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Abstract
Multi-object tracking (MOT) aims to track multiple objects
while maintaining consistent identities across frames of a
given video. In unmanned aerial vehicle (UAV) recorded
videos, frequent viewpoint changes and complex UAV-
ground relative motion dynamics pose significant challenges,
which often lead to unstable affinity measurement and am-
biguous association. Existing methods typically model mo-
tion and appearance cues separately, overlooking their spatio-
temporal interplay and resulting in suboptimal tracking per-
formance. In this work, we propose AMOT, which jointly
exploits appearance and motion cues through two key com-
ponents: an Appearance-Motion Consistency (AMC) ma-
trix and a Motion-aware Track Continuation (MTC) mod-
ule. Specifically, the AMC matrix computes bi-directional
spatial consistency under the guidance of appearance fea-
tures, enabling more reliable and context-aware identity as-
sociation. The MTC module complements AMC by reactivat-
ing unmatched tracks through appearance-guided predictions
that align with Kalman-based predictions, thereby reduc-
ing broken trajectories caused by missed detections. Exten-
sive experiments on three UAV benchmarks, including Vis-
Drone2019, UAVDT, and VT-MOT-UAV, demonstrate that
our AMOT outperforms current state-of-the-art methods and
generalizes well in a plug-and-play and training-free manner.

Code — https://github.com/ydhcg-BoBo/AMOT

Introduction
Multi-object tracking (MOT) is a fundamental vision task
with widespread applications, such as autonomous driv-
ing (Zhuang et al. 2024) and unmanned aerial vehicle (UAV)
surveillance (Wu et al. 2025). A typical pipeline of MOT
is to first detect multiple objects, and then assign each de-
tection to existing tracks through data association, ensuring
the continuity of track identities over time. Despite progress,
robust data association remains challenging, particularly for
videos captured by UAV-mounted cameras.

*These authors are the corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: IDF1-MOTA-FPS comparisons of different meth-
ods on VisDrone2019. The radius of the circle denotes FPS.
Our AMOT achieves the highest IDF1 of 61.4% and MOTA
of 46.0%, with a real-time inference speed of 36.4 FPS.

Data association typically relies on a cost matrix that
quantifies the affinity between detection–track pairs. Fre-
quent viewpoint changes induce significant variations in
object appearance and position. Compounding this, large
and unpredictable object displacements caused by complex
UAV-ground relative motion dynamics (e.g., varying veloci-
ties and directions) further lead to unstable affinity measure-
ment, ultimately compromising identity assignment.

To address the above issues, prevailing methods adopt two
main strategies for constructing the cost matrix. (1) Motion-
based position prediction: The Kalman Filter (Zhang et al.
2022; Cao et al. 2023) is widely used as a motion model
to predict current positions of tracks from their histori-
cal states. Then, a motion-based cost matrix is constructed
based on the positional proximity between detections and
tracks. To overcome the limitations of the Kalman Fil-
ter’s linear motion predictions in UAV views, some re-
cent works introduce complementary techniques, such as
camera motion compensation (CMC) (Wang et al. 2024a;
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Song and Lee 2024) and optical flow (Yao et al. 2023,
2025), to improve the accuracy of predicted track posi-
tions. (2) Appearance-based instance-level discrimination:
Instance-level re-identification (ReID) embedding, being in-
sensitive to position changes, offers significant advantages
under substantial camera motion or object displacement.
Several works (Li et al. 2024a; Wang et al. 2024a,b; Song
and Lee 2024) have constructed appearance-based cost ma-
trices using ReID embedding to facilitate accurate identity
assignment. Nevertheless, these two strategies model mo-
tion and appearance cues independently to generate separate
cost matrices, ignoring the intrinsic relationships between
them. Specifically, motion prediction errors caused by sud-
den object displacements can adversely affect the construc-
tion of the motion-based cost matrix, while appearance am-
biguities similarly impact the appearance-based cost matrix.
Consequently, when these cost matrices produce conflicting
association scores, determining a reliable matching decision
becomes difficult.

