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Set, ‘ Platforms ‘ Modalities ‘ # IDs ‘ # Tracklets (Q/G) ‘ # Frames (Q/G)
Training | All | | 326 | 978 | 24,793
721 1 13/1 & 1
Ground to Ground V2 99 313/199 9,357/3,018
12v* 199 199/313 3,018/9,357
4/174 3115
Aerial to Aerial V2l 174 174/174 6,284/3,115
Testing 2v* 174 174/174 3,115/6,284
21 1 184/11 5,360/1,701
Ground to Aerial v 6 84/116 5,360/1,70
12v* 260 260/260 3,530/10,939
P 5 26 ] 939/3.53
Aerial to Ground V21 260 260/260 10,939/3,530
2V* 116 116/184 1,701/5,360

* For all 12V experiments, 1,184 additional distractor IDs are added to the gallery set.
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Table 3. FERIZS

SRR TR SR A

Ground <+ Ground Ground <+ Ground
HITSZ-VCM BUPTCampus AG-VPReID.VIR
Method Vemne v [ va oV | Vi v Var
” " Rl mAP| Rl mAP| Rl mAP| Rl mAP | Rl mAP| Rl mAP
Image-based Methods
AlignGAN 23] ICCV’19 42.15 2743 | 44.62 29.73 | 2799 30.32 | 35.37 35.13 | 4.12 6.32 3.94 8.21
LbA [@] ICCV’21 46.38  30.69 | 49.30 32.38 | 32.09 32.93 | 39.07 37.06 | 5.23 7.14 4.82 9.43
MPANet [@] CVPR’21 46.51 35.26 | 50.32 37.80 | 33.45 34.17 | 40.56 38.22 | 5.94 8.21 5.63  10.55
SPOT [2] TIP’22 52.23 37.10 | 53.67 38.96 | 37.52 38.24 | 44.12 41.03 | 7.32 9.87 6.42 11.63
HCT [ TMM’20 55.39 38.62 | 57.25 39.73 | 38.92 39.47 | 45.62 42.18 | 7.83 10.54 | 7.21 12.37
DDAG [B7] ECCV’20 54.62 39.26 | 59.03 41.50 | 40.44 40.86 | 46.30 43.05 | 812 11.25 | 7.83 13.42
MMN | MM’21 53.24 39.82 | 56.43 41.47 | 40.86 41.71 | 43.70 42.80 | 7.95 11.08 | 742 13.15
CAJL ] 1CCV21 56.59 41.49 | 60.13 42.81 | 40.49 41.46 | 45.00 43.61 9.12 12.86 | 8.76 15.32
VSD | CVPR’21 54.53 41.18 | 57.52 43.45 | 41.27 42.05 | 47.84 44.63 | 845 12.03 | 812 14.27
AGW | TPAMI'21 47.23  36.12 | 51.85 38.50 | 36.38 37.36 | 43.70 41.10 | 6.74 9.23 6.17 11.08
DEEN [42] CVPR’23 65.32  50.16 | 68.42 50.83 | 49.81 48.59 | 53.70 50.43 | 11.23 16.45 | 10.54 19.23
SGIEL [§] CVPR’23 67.65 52.30 | 70.23 52.54 | 48.32 47.15 | 51.42 49.27 | 12.43 17.92 | 11.21 20.45
Video-based Methods
TCLNet [11] ECCV’20 48.32 36.45 | 52.13 38.52 | 37.15 36.87 | 41.32 38.92 | 9.23 1254 | 837 15.76
CAViIT ] ECCV’22 54.83  40.26 | 58.18 41.63 | 42.63 41.87 | 46.52 43.15 | 10.45 14.83 | 9.72 17.63
DART | CVPR’22 62.85 44.26 | 63.92 46.43 | 52.43 49.10 | 53.33 50.45 | 11.56 15.82 | 10.23 18.76
MITML [16] CVPR’22 63.74 45.31 | 64.54 47.69 | 49.07 47.50 | 50.19 46.28 | 12.16 16.93 | 10.87 19.42
AuxNet [ ] TIFS’23 51.05 45.99 | 54.58 48.70 | 66.48 64.11 | 65.23 62.19 | 15.70 16.46 | 12.89 22.57
CST[H] TMM’24 69.44 51.16 | 72.64 51.16 | 54.92 52.87 | 56.35 53.26 | 14.23 19.37 | 12.64 22.05
IBAN [@ TCSVT23 65.03  48.77 | 69.58 50.96 | 53.42 51.36 | 54.17 52.43 | 6.03 9.46 3.83  10.16
SAADG [E] ACM MM’23 | 69.22 53.77 | 73.13 56.09 | 55.76 53.42 | 57.83 54.82 | 13.07 18.75 | 11.82 21.14
Ours - 72.16 56.43 | 75.92 57.84 | 69.73 67.25 | 68.47 65.38 36.18 41.56 | 46.33 59.23
Table 4. f5F-5 514 AG-VPReID. VIR S o ik,
‘ Aerial — Ground ‘ Ground — Aerial
Method | 12V | va | 12V | v
| RI R5 R0 R20 mAP| Rl R5 RI0 R20 mAP| RI R5 RI0 R2 mAP| RI R5 RI0 R20 mAP
St1 776 17.24 2241 3534 9.54 | 7.31 2346 39.62 52.31 17.46 | 12.31 26.54 40.00 47.69 20.64 | 14.13 27.72 44.02 57.61 23.05
St2 11.21 28.45 36.21 45.69 17.68 | 40.38 70.77 82.69 92.31 54.40|27.31 52.69 63.08 71.92 39.27|27.17 50.54 65.76 79.35 39.25
St3 2.59 11.21 17.24 2241 4.86 | 538 13.46 22.69 36.92 11.50 | 3.08 14.23 18.46 26.92 9.10 | 7.07 20.65 33.15 47.28 15.61
St12 15.52 31.90 43.10 51.72 20.91 | 46.92 77.31 86.15 92.31 59.71|34.23 56.54 70.77 78.85 45.62|30.43 56.52 67.39 80.98 42.45
St13 9.48 18.97 2845 37.93 10.94| 8.08 26.15 41.92 56.92 17.96 | 13.85 28.46 38.08 48.46 21.43 |14.67 32.07 45.65 59.24 24.11
St23 18.10 34.48 42.24 45.69 21.22|41.54 74.23 85.00 92.31 56.31|31.92 55.38 66.54 78.08 43.01 | 31.52 53.80 66.85 78.80 42.49
St123 19.83 31.90 43.10 51.72 22.61|46.54 76.54 85.38 91.92 59.69 34.23 56.54 70.77 78.85 45.62|31.52 57.07 67.39 80.98 42.92
Table 5. AG-VPReID. VIR b [ X} b 1 5 25 5 o #b i 37 5 References

