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Abstract: Identification of nutritious rice variety through non-destructive detection technology is 
necessary for high quality seed production. With the development in technology, rapid and non-
destructive identification methods based on unmanned aerial vehicle (UAV) remote sensing 
technology are increasingly gaining scientific community attention. This study utilized 
hyperspectral imaging technology to acquire spectral reflectance data from the rice canopy during 
the grain-filling stage. Different models (Stepwise Multiple Linear Regression, SMLR and the Back 
Propagation Neural Network, BPNN) for estimating rice nutritional quality indicators based on 
canopy spectral information were constructed using both multiple stepwise regression and BP 
neural networks. The results showed that the model based on BPNN estimation performed best for 
predicting grain protein content, with an R2 =0.9516 and RMSE=0.3492, indicating high accuracy 
and stability of the model. Overall, hyperspectral imaging technology combined with various model 
could significantly help to identify rice varieties. Further, the current findings provide a technical 
reference for the selection of high-quality rice varieties in a non-destructive manner. 

Keywords: rice; nutritional quality; hyperspectral; unmanned aerial vehicle (UAV); estimation 
model 

 

1. Introduction 

Rice is one of the most important staple crops globally, particularly in China, where it plays a 
vital role in food security and agricultural economy. With the continuous development and iterative 
updates in unmanned aerial vehicles (UAVs), hyperspectral remote sensing technology based on 
UAV platforms is being widely applied. Hyperspectral remote sensing technology helps in non-
destructive estimation of various physicochemical indicators of rice, facilitating intelligent 
management of rice production [1]. Combining rice quality estimation with hyperspectral remote 
sensing technology allows for a more comprehensive, rapid, and objective understanding of rice 
quality, which is an inevitable trend in the development of automated grading[2]. Previously, 
researchers have done preliminary explorations of rice quality using near-infrared spectroscopy 
technology Hui et al. [1]conducted study on three main components in 102 rice samples, and 
established quantitative analysis models for rice moisture, protein, and amylose using partial least 
squares combined with near-infrared spectroscopy. Ying et al. [2] used rapid near-infrared 
spectroscopy analysis technology and established a mathematical model between near-infrared 
spectroscopy and the crude protein content of rice using partial least squares regression, and 
predicted the crude protein content in brown rice. Zhang et al. [3] obtained near-infrared spectra from 
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178 recombinant inbred lines of 51 rice varieties and developed a model based on partial least squares 
regression to estimate the rice protein and amylose contents. Cheng et al. [4] based on a self-
developed near-infrared spectroscopy platform, used 143 hybrid indica rice varieties with different 
taste qualities as materials, established models for single grain amylose and protein content, and 
explored the impact of genetic differences between parents on the taste quality of rice. The research 
proved that near-infrared spectroscopy could identify high taste quality hybrid indica rice. 

In the field of estimating rice quality using hyperspectral technology, Barnaby et al. [5] 
demonstrated that hyperspectral technology could be used for non-destructive high-throughput 
phenotypic analysis of grain chalkiness and potentially other grain quality traits in multiple rice 
samples. Xiao et al. [6] used indoor-obtained reflectance spectra of rice flour and dry panicles as the 
basic data source through four steps: continuous wavelet spectral transformation, sensitive wavelet 
feature extraction, common feature analysis, and predictive model construction. It was found that, 
high-throughput hyperspectral prediction of amylose content was achieved, laying the foundation of 
hyperspectral estimation of amylose content in rice grains at the canopy level. Further, Lihong et al. 
[7] also studied the correlation between rice grain quality and the spectral characteristics of the rice 
canopy reflection to realize high-throughput estimation of rice quality, and found satisfactory results. 
Xianlong et al. [8] acquire multispectral canopy data of rice population at four stages and measure 
the protein content, amylose content, and taste value of rice grains. They constructed quality 
estimation models through stepwise multiple linear regression for different growth stages, and found 
that the amylose content of rice is difficult to estimate. Moreover, the accuracy of the maturity stage 
quality estimation model based on vegetation indices was superior to those of the other three stages, 
proving the high accuracy of quality estimation for rice quality using multispectral UAVs during the 
maturity period. 

To ascertain the feasibility of utilizing unmanned aerial vehicle (UAV) hyperspectral imaging 
for estimating field rice quality further, this study employed the DJI Matrice M600Pro UAV equipped 
with a Gaia Sky-mini airborne hyperspectral camera. Hyperspectral data were collected during four 
growth stages of field rice, such as tillering stage, jointing stage, booting stage and grain filling stage. 
The objectives are to construct a model for estimating rice protein content using hyperspectral 
technology and machine learning, thereby providing technical support for future assessments of rice 
quality and contributing to the development of automated grading systems in precision agriculture. 

