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Fig.1 Schematic diagram of the technological evolution

of the general object detection framework
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A Survey of UAV Aerial Object Detection for Intelligent Transportation

JIA Shijie ,ZHANG Huidi
(School of Rail Intelligence Engineering,Dalian Jiaotong University , Dalian 116028, China)

Abstract ; Having three—dimensional (3D) moving ability and an air high—angle view, Unmanned Aerial Ve-
hicles (UAVs) have appeared as an unreplaceable complement to ground sensing technologies in the area of
Intelligent Transportation Systems (ITS). Even so, the aerial image data brings very obvious difficulties to
high—accuracy object detection, which include the dense arrangement of tiny targets, size change, visual angle
deformation, and environment domain transformation. This review focuses on UAV —based object detection
technology in intelligent transportation scenes, this paper systematically reviews its development path, analyzes
key technical problems and progress, and sums up application results, as follows in detail; (D Tt follows the
development course of UAV object detection technologies, from traditional manual feature engineering approa-
ches to deep learning—based frameworks—including two—stage, single—stage, and Transformer—based detec-
tion structures. Typical data collections which are custom made for ITS situations are carried out systematic
classification, and core technical directions are analyzed deeply, including network frame optimization, train-
ing method promotion, light —weight arrangement technology, and RGB —infrared multi —model combination
methods. @ It makes overall induction of the present applying situation and performance promotion of UAV
object detection in core intelligent transportation scenes, for example traffic flow monitoring and management,
initiative traffic safety prevention and control, intelligent identification and law execution of traffic breaking
rules, and dynamic checking of transportation infrastructure foundations. @It further makes more precise the
restrictions of current studies, pointing out key difficult points such as the non—consistency between task defi-
nition and assessment targets, uneven data covering among different situations, and the absence of universal
capability under complicated environment conditions.

Keywords: intelligent transportation ; UAV ;object detection ;multimodal fusion



