for model training, tuning and evaluation.

UAVDT (Unmanned Aerial Vehicle Detection and Tracking) is another large-scale benchmark designed
specifically for object detection and tracking from UAV perspectives. It contains 100 video sequences with
approximately 80,000 frames captured in complex urban environments, such as highways, intersections and
public squares. All videos are provided at a resolution of 1080 x 540, emphasizing real-world challenges
including fast-moving vehicles, scale variation and frequent occlusion.
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4.3 Quantitative Evaluation Results

To evaluate the effectiveness of the proposed method, comparative experiments were conducted on
the VisDrone2019 and UAVDT datasets. The proposed tracker was compared with several state-of-the-art
(SOTA) methods across all standard multi-object tracking metrics. The quantitative results are summarized
in Tables 1 and 2.

Table 1 reports the performance of our method on the VisDrone2019 dataset. In the table, 1 indicates
that a higher value corresponds to better performance, while | indicates that a lower value is preferable. With
respect to MOTA and HOTA, the two most indicative metrics of overall tracking performance, the proposed
method achieves scores of 41.439 and 44.001, respectively, surpassing all competing approaches. These results
demonstrate that our method maintains superior robustness and association accuracy in highly dynamic
UAV environments. For MOTP, which evaluates the localization precision of predicted bounding boxes, our
method attains the best score of 74.005, meaning that the spatial alignment between predicted trajectories
and ground-truth annotations is the most accurate among all compared trackers. This improvement can be
attributed to the multi-level association mechanism, which prioritizes reliable, high-confidence detections
and therefore suppresses mismatches at the early stages of association. Regarding IDF1, which measures
identity preservation capability, ours obtains a score of 54.123. Although this is comparable to ByteTrack and
slightly lower than BotSORT (56.493), it reflects a deliberate trade-off, as our method emphasizes overall
tracking robustness and localization precision rather than maximizing identity-only metrics. Overall, ours
achieves the best performance in the three most critical metrics—MOTA, MOTP, and HOTA—highlighting
its effectiveness across core tracking dimensions.

Table 2 summarizes the results on the UAVDT dataset. Theproposed method again achieves competitive
performance and ranks first in both MOTA (49.000) and HOTA (52.03). These results confirm that the
proposed multi-level association mechanism generalizes effectively across different UAV tracking conditions,
ranging from the dense pedestrian scenarios in VisDrone to the fast-moving vehicle scenes in UAVDT. It is
also worth noting that the performance ranking of individual metrics on UAVDT differs slightly from that
on VisDrone. This discrepancy can be attributed to the distinct characteristics of the UAVDT dataset, where
tracked objects—primarily vehicles—exhibit highly similar appearance features and relatively stable motion
patterns. As a result, the differences between various trackers across individual metrics are less pronounced.

Table 3 shows the tracking speed comparison. ByteTrack achieves 12.532 frames per second (FPS), while
the proposed method achieves 10.001 FPS. The decrease in speed is mainly associated with the successive
association operations introduced by the multi-level matching strategy. The comparison indicates that the
proposed method introduces a certain computational cost due to its more elaborate association proce-
dure. However, the overall processing efficiency remains comparable to that of ByteTrack, demonstrating
that the proposed confidence-aware association strategy achieves a reasonable balance between tracking
performance and computational efficiency.

Table 3: Tracking speed comparison.

Method FPS

ByteTrack 12.532
Ours 10.001




14 Comput Model Eng Sci. 2026;149(1):40

4.4 Ablation Study and Discussion

To systematically evaluate the contribution of each component in the proposed multi-level hierarchical
dynamic association strategy, three groups of ablation studies were conducted. First, we examine the
fusion mechanism used to combine detection confidence, motion information and appearance information
when constructing the association cost matrix. Second, we analyze the effectiveness of different strategies
for generating motion prediction confidence and their influence on association decisions. Finally, several
confidence-layer segmentation intervals are tested to study how hierarchical granularity affects tracking
performance and to determine the optimal parameter configuration.

(1) Fusion Mechanism

To investigate the influence of information fusion on the construction of the association cost matrix
and to reveal the performance differences among alternative fusion schemes, two baseline approaches were
designed for comparison.