2. Materials and Methods 

2.1. Experimental Design 

2.1.1. Experiment 1 

The experiment 1 was proceeded during 2022-2023 at experimental farm of the College of 
Agronomy, Yangzhou University (119.426°E, 32.391°N)). The test materials for experiment 1 included 
four rice varieties: Yangnong Rice 1, Xiu Zhan 15, Y Liangyou 900, and Yangdao 6. Each variety was 
subjected to four nitrogen levels: 0 kg ha-1, 120 kg ha-1, 240 kg ha-1, and 360 kg ha-1, making a total 
of 16 plots with each plot measuring 3 m × 4 m. The nitrogen fertilizer was applied as base fertilizer: 
tillering fertilizer = 5:5, while phosphorus and potassium fertilizers were applied at rate of 150 kg ha-
1 as base fertilizers. Further, field management activities were carried out according to conventional 
methods. 

2.1.2. Experiment 2 

This experiment was conducted in 2022 at the Xinminzhou experimental field of Yangzhou 
University (119.426°E, 32.391°N). The test materials for experiment was 2 consisted of 60 rice varieties, 
the names and field plot numbers of varieties are listed in Table 1. 
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Table 1. Variety name and field plot number of different varieties used in experiment 2. 

Plot 
number 

Variety name Plot 
number 

Variety name Plot 
number 

Variety name 

S01 Taiwan 0206 S21 Lianjing 6 S41 Ningjing 1 
S02 Taiwan 65 S22 Nanjing 5718 S42 Nanjing 44 
S03 Taiwan 30 S23 Su Xiu 867 S43 Wuyun Jing 30 

S04 Taiwan 50 S24 Xudao 3 S44 
Ningxiang Jing 

9 

S05 Nong Ken 58 S25 Huai Dao 5 S45 Xiang Xue Dao 
515 

S06 Yan Feng 47 S26 Si Dao 301 S46 Wujing 15 

S07 Dang Jing 8 S27 MG7200 S47 Wuxiang Jing 
14 

S08 Wan Dao 8 S28 Yan Dao 83006 S48 Zhen Nuo 19 

S09 
Zhongzhong 

Xiangnuo S29 Huai Dao 13 S49 Su Yu Nuo 

S10 Zhongyan Dao 881 S30 Nanjing 45 S50 Xiu Shui 123 
S11 Wu Yu Jing 3 S31 Wuling Jing 1 S51 Hu Ruan 1212 
S12 Lian Jia Jing 1 S32 Yan Dao 10 S52 Shang Shi Da 19 
S13 Lian Jing 7 S33 Nanjing 9108 S53 Xiu Shui 110 
S14 Yan Jing 2 S34 Si Dao 17 S54 Xiu Shui 114 
S15 Zhen Dao 88 S35 Jin Xiangyu 1 S55 Jia He 218 
S16 Hua Jing 5 S36 Nanjing 46 S56 Xiu Shui 134 
S17 Huai You Jing 2 S37 Wu Xiang Jing 9 S57 Jia 58 

S18 Hua Jing 6 S38 Guangling 
Xiangnuo 

S58 Chang Nong 
Jing 1 

S19 Lian Jing 4 S39 Wuyun Jing 7 S59 
Su Xiang Jing 

100 

S20 Huai Dao 11 S40 
Guangling You 

Jing S60 Xiang Ruan Yu 

Each of the 60 varieties was planted in one plot, totaling 60 plots as shown in Figure 1, and plot 
size was 3 m × 4 m. The nitrogen fertilizer was applied at 270 kg ha-1 as base fertilizer and tillering 
fertilizer in a 5:5 ratio. Phosphorus and potassium fertilizers were applied at a rate of 150 kg ha-1 as 
base fertilizers. All other field management was done according to conventional methods. 

