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Abstract. Multi-object tracking (MOT) via UAV fleets is crucial for low-altitude
applications. However, existing multi-view multi-object tracking (MVMOT) meth-
ods and datasets are constrained by fixed camera configurations and limited cov-
erage of complex scenarios, thereby failing to address real-world applications. To
fill this gap, we first conduct a systematic study of MOT under arbitrary camera
setups and introduce MDMOT, a novel multi-UAV benchmark covering diverse
real-world scenarios, exposing practical challenges like random object entry/exit
and cross-view appearance inconsistencies. We further propose FusionTrack, an
end-to-end MVMOT framework that abandons the traditional decoupled track-
then-associate paradigm. It jointly optimizes tracking and association via bidirec-
tional object fusion between a Tracklet Memory Pool and a Trajectory Identity
Pool, leveraging spatio-temporal context to enhance representation discriminabil-
ity. For inference, we design View-aware Hierarchical Clustering with neighbor
filtering to ensure intra-view exclusivity and inter-view consistency in cross-view
association. Extensive experiments verify that FusionTrack achieves state-of-the-
art performance in both single- and multi-view tracking tasks, outperforming ex-
isting methods by at least 2.3% in relative improvement on our MDMOT bench-
mark. Project page: https://github.com/aircas501/FusionTrack

Keywords: Multi-View Multi-Object Tracking · Multi-UAV Tracking · Collab-
orative Tracking · Cross-View Association

1 Introduction

Multi-object tracking (MOT) in UAV imagery is a core enabling technology for low-
altitude applications including urban governance and public security surveillance. How-
ever, single UAV systems suffer from limited field-of-view coverage and inherent ego-
motion perturbations, rendering single-view observations insufficient for large-scale
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Fig. 1: Description of the MDMOT dataset. Left panel: drones spatial distribution in an over-
pass scenario. Top-right panel: bounding-box distribution and identity frequency statistics across
collection scenes. Bottom-right panel: target count comparison between MDMOT and other MV-
MOT datasets.

monitoring tasks. These limitations have driven growing research interest in UAV-fleet-
based multi-view multi-object tracking (MVMOT) [20], which jointly performs track-
let estimation and cross-view target association to expand spatial coverage and boost
tracking robustness via collaborative perception. Nevertheless, MVMOT brings unique
under-explored challenges: view-dependent occlusions, unconstrained field-of-view over-
lap, and severe cross-view appearance discrepancies, all of which critically undermine
reliable cross-camera identity association.

Existing MVMOT benchmarks are divided by field-of-view configuration into over-
lapping and non-overlapping settings [1]. Overlapping benchmarks dominate the field,
including ground-based pedestrian datasets (e.g., MvMHAT [9], MMP-Tracking [12])
and drone-based datasets (e.g., DIVOTrack [13], MDMT [20], VisionTrack [7]), while
non-overlapping settings are mainly covered by CityFlow [27] and HST [39], with
recent works expanding to multi-category tracking [32]. However, nearly all existing
benchmarks use static camera setups with fixed view correspondence, failing to model
the unconstrained dynamic flight of real-world UAV fleets, where field-of-view cover-
age and camera positions are unpredictable, and overlapping view groups change dy-
namically (Fig. 1). Tracking and identity matching under such arbitrary view settings
remain inadequately addressed.

To fill this gap, we conduct the first systematic study of MOT under arbitrary
views and unconstrained camera configurations, and propose MDMOT, a novel multi-
UAV MOT benchmark collected from diverse real-world scenarios. MDMOT covers
both overlapping and non-overlapping view configurations with dense targets, and re-
veals three core challenges for unconstrained UAV MVMOT: (1) Arbitrary target en-
try/exit invalidating fixed boundary assumptions of conventional methods; (2) Severe
motion blur from high-speed UAV/target movement; (3) Drastic cross-view appear-
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Fig. 2: FusionTrack achieves tracking and association within a unified closed-loop formulation.

ance/geometric inconsistencies from varying viewpoints, which cripple reliable cross-
view identity association.

