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Abstract. In recent years, the technology of remote sensing has achieved rapid 

development in UAV. In addition, the global reduction of arable land has led to 

increased food security challenges, and the demand for precision agriculture is 

increasing, and more and more drones are being used in this area.Compared with 

the traditional satellite remote sensing monitoring crops, UAV with remote 

sensing has the advantages of high flexibility, little influence by high altitude 

atmosphere, low cost and high quality of remote sensing images .In order to learn 

the working principle and shortcomings of UAV remote sensing, this paper 

mainly introduces and summarizes the types of UAV sensors and the acquisition 

of data,how to get information on crop growth status and farmland environment 

including diseases and insect pests, growth stage, weeds and soil environment, 

through large-scale processing of raw data. This paper also compares the remote 

sensing effects of different sensors and analyzes the application characteristics of 

different sensors. This paper also compares traditional algorithm with deep 

learning methods and list some potential problems. Then the author lists three 

possible solutions that include secondary analysis, the adoption of iot 

technologies, and the development of lightweight deep learning systems. Finally, 

the author analyzes the application prospects and challenges of the technology of 

UAV remote sensing in view of the current environment and development trend. 
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1  Introduction 

In recent years, due to the acceleration of urbanization, the number of cultivated land 

area has decreased, besides, frequent occurrence of extreme climate and resource 

shortage, the crisis of food security has become increasingly serious [1]. Efficient use 

of cultivated land resources and the cultivation of good crops have become important 

measures to alleviate food security. Both soil status and crop characteristics information 

are important indicators to assess the quality of cultivated land and harvest. Traditional 

information acquisition mostly adopts manual sampling survey method, which has low 

efficiency, high cost, and incomplete data, contingent problems. In recent years, UAV 

has developed rapidly in the past few years because it is not limited by the surface form  
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and space, and is widely used in industry, national defense, military, agriculture and 

other aspects. 

Remote sensing is used in precision agriculture and smart agriculture widely. For 

instance, Valentineet al. , in northeastern Germany ,they used satellite remote sensing 

data from six diverse optical sensors to estimate grain and rape production [2]. Luo Wei 

of Guangxi University of China, Zhang Muqing of Guangxi Academy of Agricultural 

Sciences, Jiang Zhuhui of Guangxi Sugar Group, proposed a sugarcane production 

prediction model based on Sentienl-2 and BiseNetV2 satellites [3]. However, satellite 

remote sensing usually has low resolution ratio and the undetailed detection level; and 

the satellite is susceptible to sunlight, weather, climate, ground conditions and other 

uncontrollable factors, its remote sensing quality is not stable [4]. By ncorporating the 

RGB sensor, multispectral sensor, thermal imaging sensor to the drones and monitoring 

at low altitude, people can obtain a variety of information of plants, and analysis of the 

current growth state by comparing it with normal spectral features. Thus people can 

carry out a variety of agricultural activities for large or part area even several plants , 

such as plant irrigation, soil management, pesticide spraying. For example, Zhao Lian 

et al. in China extracted the soil points in the maize plots through lidar and visible light 

band difference vegetation index (VDVI), and used the changes in the image spectrum 

and spatial spectral features after crop lodging to measure the difference in the height 

before and after the canopy and determine whether the maize plants were lodging [5]. 

Wu Qiang, Inner Mongolia Agricultural University, monitored and estimated the yield 

of wheat in Hetao irrigation area in China by using UAV remote sensing technology 

and machine learning [6]. Ma Shuying studied the spectral feature of chestnut leaves 

and found that the best spectral features to identify red spider diseases and insect pests 

on chestnut trees were low side, red edge, green peak and red valley. The chestnut trees 

in the experimental area were also monitored by aerial remote sensing [7]. 

The organization of this paper is presented as follows: Section 2 mainly introduces 

the application of remote sensing in precision agriculture and its working principle. 

Section 3 outlines the types of UAV and sensors they can carry. Section 4 and 5 

introduce the characteristics of electromagnetic wave used by remote sensing 

technology. In the next section (the section 6), the phenotypic parameters of vegetation 

composed of different electromagnetic characteristics are introduced. Section 7 and 8 

compare the two data processing methods of traditional machine learning and deep 

learning, and obtain the collocation scheme with the best performance, and then analyze 

the potential problems of the scheme and list a series of solutions. In the final section 

9, a summary and reflection on the whole article is given. 

