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This paper takes the rice plot as the research object, and uses the portable UAV Mavic Pro for aerial 

photography. Preprocess the acquired UAV images to generate orthophotos with a resolution of 

3.95cm/pix. Using object-oriented thinking, visual evaluation and ESP tools are combined to quickly 

select the optimal segmentation scale to be 300, and support is applied. Vector machine, random forest, 

and nearest neighbor supervised classification methods have carried out ground object classification 

and rapid extraction of rice area. The classification results and area accuracy are evaluated by visual 

classification results. The method with the highest overall accuracy is the nearest neighbor 

classification method. At this time, the user accuracy of rice classification is 95%, and the area 

consistency accuracy is 99%. The results show that UAV remote sensing and automatic classification 

can quickly obtain high resolution images and extract rice planting area in plain rice planting area, 

make up for the lack of ground survey data when Nongshan is blocked, and provide samples and 

verification basis for the calculation of large-scale rice planting area, yield and other information. 

Povzetek: Predstavljen je sistem za analizo UAV posnetkov za iskanje površin riža. 

 

1 Introduction  
Aerospace remote sensing monitors a very large scale, 

but it contains less information due to its low spatial 

resolution. On the contrary, terrestrial remote sensing 

has high spatial resolution to obtain rich information, 

but the monitoring range is limited. With the 

development of flight technology. UAV platforms with 

flexible maneuverability, strong operation selectivity, 

high accuracy, short operation cycle, good timeliness, 

low maintenance and usage costs, economical and 

practical, and good safety have matured in recent year 

[1].  

With the rapid development of microcomputers, 

communication equipment and other technologies, the 

technology of drones equipped with remote sensing 

has the characteristics of flexible flight, wide 

monitoring range, and rich data acquisition [2]. The 

image stitching method is selected to obtain high-

resolution pictures. Interpret the picture with color 

feature, texture feature and shape feature, select the 

appropriate classification method, construct the 

accurate extraction and measurement of crop area, 

provide a new method for rapid extraction of planting 

area, and meet the strategic requirements of the 

national precision agriculture development [3]. 

Figure 1, depicts some of the concerns which 

influences the superiority of remote sensed images and 

are highlighted in this article. Remote sensing-based 

images for agricultural application can be implemented 

for planning soil assessments, crop species 

classification, water stress detection for crop yield, 

 

Figure 1: UAV’s efficiency for precision agriculture. 
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monitoring and detecting diseases and weeds of crops, 

and representing of crop yield. The importance of 

remote sensing in precision agriculture through various 

platforms such as UAV’s, Satellite or ground deployed 

sensors has gained attention. These various platforms 

provide real time collection of data, spectral bands in 

width and number collected through sensors, spatial 

resolution information for high, low and medium 

values, temporal resolution based on hourly, daily, 

weekly information, radiometric information about 8-

bit, 12-bit and 16-bit resolutions are collected and 

analyzed in ground station. These collected 

information in real time are analyzed in ground station 

for decision making and many of the concerns are 

addressed which includes, the accuracy of matching 

the collected images with exact ground location. The 

other addressed concerns are evaluating the extent of 

spatial resolution and spectral resolution features 

extracted from images and also analyzing the quality 

of information which is acquired from the images. 

Some studies use UAV’s for the collection of data and 

its analysis in real time through remote station for the 

application of forest fire detection [4, 5].    

One of the most essential grained crops across the 

word is Rice, specifically in Asian countries. China is 

one of the leading countries in Asia for rice graining. 

In China more than 60% of population grain rice as 

their staple food [6]. The correct knowledge of price 

building is essential for ensuring the security of food 

and promoting the overall development. Remote 

sensing is a procedure through which one can obtain 

the required information about anything through sitting 

at remote places. The remote sensing provides the 

capability for obtaining spectra data which transmits 

the essential information and indicates the interaction 

among solar radiation like scattering and absorption of 

vegetation.  

The rest of the article is organized as the most 

recent work done in the field of agricultural monitoring 

is highlighted in Section 2. The process of data 

acquisition and pre-processing is described in Section 

3. Image segmentation and classification methods are 

described in Section 4 that is followed by the 

experimental evaluation and its analysis in Section 5. 

The discussions drawn from the experiment is 

described in Section 6 which is followed by the 

conclusion in Section 7. 