Methodologically, most existing MVMOT methods adopt a dominant two-stage
track-then-associate paradigm: they first generate per-view tracklets via single-view
MOT (e.g., DeepSORT [30], ByteTrack [40]), then link cross-view tracklets via three
mainstream strategies: (1) ReID feature similarity matching (e.g., MTMCT [17]), heav-
ily bounded by upstream tracking quality; (2) Cross-view homography estimation via
image registration (e.g., SIFT [21], MIA-Net [20]), limited by strict view overlap as-
sumptions, complex pipelines and high computational cost; (3) Matrix factorization-
based matching (e.g., NMF [16]), suffering from poor optimization stability and low
efficiency. Despite progress in constrained scenarios, these decoupled pipelines suffer
from inherent cascaded error accumulation, and fail to fuse tracking and identity match-
ing to leverage cross-view information for correcting tracklet drift and ID switches.

Motivated by the strong visual representation capability of Transformer-based mod-
els [38], we propose FusionTrack, an end-to-end MOT framework that supports an ar-
bitrary number of views with unconstrained camera configurations. Unlike fragmented
track-and-associate pipelines that “track first and re-identify later,” FusionTrack jointly
estimates trajectories and performs cross-view identity reasoning within a unified closed-
loop formulation, as shown in Fig. 2. For single-view tracking, we maintain temporal
continuity and handle cross-view re-entry via a Tracklet Memory Pool, while a dedi-
cated Trajectory Identify Pool enables global identity matching across views. An Object
Fusion Module updates current-frame queries by aggregating spatio-temporal context,
producing more discriminative and temporally consistent object representations.

Concretely, tracking benefits from ReID-aware features that enforce identity consis-
tency across time and views, suppressing drift under occlusion and viewpoint changes,
while ReID benefits from tracking-aware temporal aggregation that provides longer,
clearer evidence than isolated detections or short tracklets. Fusing the features of two
related tasks and achieving collaborative training can help improve the overall perfor-
mance. During inference, we apply an efficient post-processing pipeline, called View-
aware Hierarchical Clustering, to achieve accurate and scalable cross-view association.
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To summarize, our contributions are fourfold:

– To our knowledge, we conduct the first systematic study of arbitrary-view MOT
under unconstrained camera configurations, and propose MDMOT, a novel multi-
UAV MOT benchmark built on diverse real-world scenarios.

– We propose FusionTrack, an end-to-end multi-view tracking framework for joint
tracking and ReID optimization via bidirectional object fusion between Tracklet
Memory Pool and Trajectory Identity Pool.

– We design a View-aware Hierarchical Clustering with neighbor filtering, ensur-
ing intra-view exclusivity and inter-view consistency with efficient computation
for inference-stage target association.

– Extensive experiments show FusionTrack achieves state-of-the-art performance on
multiple single-view tracking and cross-view association benchmarks, outperform-
ing competitors by at least 2.3% on our MDMOT multi-view tracking benchmark.

2 RELATED WORK

Multi-object tracking (MOT) is a fundamental computer vision task that localizes tar-
gets, preserves cross-frame identities, and generates consistent trajectories, with core
applications in surveillance, autonomous driving, and UAV perception. Existing MOT
research falls into two core branches: single-view MOT for monocular inputs, and
multi-view multi-object tracking (MVMOT) leveraging complementary spatio-temporal
information from synchronized multi-camera systems.

Single-view MOT is dominated by two paradigms: Tracking-by-Detection (TBD)
and Joint Detection and Tracking (JDT). TBD decouples tracking into frame-level de-
tection and data association, benefiting from mature detection techniques but bounded
by detector performance. Classic works include DeepSORT [30] (Kalman filtering +
appearance/IoU matching) and ByteTrack [40] (two-stage matching for occlusion ro-
bustness), with recent advances focusing on multi-granularity cues and reduced hand-
crafted rules [24, 34]. JDT unifies detection and association into an end-to-end frame-
work to eliminate decoupled error accumulation. FairMOT [41] first balances detection
and ReID optimization, while Transformer-based JDT works [26,38] unify the pipeline
via learnable target queries, with recent efforts mitigating training imbalance and en-
abling heuristic-free learnable association [10, 23]. All single-view methods, however,
are inherently limited by narrow FoV and occlusion-induced performance degradation.