 

Figure 1. Canopy image showing distribution of varieties in experimental plots. 
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2.2. Data Acquisition 

2.2.1. Rice Grain Crushing and Rice Flour Preparation 

The target samples were crushed using the Dajie FS-II Laboratory Cyclone Mill/Laboratory 
Grinder to obtain rice flour. The specific procedure involved weighing approximately 20 g of polished 
rice, which was then air-dried for about three days at a ventilated location until the moisture content 
of the rice grains from all varieties was ≤14%. Milling could then commence. The polished rice was 
poured into the cyclone mill, and the outlet was tightly sealed with a plastic bag and rubber band to 
prevent sample loss. The resulting grain powder was sieved twice using a 100-mesh sieve. Finally, 
the sieved rice flour was collected into a sealed bag using a soft brush, air was expelled to prevent 
moisture and insect damage, and the samples were renumbered with an oil-based marker. 

2.2.2. Protein Content Determination 

Using equipment such as a benchtop centrifuge, constant temperature water bath, visible 
spectrophotometer/enzyme labeler, micro quartz cuvette/96-well plate, and micropipette, the soluble 
protein content in the sample powder were determined using the Comin BCA Protein Assay Kit. 

2.2.3. UAV Hyperspectral Imaging Acquisition 

Hyperspectral images were captured using the DJI Matrice M600 Pro UAV equipped with a Gaia 
Sky-mini airborne hyperspectral camera, capable of acquiring hyperspectral images in the 400-1000 
nm range. Flight planning was done using DJI’s GS Pro software. The images were taken in clear 
weather without clouds and suitable sunlight, as excessive light may cause overexposure and affect 
the extraction of hyperspectral features. The optimal time was around 10 a.m., with short flight 
intervals to ensure sufficient and stable sunlight. The shooting angle was perpendicular to the ground, 
and the flight altitude was approximately 50 meters. Wind speeds were generally not more than 
Beaufort scale four to ensure flight stability and subsequent image stitching quality. The UAV images 
were taken at rice booting, heading, flowering, and grain filling stages, and all images were in JPG 
format. A grayscale gradient board prepared in advance was used for spectral data acquisition with 
the hyperspectral camera after UAV aerial photography, which was later used for radiometric 
correction in image stitching. 

2.2.4. Image Preprocessing 

Image stitching was conducted using Agisoft software, followed by image preprocessing with 
ENVI software, including denoising and sharpening, to effectively enhance image quality. A 
grayscale gradient board served as the calibration object, and ENVI was used to extract grayscale 
values from the board to establish a grayscale-reflectance curve equation for radiometric correction 
of the rice canopy reflectance spectra in the plots. Finally, the grayscale values were converted into 
true reflectance information of the rice canopy spectra, thereby enhancing experimental accuracy. 

2.2.5. Selection of Vegetation Indices 

The principle of vegetation indices is based on the reflective characteristics of vegetation at 
different wavelengths. Hyperspectral image data captured by the UAV was used to extract all bands 
from the images, and specific formulas were applied to calculate the required vegetation indices. This 
study selected 13 vegetation indices that were previously proposed for nutritional quality estimation 
(Table 2). 

Table 2. The spectral vegetation index used in this study. 

Vegetation index Abbreviation Calculation formula Reference 
Normalized Difference 

Vegetation Index 
NDVI (NIR-R)/(NIR+R) [9] 

Ratio Vegetation Index RVI NIR/R [9] 
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Difference Vegetation 
Index 

DVI NIR-R [9] 

Triangular Vegetation 
Index TVI 60×(NIR-G)-100×(R-G) [9] 

Optimized Soil-Adjusted 
Vegetation Index OSAVI (1+0.16)*(NIR-R)/(NIR+R+0.16) [10] 

Re-normalized Difference 
Vegetation Index 

RDVI √NDVI*DVI [10] 

Vogelmann Red Edge 
Index VOG2 (R734-R747)/(R715+R726) [10] 

Enhanced Vegetation 
Index EVI 2.5*((NIR-R)/(NIR+6*R-7.5*Blue+1) [10] 

Green Normalized 
Difference Vegetation 

Index 
GNDVI (NIR-G)/(NIR+G) [11] 

Modified Simple Ratio 
Index MSR ((NIR/R)-1)/√NIR/R+1 [11] 

Modified Soil-Adjusted 
Vegetation Index MSAVI (2NIR+1-√(2NIR+1)^2-8(NIR-R))/2 [11] 

Plant Senescence 
Reflectance Index 

PSRI （R-B）/NIR [12] 

Transformed Chlorophyll 
Absorption in Reflectance 

Index 
TCARI 

3*[(R700-R670)-0.2*(R700-
R550)*(R700/R670)] [12] 

* R = Red band; G = Green band; B = Blue band; NIR = Near-infrared band; Rx = Band value at x nm. 