2 Literature review 
In order to eliminate the influence of spectral mixing 

on crop mapping accuracy, Liu et al. proposed an 

innovative method to generate field canopy height data 

by calculating the elevation difference between 

vegetation and non-vegetation plots. The support 

vector machine is applied to four types of data sets: 1) 

pixel-based spectral features (PSF); 2) PSF and canopy 

height features; 3) object-based spectral features 

(OSF); and 4) object-based Spectral characteristics and 

canopy height characteristics (OSCHF). The results 

show that OSCHF has the highest classification 

accuracy rate for all categories, with an overall 

accuracy of 94.04%, Kappa of 0.91, which is 

significantly higher than the result of OSF, and the 

worst accuracy of PSF. OSF can eliminate the speckle 

noise problem to some extent, but due to the similarity 

of spectra, grapes and trees are still misclassified as 

rice to some extent. Fortunately, these confusions can 

be effectively avoided by including the height of the 

canopy [7]. Dai et al. selected the Gemini 

MyFlyDream MTD fixed-wing drone equipped with 

Canon EF-M 18-55 cameras to obtain visible light 

images of the 135th Regiment of the Eighth Division 

of Xinjiang Construction Corps. In-house cotton 

planting information was extracted. The cotton 

planting area extracted by visual interpretation was 

0.35 km2, the cotton planting area extracted by object-

oriented extraction was 0.33 km2, the classification 

result accuracy was 94.29%, and the error coefficient 

was 5.71%, which can be effectively extracted and 

studied. Regional cotton planting information. 

Compared with the traditional pixel-based 

classification method, the object-oriented classification 

method has higher extraction accuracy and is closer to 

the extraction result of visual interpretation [8]. Zhang 

et al. used UAV low-altitude remote sensing data as 

samples and GF-2 remote sensing images as data 

sources, combined with field surveys, to extract the 

planting area of Salvia miltiorrhiza in Luoning County. 

Standard processing remote sensing satellite data can 

obtain specific remote sensing data coverage. 

Preprocess the drone data to intuitively explain the 

types and distribution of Chinese medicine resources in 

the samples. The support vector machine (SVM) was 

used to classify and estimate the traditional Chinese 

medicine resources in Luoning County, and the 

confusion matrix was used to determine the accuracy 

of the spatial distribution of traditional Chinese 

medicine resources. The results show that the 

application of low-altitude remote sensing technology 

for unmanned aerial vehicles and satellite remote 

sensing images is feasible in the extraction of South 

African ginseng and other varieties of planting areas, 

and it also provides a scientific reference for the 

poverty alleviation policy of traditional Chinese 

medicine. At the same time, actively carry out the 

remote sensing classification research of Chinese 

medicinal materials based on multi-source and multi-

phase high-resolution remote sensing images to 

explore more effective methods of extracting Chinese 

medicinal materials [9]. 

In recent years there have been many researchers 

reported in the application of precision agriculture, 

such as detection of diseases in crop, estimation of 

crop yields, fruit grading, detection of weeds and many 

others [10]. For a specific issue, various researchers 

have designed specific methods for resolving these 

issues. The most appropriate approach for smart 

agriculture is the combination of machine learning and 

image pre-processing methods [11]. The image pre-

processing-based approaches consist various stages 

such as contrast stretching, mask processing, point 
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processing, histogram equalization and many other 

processing approaches. While on the other hand 

machine learning methods consists of various 

approaches such as neural networks [12], fuzzy logic 

[13], K-nearest neighbors [14], self-adaptive maps, 

support vector machines [15] and many others. 

Considering all the approaches of machine learning, 

the artificial neural networks has gained attention from 

various researchers across the globe [16]. 

The spectra for the vegetation is equivalent to the 

vegetation growth. The vegetation supports absorption 

of light near visible range due to the presence of less 

reflectance. On the other hand the vegetation 

reflectance near infrared range is comparatively which 

gets easily affected by tissues and structure of thick 

plants. There exist many studies which has been 

developed in relation to the vegetation spectra 

considering the vegetation growth limitations such as 

chlorophyll molecules, leaf area index, biomass and 

therefore majority of vegetation indices are computed 

through the reflectance of various ranges of spectra. 

Many studies have been proposed for accurately 

estimating these parameters, such as Candiago et al. 

[17] have utilized enhanced vegetation index along 

with wide dynamic range vegetation index which has 

been obtained through MODIS for the accurate 

evaluation of crop productivity with observed variation 

coefficient for maize below 20% and for soybean 

below 25%.  