MVMOT addresses single-view limitations via cross-camera information fusion for
globally consistent trajectories. Traditional MVMOT adopts a two-stage pipeline: per-
camera single-view tracking, followed by cross-view target association. Cross-view
matching relies heavily on ReID features to handle viewpoint, illumination, and occlu-
sion variations [37], yet state-of-the-art ReID models [15, 36] fail to generalize to un-
constrained dynamic scenarios. Existing works improve association via self-supervised
learning [9], geometric constraints [20,25], and domain priors [35], while recent trends
shift to end-to-end frameworks for joint single-view feature learning and cross-view as-
sociation, reducing error accumulation via global modeling and cross-view embedding
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Table 1: Comparison of MDMOT and other datasets.

Dataset Source Resolution Scenes Views Frames Boxes
Average
Boxes

Moving
Cameras

View Distribution

EPFL [8] Monitor 360×288 5 2-4 97K 625k 6.44 × overlap
CAMPUS [33] Monitor 1920×1080 4 4 83K 490K 5.90 × overlap,non-overlap
MvMHAT [9] Monitor 1920×1080 1 3-4 31K 208K 6.71 ✓ overlap,non-overlap

WILDTRACK [3] Monitor 1920×1080 1 7 3K 40K 13.33 × overlap
CityFlow [27] Monitor 1280×960 1 46 117K 230K 1.97 × overlap,non-overlap
MDMT [20] Drone 1920×1080 6 2 40K 220K 5.50 ✓ overlap

DIVOTrack [13] Mobile,Drone 3640×2048,1920×1080 10 3 81K 830K 10.25 ✓ overlap
VisionTrack [7] Drone 1920×1080 15 2 116K 1176K 10.14 ✓ overlap

MDMOT Drone 1920×1080 6 3-5 122K 2481K 20.34 ✓ overlap,non-overlap

(a) (b)

Fig. 3: (a) Heatmap of target location distribution: x/y are normalized image coordinates, and z
denotes occurrence frequency. (b) Heatmap of box size distribution: x/y represent the relative box
width and height.

optimization [4, 6, 7, 13]. Most existing MVMOT methods, however, target fixed cam-
era setups, with no systematic study on arbitrary-view MOT under unconstrained UAV
camera configurations.

3 MDMOT Benchmark

To advance research on MVMOT in realistic UAV settings, we introduce Multi-Drone
Multi-Object Tracking (MDMOT), a multi-scene benchmark captured by a coordinated
drone fleet. To our knowledge, MDMOT is the first dataset to support arbitrary camera
settings under unconstrained, dynamically changing viewpoints.

Data Collection MDMOT is collected using a fleet of five DJI Mini 3 Pro drones.
We record 20 synchronized multi-view video sequences at 1920 × 1080 resolution,
covering 6 real-world urban scenes, including Overpasses, Intersections (Day/Night),
Urban Road (Day/Night) and Commercial District. Detailed descriptions of each scene
are in the appendix. Each environment contains 3-4 video segments, and 3-5 drones
simultaneously capture each segment. More descriptions of MDMOT are provided in
Appendix 1.
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Fig. 4: Overview of the proposed FusionTrack framework.

Statistics MDMOT targets the inherent spatial and scale variability of drone imagery.
Unlike fixed camera datasets with strong spatial priors, UAV mobility yields a broadly
uniform target spatial distribution (Fig. 3(a)). Drastic scale variations with flight alti-
tude cause imbalanced bounding box distributions (Fig. 3(b)), aggravating detection and
identity preservation difficulties. We split the dataset into 8:1:1 training/validation/test
sets for standardized evaluation.

Comparison with Prior Benchmarks Table 1 benchmarks MDMOT against state-of-
the-art multi-view tracking datasets. Early works (EPFL [8], CAMPUS [33], MvMHAT [9],
WILDTRACK [3], CityFlow [27]) focus on fixed-camera pedestrian/vehicle tracking,
whose static layouts simplify cross-view association but lack viewpoint diversity for
UAV scenarios. Recent dynamic benchmarks (DIVOTrack [13], VisionTrack [7], MDMT [20])
explore drone-based tracking, but suffer from limited views, coverage and real-world di-
versity. In contrast, MDMOT constructs a 3–5 drone coordinated observation network,
with 122k frames and 24.81M annotations collected across diverse urban scenes. It in-
troduces richer cross-view motion variations and realistic challenges (occlusion, rapid
viewpoint/illumination shifts), offering a more representative benchmark for open-scene
MVMOT evaluation.

