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Abstract

:

Maize straw is a valuable renewable energy source. The rapid and accurate determination of its yield and spatial distribution can promote improved utilization. At present, traditional straw estimation methods primarily rely on statistical analysis that may be inaccurate. In this study, the Gaofen 6 (GF-6) satellite, which combines high resolution and wide field of view (WFV) imaging characteristics, was used as the information source, and the quantity of maize straw resources and spatial distribution characteristics in Qihe County were analyzed. According to the phenological characteristics of the study area, seven classification classes were determined, including maize, buildings, woodlands, wastelands, water, roads, and other crops, to explore the influence of sample separation and test the responsiveness to different land cover types with different waveband combinations. Two supervised classification methods, support vector machine (SVM) and random forest (RF), were used to classify the study area, and the influence of the newly added band of GF-6 WFV on the classification accuracy of the study area was analyzed. Furthermore, combined with field surveys and agricultural census data, a method for estimating the quantity of maize straw and analyzing the spatial distribution based on a single-temporal remote sensing image and random forests was proposed. Finally, the accuracy of the measurement results is evaluated at the county level. The results showed that the RF model made better use of the newly added bands of GF-6 WFV and improved the accuracy of classification, compared with the SVM model; the two red-edge bands improved the accuracy of crop classification and recognition; the purple and yellow bands identified non-vegetation more effectively than vegetation, thus minimizing the “salt-and-pepper noise” of classification results. However, the changes to total classification accuracy were not obvious; the theoretical quantity of maize straw in Qihe County in 2018 was 586.08 kt, which reflects an error of only 2.42% compared to the statistical result. Hence, the RF model based on single-temporal GF-6 WFV can effectively estimate regional maize straw yield and spatial distribution, which lays a theoretical foundation for straw recycling.
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1. Introduction


China is a large country known for its abundant agricultural resources, with agricultural production comprising a significant proportion of its national economy [1]. Crop straw, as a by-product of agricultural production [2], is an indispensable production material in vast rural areas [3]. In recent years, as the rural energy structure has shifted, fewer people have used straw as an energy resource for rural life because of its large volume and scattered distribution, as well as the low degree of industrialization [4]. Furthermore, owing to the regional, seasonal, and structural surplus of straw becoming increasingly prominent, a large amount of straw is still not fully utilized, which severely restricts the development of circular agriculture in China [5,6]. Although the government advocates for the return of straw to the field [7], straw is often discarded or burned in large amounts to allow for timely sowing at the start of the growing season, leading to the serious waste of resources and environmental pollution [8]. Straw is beneficial if used, but it is harmful if it is discarded [9]. With the development of renewable energy technology, biotechnology, circular agriculture, and environmental science, the value of crop straw as a renewable energy source has gradually been increasing and become widely accepted [10], which can be used as bio-fertilizer, feed, raw materials, fuels, and base materials. Therefore, studying the quantity and spatial distribution of straw resources in China and promoting the comprehensive utilization of straw resources are necessary for promoting rural building and sustainable agricultural development in China [11].



Although the current straw quantity was estimated in many studies, there are several limitations to extant methods and findings [12]. Firstly, the low resolution of statistical data is generally used for the analysis of straw at the county level or above, which limits the value of the data for detailed spatial analyses [13]. Secondly, the quantity of straw resources cannot be calculated in time, because the agricultural census can only be completed in the next year at the earliest. Moreover, if we aim to realize the comprehensive utilization of straw, we must not only estimate the straw yield but also fully consider the spatial distribution of regional straw [14]. The effective recycling and utilization of crop straw resources can be realized more efficiently by combining the relationship between the supply and demand of regional straw resources and optimizing straw recycling and comprehensive utilization [15].