2.3. Model Construction and Validation 

The current study utilized two deep learning methods that have shown effective results in 
previous studies: the Stepwise Multiple Linear Regression (SMLR) and the Back Propagation Neural 
Network (BPNN). These methods were applied to construct and validate nutritional quality 
estimation models based on hyperspectral data from the rice canopy during the grain filling stage. 
Initially, we analyzed the correlation between rice nutritional quality indicators and the original 
spectral curves of the rice canopy, selecting highly correlated sensitive bands. Subsequent steps 
involve the selection and calculation of spectral vegetation indices, further analyzing the correlation 
between these indices and rice quality indicators. Based on this, vegetation indices with high 
correlation coefficients were selected as independent variables for modeling using both SMLR and 
BPNN. 

Data from experiment 1 were used for model construction, while data from experiment 2 are 
employed to validate the models, comparing the two estimation models. Model accuracy was 
assessed using the coefficient of determination (R²) and root mean square error (RMSE) as metrics. 
The R² reflects the stability of model construction and validation; a value closer to 1 indicates better 
stability and higher fitting degree. While, RMSE is used to evaluate the precision of the model 
estimates; a lower RMSE indicates better predictive capability of the model. The specific formulas are 
as follows: 

R2=
∑ �y� i-y��

2n
i=0

∑ �yi-y��
2n

i=1
  (1) 

RMSE=�
∑ �yi-y� i�

2n
i=1

n
  (2) 
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In above equations: y� irepresents the predicted value of the rice quality indicator, yirepresents 
the actual measured value of the rice quality indicator, y�  is the average value of the rice quality 
indicators, and n is the number of actual samples measured. 

3. Results and Analysis 

3.1. Correlation Analysis between Rice Canopy Hyperspectral Data and Rice Nutritional Quality Indicators 

The correlation analysis between the hyperspectral data of rice leaf canopies during the grain 
filling stage and the nutritional quality indicator (protein content) was performed, and the resulting 
correlation coefficients were plotted in a curve. 

From the graph, it is evident that within the wavelength ranges of 419-510 nm and 610-709 nm, 
grain protein content shows a negative correlation with spectral reflectance. A highly significant 
negative correlation occurs within the range of 623-706 nm, reaching a peak at 685 nm (r=-0.754). 
While, a positive correlation is observed within the range of 726-943 nm, becoming highly significant 
within the range of 730-939 nm, peaking at 755 nm (r=0.901). 

In summary, by analyzing the correlation between rice nutritional quality indicator and the 
original spectral reflectance values of the rice leaf canopy, the sensitive wavelength bands for grain 
protein content on the original spectral curve were identified, laying the foundation for the 
subsequent selection and calculation of spectral vegetation indices. 

 

Figure 2. Correlation between rice nutritional quality indicator and rice canopy spectral curves. Here, 
black curve represents the correlation at different wavelengths, while the red and blue line indicates 
the significance level at 0.01, and 0.05 respectively. 

3.2. Analysis of the Correlation between Selected Spectral Vegetation Indices and Rice Nutritional Quality 

Based on the correlation analysis results between rice protein content and canopies 
hyperspectral data, wavelength bands that show a significant correlation with rice nutritional quality 
indicator were selected for calculating spectral vegetation indices. These indices were then correlated 
with rice nutritional quality to explore their suitability for estimating rice nutritional quality. To 
further enhance estimation precision, the four vegetation indices with the highest absolute correlation 
coefficients—VOG2, MSAVI, DVI, and TVI—were chosen for inverse modeling (Table 3). 

Table 3. Correlation between spectral vegetation indices and rice nutritional quality. 

Vegetation index Correlation coefficient 

TCARI 0.684** 

PSRI -0.467 

VOG2 -0.847** 
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EVI 0.749** 

OSAVI 0.748** 

MSAVI 0.761** 

GNDVI 0.466 

RVI 0.727** 

NDVI 0.727** 

DVI 0.768** 

RDVI 0.758** 

TVI 0.766** 

MSR 0.728** 

Note: “**” indicates a high significant correlation at the 0.01 level; “*” indicates a significant correlation at the 
0.05 level. 

3.3. Establishment and Validation of a Rice Nutritional Quality Estimation Model Based on Stepwise 
Multiple Linear Regression 

3.3.1. Model Establishment 

Based on data from experiment 1, vegetation indices were used as independent variables and 
grain protein content as the dependent variable for regression analysis. Various functions including 
linear, logarithmic, exponential, power, quadratic, and cubic were fitted. After a series of calculations 
and comparisons, a cubic function was finally chosen for modeling. 