(LLAhXTRT ) HYPERELLAR

Method Ground — Ground Aerial — Ground
R1 mAP R1 mAP
MITML [CVPR’22] 12.16 16.93 3.95 6.45
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Table 6. TCC-VPReID #fid: —Ff 51 5 BSROS T YIS N A H R — A8

Stream

Challenges Addressed

Key Components

Stream 1: Style-Robust
Feature Learning

Intra/inter-modal variations
Frame-level style variations
Appearance distortions across platforms

e Style Augmentation & Disturbance De-
fense

¢ Cross-View & Cross-Modal Graph Inter-
action

¢ Domain-Adversarial Alignment

Stream  2: Temporal
Memory Adaptation

Aerial-ground viewpoint variations
Temporal misalignment in sequences
Unstable motion patterns across platforms

¢ Cross-View Memory Construction
o Transformer-Based Video Encoder
e Temporal Memory Diffusion

Stream 3:  Modality-
Invariant Representa-
tion

Modality gap (visible vs. infrared)
Noisy frames in aerial /ground videos
Information asymmetry between modalities

¢ Anaglyph-based Modality Bridging

o Bidirectional Spatial-Temporal Aggrega-
tion

o Modality Decoupling

Feature Fusion

Preserving complementary information
Reconciling  cross-platform/modality fea-

tures

Balancing spatial, temporal, and modality

cues

o Multi-level Feature Integration
¢ Cross-stream Knowledge Transfer
o Joint Optimization Framework

Table 7. {fi ] Aerial—Ground 12V PERERTHESE A1, Mo,

As Ay HEATTHBIMIESY

)\1 )\2 )\3 )\4 ‘ Rank-1 mAP
0.5 1.0 0.5 1.0| 1521 18.43
0.5 1.0 1.0 1.5| 1746 20.12
0.5 1.5 1.0 1.5] 1832 21.05
1.0 1.0 1.0 1.0| 17.65 20.33
1.0 1.5 0.5 1.5| 18.75 21.42
1.0 1.5 1.0 1.5| 19.83 22.61
1.0 2.0 1.0 1.5| 19.12 21.98
1.5 1.5 1.0 1.5| 1896 21.75
1.0 1.5 1.5 1.5| 1854 21.30
1.0 1.5 1.0 2.0| 19.07 21.83
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