The authors in [18] have implemented various 

spectral indices on the basis of red edge fore estimating 

the nitrogen uptake of plant with determination 

coefficient about 76%. The parametric statistical 

method on the basis of vegetation indices is considered 

as the simplest and most efficient among estimation 

approaches weekend be used for monitoring the 

growth [19]. The changing status of crop growth candy 

efficiently monitor through spectral measures that 

directly calculates its yield percentage. Therefore, the 

vegetation indices considered as most valuable for 

estimating the crop yield remotely over large scale 

[20]. The authors in [21] happy propose system for 

estimating the wheat yield capacity in Ukraine and 

Kansas. Present 7% of error by implementing time 

series normalized difference vegetation index which is 

obtained from MODIS. The authors in [22] presented a 

new approach for estimating the crop yield through to 

the temperature vegetation dryness index by 

computing the RMSE coefficients in range between 

10% to 14% for soybean and 15% to 23% for wheat. 

Sharma et al. have described the block chain 

technology for e-healthcare services and industrial 

application [23, 24]. The authors in [25] proposed an 

approach for successfully mapping the crop yields by 

implementing wide dynamic range vegetation index 

which is derived from the MODIS time series data and 

the computed estimation error is observed as below 

30% at state level. The vegetation indices-based 

approaches the most efficient approach for the 

prediction of crop yield and multiple regression 

algorithms for utilizing the vegetation indices are 

implemented for estimating the crop yield. The 

regression method-based estimation of crop yield 

which includes simple linear and complex nonlinear 

functions [26]. It is observed from many of 

experiments that the utilization of accurate vegetation 

indices is an essential parameter for estimating the 

crop yield accurately instead of estimation of complex 

function structure. Therefore, it is considered as 

essential parameter for the evaluation of crop yield to 

get the accurate vegetation index. There may be a 

situation when a sensor node fails in a network, 

localization of unknown sensor node is essential for 

the network to work efficiently [27, 28]. The UAV 

systems has a great potential in the application of 

agricultural monitoring and also addresses various 

constraints in other research areas. It provides the 

facility of remote sensing through which an 

agricultural field can be monitored remotely without 

any transportation required [29]. The UAV system 

operates as a standalone device which are limited to a 

group of UAVs incorporating a stable architecture 

means that the system is able to work properly, even 

when there is no inter communication among UAVs 

[30]. The idea behind this research is to collect field 

data through UAVs equipped with IR sensors and 

capture images in real time. The UAV transmits 

information to ground station for accessing the data in 

real time and make decisions. The prime objective of 

this research is to design UAV based system for 

implementing a UAV based design for monitoring 

agricultural fields in real time which includes 

framework, architecture and its components. 

3 Data acquisition and 

preprocessing 
Figure 2, presents the complete workflow of proposed 

remote sensing based architecture of paddy crop field 

monitoring system. It mainly consists of five 

operational stages. 

In first stage real time image are captured from the 

UAVs and transferred to the ground station. The 

second stage and third consists of pre-processing and 

sampling of collected images in ground station. The 

monitoring station applies various classifiers for the 

training and testing the features in order to predict the 

crop yield in fourth stage. In final stage the crop yield 

is prediction based on the classifier and final decisions 

and outcomes are suggested to the workers and 

farmers.  
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Multispectral and digital images were collected 

from the IR cameras which are installed in UAV. The 

first stage is pre-processing where collected images are 

processed and analyzed which is followed by 

organization of the several images, using Agisoft 

PhotoScan software. The collected images were 

analyzed based on their region of interest and red, 

green and blue components are extracted. On the basis 

of RGB values the color index is calculated and further 

processed utilizing digital number. The values of 

digital number for RGB channels reflects the 

performance of reflectance and radiance in visible 

range of crop canopy. The normalized values of digital 

number for RGB are computed which is followed by 

the vegetation approximation in comparison with 

original digital number values. The transformation 

process of raw pixel indices into reflectance is further 

analyzed. The converted raw pixels from image are 

converted to radiance units as per the specified process 

of the calibration model. The average radiance value 

for pixels that are observed inside original panel of 

image are computed.   

3.1 Data acquisition 

Civilian UAVs can be divided into four categories: 

unmanned fixed-wing aircraft, rotary-wing UAVs, 

para-wing UAVs and other types of autonomous flying 

equipment. The DJ-Innovations design and production 

of UAVs with Mavic Pro models in this study is shown 

in Table 1. The main parameters are shown in Table 1. 

The integrated design of the drone's three-axis 

stabilization gimbal and visible light camera ensures 

the quality of the captured images [31, 32]. Mavic Pro 

adopts a foldable design and is equipped with 4 

foldable cantilever propellers. It takes less than 1 

minute from deployment to take-off. With DJI GS Pro 

software, it can realize autonomous route planning and 

surveying in the sample plot, which can meet the needs 

of field agricultural sampling process. The portability 

of the equipment and the quickness of use are required 

to improve the sampling efficiency. 