With the in-depth application of remote sensing technology in crop area extraction, growth monitoring [16], and yield estimation [17], the use of remote sensing technology to analyze the yield and spatial distribution of straw has become a major development direction for straw resource investigation [18]. The spatial characteristics of crop planting in China exhibit complex structures and fragmentations. Therefore, in the estimation of large-scale straw quantity, the data to be processed are very large when the high-resolution remote sensing image is used, while the low-resolution remote sensing image will lead to a rapid decline in the measurement accuracy [19]. Classification using single-temporal remote sensing images of the “key phenological period” combined with multi-characteristic parameters and sensitive bands has become an important method for current crop type identification [20]. The response characteristics of different wavebands to different crops can be used to optimize the combination of wavebands, so that the spectral difference and Class Separability between different crop types are significantly improved, and finally, the accurate investigation and analysis of different crop straw resources can be realized [21].



Maize, which accounts for approximately one-fifth of grain crops in China, is the third-largest grain crop after rice and wheat [22]. Therefore, the quantity and spatial distribution of maize straw in the region are of great significance to the collection, storage, and transportation as well as comprehensive utilization of straw.



The Gaofen-6 (GF-6) satellite, planned in China’s high-resolution major special series satellites, adds four bands with central wavelengths of 710 nm, 750 nm, 425 nm, and 610 nm, which can provide richer spectral information for agricultural research [23]. This technological advancement is important for improving the spectral information characteristics of China’s medium and high-resolution satellites [24].



In order to improve the comprehensive utilization and accelerate the development of the scale, industrialization, and commercialization of straw, the quantity and spatial distribution of straw need to be studied, to plan the recycling network and the site selection of the utilization factory of straw. In this study, the effects of different wavebands on the classification of different land cover types were analyzed based on GF-6 satellite imagery, and the quantity and spatial distribution characteristics of maize straw in Qihe County were estimated to provide data support for recycling and effective utilization of regional straw. The research contents included: (1) exploring and analyzing the impact of different band combinations on samples separability, (2) analyzing the classification accuracy of the support vector machine (SVM) and random forest (RF) classification models under different band combinations for different land cover types, and (3) proposing a method for estimating the quantity and spatial distribution of maize straw based on planting area.




2. Materials and Methods


2.1. Research Area


The study area is located in Qihe County, which is in the southernmost part of Dezhou City, Shandong Province, China, at latitude range 36°24′37″–37°1′44″ N and longitude range 116°23′28″–116°57′35″ E (Figure 1). The annual average temperature is 15 °C throughout the year, which indicates a warm temperate and sub-humid monsoon climate zone, with four distinct seasons and mild weather patterns. The land area of the study area is approximately 1411 km2, of which arable land comprises 840 km2. It is flat, with an average elevation of 26 m (mean sea level), and is an alluvial plain in the lower reaches of the Yellow River. It is also an important food production area in Shandong Province. The main food crops are winter wheat and maize; peanuts, soybeans, and cotton are also planted.




2.2. Data Source and Preprocessing


The GF-6 was successfully launched on 2 June 2018, and is mainly used in precision agriculture observation and forestry resource investigation. An 8-band complementary metal-oxide-semiconductor detector was employed in China, equipped with a 2 m panchromatic/8 m multi-spectral high-resolution camera and a 16 m multi-spectral medium-resolution wide field of view (WFV) camera. The details of GF6-WFV are shown in Table 1. For the first time in China, the “red-edge” band, which can effectively reflect the unique spectral characteristics of crops, was added, which has greatly improved the monitoring of agriculture, forestry, grassland, and other resources.