To address these challenges, we propose an appearance-
guided motion modeling strategy that localizes object po-
sitions across frames through dense appearance similarity
measurement. Concretely, we compute a dense response
map by measuring the similarity between a query ReID em-
bedding from a reference frame and all spatial locations in
the ReID feature map of the adjacent frame. The response
map reflects the probability of the object’s spatial position
in consecutive frames. Building upon this, we introduce
an appearance-motion consistency (AMC) matrix that com-
putes forward and backward spatial distances between adja-
cent frames using dense response maps derived from tracks
and detections. By capturing bi-directional spatial align-
ment, the AMC matrix reflects strong spatio-temporal corre-
spondence, enabling the construction of a more robust cost
matrix. In addition, traditional identity assignment depends
on detection-to-track matching. However, missed detections
may cause active tracks to lack corresponding detections,
resulting in unmatched tracks. To mitigate this issue, we
propose a motion-aware track continuation (MTC) module
that reactivates unmatched tracks by comparing appearance-
guided and Kalman-based object center predictions.

Together with the AMC and MTC modules, we propose a
novel multi-object tracker, termed AMOT, which is built on
the joint detection and embedding (JDE) architecture (Zhang
et al. 2021). AMOT is specifically designed to enhance
the robustness and accuracy of identity assignment under
challenging UAV-captured videos. Experiments on multiple
UAV benchmarks demonstrate that AMOT achieves supe-
rior performance in terms of IDF1 and MOTA, as shown in
Figure 1. The main contributions are summarized as follows:

• We propose a novel appearance-motion consistency
(AMC) matrix that integrates appearance similarity with
bi-directional spatial distances, offering a reliable affinity
measurement for robust identity assignment.

• We design a motion-aware track continuation (MTC)
module that recovers unmatched tracks by aligning
appearance-guided and Kalman-based predictions, re-
ducing fragmented trajectories under detection failures.

• AMC and MTC modules are plug-and-play and training-
free, allowing easy integration into JDE-based trackers to
boost tracking performance.

• Extensive evaluations on VisDrone2019, UAVDT and
VT-MOT-UAV benchmarks demonstrate that AMOT
consistently outperforms existing trackers. For example,
AMOT attains an IDF1 of 61.4% on VisDrone2019, sur-
passing MM-Tracker by 2.8%.

Related Works
Motion Modeling
The purpose of motion modeling in MOT is to predict the
positions of tracks. Most MOT methods (Stadler and Bey-
erer 2023; Li et al. 2024b; Cheng et al. 2023) adopt the
Kalman Filter for motion modeling, owing to its high com-
putational efficiency for real-time applications. Predicted
positions of tracks are compared with current detections
via Mahalanobis distance (Du et al. 2023) or Intersection
over Union (IoU) (Lv et al. 2024a), which are employed
as motion-based cost metrics for data association. Some
works (Cao et al. 2023; Maggiolino et al. 2023) enhance the
Kalman Filter by adopting an observation-centric strategy
to refine track estimation, yielding better performance un-
der non-linear motion patterns. Despite their effectiveness,
Kalman-based methods exhibit limited capability in scenar-
ios involving substantial camera motion and object displace-
ment. Meanwhile, learning-based motion models (Shuai
et al. 2021; Qin et al. 2023; Song et al. 2025) have recently
gained attention. These models leverage data-driven archi-
tectures to learn motion patterns. However, such methods
often incur high computational costs and are unsuitable for
real-time tracking. In contrast, we introduce a training-free
motion modeling strategy that balances robustness and effi-
ciency, specifically tailored for UAV-captured videos.

Appearance Modeling
Appearance modeling aims to extract discriminative ap-
pearance features to re-identify objects. The tracking-by-
detection paradigm (Jin et al. 2024; Huang et al. 2024) first
detects objects using an off-the-shelf detector, and then em-
ploys a ReID network to extract identity embedding for each
object. Although this pipeline delivers impressive perfor-
mance, it suffers from high computational cost due to sep-
arate detection and extraction stages. In contrast, the joint
detection and embedding (JDE) paradigm (Liu et al. 2023;
Meng et al. 2023) integrates object detection and ReID fea-
ture extraction into a unified framework, enabling simultane-
ous object localization and embedding extraction. Further-
more, several JDE-based trackers incorporate global atten-
tion (Wu et al. 2023; Shi et al. 2023) and temporal cues (Liu
et al. 2022; Ma et al. 2024) to enhance the discriminability of
instance-level ReID embedding. The aforementioned meth-
ods measure instance-level appearance similarity by com-
puting the cosine distance between ReID embeddings. Dif-
ferently, we reformulate the appearance similarity measure-
ment as a dense response between the instance embedding
and the global ReID feature map. This enables the joint mod-
eling of visual similarity and spatial coherence.
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Figure 2: Tracking pipeline of AMOT. Specifically, we introduce the appearance-motion consistency (AMC) matrix CAMC

