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Abstract

:

Lodging is one of the typical abiotic adversities during paddy rice growth. In addition to affecting photosynthesis, it can seriously damage crop growth and development, such as reducing rice quality and hindering automated harvesting. It is, therefore, imperative to accurately and in good time acquire crop-lodging areas for yield prediction, agricultural insurance claims, and disaster-management decisions. However, the accuracy requirements for crop-lodging monitoring remain challenging due to complicated impact factors. Aiming at identifying paddy rice lodging on Shazai Island, Guangdong, China, caused by heavy rainfall and strong wind, a decision-tree model was constructed using multiple-parameter information from Sentinel-1 SAR images and the in situ lodging samples. The model innovatively combined the five backscattering coefficients with five polarization decomposition parameters and quantified the importance of each parameter feature. It was found that the decision-tree method coupled with polarization decomposition can be used to obtain an accurate distribution of paddy rice-lodging areas. The results showed that: (1) Radar parameters can capture the changes in lodged paddy rice. The radar parameters that best distinguish paddy rice lodging are VV, VV+VH, VH/VV, and Span. (2) Span is the parameter with the strongest feature importance, which shows the necessity of adding polarization parameters to the classification model. (3) The dual-polarized Sentinel-1 database classification model can effectively extract the area of lodging paddy rice with an overall accuracy of 84.38%, and a total area precision of 93.18%. These observations can guide the future use of SAR-based information for crop-lodging assessment and post-disaster management.
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1. Introduction


Global food production must increase by 70% by 2050 to cope with the growth of the world population [1]. Paddy rice is a significant food source in Asia. Its growth process is highly susceptible to adverse meteorological conditions, due to the structural characteristics of the plant. The most common consequence is lodging, which severely impacts rice quality and yield. Studies have shown that when heavy lodging occurs in paddy rice, the yield reduction rate is probably higher than 20% [2]. Therefore, extensive rice-lodging monitoring is critical for yield forecasts, disaster analysis, and post-disaster remediation.



In general, the conventional methods to assess crop lodging are field-based investigations, which is time-consuming and laborious, and inefficient for large-scale regional surveys and emergency relief [3,4]. Alternatively, remote sensing is recognized as an efficient tool for disaster assessment and has been widely used for crop-lodging detection due to its high scalability and cost-effectiveness [5,6,7]. Currently, remote-sensing data commonly used for crop-lodging detection include satellite data and unmanned aerial vehicle (UAV) images [8]. UAV images are primarily used to extract lodging information by analyzing the change in texture before and after it occurs. UAVs provide the following advantages: operational flexibility, low economic costs, high spatial resolution, and the ability to acquire cloud-free images [9]. In a previous study, Chauhan et al. [10] assessed lodging impact on paddy rice through UAV imagery with high-resolution multispectral data, where a full convolution neural network technology based on deep learning was used to extract lodging crops from UAV images [11]. A high extraction accuracy has been obtained. However, due to the high cost and technical processing requirements, UAVs are not suitable for regional-scale crop-lodging monitoring. In this regard, satellite-based remote-sensing data, with its ability to have large region coverage, offers a better alternative for lodging monitoring. Broadly, satellite data includes optical satellites, radar satellites, etc. It is widely acknowledged that the difference between lodging and non-lodging areas can be characterized by spectral reflectance and vegetation index—the spectral reflectance increases after lodging, and the vegetation index decreases [12,13]. In this regard, a threshold method was used to extract the lodging paddy rice. In addition, the results of a study by Bao et al. [14] revealed that lodging areas could be distinguished from non-lodging areas based on changes in the spectral reflection characteristics of maize. Using optical data with high spatial resolution, these studies provided good examples of how to track lodging changes within the field. Since paddy rice lodging is often accompanied by cloudy and rainy weather, the optical data lacks spatial/temporal continuity, and the change of canopy spectral information is weak after lodging [15,16]. Therefore, the optical data have certain limitations [17].



Compared to optical sensors, synthetic aperture radar (SAR) has strong penetrability, night acquisition capabilities, and sensitivity to changes in crop structure, which can overcome the deficiencies of optical imaging [18,19]. These qualities provide a clear advantage for continuous lodging monitoring. Remote-sensing research on rice lodging can be divided into two directions: (i) distinguishing lodgings and non-lodgings [18]; (ii) classification of lodging severity [16]. However, there are still large challenges in increasing the accuracy of crop-lodging detection from remote-sensing data. At present, most studies on crop-lodging monitoring mainly focus on wheat and maize, rather than paddy rice [3]. Another problem is that most studies mainly focus on using more expensive quad-polarization SAR data, overly relying on the backscattering coefficient [20], and the polarization parameters involved in polarization decomposition are underused.



Acknowledging these gaps, this study explored the potential capability of dual-polarized SAR data with backscattering coefficients and polarization decomposition parameters to assess the paddy rice-lodging area. A decision-tree method has been developed and compared with other methods. The present study analyzed the sensitivity of each parameter to lodged paddy rice and then quantitatively assessed the importance of the optimal parameters based on RF and XGBoost. In addition, the model’s mechanisms and uncertainty were assessed.