The image of the research area taken on 9 September 2018, was selected for analysis, as this date corresponds to the maize filling period. The 1A-level image downloaded from the China Centre for Resources Satellite Data and Application (CCRSDA) (http://www.cresda.com/CN/index.shtml (accessed on 7 February 2020)) must be preprocessed by radiometric calibration, atmospheric correction, and orthorectification [25], and all preprocessing performed in ENVI (Version 5.3, Research System Inc., Boulder, CO, USA). Atmospheric correction was performed using the fast line-of-sight atmospheric analysis of the spectral hypercubes model [26], and the spectral response function was provided by the CCRSDA. The rational polynomial coefficients model based on rational functions was used to further orthorectify without control points. The 2019 agricultural census data including planting area and yields of maize were obtained from the local government website (http://dztj.dezhou.gov.cn/n3100530/n3100065/index.html (accessed on 27 April 2020)), and the administrative boundary vector data of the study area were downloaded from Resource and Environmental Science and Data Center (http://www.resdc.cn/data.aspx?DATAID=202 (accessed on 7 February 2020)). SuperMap (iDEesktop 8C, SuperMap Software Co., Ltd., Beijing, China) was used to process these data and transform the coordinate system. All spatial data were converted into the universal transverse Mercator (WGS84 UTM 45N) projection.



Two types of samples were used in this study, namely training and verification samples, most of which were obtained through ground surveys using OvitalMap (V8.7.1, Beijing Ovital Software Co., Ltd., Beijing, China) in June 2018. In addition, with the support of higher spatial resolution image data, historical data, and expert knowledge, we also acquired a portion of training samples through manual visual interpretation. A total of 689 samples were acquired in this study, including maize, buildings, woodlands, wastelands, water, roads, and other crops. According to the proportions of different land cover types, 250 samples were randomly selected as verification samples and the rest were used for training samples. The training samples were used to classify land cover types in the research area. The supervised classification method was used to obtain the planting area of maize, from which the yield and distribution of maize straw were estimated. The verification sample was used to evaluate the classification accuracy of different land cover types. All samples were randomly collected to cover the entire study area as much as possible and they were quadrats of single crops to better avoid noise and ensure classification accuracy.



When the maize was being harvested in October 2018, three quadrats of 5 m × 10 m were selected in the southern, central, and northern regions of Qihe County, respectively, to count the number of the maize planted and the weight of straw (15% moisture content). These data will be used for the estimation of maize straw yield.




2.3. Classification of Land Cover Types Using Different Bands Combinations


The maize in the research area of the acquired image was in the grain-filling stage, and the main land cover types were determined by ground investigation as maize, buildings, wasteland, water, woodland, roads, vegetables, cotton, and soybean. Soybean and cotton were planted less than the other crops, and their spectral characteristics were similar to those of vegetables. Hence, vegetables, cotton, soybeans, and a very small number of other crops were classified as other crop types, and the identification and statistics of maize were the focus of classification in this study. In summary, we divided the study area into seven final land cover types, including maize, buildings, woodland, wasteland, water, roads, and other crops. Firstly, layer stacking was performed on the preprocessed image, and five schemes (Table 2) were designed for the newly added bands for experimentation. Second, two types of machine learning—SVM [27] and RF [28]—were used to classify the research area [29]. Finally, the classification results of the two classification methods were analyzed on the influence of the red-edge, purple, and blue bands on the recognition of various land cover types to verify the improvement of the classification accuracy of the newly added band of GF-6 WFV compared to GF1/WFV.



SVM is based on a statistical learning theory, trying to find an optimal hyperplane as a decision function in high-dimensional space. The number of free parameters used in the SVM does not depend on the number of input features, and the reduction in the number of features is not required to avoid overfitting. SVM provides a generic mechanism to fit the surface of the hyperplane to the data through the use of a kernel function, such as linear, polynomial, or sigmoid curve. RF is a combination of tree predictors which exhibits superior performance in cases with noise and weak discrimination data and is insensitive to the initialization of parameters [30]. Compared to SVM, the number of user-defined parameters in RF is less than the number required for SVMs and easier to define. In this paper, the training of SVM with a linear kernel was performed. ENMAP-BOX [31] was used for RF classification.