The data of this study was obtained by aerial 

photography of the portable UAV Mavic Pro on the 

experimental plot (113.780E, 30.760N) in a certain 

village on May 29, 2017. The experimental plot is 

mainly rice planting, and many crops such as lotus root 

and vegetables are also planted. The plot and the road 

are blocked by houses and trees, and the effective 

pictures collected by the original GVG system cannot 

be used. The weather was fine during takeoff, and the 

wind speed on the ground was less than level 4, 

suitable for aerial photography. Set the drone aerial 

photography height to 200 m, camera shutter speed 

1/25 s, sensitivity 100, heading overlap 70%, shooting 

area area is about 26 000 m2, and the spatial resolution 

can reach 0.04 m. Through real-time viewing of the 

images, it was confirmed that images containing rice, 

lotus root, vegetables and other crops were obtained. 

3.2 Data pre-processing 

The drone images are spliced by Agisoft Photo Scan 

software, the entire workflow can be set to be 

automatically completed by the software, and the GPU 

can be used to accelerate the processing process. When 

aligning the imported images, the software will 

automatically arrange the images according to the 

image coordinates, elevation information, and 

similarity and find points with the same name [33]. 

The software is based on the estimated camera 

position. The program corresponding to each camera 

will calculate the depth information and combine it 

into a dense point cloud. After the dense point cloud is 

generated, a 3D model of the polygon mesh is 

generated based on the point cloud. Finally, a high-

resolution orthophoto (DOM) with real coordinates is 

generated, and the resolution of the generated 

orthoimage is 3.95 cm/pix and the projection type is 

WGS 84/UTM zone 49N (EPSG: 32649). The images 

are stitched globally and stored in a TIFF file. 

4 Object-oriented image 

segmentation and classification 

methods 
UAV images have the characteristics of extremely high 

spatial resolution and bright colors, which can express 

the texture, shape, topological relationship and other 

aspects of ground objects in more detail. Object-

oriented classification methods are widely used in 

high-resolution image classification, so they are also 

suitable for UAV image segmentation and 

classification. In the object-oriented classification 

process, the basic processing unit is changed from a 

single pixel to an image object composed of multiple 

pixels of the same nature, so that the signal-to-noise 

ratio is significantly increased, and the "salt and 

pepper" phenomenon of traditional pixel-oriented 

 

Figure 2: Workflow of field assessment based on 

UAVs and classifier techniques. 
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processing results is eliminated up [34-36]. In object-

oriented classification, in addition to using the spectral 

information of the ground features, it also makes full 

use of the geometric information and texture 

information of the ground features. The classification 

basis is more diversified and the recognition ability of 

the ground feature categories is enhanced, so that the 

classification accuracy can be significantly improved. 

4.1 Object-oriented image segmentation 

The extraction of crop planting information includes 

crop classification and area statistics. The development 

of remote sensing image classification has changed 

from traditional manual discrimination to computer 

recognition processing. Manual classification is to 

obtain data through comprehensive ground 

observation, compare it with remote sensing image 

photos, and interpret and extract remote sensing image 

information. The efficiency and flexibility are poor, 

and the subjectivity is strong. The error is large, and 

the crop information obtained has great limitations. 

The computer recognition and classification is based 

on the extraction of remote sensing image feature 

information, and the remote sensing image 

classification is carried out through a variety of 

mathematical operations combined with production 

algorithms. It has high efficiency, fast speed, low 

subjectivity and high accuracy. There are different 

methods for distinguishing different ground object 

categories for the acquired remote sensing images. At 

present, they are roughly divided into two categories: 

Based on pixel classification, this type of classification 

method only uses the spectral information of remote 

sensing images. The current development direction is 

multispectral development. Use remote sensing 

equipment to obtain as much spectral information as 

possible (such as near-infrared) through technical 

means, and classify the light reflectivity of different 

crops. The object-oriented law is to divide the image 

into individual objects through computer digital image 

processing technology and image classification 

algorithm technology, and classify them according to 

the similarity of object characteristics (spectrum, 

space, texture characteristics). The two classification 

methods are suitable for different remote sensing 

images, and the resulting images are also different. 