4 METHOD

Fig. 4 overviews FusionTrack, an end-to-end architecture unifying single-view tracking
and cross-view association, departing from conventional track-then-associate paradigms.

4.1 Problem Definition

We consider a synchronized multi-view multi-object tracking (MVMOT) system with
C cameras. Let I = {Itc}

C,T
c=1,t=1 denote input video frames, where Itc is the frame from

camera c at time t. For each camera c, single-view tracking (SVT) outputs tracklets
T c = {T c

i }
Nc
i=1 (Nc: target count in view c). Each tracklet T c

i is a temporally ordered
state sequence, with state at time s defined as:

tc,si =
(
Bc,s

i ,CLSc,s
i , IDc,s

i

)
, (1)
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where Bc,s
i = (x, y, w, h) is the bounding box (top-left corner (x, y) and its width w

and height h), CLSc,s
i the object category, and IDc,s

i the target identity. MVMOT aims to
maintain intra-view temporal trajectory consistency and inter-view identity association.

4.2 Joint Training of Tracking and Association

Building on query-based Transformer tracking paradigms [11,38], FusionTrack extends
single-view query tracking to multi-view settings. We first introduce the SVT backbone,
which generates track queries for subsequent cross-view refinement.

Single-View Tracking For each frame Itc, we adopt a DETR-style architecture [11]: a
ResNet-50 backbone [14] extracts features, contextualized by a Transformer encoder to
produce F t

c .

Detection Decoder Given fixed learnable detection queries QD ∈ RND×d (ND: max
detection count, d: feature dimension), the decoder outputs detection embeddings via
cross-attention over F t

c :

Et
D = DetectionDecoder(Qt

D, F t
c ). (2)

Tracking Decoder To maintain temporal consistency, the tracking decoder concatenates
previous active track queries Qt−1

T ∈ RNT×d and Et
D ∈ RND×d, then decodes with F t

c

to update track queries:

Qt
T = TrackingDecoder

(
Concat{Qt−1

T , Et
D}, F t

c

)
. (3)

Updated embeddings are used for box regression and next-step track query initializa-
tion. Tracking supervision follows standard DETR [11] bipartite matching for one-to-
one assignment.

Bidirectional Fusion of Tracking and Association

(1) Re-identification Feature Extraction. We maintain a Tracklet Memory Pool (TMP)
to buffer recent track queries within a temporal window τ : {Qt−τ

T , . . . , Qt
T }, preserving

temporal cues for cross-view association.
Since tracking queries focus on short-term continuity while association requires

identity-discriminative embeddings, we introduce a lightweight linear projection ϕ1 to
decouple the tracking feature space from the identity space, projecting TMP queries to
{Rt−τ

T , . . . , Rt
T } = ϕ1({Qt−τ

T , . . . , Qt
T }). A multi-layer FFN f then aggregates these

projected queries to extract ReID features F t
id ∈ Rd:

F t
id = f(concat({Rt−τ

T , . . . , Rt
T })). (4)
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(2) Momentum Update in the Trajectory Identity Pool. We further maintain a Trajectory
Identity Pool (TIP) to cache cross-view identity representations. After identity predic-
tion, we update stored features via a momentum rule for temporal stability:

F t
R = µF t−1

R + (1− µ)F t
id, (5)

where µ ∈ [0, 1) is the momentum coefficient, and F t−1
R is the cached feature of the

same identity from the previous timestep. During training, we fuse F t−1
R and F t

id based
on cross-view ground truth.

4.3 Object Fusion Module

To leverage spatio-temporal context and multi-view features, we propose an Object
Fusion Module (OFM) that refines track queries via two-step cross-frame and cross-
view aggregation, as shown in Fig. 4.

Cross-Frame Fusion Before inserting Qt
T into the Tracklet Memory Pool (TMP), we

perform cross-frame temporal fusion via CrossAttention to preserve both short-term
continuity and long-term memory. We attend to past τ queries from TMP {Qt−τ

T , . . . , Qt−1
T }

with temporal positional encoding:

Qt
T
′
= CrossAttn

(
Q = Qt

T , K, V = {Qt−τ
T , . . . , Qt

T },

PE = Pos(t− τ :t)
)
, (6)

where missing frames are represented by zero vectors. To prioritize recent observations,
we apply a time-decayed modulation to scaled dot-product logits:

CrossAttn(Q,K, V ) = Softmax

(
QK⊤
√
dk

⊙W

)
· V,

W = exp(−α ·∆t), (7)

where ∆t ∈ [0, τ ]1×τ is the temporal distance to frame t, and α = 0.1 controls the
decay rate.