that integrates it with the appearance similarity matrix CApp and the Intersection-over-Union (IOU) matrix CIOU to robustly
associate high-confidence detections Dh with tracks T at frame t− 1. Then, the unmatched tracks Tun are associated with low-
confidence detections Dl in the second stage. The remaining unmatched tracks Tsecond un are further potentially reactivated
through our proposed motion-aware track continuation (MTC) module. KF means the Kalman Filter.

Data Association
Data association typically involves constructing a cost ma-
trix that quantifies the affinity between current detections
and existing tracks based on motion and appearance infor-
mation. To improve association accuracy, motion and ap-
pearance cues are often modeled separately and then inte-
grated into a unified cost matrix (Liang et al. 2022; Yang
et al. 2024). Once the cost matrix is constructed, data associ-
ation is formulated as an assignment problem and solved us-
ing the Hungarian algorithm (Yi et al. 2024; Qin et al. 2024).
Nevertheless, existing approaches commonly fail to consider
the inherent interplay between motion and appearance cues.
This independent modeling can cause instability in affinity
measurement, arising from prediction errors or appearance
ambiguities, which ultimately leads to conflicting data as-
sociations. To this end, we propose the AMC matrix, which
jointly enforces consistency in appearance, motion, and tem-
poral domains, enabling reliable identity assignment.

Methodology
Preliminaries
Given an input frame It, it is first fed into a feature ex-
tractor to obtain a feature map Ft ∈ RH×W×64. Then,
the detection branch processes Ft to generate a heatmap
Ht ∈ RH×W×C for object center localization, where C
denotes the number of object classes, along with a regres-
sion map Bt ∈ RH×W×2 that predicts the height and width
of objects. The ReID branch produces a ReID feature map
Et ∈ RH×W×D, where D = 128 is embedding dimension.

We retain the locations in Ht whose confidence scores ex-
ceed a threshold τ as object centers, formulated as:

Odet = {[xi, yi] | Ht
(xi,yi)

> τ}Ni=1, (1)

where Odet denotes the set of center coordinates for detec-
tions, and N is the total number of detections. For each de-
tection, the width and height are obtained from the regres-

sion map as [wi, hi] = Bt
(xi,yi)

, and the confidence score is
given by ci = Ht

(xi,yi)
. Meanwhile, the ReID embedding ei

for each detection is extracted from Et at the corresponding
center coordinate, expressed as ei = Et

(xi,yi)
∈ RD.

The set of detections is defined as D = {di}Ni=1, where
each detection is defined as di = [ci, xi, yi, wi, hi, ei]. The
set of tracks can be represented as T = {tj}Mj=1, where M
is the total number of existing tracks. The tracking states of
a track is defined as tj = [id, xj , yj , wj , hj , ej ], where id
denotes the track identity, and the set of center coordinates
for tracks is defined as:

Otrk = {[xj , yj ]}Mj=1. (2)

In our AMOT, as shown in Figure 2, we construct an
appearance-motion consistency (AMC) matrix to enable ro-
bust detection-to-track association. Additionally, we pro-
pose a motion-aware track continuation (MTC) module de-
signed to reactivate unmatched tracks without relying on ex-
plicit detection-to-track matching.

Appearance-Motion Consistency Matrix
Most existing cost matrices are constructed using either mo-
tion or appearance cues independently. However, this sep-
arate modeling approach is insufficient under challenging
UAV tracking conditions, often resulting in tracking failures.
To address this issue, we propose the AMC matrix, which
jointly models appearance similarity and spatio-temporal
correspondence to improve the robustness of association.