2 Precision Agriculture and Remote Sensing 

Global population growth poses a serious threat to the food system. Precision 

agriculture and smart agriculture can not only help farmers manage their farmland more 

efficiently, but also increase grain production per unit area. For example, by using 

sensors in the farm to obtain information and process them, farmers can obtain the real-

time growth status of different crops, and carry out targeted agricultural activities such 
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as chemical fertilization, irrigation, and branch and leaf pruning on certain plants, this 

way can save time and cost. 

Precision agriculture has consistently relied on remote sensing as a crucial source of 

information.It obtains information about the target object by capturing the energy 

reflected or emitted by the target. Its main process is: (a) provide electromagnetic 

source. (b) interact between target and sensor. (c) record reflection energy. (d) transmit, 

receive and process energy into image. (e) analysis image, obtain target information 

[4]. 

3 Type of the UAV and Sensor 

UAV is a type of aircraft that can be operated either via radio remote control equipment 

or through an autonomous program control system.In recent years, it has played an 

irreplaceable role in the aspects of aerial photography, military, national defense, 

transportation and rescue. The types of drones can be classified according to the 

following three aspects: (a) fixed wing, rotary wing (single rotor, multi-rotor), flapping 

wing, hybrid wing, parafoil-wing; (b) according to cruise capability: Hand-hold, Close, 

Tactical, MALE (low altitude long endurance), HALE (high altitude long endurance), 

Hypersonic.; (c) according to size: large, medium, small, very small, and micro [8]. 

In general, small size, light weight, multi-rotor and medium-range drones are suitable 

for precision agriculture. UAV has a limited load capacity due to the limitation of 

UAV’s size and type. Therefore, the sensor it carries should meet the characteristics of 

small size, low weight and high precision. Here is an introduction to the different 

sensors. 

3.1 The RGB Sensor 

The RGB sensor is used to record the spectrum within the visible wavelength spectrum, 

and for this reason, using it alone is not enough to obtain some information related to 

crop health, so it is often used in conjunction with data obtained from other sensors. 

Currently, a single RGB spectrum is used to monitor and analyze crop diseases and 

pests and conduct plant classification. For example, Chun-Han Lee et al., by using a 

vectorized grayscale symbiosis matrix to process RGB data , make the accuracy 

increase by 3% [9]. 

3.2 Multispectral Sensor 

Multispectral sensor is a sensor equipped with two or more spectral channels [10]. 

Compared with the visible spectrum, the multi-spectral sensors have a narrower 

frequency band and can be extracted more information. For example, Tiansheng Li et 

al., through the visible spectral vegetation index and the multispectral vegetation 

index,uses three methods to extract cotton seedlings from the soil to predict their 

emergence rate [11]. 
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3.3 Hyper-spectral Sensor 

Compared to multi-spectral sensors, hyper spectral sensors have higher resolution ratio 

from the narrow band of a crop and can capture more missed detailed information 

because of the broad band of multi-spectral sensors [12]. For example, Ma Shuying et 

al.predicted the pest and pest harm grade of red chestnut trees using hyper-spectral 

images and spectral curves measured by hyper-spectral camera and non-imaging 

spectrometers [7] . 

The price of hyper spectral sensors is high, and the performance improvement of 

multi-spectral sensors is not proportional to the extra price, so how to apply hyper 

spectral technology to precision agriculture still needs to be studied and explored. 

3.4 Thermal Imaging Sensor 

Thermal imaging sensors estimate the degree of crop pests or growth environment 

based on the change in temperature. Because the working principle of thermosensor is 

to detect the infrared radiation emitted by an object's surface and translate it into 

temperature measurements, it is easily affected by the external environment, such as air 

humidity, wind and wind. Therefore, how to carry out the original image calibration to 

avoid the relevant impact needs further research and exploration. 

3.5 Radar 

There are many kinds of radar that have been widely used in agricultural investigation 

in recent years. For example, lidar sensors acquire the distance between the drone and 

the vegetation by using laser beams, which can create high-precision 3D maps. 

Millimeter-wave radar sensors measure the distance of the vegetation by using 

electromagnetic waves, which is making it an ideal choice for applications that require 

remote and all-weather monitoring and scanning. The working principle and 

characteristics of radar enable radar to penetrate vegetation and improve the efficiency 

of detection and modeling. 

4 Spectral Characteristics and Vegetation Index 

Electromagnetic wave is a form composed of wavelength and frequency, because of 

the different wavelength and frequency can constitute different electromagnetic wave. 

Spectral features can be extracted using the reflectance measured by the sensor in 

different electromagnetic ranges. The reflected light on the surface of an object is 

related to the object material. For example, water can absorb the electromagnetic 

Spectral data within the mid-infrared wavelength range, while the soil is more reflective 

of it [12]. Therefore, we can judge the distribution area of water and soil by the intensity 

of the electromagnetic spectrum in the mid-infrared wavelength range received by the 

sensor. Because the objects of different materials show different reflectivity, the 
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spectral index can be obtained by making algebraic operation on a single optical 

spectral segment. 