The JPEG image used in the study only has the 

gray information of red, green and blue, and the spatial 

resolution is high. The spectral information based on a 

single pixel is used to separate the ground objects, and 

the shape and texture characteristics of the image are 

not classified in terms of classification. Utilization can 

easily lead to low classification accuracy, which will 

adversely affect the application of remote sensing 

images. Through the object-oriented classification 

method, instead of relying only on the spectral 

information of a single pixel, the object expands the set 

of image object units, and makes full use of attribute 

information such as spectral information, geometric 

features, texture features, and context. The accuracy of 

area extraction is more favorable. Therefore, the 

research first performs object segmentation on JPEG 

images, and then extracts multiple spatial feature 

values for the image object segmentation unit for 

processing analysis and statistics, and establishes a 

multi-feature object classification system. The data 

processing software uses eCognition Developer 9, the 

segmentation algorithm uses image multi-scale 

segmentation, and the classification algorithm uses 

specified class classification. 

This paper uses 10 as the segmentation scale step 

size, and evaluates the segmentation effect by 

Aircraft Camera 

Parameter 

name 

Parameter 

index 

Parameter 

name 

Parameter 

index 

Weight 

743g 

(including 

gimbal 

protective 

cover) 

Image 

sensor 

1/2.3 inch 

CMOS; 

effective 

image cable 

12.35 

million 

(total image 

cable 12.71 

million) 

Maximum 

horizontal 

flight speed 

65km/h 

(sports mode, 

no wind near 

sea level) 

Lens 

FOV78.80 

28 mm (35 

mm format 

equivalent) 

f/2,2 

Flight duration 

27min (flying 

at a constant 

speed of 25 

km/h in a 

windless 

environment) 

ISO range 

Focus 

point:0.5 m 

to infinity; 

distortion 

<1.5% 

Comprehensive 

battery life 

21 min 

(normal 

maneuver, 

15% power 

remaining) 

Electronic 

shutter 

speed 

100-1600 

(photo) 

Maximum 

cruising range 

13 km (no 

wind 

environment) 

Maximum 

photo 

resolution 

8-1/8000s 

Table 1: Mavic Pro UAV main parameters. 

 

Figure 3: The optimal segmentation scale calculated by 

the ESP tool. 
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calculating the local variance of the homogeneity of 

image objects at different scales within 200400, and 

uses the ROC-LV (Rates of change of LV) value as the 

object segmentation maximum. Optimal scale 

parameters. As shown in Figure 3, the abscissa is the 

segmentation scale, and the ordinate is the local 

variance and the rate of change. When the 

segmentation scale is 300, the ROC-LV has a peak and 

maximum value. It is finally determined that the 

segmentation scale is 300 and the compactness is set to 

0.5, the shape factor is set to 0.1, and the experimental 

image data is segmented. After segmentation, a total of 

140 objects are generated, the smallest area is 2.39 m2, 

the largest area is 3162.79 m2, and the average area of 

each object is 225.61 m2. 

4.2 Image supervision classification 

Object-oriented classification can comprehensively use 

the distinctive spectrum, shape and texture of the UAV 

image segmentation object to classify images. Its basic 

classification methods are divided into two types: rule-

based classification and supervised classification. The 

rule-based classification method is simple, and it can 

achieve better results for some features with obvious 

features, but it is poor for some features with similar 

features. However, the natural surface spectrum 

features are complex, there is the same spectral foreign 

body and the same object spectrum, there is no rule 

(set) can adapt to all UAV images. The need to make 

appropriate rules and select thresholds can be multiple 

times according to the image used. Commonly used 

supervised classification are nearest neighbor 

algorithm, support vector machine and random forest 

method. The supervised classification method mainly 

depends on the discriminant function to judge the 

characteristics of unknown things and the 

characteristics of limited samples to determine the 

category of samples to be divided. The regular 

classification method can also be applied to images 

with overlapping or overlapping features between 

classes. Therefore, this paper chooses to use supervised 

classification to classify the images in the experimental 

area. 

After completing the segmentation of the sample 

plot images, visual interpretation is completed, and a 

system of 7 features including rice, trees, lotus root, 

vegetable field, bare land, roads and ditches is 

established. Configure the nearest neighbor feature 

space for the objects generated by segmentation, and 

select 24 samples for training, accounting for 17% of 

the segmented objects. The number of samples of rice, 

trees, lotus roots, vegetable plots, bare land, roads and 

ditches were 8, 3, 2, 2, 4, 3, and 2, respectively. 

Because the classification accuracy is not directly 

proportional to the number of classification features, 

redundant classification features will cause an increase 

in calculation, a decrease in classification efficiency, 

and even a decrease in classification accuracy, so 

based on the characteristics of each category sample, 

compare 15 features in the RGB spectrum, shape, 

texture of each object of the selected class as the initial 

feature set. Figure 4, depicts the relationship between 

the separability (distinguishment distance) between 

classes and the number of features used for 

classification. Use the Feature Space Optimization tool 

in eCognition software to find the feature combination 

that can produce the maximum average minimum 

distance between different types of samples.  