2. Materials and Methods


2.1. Study Area and In Situ Measurements


The study area, Shazai Island, is in the center of the Tam River (Figure 1a), Xinhui District, Guangdong Province, China (22.39°–22.43°N, 113.06°–113.07°E), with a total land area of 245.5 hectares (including 167.3 hectares within the embankment). It is an alluvial island suitable for cultivating farmland, featuring a sub-tropical marine climate. Field parcels are homogeneous and flat, and the plant structure is simple. Paddy rice usually grows in patches, and is harvested twice a year. A demonstration base for organic paddy rice production has been established in Shazaichang, Sanjiang Town. In the study site, early rice is generally sown around 15 March, and harvested around 15 July. Due to mechanized cultivating, soil fertility in the area is homogeneous.



In June 2022, South China encountered a typical meteorological disaster that was nicknamed “Dragon Boat Rain”, a reference to heavy precipitation around the Dragon Boat Festival that occurs around the summer solstice (between 21 May and 20 June). Crops in many regions suffered varying degrees of damage due to heavy rainfall for a prolonged period of time. Additionally, the island is open on all sides, which led to severe paddy rice lodging (Figure 1b,c). From field surveys carried out on 11 June 2022 and 18 June 2022, 46 ground data were collected (Figure 1a). A handheld GPS was used to collect the longitude and latitude of the samples and the data were saved as shapefile format.



Paddy rice lodging occurred twice in the study area during the Dragon Boat Rain of 2022. According to meteorological station records, the first lodging occurred due to heavy rain (58.1 mm/d) that took place on 8 June 2022, and a high-speed wind (4.8 m/s) on 18 June 2022 (as shown in Figure 2). It is consistent with the field survey results. Based on paddy rice phenological staging on Shazai Island [21] (Figure 3), there is a milking stage when rice lodging.




2.2. Data and Preprocessing


2.2.1. Remote-Sensing Data and Preprocessing


The radar data used for the study were downloaded from the C-band SAR sensor on board the Sentinel-1A satellite from the European Space Agency’s Copernicus program GMES (Global Monitoring for Environment and Security) (https://scihub.copernicus.eu/ (accessed on 20 December 2022)). Both Ground-Range Detected (GRD) and Single-Look Complex (SLC) images were used in Interferometric Wide-Sweep mode (IW). GRD and SLC contain modes of dual polarizations (VV, VH), where H represents horizontal polarization and V represents vertical polarization. As Level-1 products, these images have a spatial resolution of 22 m in azimuth and 20 m in range direction, as well as a pixel spacing of 10 × 10 meters. The GRD products were processed to obtain Sigma naught. Complex data were used to retain phase information in SLC products, and sufficient signal bandwidth helps achieve single-view processing.



Preprocessing of the GRD data was performed using the Sentinel-1 Toolbox in SNAP 9.0, which included applying orbit file, removing GRD border and thermal noises, radiometric calibration, and orthorectification [22]. The preprocessing of SLC images was conducted in polSARpro 6.0.3 [23]. First, we extracted the real and imaginary images in the complex data and synthesized them into amplitude images, after which the covariance matrixes (C2) were generated. To suppress the inherent speckle noise of images, the multi-look method with a factor of 4 in range and 1 in azimuth directions was used to generate a square pixel. Furthermore, the spatial filter was conducted by a 7 × 7 Refine Lee filter. Finally, all polarization matrixes were geocoded into the Universal Transverse Mercator (UTM) map projection using external SRTM DEM data (30 m spatial resolution). Based on geocoded data, five polarimetric parameters were calculated (Alpha, Anisotropy, Entropy, Shannon, and Span).



Therefore, a synchronous date for the ground-truth data acquisition was selected for the GRD and SLC products of Sentinel-1 data. Their specific parameters are listed in Table 1.




2.2.2. Other Data


Gaofen-6 images of high resolution are freely available, which meet the requirements of acquiring farmland plot boundaries. The high-resolution images (2 m spatial resolution) were downloaded from China Center for Resources Satellite Data (CCRSD) (http://218.247.138.119:7777/DSSPlatform/index.html (accessed on 20 December 2022)). In addition, the Gaofen-6 images were combined with recently available Sentinel-2 multispectral data from GMES to produce a base map of paddy rice plant areas. Additional statistics on the rice paddy plant area and damaged paddy rice on the island were collected by visiting local farmers (Table 2).





2.3. Methods


SAR backscattering coefficients and polarimetric parameters are influenced by many factors, including leaf density, structure, water content, variety, and phenological periods [24]. The following polarization information can enhance lodged paddy rice identification susceptibility: the ability to reduce the environment’s effects, crop growth variation, and system bias [25]. Lodged and healthy paddy rice presents different scattering mechanisms mainly due to differences in structure and water content. Therefore, the SAR data were processed so that their electromagnetic wave intensity and phase information could reflect the characteristics of the backward-scattering coefficients and polarimetric parameters.