Specifically, we compute the track-specific dense re-
sponse maps Atrk by evaluating the similarity between each
track’s ReID embedding and the current ReID feature map
Et, defined as:

A
(j)
trk(x, y) = sim(Et(x, y), ej), (3)

where ej denotes the ReID embedding of the j-th track, and
sim(·) is the cosine similarity function. The response map
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A(j)

trk ∈ RH×W highlights regions that are most semanti-
cally correlated with the track’s ReID embedding. Then, the
spatial location corresponding to the maximum response on
A(j)

trk is defined as the center of the j-th track in the current
frame. Accordingly, the set of predicted center coordinates
Qtrk for tracks in the current frame is formulated as:

Qtrk = {[x∗
j , y

∗
j ] | argmax

(x,y)∈Ω

A
(j)
trk(x, y)}

M
j=1. (4)

Similarly, detection-specific dense response maps Adet are
computed by evaluating the similarity between each detec-
tion’s ReID embedding and the ReID feature map Et−1

from the previous frame, defined as:

A
(i)
det(x, y) = sim(Et−1(x, y), ei), (5)

where ei denotes the ReID embedding of the i-th detection.
The set of predicted center coordinates Qdet for detections
in the previous frame is given by:

Qdet = {[x∗
i , y

∗
i ] | argmax

(x,y)∈Ω

A
(i)
det(x, y)}

N
i=1. (6)

Subsequently, as shown in Figure 3, we quantify the
appearance-guided spatio-temporal correspondence by mea-
suring the forward and backward spatial distances, which
can be defined as:

Df (j, i) =
∥∥∥Q(j)

trk −O(i)
det

∥∥∥
2
, (7)

Db(i, j) =
∥∥∥Q(i)

det −O(j)
trk

∥∥∥
2
. (8)

Here, Df (j, i) denotes the forward spatial distance from the
predicted position of the j-th track Q(j)

trk to the observed cen-
ter of the i-th detection O(i)

det. Conversely, Db(i, j) repre-
sents the backward spatial distance from the predicted posi-
tion of the i-th detection Q(i)

det to the observed center of the
j-th track O(j)

trk. In both cases, lower values indicate stronger
spatial coherence. A detection-track pair is considered a reli-
able match only when both forward and backward distances
are small.

Next, we construct the AMC matrix CAMC using a
Gaussian kernel that integrates the bi-directional spatial dis-
tances, defined as:

CAMC(i, j) = 1− exp

(
−
D⊤

f (i, j) +Db(i, j)

2σ2

)
, (9)

where σ is a scale factor that controls the spatial sensitiv-
ity, and is set to 5. CAMC intrinsically encodes the joint
spatial and appearance similarities. It is designed to impose
a smooth penalty on potentially ambiguous detection-track
pairs, enhancing the robustness of affinity measurement.

Motion-aware Track Continuation
Recovery of short-term lost tracks is critical for maintaining
track identities. To this end, we propose the MTC module,
which effectively propagates unmatched tracks to mitigate
association failures caused by temporary missed detections.

Tracks at frame t-1 Detections at frame t

Atrk

Df (2,1)Db (1,2)

(2)
Adet

(1)
Adet

(1)

𝒪det
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D#1𝒪trk
(2)𝒪trk
(2)
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(1)

=arg max Adet 
(1)𝒬det

(1)
=arg max Adet 

(1)

2

1

(2)
=arg max Atrk

(2)𝒬trk
(2)

=arg max Atrk
(2)𝒬trk

T#2
T#1

Figure 3: Overview of bi-directional spatial distances in
AMC matrix. A(2)

trk and A(1)

det are the track-specific dense re-
sponse map of T#2 and the detection-specific dense response
map of D#1, respectively. Df (2, 1) represents the forward
spatial distance from predicted center Q(2)

trk to observed cen-
ter O(1)

det, while Db(1, 2) denotes the backward spatial dis-
tance from predicted center Q(1)

det to observed center O(2)

trk.