As shown in Figure 3, the cubic function model for estimating grain protein content based on 
VOG2 had a regression equation of y=48178x3+9675.6x2+545.45x+12.553, R2=0.7472. The cubic 
function model based on MSAVI had a regression equation of y=-309.47x3+528.11x2-251.56x+39.589, 
R2=0.6235. The model based on DVI had a regression equation of y=2988.4x3-1722.2x2+329.08x-17.843, 
R2=0.6655; and the model based on TVI had a regression equation of y=-0.0018x3+0.1649x2-
3.1598x+20.263, R2=0.6315. VOG2 outperforms the other vegetation indices in estimating grain 
protein content, with an R2 value of 0.7472. This higher R2 indicates that the VOG2 model explains a 
larger proportion of the variance in protein content, making it a more reliable predictor compared to 
the other indices. Specifically, VOG2 estimates protein content approximately 16.81 % better than the 
other indices on average. The superior performance of VOG2 is likely due to its sensitivity to the 
spectral features that correlate strongly with protein content, which may not be as effectively 
captured by the other indices. 
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Figure 3. Cubic function models for estimating grain protein content based on VOG2, MSAVI, DVI, 
and TVI. 

3.3.2. Model Validation 

In order to validate the model further, partial data from experiment 2 were used as a validation 
set, as results shown in Figure 4. The estimation models constructed using the four vegetation indices 
demonstrated considerable consistency between predicted and actual values. The VOG2 model 
achieved an R2 of 0.7178 and an RMSE of 1.0325; the MSAVI model had an R2 of 0.6187 and an RMSE 
of 1.2459; the DVI model recorded an R2 of 0.6528 and an RMSE of 1.1474; the TVI model showed an 
R2 of 0.6266 and an RMSE of 1.0844. Among these, the cubic function model based on VOG2 
performed the best in estimating grain protein content, exhibiting good fit and high precision. This 
indicates that using hyperspectral vegetation indices to construct multivariate regression equations 
for estimating rice nutritional quality indicator is feasible. 
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Figure 4. Validation of rice nutritional quality estimation models based on stepwise multiple linear 
regression. 

3.4. Establishment and Validation of a Rice Nutritional Quality Estimation Model Based on BP Neural 
Network 

The vegetation indices VOG2, MSAVI, DVI, and TVI, which are highly significantly correlated 
with grain protein content, were used as input layer neurons, and the grain protein content as the 
output layer neuron. Data from experiment 1 were used to establish the training set, and partial data 
from experiment 2 (n=20) were used to validate the test set. After multiple adjustments, the optimal 
number of neurons in the hidden layer was found to be 5, providing relatively good training results. 
The structure of the constructed BPNN estimation model is 4-5-1. The maximum training iterations 
were set to 1000, with a minimum training rate of 0.03, and the target error for training the network 
was set to 0.00001. The BPNN network was trained repeatedly using MATLAB software, with results 
as shown in Figure 5. The training dataset achieved an R2 of 0.9516 and an RMSE of 0.3493 (Figure 
5A), and the test dataset achieved an R2 of 0.9619 and an RMSE of 0.2812 (Figure 5B), indicating that 
the BPNN estimation model based on vegetation indices is highly accurate, stable, and effective. 

 

Figure 5. Model for estimating grain protein content using BP neural network. 

3.5. Rice Variety Selection Based on Nutritional Quality Estimation Model 

Using the BPNN model based on the four vegetation indices (VOG2, MSAVI, DVI, and TVI), 60 
rice varieties from experiment 2 were screened, with a protein content threshold of >7% for selection. 
A total of 16 high nutritional quality rice varieties were identified, as shown in Table 4.According to 
Table 4, Hua Jing 5 exhibited the highest protein content at 10.25%, significantly higher than the 
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lowest recorded value of 7.01% in Xiang Xue Dao 515. The protein content of the remaining varieties 
ranged between these two values, with Yan Feng 47 and Xu Dao 3 also demonstrating relatively high 
protein contents at 9.84% and 9.36%, respectively. This data highlights that Hua Jing 5 contains 
approximately 31.63% more protein than Xiang Xue Dao 515. In comparison, Yan Feng 47 has 28.56% 
more protein content than the lowest variety, and Xu Dao 3 has 25.09% more protein. 

Table 4. Rice variety selection based on BPNN estimation for nutritional quality. 

