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Abstract: Using UAV-based multispectral images for quickly and accurately monitoring 

chlorophyll content is critical for field management and yield estimation. However, the lower model 

accuracy and the poor robustness of the estimation models are still preventing the widespread 

application of UAV-based multispectral images. We carried out two field trials at various 

experimental sites to further enhance the precision and applicability of the model used to estimate 

the chlorophyll content of potato plants. Firstly, the texture features and vegetation indices derived 

from multispectral images were screened using the Pearson correlation coefficient method, and 

Normalized difference red edge (NDRE) performed the best over the two growth periods. Secondly, 

principal component analysis (PCA) was applied to recombine five bands of multispectral images, 

and third PCA results (PCA3) was selected to combined with NDRE according to the construction 

principle of NDRE, and the newly constructed parameter was named improved NDRE (INDRE). 

Finally, INDRE was used to establish a chlorophyll content estimation model of potato plants, and 

compared with some traditional parameters. The results demonstrated that the INDRE had the 

maximum accuracy (R2 = 0.7865, RMSE = 2.1378), and corresponding R2 increased by 0.1481 and 

RMSE decreased by 1.2994 than NDRE. Additionally, the model was validated using independent 

data from Experiment 2, and INDRE considerably increased estimation accuracy compared to other 

factors. In conclusions, the INDRE suggested in this study significantly enhances the accuracy and 

applicability of the chlorophyll content inversion model and can serve as an additional reference for 

fertilization management. 

Keywords: chlorophyll content estimation; UAV- based multispectral images; NDRE;  

PCA3 and INDRE 

 

1. Introduction 

Chlorophyll is a key pigment that collects solar radiation and converts chemical energy [1], and 

photosynthesis is a crucial indicator of the growth and development of potato plants [2]. Chlorophyll 

content has been proven to be closely related to nitrogen (N) concentration [3,4], which is used to 

quantify crop photosynthetic capacity and monitor the nutritional status of crops or to guide field 

management such as irrigation [5], fertilization [6], and pesticide application [7]. Therefore, rapid and 

accuracy monitoring of crop chlorophyll content is of great significance for increasing crop yield. 

Currently, the most accurate method for measuring crop chlorophyll content is by stoichiometric 

[6]. However, destruction sampling is laborious and inefficient for measurement of chlorophyll 

content in large area crops [1,8]. Crop phenotypic information collection within field scale has become 

a bottleneck in precision agriculture [9,10]. In recent years, remote sensing technology gradually place 

in the forefront position of modern crop growth monitoring due to its advantages of quickly, 
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accuracy, and non-destruction [11–13]. SPAD meter is widely adopted to measure chlorophyll 

content of crops [14,15], and the measurement results reflect the actual chlorophyll content [16], and 

can be used for nitrogen (N) concentration diagnosis [17,18]. However, the time-consuming, high 

labor intensity confine its further application in large areas detection. In practical applications, SPAD 

instruments are often used instead of stoichiometry to verify the performance of other remote sensing 

platforms suitable for field scale. 

The generation of UAV remote sensing platforms, spanning from multi-spectral to hyperspectral 

data, to estimate the chlorophyll content of crops has considerably increased. Compared with SPAD 

meter, UAV remote sensing platform is no longer limited by field area, and can significantly improve 

data collection efficiency. A variety of vegetation indices (VIs) calculated from UAV-based 

multispectral images are commonly used to assess chlorophyll content due to the advantages of its 

straightforward and effective [19]. In the study of Yang et al., six VIs were used to construct 

chlorophyll retrieval models for potato plants during two growth periods, and the results showed 

that stacking algorithm yield the maximum prediction accuracy (R2 = 0.672, RMSE = 0.537) [20]. 

Moreover, Singhal et al. highlighted the significance correlation between red band and chlorophyll 

content in maize plants, and when comparing the performance of several machine learning 

algorithms, Kernel-Ridge obtained the most robust estimation results [21]. Although, several positive 

progresses have been made relied on multispectral VIs, problems retained. One is, when the crop 

biomass content reaches a critical value, multispectral VIs prone to lose sensitivity, and this 

phenomenon is regarded as a saturation problem. In addition, the existing multispectral VIs are 

mainly constructed on the basis of spectral differences between background and crop canopy, which 

often lead to lower accuracy in estimating chlorophyll content. 