Since the study area is small and paddy rice grows in patches, this paper outlines the paddy rice-growing area using a high-resolution Gaofen-6 image and synchronous Sentinel-2 multispectral data to eliminate the bias caused by other plots and environmental factors. We selected the in situ data of 14 lodging samples (L1–L14) and 25 healthy samples (H1–H25) (Figure 1). The average of the backscatter coefficients and polarimetric parameters were calculated at the parcel level to overcome heterogeneous noise in SAR data. We used the preprocessed GRD and SLC products to obtain SAR polarization information.



2.3.1. Selection of Optimal Feature Parameters


A. Construction of feature parameters



The five backscatter coefficients (VV, VH, VV+VH, VV-VH and VH/VV) have been proven sensitive to crop lodging [26]. To fully use the polarization information, we extracted polarization decomposition parameters. For Sentinel-1 dual-polarized data, the current polarization decomposition technology is H/α/A decomposition, as proposed by Cloude [27]. Polarimetric decomposition parameters were used to separate the crop contributions from the total backscatter. The differentiating potential of these three parameters (Alpha, Anisotropy, and Entropy) for lodging crops has been confirmed in Shu and Wang’s study [14,17]. Additionally, it is important to note that Shannon and Span are sensitive to crop structure. At present, little research on lodging has been conducted on the 10 parameters, especially in southern China. We conduct a comprehensive analysis of the above 10 parameters. The 10 parameters are extracted as follows.



The backscattering coefficients VV and VH (in dB) were obtained by preprocessing the GRD product, after which a linear combination based on ArcGIS was conducted to calculate feature parameters: VV+VH, VV-VH, and VH/VV.



For the polarization decomposition of the dual-polarized data, we used H/α/A polarization decomposition to extract Alpha, Anisotropy, and Entropy parameters for all the sample plots, using the confusion matrix and eigenvalue decomposition. Eigenvalue decomposition has the significant advantage of not being limited by the specific scattering mechanism, and the eigenvalues do not change when the antenna coordinate system is transformed. Therefore, it is the most effective for the decomposition of naturally distributed target scattering. Specifically, we also extracted the polarization feature Shannon, and Span. Ten feature parameters (VV, VH, VV+VH, VV-VH, VH/VV, Alpha, Anisotropy, Entropy, Shannon, and Span) were generated from Sentinel-1 A images. The presentation of each parameter is shown in Table 3.



B. Lodging factors and consistency analysis.



We constructed the lodging factor criterion γ and the consistency detection criterion (β and ε) for changes in lodged paddy rice parameters to select the most sensitive parameters for lodged paddy rice [14]. The following steps were taken for selecting the optimal parameters.



First, the paddy rice-lodging factor criterion γ was constructed to find parameters that have significant changes before and after lodging.


  γ =  |    L  B  a v   − L  A  a v     L  B  a v   + L  A  a v      |  − 1.5  |    H  B  a v   − H  A  a v     H  B  a v   + H  A  a v      |   



(1)




where LBav(LBav = (L1 + L2 + … + L14)/14) is the mean value of 14 lodged paddy rice samples before the lodging. LAav(LAav = (L1 + L2 + … + L14)/14) is the mean value of 14 lodged paddy rice samples after the lodging; HBav(HBav = (H1 + H2+…+H25)/25) is the mean value of 25 healthy paddy rice samples before the lodging. HAav(HAav = (H1 + H2 + … + H25)/25) is the mean value of 25 healthy paddy rice samples after the lodging. When γ is greater than 0, the parameters changed more before and after lodging than healthy paddy rice did. Therefore, we defined parameters with γ greater than 0 as those with sufficient sensitivity to lodged paddy rice.



Second, two parameters (β and ε) were constructed to analyze the trends of SAR backscatter coefficients and polarimetric parameters of all lodged paddy rice plots, as follows:


   ε i  = L  A i  − L  B i   (  i = 1 , 2 , … , 14  )       



(2)






  β = s i g n  (   ε i   )     



(3)




where εi is the difference between the parameter values LAi (samples after the lodging) and LBi (samples before the lodging); β is the sign number of εi with higher frequency, and the larger its value, the higher the consistency of change across samples for this parameter after the lodging. We denoted β ≥ 12 as good consistency of the selected parameters for the change in the lodged paddy rice.




2.3.2. Construction of Decision Tree


Based on the discriminant analysis, the optimal sensitivity parameters were selected to build a decision-tree classification model for extracting the distribution of lodged paddy rice. To obtain more-accurate classification results, it is necessary to further explore whether the selected parameters can differentiate between lodged and healthy paddy rice. We constructed a boxplot to perform the discriminant analysis, which can visually represent the degree of dispersion and distribution of data and can highlight abnormal data. The optimal features to discriminate different categories can be selected by comparing the boxplot of the same feature between lodged and healthy paddy rice. The classification thresholds between lodged and healthy paddy rice were obtained by visual inspection. Finally, the threshold-based methods employed a hierarchical decision tree to combine the unique characteristics of paddy rice scattering. The techniques have substantial advantages, such as intuitive simplicity, flexibility and good computation efficiency. The methodological flowchart is shown in Figure 4.