It can be seen that as the feature dimension 

increases, the change in the discrimination distance 

between samples at the beginning increases 

significantly, but the discrimination distance changes 

less after the feature dimension is greater than 6, and 

the discrimination distance even decreases when the 

feature dimension is greater than 10. The phenomenon. 

Comprehensive consideration of calculation amount 

and classification accuracy, and at the same time, 

determine the selection of 6 feature combinations of 

red spectrum average, yellow spectrum standard 

deviation, blue spectrum standard deviation, maximum 

difference measure, shape density, and gray level co-

occurrence matrix contrast as the optimal feature 

according to the optimization results. Space, so as to 

avoid the problems such as the rapid increase of 

calculation, the decrease of classification accuracy, and 

the redundancy of classification features caused by the 

blind use of multiple features in the classification 

process.  

After selecting the optimal feature space and class 

of interest samples, the nearest neighbor classification, 

support vector machine and random forest method are 

used to classify the image objects. 

5 Evaluation and analysis 
In order to verify the superiority and effectiveness of 

extracting rice information based on UAV images, two 

methods are used to analyze the results, one is to use 

the calculation confusion matrix to evaluate the 

classification accuracy, and the other is to compare the 

extracted rice area with Compare the actual rice area 

and evaluate the area. Considering the high spatial 

resolution of UAV images, the verification data can be 

obtained through manual visual interpretation. 

 

Figure 4: Relationship between the separability 

(distinguishment distance) between classes and the 

number of features used for classification. 
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5.1 Accuracy evaluation of classification 

results 

The accuracy evaluation of remote sensing image 

information classification results can be 

comprehensively evaluated through overall accuracy, 

mapping accuracy, user accuracy and kappa 

coefficient. For the images of the experimental area, 89 

verification objects were randomly obtained through 

manual visual interpretation, and the verification points 

and the extraction results were compared to judge 

whether the extracted ground object classification 

results were correct. After statistical calculations, the 

method for verifying the overall accuracy of UAV 

images on the sample site is 89% of the nearest 

neighbor classification method, and the kappa 

coefficient is 0.84. At this time, the mapping accuracy 

of rice is 100% and the user accuracy is 95%. The 

specific results are shown in Table 2. 

Although the images collected by drones only 

have three kinds of spectral information of red, green 

and blue, they have clearer shape and texture 

information than satellite remote sensing images. The 

spectrum, texture, and shape information of rice is 

more obvious and easy to distinguish compared to 

other ground objects. The average value of the red 

spectrum is to distinguish the color information of 

vegetation coverage objects (rice, trees, vegetable 

fields, lotus root) and non-vegetation coverage objects 

(bare land, water bodies, roads). The boundaries of 

trees are relatively broken, and the shape density is 

small.  

The shape density can effectively distinguish rice 

and trees with close color averages. The texture feature 

gray-level co-occurrence matrix reflects the gray level 

of the ground object image with respect to direction, 

adjacent interval. The comprehensive information of 

the variation range, rice, trees, vegetable plots, lotus 

roots, bare land, water bodies and roads all have 

Classification Feature category Rice 
Lotus 

root 
Trees 

Bare 

land 

Vegetable 

field 
The way Ditch 

User  

accuracy % 

Nearest 

neighbor 

method 

Rice 42    1 1  95 

Lotus root  2 1     67 

Trees   9  2 1  75 

Bare land    12 1   92 

Vegetable field     6   100 

the way    1 1 5  71 

ditch      1 3 75 

Drawing accuracy/% 100 100 90 92 55 83 60  

Overall accuracy/% 89        

Kappa coefficient 0.84        

Support 

vector 

machine 

Rice 42       100 

Lotus root  2 1  2   40 

Trees   9  2   100 

Bare land    12 1   88 

Vegetable field     6   43 

the way    1 1 5  100 

ditch      1 3 42 

Drawing accuracy/% 100 100 90 54 55 67 60  

Overall accuracy/% 82        

Kappa coefficient 0.75        

Random 

forest method 

Rice 42  
1 

 
    98 

Lotus root  2   1   67 

Trees   8    1 100 

Bare land    12 3   80 

Vegetable field     7  2 78 

the way    1  4  80 

ditch      2 3 50 

Drawing accuracy/% 100 100 80 92 64 67 60  

Overall accuracy/% 88        

Kappa coefficient 0.73        

Table 2: Confusion matrix of verification sample ground feature classification. 
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certain differences. It is the supplementary attribute to 

distinguish rice plots from the ground, so the rice 

classification accuracy is the highest. Roads, ditches, 

and other ground objects have a lot of intersections, 

and the classification accuracy is low. Some vegetable 

fields have similar characteristics with trees, and some 

have similar characteristics with bare land. Therefore, 

there will be mistakes in trees or bare land, and the 

classification accuracy is the lowest. But there are few 

cases of misclassification of rice, and the area of 

vegetable fields is generally not large, which will not 

have a big impact on the area of rice. 