The first scheme adopts a direct additive fusion, where the appearance cost and motion cost are simply
summed:

C = Cotion + Capperunce (12)

The second scheme introduces a basic dynamic weighting mechanism by multiplying the motion cost
with a confidence value con f and combining it with the appearance cost weighted by a fixed scalar w:

C = Cuotion COl”lf tw- Cappemnce (13)

As shown in the Table 4, the fusion method proposed in this paper achieves the best performance.
The reasons can be clarified by analyzing the limitations of the two comparative schemes: (1) The simple
summation method demonstrates that motion information and appearance information contribute equally
to the result. Although it is computationally convenient, it fails to consider the reliability differences of the
two types of information in different scenarios. For example, when motion prediction has large deviations
or appearance features become blurred due to occlusion, this scheme cannot dynamically adjust weights
and is prone to be interfered by invalid information, leading to association errors. (2) The confidence-
weighted multiplicative fusion scheme improves the adaptability of the cost matrix to the reliability of motion
information to a certain extent, but it does not perform normalization on the fusion results. Since the value
ranges of con fxr and w are different, the weight proportions of the two types of information lack a unified
scale, which may cause the contribution of a certain type of information to be excessively amplified or
suppressed, thereby affecting the rationality of the cost matrix.

Table 4: Different confidence fusion strategies.

Method MOTA? MOTP| HOTA?t
Simply Summed 39.596 75.315 43.377
Fixed Scalar 40.021 75.564 42.7

Ours 41.439 74.005 44.001
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(2) Confidence Generation Method

To quantitatively assess the effectiveness of the Kalman filter prediction confidence estimation module,
this subsection conducts a comprehensive ablation study comparing five distinct confidence generation
strategies on the VisDrone2019 validation set. These strategies aim to characterize the reliability of motion
information from different theoretical perspectives and to adjust, in a data-driven manner, the relative
contributions of appearance and motion cues within the association cost matrix.

The fixed-weight strategy serves as the baseline. It does not compute any dynamic confidence values;
instead, it assigns a constant weight of 1.0 to the motion-based cost C,,;4¢ion. This scheme is included to verify
the necessity of incorporating a dynamic confidence mechanism.

The Mahalanobis-distance-based method evaluates prediction uncertainty by measuring the statistical
deviation between the predicted state and the latest detector observation. The distance is computed as

A T A
dy = \/ (2= HXyp1) Py (2= HXpgeon) (14)
and the corresponding confidence is defined as

—d,
co nfmahalanobis =e€ M (15)

where A is the attenuation coeflicient (set to 0.5), z denotes the observed bounding box, and HXM k1 1S
the predicted measurement. Since the Mahalanobis distance accounts for parameter correlations, smaller
values imply stronger statistical consistency between prediction and observation, thereby indicating higher
confidence. Here, the residual used in the Mahalanobis distance is defined in the measurement space. Accord-
ingly, the covariance matrix P in Eq. (14) denotes the covariance associated with this measurement-space
prediction residual, rather than the unprojected covariance of the full Kalman state. To relate this notation
to the conventional Kalman-filter formulation, if P, denotes the predicted state covariance, H denotes the
measurement matrix, and R denotes the measurement noise covariance, the corresponding measurement-
space covariance can be expressed as P = HP; H + R. Thus, the matrix denoted by P in Eq. (14) corresponds
to the innovation covariance that is often denoted by S in standard Kalman-filter notation. Let #, denote the
dimension of the measurement vector. Then the observation z and the predicted measurement z satisfy z, Z €
R":, while P € R"*"=. Therefore, the residual (z — Z) € R" is dimensionally compatible with P lin Eq. (14),
and the resulting Mahalanobis distance is a scalar.

The trajectory-continuity-based strategy evaluates reliability from a temporal perspective. It assumes
that trajectories exhibiting stable historical matching tend to have more reliable current predictions. Its
confidence value is computed as

Nmatched . 1
Niotar 1+ -age

Conftmck = (16)
where N, 4scheq denotes the number of frames with successful associations, N;,;,; denotes the total number
of frames of the trajectory, age is the trajectory length, and  is the decay coefficient (set to 0.05).

Table 5 summarizes the comparison of these confidence generation schemes. The results demonstrate
that incorporating a dynamic confidence mechanism generally improves tracking performance, particularly
in terms of MOTA and HOTA. The fixed-weight baseline achieves the lowest MOTA among all methods,
while its HOTA is lower than that of the proposed method, although it remains competitive in terms of
MOTP. These results indicate that a static fusion strategy is less effective for UAV scenarios characterized
by rapid target motion, irregular movement patterns, and frequent occlusion. Under such conditions, the
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uncertainty of motion prediction can fluctuate considerably, making dynamic adjustment of information
weights beneficial for reducing association errors and improving overall tracking performance.

Table 5: Performance under different confidence generation methods.

Method MOTA? MOTP| HOTA?
Fixed Weight 39.596 75.315 43.377
Mahalanobis Distance 39.949 75.46 42.646
Trajectory Continuity 41.397 73.42 41.75
Ours 41.439 74.005 44.001

Among the dynamic strategies, the proposed confidence estimation mechanism achieves the highest
overall performance and demonstrates clear advantages in metrics such as MOTA and HOTA, which jointly
reflect detection accuracy and identity consistency. This indicates that leveraging the inverse covariance of the
Kalman filter provides a more fine-grained and reliable quantification of prediction uncertainty. Although
the Mahalanobis-distance strategy effectively captures instantaneous deviations between prediction and
observation, its dependence on single-frame observations limits adaptability under continuously changing
motion patterns. Similarly, the trajectory continuity method captures long-term stability but lacks sensitivity
to rapid fluctuations in prediction reliability, thus offering only moderate improvements.