2.3.3. Accuracy Evaluation Method


For accuracy analysis of the classification results, we used field sampling data and disaster statistics as quasi-true values to constructe two evaluation methods: error matrix evaluation and area accuracy evaluation. The two methods were used to evaluate the classification results from the two aspects of field positioning and regional statistics quantification, respectively. User accuracy (UA), producer accuracy (PA), overall accuracy (OA), and kappa coefficient of classification results were calculated using a confusion matrix [28], which reflected the positional accuracy of classification results in the study area. On the other hand, based on a comparison of the lodged paddy rice area with disaster statistics data, the total area precision (Ps) was determined by applying Formula (4) [29]:


   P S  = 1 −    |   A i  −  A 0   |   n  × 100 % .  



(4)




where Ai is the area of lodged paddy rice in the study area, and A0 is the quasi-true value (statistics value) of the area of paddy rice damage counted by the field observations.




2.3.4. Sensitivity Analysis of Optimal Features


Feature importance (FI) analysis is an effective approach used in model interpretation [30], which estimates the contribution of each feature to the model’s classification result. Random Forest and eXtreme Gradient Boosting (XGBoos) algorithms were used to measure the “importance” of features [31], developed in the Python programming environment.



Random Forest is a bagging-based ensemble classifier consisting of multiple fully grown decision trees. According to gain maximization, the features with the best classification ability are obtained. The present study evaluated FI based on the classification accuracy of out-of-bag data (OOB). The process of analysis is as follows: (1) Constructing M decision trees, with ktree = 1 initially and using auto-resampling to generate the training set and out-of-bag data set (OOBk); (2) Calculating the errOOBk of the current decision tree for OOBk; (3) Calculating the    e r r O O B  k i   of the i-th feature; (4) Repeating the above steps for each decision tree; and finally (5) The FI of each feature is calculated according to Formula (5). If the classification accuracy does not change much before and after the perturbation, it indicates that the feature plays a small role in classification and the classification performance is low.



The higher the score, the larger the influence that the specific feature will have on the model used to predict a certain variable.


  S c o r  e  R F   =  1 M    ∑   k = 1  M  ( e r r O O  B k i  − e r r O O  B k  )    



(5)




where M is the number of decision trees, and    e r r O O B  k i   and errOOBk represent the prediction errors of the OOB data after adding perturbation to the i-th feature and the OOB data without perturbation in the case of the ktree decision tree.



In the machine-learning algorithm XGBoost, part features were selected to construct a simple decision-tree model. A new model was generated by learning the residuals of the simple model and minimizing the objective function. By repeating this process, many simple models were produced and combined into a comprehensive model with higher accuracy. The algorithm calculated the importance of features mainly through three standards: gain, frequency, and coverage. Frequency is a simplification of gain, measured by the number of times a feature occurs in all constructed trees. Coverage is the relative value of a feature. Gain is the main reference factor to determine the importance of branch features, and it is the most relevant factor for explaining the importance of each feature. Therefore, we calculated the importance of features by gain in this study. The best split point represents the maximum gain. Good features can improve the mean square difference on a single tree. The more improvements, the better the splitting point, the more important this feature is. For instance, for a single tree T, if the j-th feature is selected as the split variable on this tree, the sum of mean square difference on all branch nodes t is calculated. The importance of the j-th feature on the tree is as follows:


   I j 2   ( T )  =   ∑   t = 1   j − 1    i t 2  P  (   v t  = j  )     



(6)




where   i t 2   is the improvement of squared difference of the node t, and υt is the feature associated with node t. By summing and averaging the importance of the j-th feature on each tree, the final feature importance score with M trees can be obtained from Formula (7):


  S c o r  e  X G B o o s t   =  1 M    ∑   m = 1  M   I j 2   (   T m   )       



(7)










3. Results


3.1. Feature Separability for Lodged and Healthy Paddy Rice


The difference between each parameter before and after the disaster was calculated for each sample to determine which parameters best separated lodged paddy rice from healthy paddy rice, and the sample mean and 95% confidence interval were calculated. The results are shown in Figure 5. Alpha is the only one with a confidence interval of zero in all the parameters. This indicates that most of the parameters have dispersion ability for lodged and healthy paddy rice. The results showed that the values of VV, VH, VV+VH, VV-VH, VH/VV, Shannon, Anisotropy and Span increased after the lodging. The VV and VH value increased by 3.79 dB and 2.14 dB, respectively, and similar backscatter coefficient behavior can be observed in other cereals such as wheats [32]. The Shannon and Span value increased by 1.08 and 0.01, respectively. In contrast, the values of Entropy decreased 0.06 after the lodging. The increase in VV has been attributed to the fact that the vertical structure of the paddy rice stalk was disrupted by the lodging, resulting in the reduction in the attenuation of V poles by the stalk. The increase in VH was due to increased volume scattering and vegetation–soil bidirectional reflection scattering, caused by changes in crop canopy structure [32,33]. There was a significant increase in VV compared to VH. This is possibly because the changes of the vertical structure of paddy rice stalk after lodging have more impact on SAR polarization parameters than the changes of canopy structure. Finally, the VV backscatter coefficient is the main component of the total backscatter signal [34].