Cross-View Fusion To reduce viewpoint discrepancies and enable bidirectional fusion,
we aggregate multi-view identity features from the Trajectory Identity Pool (TIP) and
project them back to refine track queries. Specifically, we average TIP’s multi-view
identity features F t

R, then concatenate with the track query:

Qt
T
′′
= Qt

T + ϕ2(Concat(Q
t
T ,Avg(F t

R

∣∣C
1
))), (8)

where ϕ2 is a linear projection opposite to ϕ1, mapping identity features back to the
tracking space.

This forms a closed loop: temporally coherent track queries enable cross-view as-
sociation via TIP, while identity-consistent TIP features enhance tracking under occlu-
sion/viewpoint changes. Bidirectional TMP-TIP coupling thus enables joint end-to-end
optimization of tracking and association.
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4.4 Joint Loss Function

To enable joint optimization of tracking and ReID, we employ a combined objective
with an uncertainty-aware weighting scheme [41]:

Ltotal = e−ω1LT + e−ω2LR + ω1 + ω2, (9)

where ω1, ω2 are learnable scalars adaptively balancing the two tasks.
The tracking loss consists of:

LT = Lcls + Lreg + Lgiou, (10)

where Lcls is focal loss, Lreg is ℓ1 regression loss, and Lgiou is Generalized IoU loss.
The ReID loss is:

LR = Lid + Ltrip + Lrc, (11)

where Lid is identity classification cross-entropy, Ltrip is triplet loss for discrimi-
native embeddings. To constrain the projection between tracking-query and ReID em-
bedding spaces, we introduce a bidirectional reconstruction regularizer Lrc based on
MSE of forward-inverse mappings to prevent collapse:

Lrc =
1

N
((Qt

T
′ − ϕ2(ϕ1(Q

t
T
′
)))2 + (Rt

T − ϕ1(ϕ2(R
t
T )))

2. (12)

which stabilizes feature transformation and enhances cross-view identity robustness.
We adopt a staged training schedule: first pre-train the single-view tracking branch

with LT to obtain stable features, then introduce LR and Lrc after a fixed number of
epochs.

4.5 View-aware Hierarchical Clustering

To achieve reliable trajectory association across arbitrary views and avoid local optimal
matching during inference, we propose view-aware hierarchical clustering (VHC) with
neighbor filtering, following two core rules:
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Rule 1: Forbid intra-view association by setting distances between same-view ob-
jects to +∞.

Rule 2: Matched target pairs cannot re-match with objects from each other’s views.
As shown in Fig. 5, VHC proceeds as follows: First, compute a cosine similarity

matrix S ∈ RNf×Nf (Si,j = cos(F i
id, F

j
id)) for all current-frame object queries, and

apply an intra-view mask M1 to restrict clustering to cross-view scenarios (Rule 1).
Second, use a mutual top-k (k = 5) neighbor filtering strategy to generate a sparse can-
didate graph M2, eliminating ambiguous associations and improving efficiency. Third,
introduce a Neighborhood Filtering Mechanism (NFM) leveraging local spatial neigh-
borhood stability: for the nearest candidate match (i, j), retain it only if the matching
proportion between spatial neighbor sets N (i) and N (j) exceeds threshold δ, filter-
ing spurious matches with similar appearance but inconsistent context. Fourth, apply
a top-down association process to avoid multiple matches (Rule 2). Finally, integrate a
Sliding-Window Voting (SWV) mechanism to leverage historical association results: an
identity switch is only permitted if the same switch is supported by more than half of the
past frames within a window size empirically set to 5, ensuring temporal consistency
and preventing noisy ID switches.

VHC achieves O(N2
f logNf ) time complexity via a priority queue-accelerated ag-

glomerative pipeline, where the primary computational bottleneck lies in nearest can-
didate match search and cluster aggregation. Masks M1 and M2 make the similarity
matrix highly sparse, significantly reducing the actual computational overhead. The de-
tailed inference process and full strategies are provided in Appendix 2.

