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Abstract: Multimodal detection using unmanned Aerial Vehicles (UAVs) has demonstrated significant practical value in
applications such as border surveillance, disaster relief, and urban security. This is primarily due to their advantages of
high mobility, rapid deployment, and all-weather observation capabilities. Compared with single-modality perception meth-
ods, multimodal object detection can simultaneously utilize the textural information provided by visible (VIS) images and
the thermal radiation characteristics captured by infrared (IR) images. This complementary characteristic significantly
improves detection performance in complex environments. However, most existing studies are developed under an ideal-
ized assumption that IR and VIS images are strictly aligned at the pixel level. Such an assumption rarely holds in real UAV
scenarios. In practical applications, factors including sensor installation deviations, viewpoint differences, flight attitude
changes, and platform vibrations often introduce nonlinear spatial offsets between modalities. These discrepancies further
lead to cross-modal feature misalignment, semantic inconsistency, and severe performance degradation. Existing infrared-
visible (IR-VIS) datasets also exhibit several inherent limitations. Most datasets are collected in ground-level or low-
altitude scenarios and therefore lack sufficient representation of high-altitude UAV viewpoints. In addition, object-scale
distributions are often highly imbalanced, while category settings remain relatively limited. As a result, these datasets can-
not adequately reflect the diverse object distributions and complex environmental conditions encountered in real-world UAV
tasks. Under such conditions, mainstream multimodal detection methods often suffer from issues such as localization drift,
missed detections, and misclassifications when processing real-world UAV data. This is because real-world data typically
involves spatial disparities, dynamic scale variations, and complex background interference. These issues severely limit
the practical value of existing methods. To address the above limitations, this paper presents DIV, a multimodal UAV
object detection dataset specifically designed for real-world weakly aligned scenarios. The dataset was collected using UAV
platforms equipped with infrared and visible sensors across diverse real-world environments. Unlike existing strictly aligned
datasets, DIV intentionally preserves the spatial inconsistencies caused by systematic errors and dynamic flight factors,
thereby providing a more realistic representation of practical deployment conditions. The proposed dataset emphasizes the
characteristic of “weak alignment”, enabling more effective evaluation of model robustness and generalization under cross-
modal offset conditions. In terms of data content, DIV exhibits both diversity and complexity. The dataset contains objects
ranging from extremely small objects with very limited pixel coverage to large-scale objects occupying substantial image
regions, allowing comprehensive evaluation of scale adaptability. The category settings include person, non-motorized
vehicle, and multiple types of motor vehicles, which improves both task complexity and practical relevance. In addition,
the dataset covers a variety of environments, including urban, mountainous, and rural areas. To further simulate real-
world conditions, the data are subdivided into daytime, nighttime, and low-light scenarios. To evaluate the challenges and
effectiveness of DIV, several mainstream multimodal object detection algorithms were selected for experimental analysis.
Experimental results demonstrate that methods achieving strong performance on conventional strictly aligned datasets expe-
rience noticeable performance degradation on DIV, particularly in small object detection and complex scene perception
tasks. These findings indicate that many existing methods heavily depend on accurate cross-modal alignment and lack suffi-
cient capability to model realistic UAV {flight conditions. Furthermore, although some approaches perform well under spe-
cific metrics or limited scenarios, their overall perception capability remains insufficient when simultaneously confronted
with multi-scale targets, multiple object categories, and complex environmental interference. The results further reveal a
coupling relationship among weak multimodal alignment, scale variation, and environmental complexity. These factors
jointly affect the quality of multimodal feature representation and fusion. Therefore, optimization at a single level alone is
insufficient to comprehensively address these challenges. For practical UAV applications, there is an urgent need to
develop a multi-dimensional collaborative optimization framework that improves multimodal modeling and fusion capability
at the data, feature, and task levels simultaneously. By breaking the conventional ideal-alignment assumption, the pro-
posed DIV dataset effectively bridges the gap between multimodal algorithm research and real-world UAV deployment sce-
narios. This work provides a foundational benchmark for future research on robust multimodal perception in realistic envi-
ronments.
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Fig. 1 Origins of spatial misalignment in UAV dual-payload

systems
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Table 8 Detection results of baseline methods on DIV dataset

7k car non-motorized vehicle person truck van mAP,,

CFT (Fang 5% ,2022) 86.9 423 14.2 76.8 10.9 46.2

CSSA (Cao %§,2023) 84.4 493 16.5 76.6 14.6 48.3

CALNet (He %,2023) 82.3 50.0 14.5 74.1 12.6 46.7
ICAFusion (Shen %5 ,2024) 85.6 34.0 10.1 69.0 13.6 42.5
CMADet (Song %, 2024) 81.6 40.8 10.2 60.4 9.29 40.5
C?Former—S?ANet (Yuan %5 ,2024) 75.7 27.4 24.4 74.4 22.8 44.9
MMIDet (Zeng 55 ,2024) 85.4 50.5 16.6 71.5 16.6 49.3
E2E-MFD (Zhang %, 2024) 76.6 47.1 21.3 77.4 25.0 49.5
SM3Det (Li %5,2026) 83.3 64.3 9.27 83.1 12.8 50.5

” R AR GRS car truck non-motorized vehicle person van

LG E B

AR

E2E-MFD C2Former

SM3Det

BI10  Hodia b AN IR] e B2 -5 A0 BE 1 150 B

Fig. 10 Sample images at different heights and angles in the dataset
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Fig. 11  Failure cases in different scenarios
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Table 9 Detection results of baseline methods on M°FD datasets

Jrik People Car Bus Lamp MotorCycle Truck mAP,,
CFT 82.2 91.3 91.6 85.1 73.6 86.1 85.0
CSSA 87.2 91.9 89.9 65.3 70.3 85.0 81.6
CALNet 87.4 91.7 88.5 64.1 69.9 83.0 80.8
ICAFusion 83.0 91.0 923 85.0 76.5 88.9 85.1
CMADet 88.2 92.2 89.6 70.8 73.2 85.1 83.2
C’Former—S*ANet 70.1 81.0 84.3 68.5 575 76.3 73.0
MMIDet 80.6 90.7 89.5 83.3 70.7 85.9 83.5
E2E-MFD 71.4 79.9 86.8 63.1 70.8 83.5 75.9
SM3Det 70.7 82.1 90.6 73.1 70.9 79.6 77.8

#& 10 HEZ 77757 DroneVehicle ##E& F NI % R
Table 10 Detection results of baseline methods on Drone-
Vehicle datasets

freight

7k car truck bus van mAP,,

car
CFT 813 579 715 862 538 70.1
CSSA 98.4 675 792 95.1 61.3 80.3
CALNet 90.2 609 738 887 51.6 73.0
ICAFusion 985 74.6 764 965 654 823
CMADet 982 704 . 783 968 66.4 82.0

C’Former-S*ANet  90.2 644 683 89.8 585 742

MMIDet 984 728 776 96.6 63.1 817
E2E-MFD 903 64.6 793 89.8 63.1 774
SM3Det 97.3 66,5 81.4 944 60.8 80.1
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