In remote sensing images, a spectral index used to quantify the crop vegetation trait 

index is called the Vegetation Index (VI). It mainly comes from the visible, near-

infrared and mid-infrared spectra. Common vegetation indexes include the Normalized 

Difference Vegetation Index (NDVI), the Red, Green and Blue Vegetation Index 

(RGBVI), the Green Normalized Difference Vegetation Index (GNDVI) and the 

Normalized Difference Red Edge Index (NDRE), etc. Among them, for example, 

NDVI is a multi-spectral vegetation index, which can be acquired by calculating from 

near infrared and red band. Because chlorophyll absorbs red spectral [13], it can reflect 

the chlorophyll content of the plant, and then reflect the health status of the plant and 

predict the growth trend. 

5 Texture Features 

Image texture plays a great role in the spatial arrangement of the pixel intensity on an 

image. Edge detection and co-occurrence matrices are two common image texture 

measures. A feature called Grayscale Co-occurrence Matrix (GLCM) was first 

proposed by Haralicket [14]. The research extracted 14 texture measures from the 

GLCM, for example, variance, contrast.Furthermore, integrating texture features with 

spectral image characteristics or plant phenotypic parameters provides an enhanced 

approach to estimate the crop conditions. For example, Chun-Han Lee et al., processed 

RGB data by using vectorized gray symbiosis matrix (GLCMv) instead of GLMC, 

which improved the accuracy by 3% compared to before [9]. 

Texture features can complement else image features such as spectra for the 

estimation of crop traits. 

6 Crop Phenotypic Parameters 

6.1 Crop Plant Height 

Plant height can reflect the structure of the crop population, and when the pixel is small 

enough, theoretically, it can reflect the structure of a single plant. The plant height is 

usually estimated by calculating the difference value between the top of the vegetation 

(Digital Surface Model (DSM)) and the bottom of the vegetation (Digital Terrain Model 

(DTM)) [12]. DTM stands for the natural ground surface altitude, while DSM contains 

other features such as vegetation. Two primary techniques exist for determining 

elevation information: motion structure analysis and multi-view stereo vision, and on-

board laser scanning [15]. High plants are prone to lodging; low plants indicate poor 

health of crops. Therefore, the height of plant plants can effectively judge and predict 

the growth status and situation of plants. It is usually acquired through lidar and 

imaging technology. For example, Tao Liu et al., uses fused thermal infrared images 

and RGB images to extract the lodging area based on the developed model [16].  
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6.2 Crop Canopy Coverage 

The canopy coverage can reflect the growth status of the crop, which is defined as the 

ratio of the vegetation pixels to the total pixel in each small area [12]. Non-vegetation 

and vegetation areas can be distinguished by setting the pixel threshold standard. For 

example, Tiansheng Li et al., vy analyzed the acquired images, proposed three analysis 

strategies including Otsu threshold analysisuallis, extract cotton seedlings, and 

predicted the emergence rate of cotton seedlings [11]. 

6.3 Crop Leaf Area Index 

Crop leaf Area Index (LAI) refers to the sum of crop leaf area per unit area. It is mainly 

derived from its data integration and analysis, such as Songtao Yanget al., proposing a 

data set to estimate alfalfa’s LAI based on information on integrated meteorological 

data, multiple soil depth, plant height, and plant leaf size [17]. LAI can well reflect the 

biological effects of various plants, which is also an important basis for evaluating the 

crop status and predicting the growth trend [13]. 

6.4 Crop Water Stress 

Two important indicators of water stress are stomatal conductance and leaf water 

potential. The canopy temperature can reflect the stomatal conductivity, so the crop 

water stress index can be assessed according to the canopy temperature. For example, 

Zhang Zhitao et al. extracted the maize canopy temperature by using the multispectral 

features, and put it into the water stress formula to obtain the corresponding index [18]. 

6.5 Farmland Soil Moisture 

Soil Water Content (SMC) defines the nutrient and structure status of soil aggregates, 

and the management of SMC in cultivated land through proper irrigation can improve 

the soil states in the key growth period of crops, and thus the crop yield and quality can 

be improved. It can be acquired at different soil depths through the thermal infrared 

images taken by the UAV, by calculating the water temperature composite index 

(including the sum of crop water stress index, canopy and surface relative temperature 

differences). 