At the beginning of tracking, we initialize a buffer for
each track to store its frame indices and corresponding
tracking states, denoted as Buff = {tsj}

t−1
s=t−20, and up-

date following a first-in, first-out policy. In later frames,
if a track fails to associate with any detection, while re-
taining recent and temporally consecutive tracking states
in its buffer, we mark it as a reactivation candidate. Then,
we introduce the MTC module to determine whether these
candidates should be reactivated. To be specific, we first
employ the Kalman Filter to predict the bounding box of
all candidates, yielding a set of Kalman-based predictions:
Boxkf = {[x̂k, ŷk, ŵk, ĥk]}Kk=1, where K is the total num-
ber of candidates. The corresponding predicted centers are
denoted as ckf = {[x̂k, ŷk]}Kk=1. Subsequently, we compute
the similarity between the candidate’s latest ReID embed-
ding et−1

k and the current ReID feature map Et, obtaining
a dense response map: M(k) = sim(Et, et−1

k ) ∈ RH×W .
The region with the maximum response in M not only ex-
hibits the highest similarity to the given ReID embedding,
but also serves as an appearance-guided prediction of the
candidate’s center coordinates in the current frame, denoted
as creid = {[x̃k, ỹk]}Kk=1.

Subsequently, we compute the Euclidean distance be-
tween the appearance-guided predicted center creid and the
Kalman-based predicted center ckf for each candidate. This
distance is formulated as:

dk =
∥∥∥c(k)reid − c

(k)
kf

∥∥∥
2
, (10)

where dk denotes the spatial offset between the two pre-
dicted centers for the k-th candidate. If dk is smaller than
the predefined threshold λ, which is set to 3 in our experi-
ments, and there is no significant overlap with any current
detection, the candidate is considered present in the current
frame and is reactivated to ensure identity consistency. Oth-
erwise, it remains unmatched.
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Tracking Pipeline
The tracking pipeline of AMOT is illustrated in Figure 2.
The Kalman Filter is used to predict the current positions of
tracks. We then adopt a two-stage matching strategy similar
to BYTE (Zhang et al. 2022), where detections are divided
into high-confidence sets Dh and low-confidence sets Dl.

Specifically, in the first stage, we construct three pairwise
cost matrices between Dh and the tracks T , including the
appearance similarity matrix CApp (Zhang et al. 2021), the
Intersection-over-Union (IOU) matrix CIOU , and the pro-
posed AMC matrix CAMC . These matrices are integrated
into a unified cost matrix Cuni as follows:

Cuni = 1− (1−CAMC ·CIOU ) · (1−CApp). (11)

Here, the cost matrix Cuni is used for bipartite matching via
the Hungarian algorithm. In the second stage, unmatched
tracks Tun are associated with Dl solely by the IOU ma-
trix. For tracks that remain unmatched after this second as-
sociation, denoted as Tsecond un, we employ the proposed
MTC module to determine whether they can be reactivated
as matched tracks.

After that, tracks that remain unmatched for more than 30
frames are removed. New tracks are initialized from the re-
maining high-confidence detections that are not associated
with any existing tracks, while the tracking states of the
matched tracks are updated based on current observations.

Experiments
Settings
Datasets and Evaluation Metrics. We evaluated our
method on various MOT datasets from UAV perspectives,
including VisDrone2019 (Du et al. 2019), UAVDT (Du et al.
2018), and VT-MOT-UAV (Zhu et al. 2025).

We adopt the widely-used CLEAR metrics (Liu et al.
2022), including MOTA, IDF1, the number of mostly
tracked (MT) objects, and mostly lost (ML) objects, to
comprehensively evaluate the tracking performance. MOTA
emphasizes the detection quality and is computed based
on false positives (FP), false negatives (FN), and identity
switches (IDs). IDF1 measures the tracker’s ability to main-
tain consistent object identities over time, reflecting the ac-
curacy of identity association across frames. Additionally,
we report FPS to assess the inference speed of the tracker.