UAV based-hyperspectral images have gained great popularity in chlorophyll content 

prediction [8], owning to its capacity to alleviate the saturation problem [22]. Hyperspectral images 

provide more band ranges and can characteristic crop canopy spectrum in great detail than 

multispectral images [12]. Sun et al. analyzed the corresponding relationship between the 

hyperspectral information and the chlorophyll content of corn under different lodging levels, and 

developed a model for estimating chlorophyll content using complex processing techniques [23]. 

Among these variables, VIs achieved the highest chlorophyll content retrieval accuracy compared 

with other common mathematical transformation processing methods for maize under lodging 

stress. However, the autocorrelation of hyperspectral data and the selection of sensitive bands have 

always been important issues in the process of hyperspectral data [24]. In order to solve these 

problems, Zhang et al. created a new feature selection method based on the 2DCOS, and introduced 

a transfer learning algorithm to establish a regression model for reducing complexity and improving 

robustness. The models of validation results have well accuracy and robustness [22]. However, high 

cost for hyperspectral sensor [25] and complex processing methods in hyperspectral data confine the 

further application in chlorophyll content prediction compared to UAV multispectral remote sensing 

platform. 

It is imperative to fully excavate the information from multispectral images, and further improve 

the accuracy of chlorophyll content inversion. Texture features reflect the canopy structure 

characteristics of crops, and combining them with multispectral VIs can alleviate the saturation 

problem with a certain extent, thereby improving the model accuracy [12,20]. But this improvement 

in accuracy is limited. Moreover, Yang et al. collected images of potato plant canopy taken with RGB 

cameras and explored relationship between the bands, further constructed the RGFI [20]. RGFI 

produced the highest accuracy in chlorophyll content estimation compared to other traditional 

vegetation indices derived from RGB cameras. At the same time, Yang et al. obtained the highest 

accuracy of fractional vegetation cover (FVC) estimation based on the fitting results in the red and 

green bands [26]. There are fewer wavebands in RGB images than multispectral images, which lead 

to lower model accuracy and robustness, thus, UAV RGB platform is rarely used for chlorophyll 

content estimation of field crops. Principal component analysis (PCA), as a classic feature 

dimensionality reduction method by finding the direction with the highest variance in the data, have 

been widely used in hyperspectral image processing [27,28] However, so far, few studies have 
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applied PCA to quantify crop chlorophyll content based on UAV- multispectral images. Moreover, 

inversion models based solely on PCA results for crop phenotype information often perform poorly. 

We hypothesize that the combination of PCA results with VIs can improve the accuracy of 

chlorophyll content estimation model, while the combination regulation of multispectral VIs and 

PCA results has not yet been investigated. 

The objective in this study was to explore use of combination of PCA results with VIs in UAV-

multispectral bands to enhance the multispectral VIs, thereby improved the estimation accuracy of 

chlorophyll content. The detailed steps were to (1) screen published multispectral VIs and texture 

features at every stage of potato growth; (2) combine the PCA results with multispectral index that 

has the highest correlation with chlorophyll content (hereafter referred to INDRE); and (3) compare 

the predictive performance of traditional VIs and texture features after Pearson correlation coefficient 

method screening with INDRE, and demonstrate if the combination of PCA results with VI could 

further improve the estimation accuracy. 

2. Materials and Methods 

2.1. Study Area 

In 2022, potato plants field experiments were conducted, named Experiment 1 (Exp. 1) and 

Experiment 2 (Exp. 2). 

Exp. 1 was located in Ningtiaoliang Town, Yulin City, Shaanxi Province (37°33'55. 57 " N, 

108°22'17.46" E) (Figure 1(a)). The climate belongs to emi-arid continental monsoon with annual 

average precipitation and annual average sunshine close to 395.4 millimeters and 2768.2 hours, 

respectively. The local type of soil is mainly sandy, with a large temperature difference between day 

and night, potatoes are widely planted locally. Exp. 2 was conducted in Letangbao Township, Yulin 

City, Shaanxi Province (37°14'26.09" N, 110°12'38.43" E) (Figure 1(b)). The land is mainly composed 

of mountains and hill, and annual average precipitation is less approximately 500 mm. 

 

Figure 1. Location and division of the two research fields and UAV-based field observations: (a) 

location of the Shaanxi province in China, (b) location of the research field in Shaanxi province, (c) 

and (d) shows the aerial view of Exp. 1 and Exp. 2 respectively. Moreover, the detailed planning of 

the ground control points and sampling plots are displayed. 