5 EXPERIMENTS

5.1 Implementation Details

FusionTrack uses ResNet-50 [14] initialized with DAB-Deformable-DETR [19] COCO [18]
weights. All experiments are conducted in PyTorch1.13 on 4×NVIDIA A800 GPUs,
trained for 100 epochs via Adam (lr = 10−5) with a batch size of 2. A progressive
schedule mitigates early cross-view instability: (1) single-view tracking only for 20
epochs; (2) additionally introduce the ReID module for another 20 epochs; (3) full joint
refinement in the remaining epochs. All baselines are retrained on MDMOT per open-
source settings. We adopt CVMA/CVIDF1 (multi-view extensions of MOTA/IDF1 from
DIVOTrack [13]) and standard community metrics for single-view tracking. Additional
details can be found in Appendix 3.

5.2 Multi-View Tracking Results

Results on our MDMOT Table 2 (first column) evaluates multi-view tracking on MD-
MOT against representative baselines: ReID-based methods (OSNet [42], Strong [22],
AGW [36]) and multi-view trackers (CityTrack [35], MvMHAT [9], CrossMOT [13],
GMT [7]). GMT is the strongest prior work (79.9 CVMA, 73.8 CVIDF1). Our Fusion-
Track achieves 81.8 CVMA and 75.5 CVIDF1, outperforming GMT by 1.9 and 1.7
points, respectively. Gains on both association accuracy (CVMA) and identity preser-
vation (CVIDF1) validate its reliable cross-view matching.
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Table 2: Comparison of multi-view tracking performance on MDMOT, CAMPUS, WILD-
TRACK, MvMHAT and DIVOTrack. The best two results are shown in red and blue.

MDMOT CAMPUS WILDTRACK MvMHAT DIVOTrack

Methods CVMA↑ CVIDF1↑ CVMA↑ CVIDF1↑ CVMA↑ CVIDF1↑ CVMA↑ CVIDF1↑ CVMA↑ CVIDF1↑

OSNet 50.1 45.5 58.8 47.8 10.8 18.2 92.6 87.7 33.0 44.9
Strong 52.3 51.4 63.4 55.0 28.6 41.6 49.0 55.1 39.1 44.7
AGW 49.3 49.9 60.8 52.8 15.6 23.8 92.5 86.6 15.6 23.8
CT - - 63.7 55.0 19.0 42.0 46.7 53.5 64.9 65.0
MGN - - 63.3 56.1 32.6 46.2 92.3 87.4 33.5 39.4
Citytrack 57.3 56.1 - - - - - - -
MvMHAT 78.8 63.7 56.0 55.6 10.3 16.2 70.1 68.4 61.1 62.6
CrossMOT 78.5 72.9 65.6 61.2 42.3 56.7 92.3 87.4 72.4 71.1
GMT 79.9 73.8 66.4 66.8 61.7 72.0 94.1 95.6 74.5 73.2

FusionTrack 81.8 75.5 68.6 67.5 62.5 72.3 94.8 95.9 74.8 77.5

Table 3: Comparison of SVT results on MDMOT. The best two results among the Transformer-
based methods are shown in red and blue.

Methods MOTA↑ MOTP↑ IDF1↑ MT↑ ML↓ HOTA↑ FP↓ FN↓ IDS↓

CNN-based:
DeepSORT 84.12 84.45 88.32 520 50 79.70 45324 28532 280
CenterTrack 88.36 87.60 92.41 740 29 83.33 37698 21913 248
FairMOT 88.96 87.32 91.80 709 27 86.30 37072 19876 103
TraDes 86.78 86.66 91.38 733 41 81.40 43589 24189 221
ByteTrack 86.38 87.94 91.96 703 48 86.90 34506 29468 135
OC-SORT 89.42 88.73 92.15 768 18 85.12 32105 18542 102
HybridSORT 89.81 90.58 93.28 783 22 86.10 30183 18375 98

Transformer-based:
TransTrack 84.17 86.42 89.37 498 47 82.35 35542 32584 202
MOTR 87.03 86.82 91.13 634 57 81.42 38945 27102 103
MeMOTR 87.57 87.69 91.97 719 21 83.94 31984 24980 92
COMOT 86.11 88.44 92.05 721 43 84.72 35826 29103 101
MOTIP 88.10 88.32 91.93 602 25 84.26 32174 24125 90