Implementation Details. We adopt DLA-34 (Zhang et al.
2021) as the default backbone network and initialize its pa-
rameters with pre-trained weights from the COCO dataset.
The input image is resized to 608×1088. The corresponding
feature map undergoes a 4× downsampling, resulting in a
resolution of 152× 272, where H = 152 and W = 272. We
employ the Adam optimizer with an initial learning rate of
7e−5 to train our model for 30 epochs, reducing the learning
rate by a factor of 10 at 20 epochs. For the objective func-
tions, focal loss is employed to supervise the object heatmap,
while L1 loss is used to supervise the predicted object width
and height. In addition, both cross-entropy loss and triplet
loss are applied to guide the learning of the ReID embed-
ding. To further enhance the model’s perception of object

Method IDF1↑ MOTA↑ MT↑ ML↓ IDs↓
ByteTrack (Zhang et al. 2022) 37.0 35.7 - - 2168
UAVMOT (Liu et al. 2022) 51.0 36.1 520 574 2775
OC-SORT (Cao et al. 2023) 50.4 39.6 - - 986
GCEVT (Wu et al. 2023) 50.6 34.5 520 612 841
GLOA (Shi et al. 2023) 46.2 39.1 581 824 4426
FOLT (Yao et al. 2023) 56.9 42.1 - - 800
PID-MOT (Lv et al. 2024b) 50.2 33.0 686 424 3529
AHOR-ReID (Jin et al. 2024) 56.4 42.5 - - 810
STCMOT (Ma et al. 2024) 52.0 41.2 667 453 3984
DroneMOT (Wang et al. 2024a) 58.6 43.7 689 397 1112
DFA-MOT (Zheng et al. 2025) 58.3 42.9 518 523 792
MM-Tracker (Yao et al. 2025) 58.3 44.7 - - -

AMOT (Ours) 61.4 46.0 716 413 1063

Table 1: Tracking performance comparison with state-of-
the-art methods on VisDrone2019 test set.

Method IDF1↑ MOTA↑ MT↑ ML↓ IDs↓
ByteTrack (Zhang et al. 2022) 59.1 41.6 - - 296
UAVMOT (Liu et al. 2022) 67.3 46.4 624 221 456
OC-SORT (Cao et al. 2023) 64.9 47.5 - - 288
GCEVT (Wu et al. 2023) 68.6 47.6 618 363 1801
GLOA (Shi et al. 2023) 68.9 49.6 626 220 433
FOLT (Yao et al. 2023) 68.3 48.5 - - 338
STCMOT (Ma et al. 2024) 69.8 49.2 664 203 665
DroneMOT (Wang et al. 2024a) 69.6 50.1 638 178 129
DFA-MOT (Zheng et al. 2025) 69.3 49.9 684 230 396
MM-Tracker (Yao et al. 2025) 68.9 51.4 - - -

AMOT (Ours) 74.7 55.1 794 142 272

Table 2: Tracking performance comparison with state-of-
the-art methods on UAVDT test set.

instances, we introduce an additional mask branch (Tian,
Shen, and Chen 2020) during training, which is trained using
the Dice loss.

Benchmark Evaluation
We present the tracking results for multiple UAV datasets.
↑/↓ indicate that higher/lower is better, respectively. The best
scores for each metric are marked in bold, and the second-
best scores are marked in underline.

Results on VisDrone2019. VisDrone2019 serves as a fun-
damental benchmark for multi-object tracking in dynamic
UAV-captured videos, which involve scale variations and
long-range object movements. As shown in Table 1, our
AMOT exhibits the highest IDF1 of 61.4% and MOTA
of 46.0%, outperforming current state-of-the-art methods.
Concretely, compared with DroneMOT and MM-Tracker,
AMOT achieves absolute improvements in both IDF1 and
MOTA, demonstrating superior association accuracy and en-
hanced overall tracking performance.

Results on UAVDT. The tracking scenarios in UAVDT are
derived from bird’s-eye views at different outdoor scenes.
Table 2 shows that our AMOT achieves the best tracking

7777



Method IDF1↑ MOTA↑ MT↑ ML↓ IDs↓
SORT (Bewley et al. 2016) 48.1 28.6 103 340 520
FairMOT (Zhang et al. 2021) 39.9 17.9 94 322 901
ByteTrack (Zhang et al. 2022) 50.2 28.5 129 324 415
UAVMOT (Liu et al. 2022) 47.9 22.1 175 248 1421
OC-SORT (Cao et al. 2023) 48.2 28.5 102 342 509
STCMOT (Ma et al. 2024) 47.4 27.9 153 277 518

AMOT (Ours) 52.7 31.8 168 247 412

Table 3: Tracking performance comparison with state-of-
the-art methods on VT-MOT-UAV test set.