2.2. Experiment Description 

The potato varieties tested for Exp. 1 were XISEN No. 6 (P 1), No. 226 (P 2) and V 7(P 3) first-

class virus-free seed potatoes. On flat ground, potatoes were planted with a 0.6 m plant spacing and 
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a 0.5 m row spacing. Drip irrigation systems were installed on one side of potatoes after planting to 

improve the utilization efficiency of water. The Exp. 1 was setup with three replicate plots and each 

of the five treatments conformed to a complete random block design (Figure 1(c)). The total area of 

the experimental field was approximately 1700 m2, the length and width of each treated plot were 14 

m and 8 m respectively. The entire experimental field was fully irrigated, but differentiated by N 

fertilizer application rate, and divided into 5 N fertilizer gradients and 3 replicates including: A1: (N 

fertigation 0 kg ha−1), A 2: (e.g. 20 kg ha−1 for basic N fertigation, 15 kg ha−1 for the 1st N fertigation 

, 15 kg ha−1 for the 2st N fertigation), A 3: (e.g. 40 kg ha−1 for basic N, 30 kg ha−1 for the 1st N 

fertigation , 30 kg ha−1 for the 2st N fertigation), A 4: (e.g. 60 kg ha−1 for basic N, 60 kg ha−1 for the 

1st N fertigation, 60 kg ha−1 for the 2st N fertigation), A 5: (e.g. 80 kg ha−1 for basic N, 120 kg ha−1 

for the 1st N fertigation , 120 kg ha−1 for the 2st N fertigation). Potatoes planting, emergence and 

harvest dates are 1 May, 29 May and 27 August, 2022, respectively with a 90-day lifespan. 

The potato varieties in Exp. 2 were P 1 and P 3 first-class virus-free seed potatoes. Potatoes were 

planted by artificial ridging with row spacing of 0.6 m and 0.5 m of plant spacing. As similar to Exp. 

1, N fertilizer was controlled as variable with three replicate plots of four treatments including: N 1: 

(N fertigation 0 kg ha−1), N 2: (N fertigation 80 kg ha−1), N 3: (N fertigation 160 kg ha−1), N 4: (N 

fertigation 240 kg ha−1), and each treatment laid out a complete random block design. The area of 

Exp. 2 was approximately 1200 m2, and the dimensions of each plot was 12 m × 8 m. Since Exp. 2 was 

located between two peaks with an altitude of 150 meters, applying N fertilizer once was conducted 

during the entire growth period of potato. As the potato varieties in Exp. 1 included that of in Exp. 2, 

the growth characteristics of potato in Exp. 2 were basically the same as those in Exp. 1. Affected by 

the rainstorm, we only collected data for one period of potato in Exp. 2. 

2.3. Chlorophyll Content Measurement 

SPAD reading has been proved to have a significant linear relationship with the chlorophyll 

content measured by the stoichiometric method, and which can be used instead of stoichiometry. 

Drawing on previous methods for measuring chlorophyll content [20], we randomly selected three 

potato plants with similar growth in each plot for measurement. In Exp. 1, measurements were 

separately taken 60 and 75 days after potato planting, which named separately as V 1 and V 2 stage, 

and the measuring area should avoid the leaf veins as much as possible. 9 leaves from each plant 

were select, each leaf was measured 4 times and the corresponding average value served as a 

measurement of chlorophyll content. The chlorophyll content measurement method in Exp. 2 was 

consistent with Exp. 1, and the sampling time was 60 days after potato planting. 

2.4. UAV -Based Multispectral Images Collection and Preprocessing 

On the same day as chlorophyll content measurement, UAV-based multispectral images 

Acquisition of. The UAV used was a DJI Phantom 4 Multispectral (P4M) UAV (SZ DJI Technology 

Co., Ltd., Shenzhen, China) with maximum horizontal flight speed in positioning state of 50 km h-1, 

and maximum flying altitude of 6000 m. The P4M is a multispectral sensor that can take pictures in 

5 bands, including the visible and infrared spectrum. All channels are arranged in an array with 

effective pixels of 2.00 million. Moreover, Real-time kinematic (RTK) system is integrated P4M UAV, 

which can achieve centimeter level positioning, greatly facilitating accurate management. 