3.2. Analysis of Lodging Factors and Their Consistency


The lodging factors and consistency were plotted in a scatter plot (Figure 6). It can be found that Span, Shannon, VH/VV, VV, VV-VH, VV+VH, VH, Anisotropy, Alpha, and Entropy meet the condition γ > 0, and the γ values decrease in order. A larger γ value indicates that the difference between lodged and healthy paddy rice for this parameter is greater and more sensitive to lodged paddy rice extraction. The γ values for VH, Anisotropy, Alpha, and Entropy are low, meaning that the four parameters do not change significantly after the paddy rice lodging. The numbers of the sign of ΔVV, Δ(VV+VH), Δ(VH/VV), and Δ Span (the difference of polarization parameters before and after the lodged samples) meet β ≥ 12, indicating that the parameter changes are consistent. Despite the high Anisotropy, it does not have a high consistency; therefore the Anisotropy is excluded from the study. Finally, the optimal parameters that meet the conditions were obtained: VV, VV+VH, VH/VV, and Span. In this study, Alpha, Anisotropy, and Entropy are not sensitive to lodged paddy rice, probably due to the lack of partial polarization information in the dual-polarized data [14]. The scatter plot indicates that the higher the values of lodging factor and consistency, the closer they are to the upper right corner of the plot, which was best for modeling requirements.




3.3. Production of Decision Tree


The optimal sensitivity parameters of lodged paddy rice were obtained using sensitivity criterion analysis (γ) and consistency detection criterion (β). On the box plots (Figure 7), VV has the highest separation ability since its value has the largest difference. The minimum value of VV of lodged paddy rice is greater than 3/4 of the value of healthy paddy rice, and the average value of lodged paddy rice is almost greater than the maximum value of healthy paddy rice. All parameters of lodged paddy rice were higher than those of healthy paddy rice. The reason for this is that the changes in vegetation due to lodging become evident under the change in its biophysical/biochemical properties (e.g., reduction in crop height, moisture change in vegetation, etc.).



Based on the above boxplot, the VV with the best separation was selected as the first level of the decision tree, followed by VV+VH, Span, and VH/VV, sequentially. To ensure that the threshold can cover all lodged paddy rice, lodged paddy rice is defined as having a VV greater than −10, while healthy paddy rice is defined as having a VV less than −10. The iteration was then carried out using the following rules: VV+VH > −26, Span > 0.01 and VH/VV > 1.5. Finally, the decision tree (Figure 8) was constructed in ENVI for the classification of healthy and lodged paddy rice plots.




3.4. Spatial Distribution of Lodged Paddy Rice


The area of early rice planted on Shazai Island was about 113 hectares in 2022, and the area planted on the south and north islands was approximately equal. The decision-tree classification was carried out using the sensitivity parameters of lodged paddy rice including backscattering coherences and polarimetric parameters, and the classification results are shown in Figure 9, where the lodged paddy rice area was about 20.5 ha, and the lodging rate was about 18.14%. The in situ surveyed lodging rate was 17.89%, and the overall lodging results were basically consistent with the field survey results. It can be seen from Figure 9 that there is an uneven distribution of lodged paddy rice. From a south–north perspective, the severe lodged areas were concentrated in two plots in the northern part of the study area, whereas they were scattered in the southern part. From an east–west perspective, most lodging occurred on the eastern side of the island, particularly at the edges of plots. In the west of islands, the lodged paddy rice is rare.




3.5. Accuracy Analysis


A confusion matrix was built to evaluate the accuracy of the two classification results (Figure 10). This method can classify lodged and healthy paddy rice with an overall classification accuracy (OA) of 84.38% and a kappa coefficient of 0.62. Producer accuracy (PA) for healthy paddy rice is 85.71%, while lodged paddy rice is 80.65%. The user accuracy (UA) is 67% for healthy paddy rice and 92.5% for lodged paddy rice. In the north–south direction, the classification accuracy in the north was significantly higher than the south. The overall classification accuracy in the north was 90.87%, while the classification accuracy in the southern region was 75.18%. The high classification accuracy in the north is probably due to the differences in growth periods and lodged samples.



According to the area accuracy evaluation, the total area precision (PS) of lodged paddy rice was 93.18%. It indicates that the extracted total area of lodged paddy rice is highly consistent with the actual area of lodged paddy rice.



We also compared the proposed method with four other methods, including the IsoData and K-Means classification of the supervised classification algorithm, and the Minimum Distance classification, and Support Vector Machines of the unsupervised classification algorithm. The results (Table 4) showed that our method can generally better balance omission and commission errors, as the produced results show a higher UA and comparable PA compared with other methods [28]. Compared to supervised classification methods, the method achieves high classification accuracy and does not require a lot of sample data, therefore reducing the cost.