AMC MTC VisDrone2019 UAVDT
IDF1↑ MOTA↑ IDs↓ IDF1↑ MOTA↑ IDs↓ FPS ↑
54.4 43.3 3847 72.4 54.6 886 37.1

✓ 60.5 44.1 1078 74.4 54.9 307 36.3
✓ 57.3 44.2 1961 73.4 54.6 440 37.7

✓ ✓ 61.4 46.0 1063 74.7 55.1 272 36.4

Table 4: Ablation of various components.

Detections Without MTC With MTC

Missed 

detection ×
×

√
√

167

168

167

168

167

168

Figure 4: Visualization of tracking results with the MTC
module. Despite missed detections, MTC effectively prop-
agates tracks and maintains their correct identities.

performance, with an IDF1 of 74.7% and a MOTA of 55.1%.
Specifically, AMOT outperforms STCMOT by +4.9% in
IDF1 and surpasses MM-Tracker by +3.7% in MOTA, high-
lighting its superiority in tracking effectiveness. Moreover,
AMOT has the highest MT and the lowest ML, showing its
robustness in preserving identity over long-term tracking.

Results on VT-MOT-UAV. VT-MOT-UAV is dedicated to
tracking multiple categories, including pedestrians and ve-
hicles, and presents challenges such as varying illumina-
tion conditions and cluttered backgrounds. The results are
summarized in Table 3. Our AMOT exhibits superior per-
formance with an IDF1 of 52.7% and a MOTA of 31.8%,
surpassing the previous advanced approaches.

Ablation Studies
Baseline model. The baseline model uses the network ar-
chitecture of FairMOT (Zhang et al. 2021) combined with a
two-stage association strategy (Zhang et al. 2022).

Component Ablation. We conduct a comprehensive eval-
uation of the proposed components, as presented in Table 4.

AMC VisDrone2019 UAVDT
For. Back. IDF1↑ MOTA↑ IDs↓ IDF1↑ MOTA↑ IDs↓

54.4 43.3 3847 72.4 54.6 886
✓ 60.4 43.4 1319 73.3 54.9 389

✓ 60.0 43.9 1132 73.0 54.9 407
✓ ✓ 60.5 44.1 1078 74.4 54.9 307

Table 5: Impact of the forward and backward spatial distance
in AMC matrix, where “For.” and “Back.” denote forward
and backward spatial distances, respectively.
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Figure 5: Association performance comparison under dif-
ferent frame intervals for car category. Object displacement
increases with frame interval.

Integrating either AMC or MTC component into the base-
line model individually leads to notable improvements in
tracking performance. Compared with the baseline model,
the joint application of AMC and MTC improves IDF1 and
MOTA by +7.0% and +2.7%, respectively, while reducing
identity switches by 2784 on VisDrone2019. On UAVDT,
it achieves gains of +2.3% in IDF1 and +0.5% in MOTA,
with 614 fewer identity switches. Furthermore, the AMC
and MTC introduce only a minimal computational overhead
and have a negligible impact on the overall inference speed.
Specifically, the baseline model achieves an inference speed
of 37.1 FPS, while our AMOT achieves a comparable speed
of 36.4 FPS. These results highlight the effectiveness and
computational efficiency of the proposed components.

Impact of Bi-directional Spatial Distances. As shown in
Table 5, we assess the effect of forward and backward spatial
distances in the AMC matrix. Both forward and backward
spatial distances positively contribute to overall tracking per-
formance, while their joint integration yields further gains.
This indicates that modeling bi-directional spatial consis-
tency strengthens the spatio-temporal interplay between mo-
tion and appearance cues, thereby improving the discrimina-
tive power of the affinity measurement.