5.2 Accuracy evaluation of area results 

Save the UAV image classification result as a shp file, 

use the geometric calculation function in ArcGIS to 

calculate the area of each object, and then perform 

summary statistics on each category to get the area of 

each feature type. The area consistency test method is 

as follows: the area of the visual interpretation result of 

different types of ground objects is the measured area 

S1, and the object-oriented classification result is the 

predicted area S2, then the relative area error e is: 

𝑒 =
|𝑆1 − 𝑆2|

𝑆1

× 100% 
(1) 

It can be seen from Table 3 that when the UAV 

image is used to extract the area of the ground feature, 

the UAV image has high resolution, bright color, clear 

ground feature shape and texture characteristics, and 

the UAV image and object-oriented classification 

method are applied to rice planting. The accuracy in 

area monitoring can be guaranteed, especially when 

the nearest neighbor method is used, the relative error 

is only 0.75% 

𝑌𝑖𝑒𝑙𝑑 =  
1

𝑁
∑ 𝑌𝑒

𝑁

𝑒=1

 

(2) 

The segmented images are labeled, and each yield 

value from the segmented images are further computed 

and the average yield value is used to produce the 

overall yield value of paddy fields by implementing 

Equation 2. Here N represents the amount of 

segmented images and 𝑌𝑒 represents the yield 

computed for eth segment through the deep neural 

network classifier. 

Table 4, presents the statistical parameters that 

have been utilized for obtaining the average yield of 

paddy fields. The observations analyzed considering 

the fact that various bushes of rice are collected 

manually along 2m^2 sample area of paddy field. The 

number of bushes were counted and analyzed through 

which the average yield of paddy field is computed. 

Figure 5 depicts the training progress considering 

two different modes, one is fine-tuning and other is full 

training mode respectively. For a fine-tuning stage, 

several model of Inception observed converge after 

reaching the iteration count to 4,000 iterations as 

depicted in Figure 5. On the other hand for a full 

training mode, inception models require iteration count 

of 12,000 for converging. Therefore the training period 

of these inception models for full training mode is 

higher in comparison with fine tuning mode.  

It is observed from the experimentation that 

several images are required in order to capture the 

complete paddy area through UAV’s. The altitude of 

 

Figure 5: Cross entropy of three variants of 

Inception during fine-tuning phases. 

Cate- 

gory 

Measu-

red 

area/m2 

Nearest 

neighbor 

method 

Support 

vector 

machine 

Random 

forest method 

Fore-

cast 

area/ 

m2 

Rela-

tive 

error/

% 

Fore-

cast 

area/ 

m2 

Rela-

tive 

error/

% 

Fore-

cast 

area/ 

m2 

Rela-

tive 

error/

% 

Rice 16508 16385 0.75 15876 3.83 16112 2.40 

Bare 

land 
1612 1597 0.93 531 67.06 1699 5.40 

Vege-

table 

field 

1242 1179 5.07 1980 59.42 1962 57.97 

Ditch 1077 1067 0.93 1695 5738 1385 28.60 

Lotus 

root 
482 427 11.41 1410 192.53 567 17.63 

Trees 1628 1817 11.61 1157 28.93 866 46.81 

The 

way 
483 561 16.15 384 20.50 442 8.49 

Table 3: Accuracy of surface area consistency. 

Training 

Systems 

Deep Neural 

Networks 

Performance Indices 

Re- 

call 

Preci- 

sion 

Accu- 

racy 

Time  

Evaluation 

(minutes) 

Fine  

Tuning 

Inception_V1  

model 
100 95.35 93 109 

Inception_V2  

model 
100 96.4 96.1 124 

Inception_V3  

model 
100 92.32 90.23 368 

Fully  

Training 

Inception_V1  

model 
100 98.37 96.32 1028 

Inception_V2  

model 
100 100 97.24 1224 

Inception_V3  

model 
100 100 100 3365 

Table 4: Performance evaluation of deep neural network for 

two phase of testing, fine tuning and fully training. 
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the UAV’s and configuration of installed IR cameras 

plays a major role in collecting number of images from 

UAV’s. For the accurate estimation of overall paddy 

area, process of assessment is evaluated many times 

corresponding to the amount of images collected, and 

therefore the overall yield is evaluated as an average of 

all images. 