The collection of UAV based-multispectral images was carried out at approximately 11:30 am 

under sunny and windless weather. Before performing a flight mission, the multispectral imagery of 

two radiometric scales with spectral reflectance of 25% and 50% (GZ Changhui Electronic Technology 

Co., Ltd, China) were firstly obtained at altitude of 1 m for UAV flight. DJI GS Pro (SZ DJI Technology 

Co., Ltd., Shenzhen, China) was applied to plan route missions, an application that run on iPad that 

guided the serpentine image acquisition manner. Detailed UAV platform and multispectral camera 

information were given in Table 1. According to the suggestion by González-Jaramillo et al. [29], five 

GCPs were regularly placed throughout the experimental plot in a visible area for georeferencing 

position of research objects. The P4M UAV flied at an altitude of 30 m and a speed of 3 m/s, with the 

camera vertically downwards to obtain multispectral images of the potato plants canopy, and 
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forward and side overlap both are 85%. The time interval for taking photos was 3s, and the route area 

was designed to be larger than the experimental plot area to ensure sufficient number of point clouds 

in the boundary area. In addition, Pix4Dmapper software (Pix4D Inc., Lausanne, Switzerland) was 

used to performed image mosaic processing, included: (1) Inputting all images and performing 

initialization processing; (2) Importing 5 GCPs into the software, and then conducting one click 

automation processing; (3) exporting Digital Orthophoto Map (DOM) and Digital Surface Model 

(DSM). 

Table 1. Specific parameter list of P4M UAV. 

UAV Camera 

Parameters Values Parameters Values 

Product type Quadcopter Color output 

Global shutter, and 

all spectral bands 

aligned 

Longest flight time /min 27 Focal length/mm 5.74 

Maximum takeoff weight /kg 1.487 Field of view/ (◦) 62.7 

Operating temperature/℃ 0-40 Pixels 1600×1300 

Digital communication distance/km 7 Wave length/mm 200-800 

Maximum withstand wind 

speed(m/s) 
8 

Capture rate 

(time/s) 
1 

2.5. Methodology 

The main process consists of four parts (Figure 2). First, the DOM of experimental area was 

cropped, and calculated the common 8 multispectral VIs and 8 texture features. Second, VIs and 

texture features were screened, and pick out the VI that has the highest correlation by using Pearson 

correlation coefficient method. Third, PCA was conducted on the five bands of multispectral images 

for dimensionality reduction, and PCA result was selected to combine with VI that have well 

correlation during the two growth periods for further construct a new feature. Fourth, chlorophyll 

content estimation models were established separately at each growth and the whole growth period, 

and then evaluated the model accuracy through the measurements. Finally, the chlorophyll content 

obtained by Exp. 2 was used to additionally evaluate model accuracy and universality. 

 

Figure 2. Process for (a): UAV-based multispectral images preprocessing and feature construction, 

(b): The establishment of chlorophyll content inversion model and verify. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 April 2024                   doi:10.20944/preprints202404.0311.v1



 6 

 

2.5.1. The Calculation of VIs and Texture Features 

The physiological characteristics of crops result in relatively low reflectivity of green leaves at 

400-490 nm (blue band) and 650-700 nm (red band), while slightly higher reflectivity occurs at 490-

600 nm (green band) [1]. Moreover, crop reflectance has increased rapidly from 700 nm. A series of 

mathematical transformation method is additionally introduced to expand this spectral difference, 

thereby constructing various multispectral VIs, the widely used VIs mainly include Normalized 

Difference Vegetation Index (NDVI) [30], soil-adjusted vegetation index (SAVI) [31], optimized soil-

adjusted vegetation index (OSAVI) [32], Modified simple ratio (MSR) [33], Ratio Vegetation Index 

(RVI) [34], Land Cover Index (LCI) [35], Green NDVI (GNDVI) [36], Normalized Difference Red Edge 

Index (NDRE) [37], Green Chlorophyll Index (GCI) [6] and Atmospherically Resistant Vegetation 

Index (ARVI) [1]. Gray-level cooccurrence matrix was applied to extract the classic texture features 

such as mean, correlation(cor), dissimilarity(dis), contrast(con), homogeneity (hom), entropy(ent), 

angular second moment(sm) and variance(var). A total of 40 texture features were extracted in five 

bands.  