3.6. Sensitivity of Optimal Features


Through the scikit-learn package in Python, the feature importance scores were obtained based on Random Forest and XGBoost. The results are shown in Figure 11, which indicates that the results of the two algorithms are consistent. Obviously, Span has the highest score, representing that it is the most important feature with better classification performance, followed by VH/VV, VV, VV+VH sequentially. The other three features are equally important. It is likely that the Span has excellent classification performance because it follows the intrinsic characteristics of lodging rice and has good anti-inference abilities, including the ability to resist the influence of vegetation water content and growth differences [23].





4. Discussion


4.1. The Radar Mechanism of the Decision Tree Based on Feature Parameters


Microwave scattering is mainly determined by crop macrostructure (planting density, underlying soil moisture) and canopy structure (the dielectric properties of crop canopy, crop moisture content as well as leaf size) [35,36]. Three types of scattering mechanisms can occur when a microwave signal hits a crop canopy: surface/single-bounce, double-bounce, and volume scattering. The decision tree based on polarization parameters proposed in this paper takes full advantage of the sensitivity of SAR polarization features to structural changes in lodged paddy rice. Backscattering coefficients and polarization parameters changed due to the asymmetric polarimetric behavior of lodged paddy rice, compared with the symmetric behavior of standing paddy rice in the azimuth direction [36]. Specifically, the sensitivity of VH is lower than VV, and VV+VH in paddy rice-lodging monitoring [14,15], while VH is more sensitive to wheat lodging [33]. This may be due to surface scattering being typically strongest in VV mode [36]. In addition, the combination of scattering information and polarization parameters can improve the detection capabilities of lodged crops [20]. With the polarization parameters proposed in our study, the effect of crop growth stages can be eliminated by reducing the impact of absolute total power [11]. Anisotropy is not sensitive to lodged paddy rice since it reveals the strength of secondary scatter only when 0.7 < Entropy < 0.9. Anisotropy has little effect in this situation due to the low Entropy. However, the polarization parameter (Span) shows excellent classification ability. Many factors may contribute to this, including the fact that it contains the full power of radar echo reflecting the intrinsic characteristics of lodging crops, and has superior anti-inference ability, such as resisting the influence of vegetation water content, growth difference, etc.



It should also be noted that the effect of water content can be ignored since the SDWI (Sentinel-1 Dual-Polarized Water Index) decreased after the paddy rice lodging (see Figure A1). Furthermore, soil surface scattering is dominant during early season when crop cover is low. With the increase of vegetation coverage density, microwave scattering cannot penetrate the plants and detect the moisture content of the underlying surfaces [36].




4.2. Performance of the Decision-Tree Models for Paddy Rice-Lodging Classification


The reasonable performance of the classification of lodged paddy rice distributions using the decision-tree models is demonstrated by the confusion matrix and measured or statistical data. The optimal sensitive parameters VV, VH, VH/VV, and Span were selected for separating healthy and lodged paddy rice. Nevertheless, there are still some misclassifications. The misclassifications and the reasons for lodging were analyzed. Paddy rice lodging in the study area was heterogeneous. The areas with severe lodging were concentrated in two fields in the north of the study area. This was because the paddy rice in the north was sown earlier, and the field contained many seeds left by last year’s late rice, which was already in the milk-ripening stage, with a higher growth vigor, and was more prone to lodging in strong wind and heavy rain [37]. A further finding was that paddy rice was grown more densely in the north than in the south. As a result of dense plant tillering and competition for limited resources (nutrients, sunlight, etc.), lodging was more likely to occur [38,39]. From an east–west perspective, the lodging areas are mainly located on the eastern side of the island, due to being close to Yamen waterway with east-to-west winds. On the other hand, the low-lying terrain in the southern part of the study area caused the accumulation of water, which delayed the phenological development of paddy rice. Southern paddy rice was misclassified in the stage of stem elongation due to differences in crop growth. Therefore, the built decision-tree model may be more appropriate for the lodging assessment during the stages of heading and milking. Furthermore, field surveys have shown that there were some unreasonable lodgings at field edges because of mixed-image pixels caused by unclear plots and road boundaries. Overall, the performance of the decision-tree classification model is affected by these factors (growth stage, plant density, windspeed, etc.).



In recent years, with the rise of big data and artificial intelligence, more and more scholars have turned to machine-learning methods to build remote-sensing analysis models [15,40]. In addition, it is generally accepted that machine-learning models have higher accuracy and better performance. Traditional empirical models such as linear regression and decision trees have weak predictive power compared to machine-learning methods and cannot model the inherent complexity of the dataset. However, empirical models are easier to understand and explain, which is an inherent property of the model. Consequently, there is a trade-off between accuracy and interpretability here. An extraction accuracy of 84.38% was obtained using a relatively simple decision-tree model here. Compared with Wang’s random forest method, which has an accuracy of 88% for identifying lodged paddy rice [14], the study shows that the traditional empirical model and machine-learning model can maintain high consistency in extracting lodged paddy rice [41].




