
Citation: Dong, Y.; Yang, C.; Laneve,

G.; Huang, W. Editorial for Special

Issue: “Recent Progress in UAV-AI

Remote Sensing”. Remote Sens. 2023,

15, 4382. https://doi.org/10.3390/

rs15184382

Received: 16 August 2023

Revised: 25 August 2023

Accepted: 4 September 2023

Published: 6 September 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Editorial

Editorial for Special Issue: “Recent Progress in UAV-AI
Remote Sensing”
Yingying Dong 1,2, Chenghai Yang 3 , Giovanni Laneve 4 and Wenjiang Huang 1,2,*

1 Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of
Sciences, Beijing 100094, China; dongyy@aircas.ac.cn

2 University of Chinese Academy of Sciences, Beijing 100190, China
3 USDA-Agricultural Research Service, Aerial Application Technology Research Unit,

College Station, TX 77845, USA; chenghai.yang@usda.gov
4 Earth Observation and Satellite Image Applications Laboratory (EOSIAL), School of Aerospace

Engineering (SIA), Università di Roma ‘La Sapienza’, Via Salaria, 851, 00138 Roma, Italy;
giovanni.laneve@uniroma1.it

* Correspondence: huangwj@aircas.ac.cn

1. Introduction

The development of unmanned aerial vehicles (UAV) and artificial intelligence (AI)
techniques has drawn increasing interest and started a novel area of research applications.
Combining the advantages of UAV and AI, automatic and fast processing and modelling
can be achieved, instant and spatially and temporally varying knowledge of target areas
can be obtained, and the workload of operators and instructors can be greatly reduced. This
Special Issue aims at studies covering the uses of AI techniques to interpret data obtained
using different UAV sensors, providing references for the application of UAV imagery in
various fields.

This Special Issue consists of 15 articles, focusing primarily on vegetation monitoring
and target tracking using UAV imagery. These articles analyze the potential applications of
UAV multispectral and hyperspectral imagery in vegetation growth monitoring and dynamic
target tracking. The topics covered include the inversion of key physical and chemical
parameters of crops, crop growth monitoring, building extraction, target tracking, and crop
pest and disease monitoring and forecasting, among others. Additionally, these articles
present numerous novel methods for extracting valuable information from UAV imagery.

2. Inversion of Crop Physical Parameters and Biomass Estimation

The majority of articles focus on how to use UAV imagery for the accurate estimation
and monitoring of crop physical parameters and biomass. In the inversion of crop physical
parameters, Ref. [1] focuses on comparing various spectral indices to estimate the nitrogen
content of potato plants during different growth periods. This study evaluates the effec-
tiveness of different indices in predicting nitrogen levels, which is crucial for optimizing
fertilizer applications and enhancing potato crop yield. Ref. [2] compares the use of UAV
RGB imagery and hyperspectral remote-sensing data for monitoring the growth of winter
wheat. This study evaluates the capabilities of both data sources in capturing relevant
information about wheat growth, such as vegetation health and biomass, to inform agri-
cultural decision-making. Ref. [3] investigates the assessment of maize canopy and leaf
chlorophyll content using leaf spectral reflectance data. This study examines the accuracy
of estimating chlorophyll content at different growth stages and vertical positions within
the maize canopy, providing insights into the crop’s physiological state and potential yield.

In the estimation of crop biomass, Ref. [4] uses UAVs equipped with hyperspectral
imaging to estimate the above-ground biomass of potato plants. This study employs
machine-learning regression techniques to analyze the hyperspectral data and accurately
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estimate potato biomass, providing valuable information for crop management and yield
estimation. Ref. [5] also utilizes UAVs to estimate potato above-ground biomass. In
this case, this study explores the use of vegetation indices and green-edge parameters
obtained from UAV data to assess the biomass of potato plants. This information can help
farmers and researchers monitor potato growth and health. Ref. [6] focuses on extracting
characteristic variables from UAV hyperspectral imagery to estimate the aboveground
biomass of potato plants. This study uses specific spectral features and patterns to develop
a reliable estimation method for potato biomass, contributing to precision agriculture and
crop management.

3. Object Detection and Tracking

Some of the articles focus on research into object detection and tracking technology
based on drones. In the field of object detection and extraction, Ref. [7] explores a com-
prehensive approach for building extraction and floor area estimation in rural Chinese
villages using UAV photogrammetry and a novel deep learning network called EDSANet.
This study aims to efficiently and accurately analyze building structures and floor areas
to support rural development and land-use planning. Ref. [8] focuses on weakly super-
vised learning to detect transmission lines in UAV imagery. This study introduces a novel
algorithm based on unpaired image-to-image translation that requires only image-level
labels. The attention module improves detection accuracy, making it effective for detecting
transmission lines in UAV images. Ref. [9] discusses the design of a wide-area and real-time
object search system for UAVs. The system utilizes high-resolution cameras to collect aerial
images with a large field of view, and parallel processing techniques to achieve real-time
object search in a wide area.

In the field of object tracking, Ref. [10] addresses challenges in visual tracking for
UAVs, particularly dealing with occlusion and deformation. The research proposes an algo-
rithm based on the attention-based mask generative network to enhance the accuracy and
robustness of target tracking in UAV imagery. Ref. [11] focuses on using UAVs equipped
with AI capabilities and edge computing for remote sensing observation. This study in-
troduces the AERO system, which utilizes deep learning models for object detection and
tracking. The edge computing based on UAVs enables real-time data analysis and transmis-
sion without relying on cloud computation. Ref. [12] presents a method for multiple object
tracking in drone videos using a temporal-association network with a separated-tasks
structure. This study aims to improve the efficiency and accuracy of object tracking in
drone videos. Ref. [13] proposes a method for designated target anti-interference tracking
in UAVs by combining the YOLOv5 and SiamRPN algorithms. This research work focuses
on enhancing tracking and landing control performance in UAV operations.

4. Crop Disease Monitoring and Forecasting

In addition, two articles in this Special Issue explore the feasibility of using UAV
imagery for crop disease monitoring and forecasting. Ref. [14] proposes a monitoring
approach for wheat rust using UAV imagery. This study utilizes the mRMR-XGBoost
algorithm, which combines feature selection (mRMR) and the XGBoost machine learning
algorithm. The goal is to accurately detect and monitor the occurrence and spread of wheat
rust using remote sensing technology. Ref. [15] combines disease mechanism knowledge
with machine learning techniques to develop a forecasting model for wheat fusarium head
blight. This study aims to improve the accuracy of disease forecasting and enhance early
warning systems to mitigate the impact of the disease on wheat.

5. Conclusions

This Special Issue presents innovative applications of UAV and AI techniques in the field
of Earth observation. By leveraging the advantages of UAV and AI, rapid and automated
data processing and modeling can be achieved, facilitating the acquisition of spatio-temporal
information in target areas and reducing information acquisition costs. This Special Issue
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comprises 15 articles, primarily exploring methods to utilize AI techniques for interpreting
UAV imagery data. The majority of the articles focus on accurately monitoring crop growth
parameters and biomass. Additionally, there are studies dedicated to UAV-based object
detection and tracking technologies, covering building structures, power transmission lines,
etc. Furthermore, this Special Issue discusses methods of using UAV imagery to monitor and
forecast crop diseases, including wheat rust and fusarium head blight.

The above-mentioned studies have built UAV-AI systems to address complex prob-
lems, promoting the development of UAV-AI and providing references for the application
and advancement of UAV technology in various fields.
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