6 Discussion 
With the rapid development of "beautiful villages" and 

"green roads", starting from the protection of farmland 

and improving the rural living environment, efforts 

have been made to plant trees, farmland forest nets, 

and village greening and beautification. By the end of 

2017, the national highway greening mileage has 

reached 2.644 million km, the greening rate reached 

63.7%, the traditional GVG collection method along 

the road will be more and more affected. The portable 

drone used in this study has a simple take-off and 

landing method, and has high shooting efficiency. The 

drone can quickly collect sample image data and 

overcome the inevitably interference from road trees 

during the use of the GVG agricultural sampling 

system. Flying over trees and other obstacles for data 

collection improves the efficiency of collecting 

effective photos, and the use of drones for sampling in 

this article can also obtain data within a certain area for 

rapid crop area extraction and planting ratio 

calculation, which is more effective than traditional 

artificial planting. After the number is judged, the 

accuracy and efficiency of regional planting ratio 

calculation are significantly improved. In addition, 

compared with corn, wheat and other crops, the 

growing season of rice is rainier, and the optical 

satellite remote sensing is affected. The resolution of 

microwave remote sensing images is also low. The 

timeliness and quality of the data are difficult to 

guarantee. Inorganic low-altitude remote sensing is 

more flexible and can overcome this impact. , 

Supplement some missing data. 

Due to the limitations of the battery life and flying 

height of the portable UAV, the UAV image obtained 

in this paper is relatively small in width and the range 

of the sample plot, which makes the topography of the 

sample plot insignificant and the types of ground 

features are limited, although there are several visual 

comparisons. After the segmentation parameter 

determines the scale optimization range, the ESP tool 

is used for quantitative analysis, and the segmentation 

scale is selected as 300. However, considering the 

variability of regional terrain, the richness of feature 

types and the complexity of geographic elements when 

UAV images are high-resolution, the optimal 

segmentation scale obtained in this paper is difficult to 

fit the segmentation scale of various regional features. 

Therefore, the adaptive multi-scale automatic 

segmentation algorithm based on the surface 

characteristics of the UAV image needs to be further 

developed, so that the segmented image object can 

achieve a better match with the real ground object, 

while reducing the need for scale selection time. 

Subsequent optimization and sorting of the object-

oriented classification methods for drone images of 

different terrains and different crop types can obtain 

comprehensive, diverse, and high-quality crop type 

information, and establish training for the use of deep 

learning for drone image crop classification. The 

sample data set will improve the automation and 

intelligence level of image interpretation, promote the 

expansion of agricultural sampling range and 

efficiency, and increase the speed of collecting food 

planting information. 

7 Conclusion 
This paper uses portable UAV to quickly obtain 

images of rice, lotus root, vegetable field and other 

crops that are blocked by houses and trees. Using 

Agisoft PhotoScan software to splice images and 

generate high-resolution orthophoto images, the best 

segmentation scale is determined quickly by 

combining visual judgment and ESP tools, and 6 

feature combinations of red spectral mean, yellow 

spectral standard deviation, blue spectral standard 

deviation, maximization difference measure, shape 

density and gray level co-occurrence matrix contrast 

are selected as the optimal feature space. Object-

oriented segmentation and three commonly used 

supervised classification methods are used to classify 

objects and extract area quickly. The results and area 

of nearest neighbor, support vector machine and 

random forest classification are evaluated by visual 

interpretation. The highest overall accuracy is the 

nearest neighbor classification. At this time, the user 

accuracy of rice classification is 95% and the accuracy 

of area consistency is 99.25%. 

UAVs can take off and land quickly without being 

restricted by terrain, and can overcome the 

shortcomings of the limited number of effective 

pictures collected by traditional GVG agricultural 

information collection systems when there are many 

roadside obstructions, and provide crop planting 

information for missing areas. Although UAV images 

only have three kinds of spectral information of red, 

green and blue, they have clearer shape and texture 

information than satellite remote sensing images. They 

are used to calculate the rice planting area of sample 

plots in plain areas with fast speed and high accuracy, 

which can be used for large-scale rice cultivation. The 

calculation of area, yield and other information 

provides a basis for verification. 
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