4.3. Advantages and Applications of the Method


Remote-sensing communities should build stronger links with end users, which is important for successful integration of Earth observation products into crop-lodging assessment. The application of remote-sensing methods to monitor paddy rice-lodging disaster is a part of agronomic intelligence. The proposed method, for example, can be used to quickly extract lodged crops for agricultural insurance claims using a small number of field samples, which greatly saves time and labor costs. Meanwhile, an accurate lodging location gives farmers useful information for arranging rescue measures and reducing yield losses. In addition, it can be applied to other upright cereal crops such as wheat, corn and sugarcane, given similar radar scattering behavior [3,41,42]. The proposed method is of probably universality for different crops to identify sensitive parameters, although their varied morphological structure and growth environment result in differences in sensitive parameters. Above all, compared with other methods, the proposed method has the advantage of requiring few samples and providing comparable accuracy and interpretability.




4.4. Uncertainties


There are still several issues with SAR data application in crop-lodging classification. First, this paper’s classification results are dependent on first-stage sample size and representativeness. Therefore, it is necessary to develop a classification model that is more universally applicable. The algorithm also needs to be tested in a wider area with complex planting structures. Second, the field survey found that the most severe form of lodging is a crop close to the milking stage [3]. The paddy rice lodging study in this paper is limited to the milking stage and part of the heading stage. It lacks data validation in multiple areas, and the stability of the model needs to be tested. Alternatively, the unprecedented availability of dense time-series of SAR data with high spatial resolution presents a new opportunity for operational assessment of crop lodging in almost real-time. During a crop’s growing season, polarization information can be captured dynamically to reveal crop morphology, structure, growth and disaster conditions [43]. Therefore, a combination of long-term time-series SAR data and paddy rice phenological information could be used in future studies. In addition, the method does not consider meteorological conditions, as well as other management-related factors. Several factors should be considered when analyzing the impact on yield. Moreover, the Sentinel-1A satellite data contains only two polarization modes. It is necessary to further study the quad-polarized radar with more scattering information for monitoring paddy rice lodging. Additionally, an effective combination of optical images for quantitative lodging calculations will be an important research direction for SAR applications in crop lodging. Furthermore, research on the impact of environmental factors, such as soil moisture and windspeed on the classification method, should be considered, which are lacking in this study.





5. Conclusions


In this study, we designed a new decision-tree method based on the backscattering coefficients and polarimetric parameters of dual-polarized Sentinel-1 data to distinguish lodged paddy rice from healthy paddy rice. The key conclusions are summarized below:



(a) The proposed method can achieve an accurate classification map of lodging paddy rice with an overall accuracy of over 84.38%, and an area-classification accuracy of 93.18%, which is comparable to other methods.



(b) The backscattering coefficients VV, VH, VV+VH, VV-VH, and VH/VV increase in general after paddy rice lodging, and the polarization parameters Shannon and Anisotropy, Span also increases to varying degrees. On the contrary, the polarization parameters Alpha and Entropy decreased after paddy rice lodging.



(c) The backscatter coefficients VV, VV+VH, VH/VV, and the polarimetric parameter Span of the dual-polarized SAR data are more sensitive to lodged paddy rice. The feature importance assessment shows that Span has the highest sensitivity, which means it is the most important parameter for the classification model.



Above all, the five backscattering coefficients and five polarimetric parameters when incorporated into a decision-tree model can provide referred application for accurate paddy rice-lodging monitoring in other areas, especially for cloudy and rainy regions where optical remote-sensing data are limited.







Author Contributions


Conceptualization, S.C.; methodology, X.D.; software, H.J.; validation, X.D.; formal analysis, K.J. and D.L.; investigation, Y.S.; resources, S.C.; writing—original draft preparation, X.D.; writing—review and editing, X.D.; visualization, K.J.; supervision, J.H.; project administration, S.C.; funding acquisition, S.C., Q.Z. and H.J. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Guangdong Province Agricultural Science and Technology Innovation and Promotion Project (No. 2022KJ102, No. 2023KJ102), GDAS Project of Science and Technology Development (2022GDASZH-2022010102, 2022GDASZH-2022010202), The National Natural Science Foundation of China (No. 42071417), Guangzhou Basic and Applied Basic Research Foundation (202102020691).




Data Availability Statement


Publicly available datasets were analyzed in this study. Sentinel-1 and Sentinel-2 data can be found here: [ESA, https://scihub.copernicus.eu/dhus/#/home (accessed on 20 December 2022)]. Gaofen-6 data can be found here: [CCRSD, http://218.247.138.119:7777/DSSPlatform/index.html (accessed on 20 December 2022)]. The website registration is open and free to the public.




Acknowledgments


We are very grateful to the reviewers for their constructive comments who significantly contributed to the improvement of this paper.




Conflicts of Interest


The authors declare no conflict of interest.