FusionTrack 88.75 89.22 93.06 776 19 84.88 30512 22328 81

Results on Other Datasets Table 2 (the four columns on the right) reports multi-view
tracking performance on four public benchmarks: CAMPUS, WILDTRACK, MvMHAT,
and DIVOTrack. We compare FusionTrack against representative baselines, includ-
ing ReID backbones (OSNet [42], Strong [22], AGW [36], CT [29], MGN [28]) and
multi-view tracking methods (MvMHAT [9], CrossMOT [13], GMT [7]). FusionTrack
achieves the best performance on all four datasets. On CAMPUS, it reaches 68.6/67.5
(CVMA/CVIDF1), improving over the strongest prior method GMT by 2.2 CVMA and
0.7 CVIDF1. On WILDTRACK, FusionTrack attains 62.5/72.3, yielding 0.8 and 0.3
gains. On MvMHAT, it further improves to 94.8/95.9 (+0.7 and +0.3). On DIVOTrack,
FusionTrack obtains 74.8/77.5 and delivers the largest identity-consistency gain, sur-
passing GMT by 0.3 CVMA and 4.3 CVIDF1. These results demonstrate FusionTrack’s
strong generalizability across diverse multi-camera settings.
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5.3 Single-view Tracking Results on our MDMOT

Table 3 reports single-view MOT results on MDMOT, comparing FusionTrack with
CNN-based trackers (DeepSORT [30], CenterTrack [5], FairMOT [41], TraDes [31],
ByteTrack [40], OC-SORT [2], HybridSORT [34]) and Transformer-based trackers
(TransTrack [26], MOTR [38], MeMOTR [11], COMOT [23], MOTIP [10]) (top two
Transformer results highlighted per table note). As a state-of-the-art Transformer tracker,
FusionTrack achieves 88.75 MOTA, 89.22 MOTP, 93.06 IDF1, with the highest HOTA
(84.88) and MT (776), and lowest ML (19). It also records the fewest FP (30512),
FN (22328), and IDS (81) among Transformer-based methods, outperforming rivals
like COMOT and MOTIP on both accuracy (MOTA/MOTP) and identity (IDF1/IDS)
metrics. This validates its effectiveness in enhancing trajectory tracking via multi-view
information fusion.

5.4 Ablation Studies

We ablate key training/inference components on MDMOT (Table 4). Training-stage
ablations evaluate cross-frame fusion, cross-view fusion, and the reconstruction loss,
while inference-stage ablations examine the association strategy (VHC vs. Hungarian
matching with pairwise union), the Sliding-Window Voting (SWV), and the neighbor-
hood filtering mechanism (NFM).

Training-stage ablation The upper half of Table 4 shows the base model achieves
76.5 CVMA and 66.8 CVIDF1. Cross-frame fusion brings significant gains, boosting
performance to 78.8/72.2, as temporal cue aggregation greatly enhances identity con-
sistency. Adding cross-view fusion further raises it to 79.5/74.3, confirming the value
of multi-view complementarity. Finally, incorporating reconstruction loss delivers the
optimal performance (81.8/75.5), as this extra constraint enhances feature learning and
cross-view association.

Inference-stage ablation The lower half of Table 4 shows VHC alone performs poorly
(77.1/72.3), emphasizing the challenge of reliable association without extra constraints.
Sliding-window voting (SWV) drastically boosts performance to 79.2/74.1, confirm-
ing temporal voting stabilizes associations. Combining SWV with NFM yields further
gains: Hungarian matching + SWV + NFM achieves 78.5/73.3, and VHC + SWV +
NFM delivers optimal results (81.8/75.5). This indicates NFM effectively suppresses
noisy matches, and VHC benefits more from neighborhood-aware filtering under multi-
view ambiguity. The full configuration validates all proposed modules’ effectiveness.

5.5 Case Analysis

To intuitively compare performance on MDMOT, we visualize results of FusionTrack,
CrossMOT [13], MvMHAT [9], and GMT [7] (Fig. 6). Rows and columns represent
different views and methods, respectively, with blue and green arrows indicating correct
matches and red arrows indicating errors. Views 1/3/4 partially overlap, while View 2
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Table 4: Ablation study of training stage.