2.5.2. Screen of Characteristic Parameters 

Pearson correlation coefficient method, as a typical evaluation variable correlation degree 

algorithm can screen variables based on standardizing covariance [38]. The strength of a correlation 

between two variables is measured using Pearson's correlation coefficient (r), which ranges in value 

from - 1 to 1. Positive and negative values of the r value represent positive and negative correlations, 

respectively, and the higher the absolute value of the r value, the stronger the correlation. The two 

growth periods, parameters with better correlation to chlorophyll content were used for subsequent 

analysis, such as feature construction and establishment of chlorophyll content inversion model. 

2.5.3. Characteristic Parameter Construction 

PCA usually serves as an important tool for feature dimensionality reduction, which can 

preserve as much effective parts of the data as possible. At the same time, VIs have great potential to 

expand the difference between observation and background, but cannot retain sufficient information 

from the original data [39]. If VIs with well correlation to chlorophyll content and PCA results are 

combined, canopy phenotype information of crops can be characterized in great detail, and sufficient 

information from the original data can be retain as much as possible. In this study, the relationship 

between PCA results and chlorophyll content was described, and the linear relationship between VI 

and PCA results was statistically analyzed. In addition, the construction principle of the VI with the 

best correlation to chlorophyll content was applied for the combination of VI and PCA results. 

2.5.4. Accuracy Evaluation 

The datasets obtained in Exp.1 were used for modeling and evaluation, and training sets and 

validation sets was randomly divided at a ratio of 7:3 Coefficient of determination (R2), root mean 

square error (RMSE), as a typical model evaluation indicator, were applied to verify the accuracy of 

the regression model. Moreover, applying the optimal model of chlorophyll content to the data 

obtained in Exp.2 to test the universality and accuracy. 

3. Results 

3.1. Feature Filtering Results 

For VIs, after PCA screening, it was found NDRE had the best performed at V1 stage with 

correlation coefficient value of 0.6011, followed by GOSAVI (r=0.3447) and LCI (r=0.3277). Moreover, 

the correlation coefficient of the remaining VIs was less than 0.30. At V2 stage, NDRE also performed 

the best with r value of 0.5323, followed by LCI (r=0.5029), GNDVI (r= 0.4564) and GCI (r= 0.4074), 

the others were all below 0.4. Overall, NDRE had the highest correlation with chlorophyll content 

with the two growth periods of potato plants. Interestingly, the correlation of NDRE in the V1 stage 
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was higher than that of in the V2 stage. This is mainly due to the saturation phenomenon described 

in the introduction section. 

When it considering texture features, mean value of blue band (B-mean) produced significant 

correlation with chlorophyll content (r= 0.8541). However, the variance of near-infrared band (RE-

var) had best performing (r=-0.6829) at V2 stage. Moreover, there were no features observed in 

producing high correlation. As potato plants transition from tuber formation to tuber enlargement, 

the increase of potato flowers has produced more complex canopy texture features, which further 

lead to inconsistent performance of texture features between two growth periods.  

Although at V1 stage, higher correlation was found in B-mean and R-mean than NDRE (Figure 

3(a)), the above two parameters did not achieve ideal performance in V2 stage. Furthermore, at V2 

stage, RE-var obtained higher correlation than NDRE. However, NDRE achieved the most significant 

correlation coefficient compared with other remaining parameters (Figure 3(b)). Taking into account 

the performance of all the above-mentioned features of two growth periods of potato plants, NDRE 

was selected to construct a new feature parameter. 

  

(a) (b) 

Figure 3. Feature screening results based on Pearson correlation coefficient method. (a) Importance 

ranking of V1 stage, (b) Importance ranking of V2 stage. 

3.2. Feature Construction Results 

PCA was conducted to screen the reflectivity of 5 bands, the first principal component analysis 

result (PCA1) and second principal component analysis result (PCA2) was positively correlated with 

NDRE respectively, which were not accessible for the combination of NDRE with PCA1 or PCA2. 

Figure 4(a) shows the third principal component analysis result (PCA3) have a negative correlation 

distribution law with NDRE. Figure 4(b) illustrates the NDRE and PCA3 have obvious linear 

relationship, with R2 value of 0.9957 and RMSE value of 0.0045.  