Appendix A




[image: Remotesensing 15 00240 g0a1 550] 





Figure A1. Dual-Polarized Water Index(SDWI) result. 
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Figure 1. Study area description. (a) the location of the study area in Xinhui District, Guangdong Province, China, and the sampling site (Red is the lodging area. Green is a no-lodging area); (b,c) two typical lodged paddy rice fields investigated on 11 June, and 18 June 2022. 
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Figure 2. Corresponding daily cumulated rainfall (mm/d) and daily average wind speed (m/s) on Shazai Island during the “Dragon Boat Rain” of 1 June to 30 June 2022. 
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Figure 3. Early paddy rice phenology in Shazai Island. 
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Figure 4. Methodological flowchart for extracting the distribution map of lodged paddy rice using remote-sensing imagery. 
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Figure 5. The interval graph represents the range of the radar characteristic parameters of the paddy rice samples before and after the disaster. As the values of Entropy, Anisotropy and Span are small, the intervals are not obvious under the scale (a). Therefore, with the change of axis range, the stretching result will change (b). The yellow line represents the threshold of 0. If the interval includes a 0 value, it means that the separability is not significant. 
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Figure 6. Scatter graph representing the lodging factor (γ) and consistency detection criterion (β) of the ten SAR characteristic parameters. The optimal four parameters that meet the conditions are highlighted with red boxes. 
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Figure 7. The variation of VV (a), VV+VH (b), VH/VV (c), and Span (d) for healthy and lodged paddy rice. 
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Figure 8. Decision-tree model for classification of healthy and lodged paddy rice. 
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Figure 9. Map of lodged paddy rice extraction results. 
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Figure 10. Accuracy evaluation results for different regions (the entire study area, north part, south part). 
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Figure 11. Statistical results of feature importance scores (Span, VH/VV, VV, VV+VH). 
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Table 1. Sentinel-1 data used in this study.
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Satellite

	
Data

	
Resolution

	
Work Pattern

	
Flight

Direction

	
Incidence

Angle






	
Sentinel-1A (GRD)

	
2 June 2022

(pre-lodging image)

24 June 2022

(post-lodging image)

	
10 m

	
Interferometric Wide swath (IW)

	
Ascending

	
39.15°




	
Sentinel-1A (SLC)

	
2 June 2022

(pre-lodging image)

24 June 2022

(post-lodging image)
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Table 2. Summary statistics of the disaster from measurement data from local farmers.
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	Years
	Paddy Rice Plant Area (ha)
	Paddy Rice-Affected Area (ha)
	Lodging Ratio





	2022
	123
	22
	17.89%







Lodging ratio is the percentage of lodging paddy rice to healthy paddy rice.
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Table 3. SAR backscattering coefficients and polarimetric parameters.
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	Features
	Formula
	Meaning





	Backscattering coefficients [18]
	VV, VH, VV+VH, VV-VH, VV/VH
	Backscattering coefficients and their linear combinations.



	  A l p h a   [19]
	   A l p h a =  1   λ    1    +    λ 2      ∑  i = 1  2    λ i     α i    
	The type of scattering mechanism (when α→0 corresponds to single scattering from rough surfaces; α→π/4 indicates volume scattering; α→π/2 corresponds to double-bounce scattering).



	  E n t r o p y   [19]
	   −   ∑  i = 1  2    P i    log  2  (  P i  )     
	The proportion of each scattering mechanism in the overall scattering process (ranging from 0 to 1). It also represents the randomness of the scattering process from isotropic scattering (H = 0) to random scattering (H = 1).



	  A n i s o t r o p y   [19]
	      λ    1    −    λ 2     λ    1    +    λ 2      
	A complementary parameter to Entropy represents the difference between the second and third eigenvalue mechanisms. It can be used to assess the structural and spatial homogeneity of a target.



	  S h a n n o n   [14]
	   2 log (   π e T r [  C 2  ]  2  ) + log ( 4   det [  C 2  ]   T r   [  C 2  ]  2    )   
	The sum of scattering intensity, which can reflect the rich information contained in polarized interferometric SAR.



	  S p a n   [14]
	      |   C  11    |   2  + 2    |   C  12    |   2  +    |   C     22      |   2    
	The total scattered power.
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Table 4. Accuracy assessment of four methods: user’s accuracy (UA), producer’s accuracy (PA), overall accuracy (OA) and kappa for the paddy rice-lodging class.
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Classification

Methods

	
Healthy Paddy Rice

	
Lodged Paddy Rice

	
OA (%)

	
Kappa




	
UA (%)

	
PA (%)

	
UA (%)

	
PA (%)






	
IsoData

	
72.22%

	
52.00%

	
42.86%

	
65.28%

	
0.56

	
0.20




	
K-Means

	
88.23%

	
62.50%

	
57.14%

	
85.71%

	
0.71

	
0.47




	
Minimum Distance

	
85.71%

	
72.00%

	
61.11%

	
78.57%

	
0.74

	
0.45




	
SVM

	
84.00%

	
84.00%

	
71.42%

	
71.43%

	
0.79

	
0.43




	
Decision Tree

	
87.50%

	
84.00%

	
73.30%

	
78.57%

	
0.85

	
0.65
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