Training stage Inference stage Metrics

Cross-frame Cross-view
Reconstruction

Loss
Association
Association

SWV NFM CVMA↑ CVIDF1↑

VHC ✓ ✓ 76.5(-5.3) 66.8(-8.7)
✓ VHC ✓ ✓ 78.8(-3.0) 72.2(-3.3)
✓ ✓ VHC ✓ ✓ 79.5(-2.3) 74.3(-1.2)

✓ ✓ ✓ VHC 77.1(-4.7) 72.3(-3.2)
✓ ✓ ✓ VHC ✓ 79.2(-2.6) 74.1(-1.4)
✓ ✓ ✓ Hungarian Matching ✓ ✓ 78.5(-3.3) 73.3(-2.2)

✓ ✓ ✓ VHC ✓ ✓ 81.8 75.5

Fig. 6: Illustrative results of associated tracking on MDMOT.

is independent of the others. The visualization results clearly show that FusionTrack
significantly reduces cross-view association errors compared to baselines, maintaining
correct identity matching across overlapping/non-overlapping views. For example, all
baselines failed to associate the white car in non-overlapping View 2, and GMT suffered
severe errors between Views 3/4 due to vehicle occlusion. This advantage stems from
OFM and VHC, which jointly enhance the extraction of high-quality cross-view identity
features.

5.6 Computational Efficiency

Inference was performed on a single NVIDIA A800 80G GPU. The FusionTrack model
achieves an average frame rate of 3.9 fps across five scenes. As shown in Table 5,
single-view tracking across different views runtime dominates the total network latency.
Parallel tracking processing will be explored in future work to further improve real-time
performance.
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Table 5: Model parameter size and real-time performance.

Backbone SVTransformer OFM VHC

Params 25.8M 85M 4.72M 1.6M
Flops 4.1G 23G 1.41G 0.8G

5.7 Qualitative Results

To intuitively explain FusionTrack’s fewer cross-view association errors, we provide
distance-matrix heatmaps and t-SNE visualizations in Fig. 7 and Fig. 8, offering ev-
idence from both “association process” and “feature distribution” perspectives. These
images are produced simultaneously with the example scenario in Fig. 6, further demon-
strating the effectiveness of our method.

In heatmaps (Fig. 7), light-to-dark colors indicate near-to-far distances. Black en-
tries denote invalid pairs (infinite distances due to view and top-k constraints). We high-
light target ID ♯21 and visually similar distractors (♯22, ♯25) to illustrate candidate sup-
pression.

Specifically, (1) in the raw distance matrix, multiple similar candidates simultane-
ously exhibit small distances, leading to clear ambiguities in cross-view matching. (2)
After applying the view constraint and the top-k constraint, a large number of implau-
sible candidates are assigned infinite distances (black), substantially shrinking the can-
didate space and effectively reducing interference from similar distractors. (3) The final
association result matrix becomes sparser and closer to a correct one-to-one structure,
thanks to the effective filtering of easily confused target features by NFM.

We visualize query and ReID feature distributions via t-SNE to analyze discrim-
inability in Fig. 8. From query features to ReID features, targets with different identities
become more clearly separated; combined with the post-processing steps, our method
achieves more accurate associations (e.g., for the two visually similar white vehicles
with ID 22 and 25 in View 1).

Other experimental results can be found in Appendix 3.

(a) Raw distance matrix. (b) After applying M1 and M2 filtering
in VHC.

(c) Final association matrix.

Fig. 7: Distance-matrix heatmaps in the association process.
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(a) t-SNE of query features (b) t-SNE of ReID features

Fig. 8: t-SNE visualization of feature distributions.

6 Conclusion

We explore the problem of multi-object tracking from arbitrary viewpoints in drone
swarms for the first time, and propose a new benchmark named MDMOT. It covers mul-
tiple real-world scenarios and provides a reference for future community research. We
further propose FusionTrack, an end-to-end framework that fuses tracking and cross-
view ReID via bidirectional feature fusion. Extensive experiments demonstrate that Fu-
sionTrack achieves SOTA performance on multiple benchmarks. Future research may
extend the framework to handle more complex dynamic UAV fleets and further enhance
robustness to extreme environmental perturbations.
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