7 Data Processing Process and Methods 

7.1 Traditional Algorithms 

When applying the traditional algorithm to UAV images, three steps are often taken:(a) 

image acquisition (sections 3 and 4 of this paper). (b)feature extraction (sections 5, 6 

and 7 of this paper). (c) model construction (as shown in the Figure 1). 
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Among them, the image should be processed between image acquisition and feature 

extraction. Image processing is the foundation of UAV remote sensing research. 

Because the atmospheric environment, sensor position, UAV flight position and other 

factors will affect the image imaging effect, the image must be processed before 

extracting the crop phenotype parameters. The main content of image processing is the 

post-processing of the images acquired by the UAV, including data quality inspection, 

image feature point extraction, image matching, aerial triangulation and regional 

network leveling, generating DEM, orthophoto correction generation of Digital 

Orthophoto Map (DOM), and image splicing [19]. 

After the feature extraction is completed, the appropriate model should be selected 

for the establishment, and then the model prediction and evaluation should be carried 

out. When constructing a model, the combination of multiple features can often 

improve the prediction performance of the model. This undoubtedly increases the 

workload of the researchers. 

 

Fig. 1. Workflow diagram of traditional algorithm 

7.2 New Remote Sensing Detection Algorithm 

The so-called new remote sensing detection is embedded deep learning, replacing the 

traditional machine vision recognition method. CNN represents advanced deep learning 

methods for many computer vision-based applications and image processing (as shown 

in the Figure 2). At present, because the CNN architecture has the powerful ability to 

automatically extract features from the input images, the typical CNN architecture 

consists of three (or more) major types of layer groups CNN by convolution operation 

in each layer, so as to transfer the selective image features to the next layer, thus 

reducing the size of the image.  
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Fig. 2. CNN flow diagram 

Therefore, deep learningusing convolutional neural networks allows for automatic 

feature extraction rather than manual feature screening. In other words, all we need to 

do is to annotate the data to generate the data set, and then let the system learn by itself 

and generate the corresponding model (as shown in the Figure 3) . 

 

 

Fig. 3. Workflow diagram of new remote sensing detection algorithm 

8 Discussion 

1) Compared with a single sensor, the fusion use of multiple sensors can supplement 

the lack of spectral perception of a single sensor. For example, RGB sensors can be 

used to obtain visible light images of crops, and set the pixel threshold standard to 

obtain crop canopy coverage to judge the current crop growth state. However, 

combined with multi-spectral sensors, the leaf area index of crops (such as chlorophyll 

content) can be judged by infrared spectroscopy to judge the growth trend of crops. 

2) To sum up, compared with traditional machine vision, deep learning algorithm 

(taking CNN as an example) can independently extract features of single pixels, find 

the relationship between different pixels and the growth state of crop plants, and build 

a model to save manpower and time cost. 

3) The addition of deep learning has made new requirements for machine performance. 

Higher performance tends to represent greater mass and volume of hardware. Due to 
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the limited nature of UAV loading, the processing of data becomes a new obstacle. 

There are several possible solutions for this problem:(a) Secondary analysis. The real-

time data obtained by the UAV is temporarily stored in the airborne processor, and the 

UAV returns to the base camp after the operation for analysis and processing. (b) The 

Internet of Things (IoT). By means of the Internet of Things, the real-time data obtained 

by the UAV is transmitted to the server through the network nodes, and then the data 

is processed and transmitted to other agricultural machinery and equipment, including 

the UAV, to realize collaborative operation. (c) Lightweight deep learning. That is to 

develop a powerful lightweight learning algorithm, so that it can reduce the demand as 

much as possible to ensure the hardware performance, reduce energy consumption and 

increase the endurance time of UAV. 

9 Conclusion 

The rapid development within the sphere has put forward new requirements for 

precision agriculture, and the new farming mode of UAV combined remote sensing has 

come into the public view. This study introduces a variety of types of sensors carried 

by UAV, compares the traditional machine vision algorithm and the visual deep 

learning algorithm, and finds that the scheme of UAV + multi-sensor + deep learning 

has the best effect. Compared with the traditional mechanical learning method, this 

combination method not only can saves people’s energy and it has faster analysis speed, 

but is more conducive to the development of agricultural modernization as 

well .Compared with the same topic articles, this study also lists some potential 

problems of deep learning for UAV performance and the corresponding solutions, to 

provide a possible direction for future research. 

The shortcomings of this study: (a) There are many architectures of deep learning. 

This paper only takes CNN as an example to introduce and compare. (b) In the sensor 

part, this paper focuses on the types, and does not summarize the data usage of each 

sensor. In the next step,the autuhor will research the available vegetation index 

types,and find the overlapping vegetation index of different sensors to optimize the 

sensor collocation scheme. 