Variety name Protein content (%) Variety name Protein content (%) 
Hua Jing 5 10.25 Lian Jia Jing 1 7.71 

Yan Feng 47 9.84 Yan Jing 2 7.29 
Xu Dao 3 9.36 Ning Xiang Jing 9 7.27 

Nan Jing 5718 9.14 Xiu Shui 110 7.22 
Taiwan 50 7.95 Huai You Jing 2 7.19 

Su Xiang Jing 100 7.91 Nong Ken 58 7.16 
Nan Jing 9108 7.79 Su Xiu 867 7.12 
Wan Dao 64 7.78 Xiang Xue Dao 515 7.01 

4. Discussion 

4.1. Accuracy of the Estimation Model for Rice Quality 

(1) The current study attempted to estimate rice protein contents using hyperspectral 
information from the rice canopy during the grain filling stage. The results indicate that the 
estimation model developed using the BP neural network method demonstrates good accuracy and 
stability, validating the feasibility of this approach. However, rice quality includes many indicators, 
such as appearance and processing quality. Therefore, further research is needed to determine which 
quality indicators can be more effectively estimated using hyperspectral information from the rice 
canopy. 

(2) Previous research shows that hyperspectral imaging technology is widely used in rice variety 
selection, with different rice varieties exhibiting distinct external characteristics such as shape, texture, 
and color. Image processing techniques can extract these features from images for rice variety 
selection [13,14]. However, most current studies focus on feature extraction from images of rice grains, 
while studies on variety selection based on spectral information of external rice features (such as 
stems and leaves) are less common [15,16]. This study utilized hyperspectral information from the 
rice canopy during the grain filling stage and, through the established nutritional quality estimation 
model, preliminarily screened 60 rice varieties in the experiment, we effectively identified several 
varieties with high nutritional quality. However, compared to previous studies that selected rice 
varieties based on spectral information from rice grains, the high-protein rice varieties selected in this 
study have certain applicability, but their effectiveness requires further validation. 

4.2. Comparative Analysis of Estimation Models 

(1) Multiple regression analysis for rice quality estimation 
A study by Lihong et al. [7] explored the correlation between vegetation indices and rice quality 

indicators, resulting in the development of multiple regression models. However, their approach 
utilized a limited number of vegetation indices. Expanding on their study framework, this study 
incorporated 13 vegetation indices, enhancing the dataset and enabling the construction of multiple 
regression models for rice protein content estimation. These models demonstrated improved stability, 
fit, and accuracy, underscoring the utility of hyperspectral vegetation indices in developing 
regression equations for rice quality estimation [17,18]. This advancement provides a robust 
foundation for subsequent analyses in rice quality estimation research. 

(2) BP neural network analysis for rice quality estimation 
Following the methodology of Ruilin et al. [19], this study employed the BPNN model on 

MATLAB to construct a rice nutritional quality estimation model. The model was improved by 
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incorporating vegetation indices that exhibited highly significant correlation with quality indicator. 
The BPNN model, structured as 4-5-1, utilized these indices as input neurons, with rice quality 
indicators as the output. The results demonstrated that the BPNN model based on vegetation indices 
achieved high stability and accuracy, facilitating effective high-throughput estimation of rice 
nutritional quality using field hyperspectral data. 

(3) Comparison between multiple regression and BP neural network models 
Both multiple regression and BPNN models are suitable for estimating rice quality indicator. 

However, the BPNN models provide superior stability and high accuracy in estimating rice quality 
indicators, offering greater precision than multiple regression models. Consequently, BPNN models 
are recommended as the optimal approach for estimating a variety of rice quality indicators[3]. On 
the other hand, multiple regression may inadvertently omit some variables during model 
construction, potentially leading to the loss of valuable information and resulting in less accurate 
models compared to BPNN[4]. This aligns with findings from Baozheng et al. [20], reinforcing the 
effectiveness of neural network approaches over traditional regression methods in complex 
agricultural data analysis. 

5. Conclusion 

This study developed highly accurate estimation models for rice nutritional quality using field 
spectral information and employed both multiple regression and BP neural network methods for 
modeling and inversion. The models were successfully applied to selection of highly nutritious rice 
varieties, providing valuable decision-making references for UAV remote sensing platforms in 
estimating rice quality. Despite achieving significant results. The models developed have specific 
applicability and are limited to certain varieties, making them unsuitable for others. Additionally, the 
data collected over only two years limits the general applicability of the rice quality estimation 
models, which needs further enhancement. 
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