The chlorophyll content of potato plants in the experimental field increases with the increase of 

N application rate. This found was similar with [17,40]. In order to further describe the experimental 

field distribution of the above three PCAs, we generated their corresponding prescription maps. It 

could be observed from Figure 5(a) and Figure 5(b), PCA1 and PCA2 cannot be used to characterized 

distribution of chlorophyll content of potato plants. These are mainly influenced by different potato 

varieties. Figure 5(c), PCA3 per plot roughly decreased with N fertilizer application rate increasing, 

a response that was inverse to chlorophyll content. Therefore, combining NDRE with PCA3 can 

further improve the estimation accuracy. Improved NDRE (INDRE) was designed based on 

construction principle of NDRE, and the calculation formula for INDRE was shown as Eq. (1). 

 

PCA3 NDRE
INDRE

PCA3 NDRE

−
=

+  
(1) 

At V1 and V2 stage, the correlation coefficient of INDER was 0.8102 and 0.7792 respectively. 

Compared with NDRE, the r value increased by 0.2091 and 0.2469 respectively. Moreover, the 

correlation coefficient of INDRE was only lower than B-mean at V1 stage, and at V2 stage, INDRE 

achieved the highest correlation coefficient. It can be seen that the INDRE proposed by combining 
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the PCA3 of the above 5 bands with the NDRE construction principle has great potential to improve 

the correlation. 

  
(a) (b) 

Figure 4. (a) Scatter distribution of potato plants under NDRE and PCA3 fitting conditions, (b) Linear 

fitting results of potato plants in NDRE and PCA3. 

   

(a) (b) (c) 

Figure 5. Distribution results of the first three PCAs in the experimental field for (a) PCA1, (b) PCA2 

and (c) PCA3. 

3.3. Results of Chlorophyll Content Estimation 

During the two growth periods, INDRE, NDRE, B-mean, and RE-var with high correlation were 

used to establish inversion model of chlorophyll content, respectively. Potato plants are less affected 

by the growth period at a single stage, so linear regression models are applied to estimate chlorophyll 

content. On the contrary, as the potato plant grows, its physical and chemical indicators will produce 

significant changes, further leading to a huge difference in the canopy spectrum. Therefore, the 

polynomial regression models were selected to estimate chlorophyll content for two growth periods. 

At V1 stage, B-mean obtained the highest estimation accuracy of chlorophyll content (R2=0.7296, 

RMSE=2.3409) followed by INDRE (R2=0.6565, RMSE=2.6382), NDRE (R2=0.3613, RMSE=3.5973) and 

RE-var (R2=0.1353, RMSE=4.1858).  
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At V2 stage, INDRE produced the best performance (R2=0.6072, RMSE=2.3453), followed by RE-

var (R2=0.4663, RMSE=2.7337), NDRE (R2=0.2833, RMSE=3.1679) and B-mean (R2=0.1377, 

RMSE=3.4747). Although the chlorophyll content estimation accuracy of INDRE at V1 stage was 

lower than that of B-mean, the best accuracy was achieved at V2 stage. To further evaluate the 

performance of the above four parameters capacity, chlorophyll content measured in the two growth 

periods was used to assess the model. Figure.6 demonstrates INDRE yield the best chlorophyll 

content estimation accuracy (R2=0.7865, RMSE=2.5132), followed by NDRE (R2=0.6384, RMSE=3.8126), 

B-mean (R2=0.5127, RMSE=3.9386) and RE-var (R2=0.3553, RMSE=8.6215), and the corresponding R2 

and RMSE increases by 0.1481 and decreases by 1.2994 respectively compared with NDRE. When the 

chlorophyll content measured at different growth periods of potato plants were applied, the variation 

of which increased, so INDVI obtained a higher estimation accuracy compared with a single stage. 

Moreover, INDRE yielded higher estimation accuracy compared to other variables, which further 

proved the feasibility of combining PCA. 

4. Discussion 

4.1. Universality of Chlorophyll Content Estimation Models 

When the observation environment changes, the accuracy of chlorophyll content estimation will 

be greatly affected [19]. Therefore, it is imperative to evaluate the chlorophyll inversion models of 

potato plants measured in different environments to verify their universality. Generally, there were 

lower accuracy of regression model of chlorophyll content established in other environments than 

that of modeling subset due to the time, locations, and scales influence. Soil type, planting method 

and growth environment are different among Exp. 1 and Exp. 2. In order to assess universality, we 

applied above parameters with strong correlation to plant chlorophyll content in Exp.1 as standalone 

data obtained in Exp. 2. Figure 7 were the comparisons between measured and predicted chlorophyll 

content of the INDRE, NDRE, B-mean and RE-var. Figure 6 indicates that INDRE similarly obtain the 

highest estimation accuracy of chlorophyll content with R2 value of 0.7065 and RMSE value of 2.2197, 

followed by RE-var (R2=0.6202, RMSE=2.5248), B-mean (R2=0.6091, RMSE=2.5617) and NDRE 

(R2=0.4958, RMSE=2.9091). The proposed INDRE performed well in the estimation of potato plants 

chlorophyll content in different growth environments. 

