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UCM-VeID V2: A Richer Dataset and A Pre-training Method for UAV
Cross-Modality Vehicle Re-Identification

Supplementary Material

7. Details of established dataset709

7.1. Data collection710

Different from the UCM-VeID, our dataset was collected711
using three UAV platforms equipped with five cameras to712
capture images at two adjacent locations. As depicted in713
Fig. 6, the use of different drones enables the collection714
of target information from various angles, such as the side,715
back, and front. The three UAV platforms include the DJI716
Mini 2, DJI Mini 3 Pro, and DJI M300 RTK. The DJI Mini 2717
and Mini 3 Pro utilize their built-in imaging modules to cap-718
ture high-resolution images at 3840× 2160. The DJI M300719
RTK is equipped with ZENMUSE H20T which contains an720
infrared camera with an imaging resolution of 640 × 512,721
a wide-angle camera and a zoom camera with an imaging722
resolution of 1920 × 1080. To enrich the diversity of the723
dataset, the UAVs operate in two modes, cruise and spot724
rotation, capturing vehicles at over eight different locations725
with complex backgrounds, while flying at altitudes ranging726
from 30 to 100 meters.

Figure 6. Diagram of data acquisition process.

727

Data were collected from various locations in Changsha,728
China, encompassing a wide range of scenarios, weather729
conditions, and time periods to maximize sample diversity,730
as shown in Fig. 7. Specifically, the collection included di-731
verse road types such as urban arterial roads, residential ar-732
eas, viaducts, tunnels, bridges, rural paths, and suburban733
muddy roads. To ensure data comprehensiveness and rep-734
resentativeness, we captured images under various weather735
conditions, including sunny, cloudy, foggy, and rainy days.736
Additionally, data collection was conducted during morning 737

rush hours, noon, evening rush hours, and nighttime to cap- 738
ture traffic dynamics and environmental variations across 739
different time periods. With over 120 man-hours of UAV 740
operation, a total of 535 UAV videos were captured, com- 741
prising 338 RGB and 197 IR videos. The total video length 742
amounts to 26 hours, with an average duration of approx- 743
imately three minutes per video. This diverse and exten- 744
sive dataset provides a robust foundation for subsequent re- 745
search and practical applications. 746

7.2. Annotation Paradigm 747

Building a vehicle Re-ID dataset is a labor-intensive pro- 748
cess, particularly for matching multi-modal images. Given 749
the challenges posed by invisible license plates and signif- 750
icant visual discrepancies between RGB and IR images in 751
UAV videos, expert annotators leveraged auxiliary informa- 752
tion such as timestamps, locations, contextual details, and 753
professional judgment to ensure precise vehicle matching 754
and tagging. To streamline this process, we devised a sys- 755
tematic workflow, as shown in Fig. 8. 756

1. Frame extraction. RGB and IR videos were synchro- 757
nized temporally and spatially, yielding 197 matched 758
video pairs, each covering footage from at least two cam- 759
eras. Frames were extracted at 3 FPS to create a raw 760
dataset. 761

2. Annatation. Vehicle labels were applied using manual 762
annotation tools or object detection algorithms for assis- 763
tance. 764

3. Batch slicing. Annotated frames were organized into 765
batches to generate a slice dataset for further processing. 766

4. Data cleaning. The slice dataset was manually re- 767
viewed and optimized by additional volunteers to elimi- 768
nate noise and preserve high-value samples. 769

5. Sample labeling. Each reviewed sample was systemati- 770
cally labeled with identifiers such as ID number, camera 771
number, image sequence number, color, type, and orien- 772
tation, e.g., 0001 ir 0001 gray car 7.jpg. 773

This meticulous labeling process yielded a deterministic 774
dataset ready for diverse applications and analyses. This 775
structured approach ensures that the dataset construction 776
process, despite its complexity, is efficient and accurate, 777
laying a solid foundation for future research and develop- 778
ment.779
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Figure 7. Illustration of data collection location, weather, and time period.

Figure 8. Data processing flow

8. Difference between UCM-VeID V2 with780

multi-spectral Re-ID dataset RGBN100781

Some samples from both datasets are shown in Fig. 9. The782
main differences between RGBN100 and UCM-VeID V2 783

lie in the following aspects: 784

1. Data Collection Perspective. RGBN100 utilizes cam- 785
eras with a human-eye-level perspective for data col- 786
lection, whereas UCM-VeID V2 employs drones with a787
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Figure 9. Samples of different dataset

bird’s-eye view to collect datasets.788
2. Image Registration. RGBN100 requires strict align-789

ment of images to ensure feature consistency across dif-790
ferent modalities. In contrast, UCM-VeID V2 does not791
necessitate strict image registration.792

3. Methodology. Multi-spectral Re-ID tasks aim to cap-793
ture complementary features of different modality im-794
ages using paired data, while cross-modality Re-ID tasks795
focus on learning the common features of images across796
different modalities.797
From the above analysis, it can be concluded:798

1. From the data collection perspective, RGBN100 is more799
demanding, whereas cross-modal vehicle Re-ID datasets800
are more aligned with real-world applications, offering801
higher practical value.802

2. From the image registration perspective, RGBN100 re-803
quires significant time and human resources to align and804
annotate data, making the construction of large-scale805
datasets more challenging.806

3. From a methodological perspective, cross-modality Re-807
ID tasks are more flexible, functioning effectively with808
a single modality, while multi-spectral Re-ID tasks rely809
on the support of multiple modalities.810

According to the above analyses, the cross-modality Re-ID811
task seems to be more challenging and significant in real-812
world applications.813

9. Limitations814

There remain several limitations in this work that needs to815
be further investigated.816

From the dataset aspect: 817

• Fine-grained annotation limitations: Due to the char- 818
acteristics of UAV-captured data, such as small targets 819
and multi-scale variations, it is challenging to anno- 820
tate fine-grained features like interior decorations, front 821
bumpers, and headlights. 822

• Limited data collection platforms: The dataset cur- 823
rently relies on a few specific platforms, lacking compre- 824
hensive data collection from diverse angles and devices, 825
which may impact the dataset’s diversity and representa- 826
tiveness. 827
From the method aspect: 828

• Pre-training Data Dependency: Current pre-trained 829
weights still depend on large-scale datasets. Compared 830
to pre-training on smaller datasets, the proposed method 831
requires longer training time but deliver better perfor- 832
mance. However, compared to other large-scale pre- 833
trained weights, the proposed method achieve faster con- 834
vergence at the cost of slightly lower performance. 835
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