References  

1.Qiu R.H., Wei S., Zhang M., etc.:Summary of Crop Phenoomics Measurement 

Methods.China Agricultural Digest Agricultural Engineering 31(1), 23-36 (2019). 

2.Vallentin, C. Harfenmeister, K. Itzerott, S. et al. Suitability of Satellite Remote Sensing 

Data for Yield Estimation in Northeast Germany. Precis. Agric 23, 52–82 (2022). 

3.Luo W., Li X.H., Qin H.J., Zhang M.Q., Wang Z.P., Jiang Z.H.:Sugarcane Identification 

and Yield Prediction Based on Multi-source Satellite Images. Remote Sensing for Natural. 

4.Awange, J.L. Kiema B.K.: Remote Sensing Basis.Environmental Geographical 

Information, 111-118 (2013). 

5.Zhao L., Yu Y.J., Liang Z.H.: Extraction of Maize Lodging Range From Remote Sensing 

Image Based on Canopy Height Mode.Mapping Bulletin, 3, 127-132 (2024).  

454             L. Wang



 

 

6.Wu Q.: Wheat Growth Monitoring and Yield Prediction in the Hetao Irrigation District 

Based on UAV Remote Sensing and Machine Learning.Inner Mongolia Agricultural 

University, (2023). 

7.Ma S.Y.: Study on Spectral Reflection Characteristics of Chestnut Leaves Under Stress of 

Red Mite.Henan Polytechnic University, (2020). 

8.P. Velusami, S.Rajendran, R.K. Mahendland, Naseer, M. Shafik, JG.:UAV in Precision 

Agriculture: Applications and Challenges.Energy, 15:217 (2021). 

9.Lee C.H.,Chen K.Y.,Li Y.,Liu D.:Effect of Texture Feature Distribution on Agriculture 

Field Type Classification with Multitemporal UAV RGB Images.Remote Sens. 1221,16 

(2024). 

10.Diao P., Gao L.B.:Application Methods and Research Progress of UAV Remote Sensing 

in Crop Pest Monitoring .South Forum 8,8-13 (2022).  

11.Li T., Wang H., Cui J., Wang W., Li W., Jiang M., Shi X., Song J., Wang J., Lv X. and 

Zhang L.:Improving the Accuracy of Cotton Seedling Emergence Rate Estimation by Fusing 

UAV-based Multispectral Vegetation Indices.Front Plant,  (2024). 

12.T. B. Shahi，Xu C.Y., A. Neupane,Guo W.:Machine Learning Methods for Precision 

Agriculture with UAV Imagery: a Review.Electronic Research Archive 30(12), 4277-4317 

(2022). 

13.Zeng S.W.,Hou S.,Wang Z.L.,Luo X.B., Wu Z.X.,Wang H.J.:Research Progress of Crop 

Phenotype Parameters Based on UAV Remote Sensing, Shandong Agricultural Science, 

(2024). 

14.R.M.Haralick, K.Shanmugam, I.H.Dinstein: Textural features for image classification, 

IEEE Trans.Syst., Man, Cybern: 610–621, (1973). 

15.Zhang, Z.; Zhu, L.:A Review on Unmanned Aerial Vehicle Remote Sensing: Platforms, 

Sensors, Data Processing Methods and Applications.Drones 7: 398 (2023). 

16.Liu T., Li R., Zhong X.C., Jiang M., et al: Estimates of Rice Lodging Using Indices 

Derived From UAV Visible and Thermal Infrared Images.Agricultural and Forest 

Meteorology 252, 144-154 (2018).  

17.Yang S., Ge Y., Wang J., Liu R., Tang D., Li A. and Zhu Z.:A Dataset for Estimating 

Alfalfa Leaf Lrea and Predicting Leaf Area Index.Front Plant , (2024).  

18.Zhang Z.T., Yu G.D.,Wu T.K., et al.:Temperature Extraction of Maize Canopy and Crop 

Water Stress Monitoring Based on UAV Remote Sensing Images.Transactions of the Chinese 

Society of Agricultural Engineering 37(23), 82-89 (2021). 

19.Zhu X.F., Li S.B., Xiao G.F.:Method on Extraction of Area and Distribution Ofplastic-

Mulched Farmland Based on UAV Images.Transactions of the Chinese Society of 

Agricultural Engineering 35(4), 106-113 (2019). 

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

Monitoring of Crop Growth Status based on UAV Multi-Sensor             455

http://creativecommons.org/licenses/by-nc/4.0/

	Monitoring of Crop Growth Status based on UAV Multi-Sensor