    
(a) (b) (c) (d) 

Figure 6. Validation of estimation model based on different parameters in Exp. 1. 

  
 

 

(a) (b) (c) (d) 

Figure 7. Validation of estimation model based on different parameters in Exp.2, for (a) NDRE, (b) 

INDRE, (c) B-mean and (d) RE-mean. 
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4.2. Comparison of Different Feature Selection Algorithms 

The Pearson correlation coefficient method was used to screen variables by evaluating the linear 

relationship between two parameters. Apart from Pearson correlation coefficient method, random 

forest (RF) provides feasible solutions for feature screening by comparing feature contributions 

[18,41]. RF was selected to assess the contribution rate of each feature during the two growth periods 

of potato plants in comparison with Pearson correlation coefficient method to further explore the law 

of feature contribution. For the convenience of readers to observe the contribution of each parameter 

more vividly, the first 8 features with higher contribution were displayed. Although, Figure 8 shows 

that the screening results of RF are inconsistent with those of Pearson correlation coefficient method, 

based on the results of RF screening in two growth periods, there were closer relationship between 

NDRE and chlorophyll content. Therefore, it is reasonable to use NDRE for subsequent feature 

construction. 

  

(a) (b) 

Figure 8. Feature screening results based on RF algorithm. (a) Importance ranking of V1 stage;(b) 

Importance ranking of V2 stage. 

4.3. The Effect of Fitting Parameter Selection on Estimation Accuracy 

Different fitting parameters had a great influence on the results of INDRE construction, so an 

inappropriate setup of the fitting manner generally lead to misleading estimated results [42]. K-

means clustering was conduct to classify experimental fields, and number of clusters was set to be 5 

according the gradient of N fertilizer application rate with 20 iterations, the corresponding five 

categories of clustering results were named C 1, C 2, C 3, C 4 and C 5. Figure 9 (b) and Figure 9(c) 

indicates separately that the clustering results of PCA1 and PCA2 sampling plots is greatly influenced 

by potato varieties. Unlike PCA1 and PCA2, the clustering results of PCA3 are mainly affected by the 

amount of N fertilizer applied instead of potato varieties (Figure 9 (d)). To provide a more detailed 

description of this difference, the proportion of clustering results of different PCAs were compared 

by least significant different test (LSD) at the 95% level of significance. Figure 10, there were no 

significant difference in PCA1 of C 3, C 4 and C 5. In addition, there were significant differences 

among the three potato varieties in other categories. For PCA2, there were significant difference 

among the three varieties of C 1, C 3, and C 4, and the remaining other categories had no significant 

difference. In PCA3, C 1 and C 3 also had significant difference of three potato varieties, this may be 

influenced by the amount of N fertilizer applied. Interestingly, significant differences in the 

proportion of C 1 among the PCAs between potato varieties were found. 

Similarly, the significant differences among the 5 categories under the 5 N application gradients 

were analyzed. Figure 11 shows no significant differences are found in the 5 categories of PCA1 and 

PCA2. On the contrary, there were significant difference among the 5 N fertilizer gradients of C 1, C 

2, and C 3 in the PCA3. The PCA3 of C 1 was roughly negatively correlated with N application rate 

and there was no obvious pattern in C2 and C3. At the same time, we analyzed the reasons for the 

differences between three potato varieties in PCA3. Figure 12 indicates that the differences between 

potato varieties are basically consistent with the changes in N fertilization application gradient in C 
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1 and C 3. Therefore, it can be inferred that the differences between potato varieties are caused by the 

amount of N fertilizer applied. 

To fully excavated the UAV- based multispectral images and evaluate the applicability of PCA1 

and PCA2, the fitting results of the PCA1 and the PCA2 with NDRE were used to establish prediction 

model. Figure 13 shows both PCA1 and PCA2 have a significant linear distribution with NDRE, and 

the corresponding R2 exceeds 0.99. Regretly, the both INDRE constructed separately based on PCA1 

and PCA2 have unsatisfactory performance (Figure 14). However, INDRE based on PCA3 could well 

characterize the chlorophyll content of potato plants, and achieved better estimation accuracy 

compared with other common parameters. 