It should be noted that the proposed method does not produce the optimal MOTP score. This can be
attributed to the mechanism’s sensitivity to prediction uncertainty. When minor positional deviations occur
in predicted bounding boxes, the system reduces reliance on motion cues and increases dependence on
appearance features to prevent erroneous forced matching. While this may slightly affect local bounding box
precision, it effectively mitigates more severe issues such as identity switches. Consequently, the proposed
strategy achieves a favorable balance between overall tracking accuracy and identity preservation.

(3) Hierarchical Fine-Grained

The influence of the hierarchical fine-grained mechanism on the confidence-priority matching strategy
isillustrated in the Fig. 3. The comparison reveals that an interval of 0.1 yields the most balanced performance
across all metrics, with particularly notable improvements observed on the VisDrone2019 dataset. This
interval size enables a more refined separation of detection confidence levels, which in turn facilitates
smoother progressive matching and more stable association behavior. Based on these observations, the
interval parameter is set to 7 = 0.1 as the default configuration for the proposed method.

To intuitively assess the effectiveness of the proposed method in real-world scenarios, a representative
and challenging video sequence from the VisDrone2019 dataset is selected for visualization. This sequence
contains dense small targets and notable UAV-induced camera motion. In such scenes, distant targets occupy
only a few pixels and exhibit low visual clarity, while the motion patterns become highly complex due to the
movement of the UAV platform. Under these conditions, the proposed method is visually compared with
several representative trackers, including ByteTrack, OC-SORT, and BoT-SORT.

As illustrated in Fig. 4, all comparative trackers display varying degrees of performance degrada-
tion. ByteTrack employs a fixed threshold to segment detections during association; however, this static
mechanism is highly sensitive to camera motion and leads to reduced association accuracy when global
movement increases positional uncertainty. OC-SORT applies an observation-centric update strategy, yet
its performance becomes limited in UAV scenarios because the bounding boxes generated by its lightweight
detector lack the spatial accuracy required for stable association, ultimately causing deviations in trajectory
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estimation. Although BoT-SORT integrates appearance features to enhance identity discrimination, its
re-identification module suffers from the compounded effects of small-target blurring and motion blur,
substantially diminishing the reliability of its appearance embeddings.

HOTA variations at different intervals T

0.05 0.10 0.15 0.20 0.25 0.30 0.35
T

Figure 3: HOTA values under different 7 on VisDrone2019.

Bytetrack

BoT-SORT

OC-SORT

Figure 4: Visualization of different trackers in complex scenarios.

In contrast, the proposed method maintains consistent and robust tracking behavior throughout the
sequence. Its multi-level association mechanism plays a crucial role in handling small targets: by prioritizing
the matching of high-confidence detection boxes with existing trajectories, the method helps maintain
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more stable associations in the presence of low-quality detections. Additionally, the confidence estimation
mechanism for the Kalman filter adaptively senses increases in prediction uncertainty caused by camera
motion. By adjusting the weights in the dynamic cost matrix, the method reduces dependence on unreliable
motion cues and increases reliance on appearance information whenever positional predictions become
unstable. This adaptive trade-oft allows the tracker to preserve correct associations even under abrupt or
irregular target displacements.

The visualization results highlight the clear advantages of the proposed approach when dealing with
scenes containing both small targets and camera motion. Through the coordinated operation of its internal
components, the method exhibits stable identity assignment and maintains trajectory continuity for the
majority of targets in the illustrated sequence. These observations further confirm the robustness and relia-
bility of the proposed hierarchical dynamic association framework in complex UAV tracking environments.

5 Conclusion

This research presents a confidence-prioritized multi-object tracking framework tailored for UAV plat-
forms. By integrating detection confidence with motion-aware association, the proposed method effectively
enhances tracking stability under challenging conditions such as small object sizes, frequent occlusions,
and camera motion. Extensive experiments on VisDrone2019 and UAVDT benchmarks demonstrate that
the proposed approach achieves competitive performance in terms of MOTA and HOTA. The results
indicate that explicitly leveraging confidence information can improve data association robustness. Despite
its effectiveness, the current framework relies on fixed confidence thresholds and does not explicitly model
long-term temporal dependencies. Future work will explore adaptive confidence modeling and tighter
integration between detection and motion estimation modules, as well as extending the framework to more
complex aerial scenarios.
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