Effect of MTC. Figure 4 presents a qualitative compari-
son of tracking results with and without the proposed MTC
module. At frame 168, the baseline model fails to associate
the object due to missed detections, leading to a track dis-
continuity. In contrast, the baseline model with MTC mod-
ule successfully propagates the tracks from frame 167 to
frame 168 with consistent identity assignment, highlighting
the effectiveness of MTC in preserving track continuity un-

7778



(a) (b)

MM-Tracker

Baseline

Ours

MM-Tracker

Baseline

Ours

128 129 130 84 86 88

128 129 130 84 86 88

128 129 130 84 86 88

Figure 6: Visualization of tracking results under challenging UAV-captured videos: (a) lateral viewpoint changes from left to
right and (b) viewpoint changes from close-up to distant view.

Method AMC MTC VisDrone2019 UAVDT
IDF1↑MOTA↑ IDs↓ IDF1↑MOTA↑ IDs↓

UAVMOT
50.6 40.0 3843 69.0 47.6 2079

✓ 53.7 40.2 1589 69.5 47.6 846
✓ ✓ 55.0 42.4 1600 69.7 47.8 729

Gain +4.4 +2.4 -2243 +0.7 +0.2 -1350

STCMOT
52.7 41.0 4040 69.1 50.4 688

✓ 58.9 41.2 1004 69.7 50.6 352
✓ ✓ 59.7 43.1 1043 70.0 50.8 308

Gain +7.0 +2.1 -2997 +0.9 +0.4 -380

Table 6: Results of applying AMC and MTC components to
various JDE-based methods.

der unreliable detection conditions.

Robustness to Large Displacements. In Figure 5, we
compare the association performance of our AMOT against
several advanced data association methods using the same
detections under varying frame intervals. As the frame in-
terval increases, inter-frame object displacements become
larger, resulting in a significant decline in association ac-
curacy for most methods. In contrast, our AMOT demon-
strates strong robustness under these challenging condi-
tions. Although recent competitive methods such as BoT-
SORT (Aharon et al. 2022) and Hybrid-SORT (Yang et al.
2024) exploit both motion and appearance cues for asso-
ciation, they model these cues independently, which limits
their ability to handle large object displacements. Instead,
our method jointly and adaptively models motion and ap-
pearance cues, enabling more consistent and accurate data
association in highly dynamic tracking scenarios.

Generality on Other Trackers. We apply our de-
sign to the representative JDE-based trackers, including
UAVMOT (Liu et al. 2022) and STCMOT (Ma et al. 2024).
As presented in Table 6, all of these trackers benefit from
the integration of AMC and MTC. For example, STCMOT

achieves a notable gain of +7.0% IDF1 and +2.1% MOTA on
VisDrone2019. Similar performance improvements are ob-
served for UAVMOT, with IDF1 and MOTA increasing by
+4.4% and +2.4%, respectively. Such improvements across
diverse trackers and scenarios further demonstrate the gen-
erality and effectiveness of our approach.

Visualization

Frequent viewpoint changes in UAV-captured videos often
induce substantial variations in object appearance and posi-
tion, posing significant challenges to multi-object trackers.
As illustrated in Figure 6, we evaluate the tracking perfor-
mance of our method under these adverse conditions. Both
the baseline model and MM-tracker (Yao et al. 2025) suf-
fer from frequent identity switches and tracking failures, re-
flecting limited capability in coping with dynamic viewpoint
changes. In contrast, the proposed AMOT demonstrates ro-
bust performance and maintains track identity consistency
under such challenging conditions.

Conclusion

In this work, we explore the joint modeling of appear-
ance and motion cues, and introduce two plug-and-play
components for data association, namely the AMC matrix
and the MTC module. AMC captures appearance, motion,
and temporal coherence to ensure accurate identity assign-
ment, while MTC mitigates broken trajectories by reacti-
vating unmatched tracks after missed detections. Building
upon these components, we develop AMOT, a simple yet
effective joint detection and embedding framework tailored
for real-time UAV tracking. Experiments demonstrate that
AMOT exhibits strong robustness in dynamic scenarios cap-
tured by UAV-mounted cameras. It also achieves outstanding
performance on several UAV benchmarks, including Vis-
Drone2019, UAVDT, and VT-MOT-UAV.
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