 

  

 

(a) (b) (c) (d) 

Figure 9. Classification results of experimental field based on K-means cluster for (a) distribution of 

three potato varieties, (b) PCA1, (c) PCA2, (d) PCA3. 

   
(a)  (b)  (c) 
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(d) (e) 

Figure 11. Significance analysis of the proportion of five cluster categories under the first three 

principal component analysis results of five N fertilizer gradients. (a) C 1, (b) C 2, (c) C 3, (d) C 4 and 

(e) C 5. The corresponding significant differences had been represented by different letters (p < 0.05). 

  

(a) (b) 

Figure 12. Comparison results of significant differences between C 1 and C 3 for potato varieties and 

N fertilizer gradients, for (a) C 1 and (b) C 3. 

  
(a) (b) 

Figure 13. Relationship between different PCA results and NDRE. (a) The linear relationship between 

PCA1 and NDRE;(b) The linear relationship between PCA2 and NDRE. 
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(a) (b) 

Figure 14. Validation of chlorophyll content estimation model with INDRE constructed based on 

PCA1 and PCA2 respectively, for (a) INDRE-PCA1 and (b) INDRE-PCA2. 

4.4. Significance, Advantages, and Disadvantages of This Study 

Under similar control conditions, Qiao et al. used wavelet analysis to remove soil background 

of UAV-based multispectral images, and then established a regression model for maize canopy 

chlorophyll content estimation based on PLS method [33]. The results showed that removing soil 

background could improve the accuracy of chlorophyll content estimation with the highest R2 of 

0.6923. Yang et al. extracted common multispectral VIs, texture features and fractional vegetation 

cover (FVC) of potato plants, and constructed an estimation model of chlorophyll content based on 

stacking algorithms (R2 = 0.739, RMSE =0.511)[20]. Although various machine learning algorithms 

had been fully excavated, VIs and variables combination manner, the multispectral images 

information does not fully retain, resulting in a lower accuracy of chlorophyll content estimation. 

Therefore, it is necessary to improve the accuracy of estimating chlorophyll content by fully excavate 

the UAV-based multispectral images information. 

 This study combining PCA results of five multispectral bands with NDRE performed well with 

highest R2 value of 0.7865, RMSE value of 2.1378. Moreover, measured chlorophyll content in Exp. 2 

was used to evaluate the accuracy and robustness of this model, unfortunately, the model accuracy 

decreased, but it was still in an acceptable range in Exp. 2. The difference in soil, management 

methods, and climatic conditions between Exp. 1 and Exp. 2 mainly caused this phenomenon. In 

subsequent research, we will collect chlorophyll content data from multiple factors to further 

improve the accuracy and universality of potato chlorophyll content inversion models.and PCA2 

respectively, for (a) INDRE-PCA1 and (b) INDRE-PCA2. 

5. Conclusions 

To fully utilize the UAV-based multispectral images information to estimating the chlorophyll 

content of potato plants, the INDRE constructed based on the combining NDER with the 3rd PCA 

results for the 5 above-mentioned bands was proposed in this paper. INDRE was fully analyzed and 

validated against measured chlorophyll content, and compared with common parameters, including 

VIs and texture features, with main conclusions as following: 

(1) The screening results of the Pearson correlation coefficient method showed that the NDRE had 

the highest correlation with chlorophyll content at 75th day after potato planting. Although the 

feature screening results of RF showed that the contribution of NDRE in the two growth periods 

of potato plants was not the highest, combining the screening results of the two periods, NDRE 

had achieved well performance. 

(2) The PCA1 and PCA 2 of experimental field were greatly influenced by potato varieties, and the 

PCA3 was negatively correlated with N application rate. Moreover, NDRE had a negative 

correlation with the PCA3, which could be effectively combined. 
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(3) The INDRE, proposed on the basis of the the construction principle of NDRE, and combining 

the NDRE with the PCA3 significantly improved the estimation accuracy of chlorophyll content. 

However, the INDRE constructed separately based on the PCA1 and PCA2 did not achieve 

promising performance. Besides, the model used for chlorophyll content retrieval in Exp.1 also 

performed well in Exp.2, which proved that the INDRE proposed in this paper had better 

estimation accuracy and robustness of chlorophyll content in potato plants. 
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