2.4. Classes Separability Assessment


Class separability, which is a measure of similarity between classes, can be determined from these values. There are four widely used quantitative measures for class separability: divergence, transformed divergence (TD), Bhattacharyya distance, and Jeffries–Matusita distance (JM) [32]. Divergence is one of the most popular separability measures used in remote sensing, which can be calculated by the mean and variance-covariance matrices of the data representing feature classes. The TD is the standardized form of divergence, which can minimize the effect of several well-separated classes that may increase the average divergence value and make the divergence measure misleading. The Bhattacharyya distance and the JM can be used to estimating the probability of correct classification, and the JM can suppress high separability values by transforming the Bhattacharyya distance values to a specific range.




2.5. Maize Straw Estimation


The goal of county-level straw estimation was to determine the type and quantity of straw resources. The total theoretical quantity of straw was considered the maximum quantity that can be produced in a certain area each year [33]. This value was estimated by taking the crop planting area and straw resource density, and the equation used is as follows:


   P T  =   ∑  i = 1  n    D i  ⋅  A i     



(1)




where: PT is the theoretical total quantity of straw (t); i is the number of different crop straws, and the maize straw was counted in this study, thus, i = 1; Di indicates the straw resource density of the ith crop (t/km2), and Ai is the plantation area of the ith crop (km2).


   D i  = 1000 × (   ∑  j = 1  n      C i    j     S i    j      ) / j  



(2)




where: j is a different sampling region; Ci j is the theoretical total quantity of straw resources of the ith crop in area j (kg); Si j is the plantation area of ith crop in area j (m2).




2.6. Accuracy Verification


A confusion matrix [34] was used to evaluate the accuracy of the classification results based on the verification samples of the ground survey. The evaluation indicators include overall accuracy (OA), user accuracy (UA), production accuracy (PA), and kappa coefficient (KC). The OA and KC reflect the overall classification effect, while the PA and UA represent omission and misclassification errors, respectively. Since accuracy is not necessarily normally distributed, the non-parametric Wilcoxon test for paired samples was conducted to evaluate the changes in OA and PA of each land cover type between different bands combination. Besides, the planting area of maize can also be verified by statistical census data.



According to the yield of maize and the straw-grain ratio, the straw yield of maize could be calculated; that is, the theoretical total quantity of maize straw used as validation data was the product of maize yield and straw-grain ratio, and the maize yield was obtained using annual census data [35].





3. Results and Discussion


3.1. Band Reflectivity Analysis


All training samples (179, 68, 50, 19, 28, 49, and 46 samples of maize, buildings, woodlands, wastelands, water, roads, and other crops) were used to perform pixel information statistics for different feature types, and reflectivity curves of different land cover types were drawn, as shown in Figure 2. Vegetation and non-vegetation have significant differences in spectral characteristics. We found that buildings, roads, and wasteland exhibit higher reflectivity in visible wavelengths (B1–B3 and B7–B8), and buildings and other land cover types were strongly separated. Roads and wasteland were significantly different in B4–B6, which can be easily distinguished. Water exhibits strong NIR waves absorption, so the reflectance of water in B4 is lower than that of all other land cover types [36]. Maize, woodland, and other plants exhibit low reflectivity of visible wavelengths due to the absorption of chlorophyll, and their spectral characteristics are similar [37]. Thus, it is difficult to distinguish each plan type, although the reflectivity is higher in B4 (NIR) and B6 (Red-edge 2). In B4, the reflectivity of different land cover types was as follows: other plants > maize > wasteland > woodland > roads > building > water. The reflectivity of wasteland and woodland were similar, and the difference between roads and buildings was also small, but both were easily distinguished in B1–B3 and B5, as they have good separation.




3.2. Class Separability


In this study, JM and TD were used to measure the separability between maize and other land cover types in the research area. The range of JM and TD are within [0, 2]. As a general rule, values in the range of [0.0, 1.0) indicate a very poor class separability; values in the range of [1.0, 1.9) indicate a poor separability; and values in the range of [1.9, 2.0] indicate a relatively good separability.



The class separability of the samples in Table 3 was analyzed, and we found that the separability of different land cover types was significantly different, in whether there was the participation of the new band of GF-6 satellite. Compared with S1, the JM and TD between maize and other plants in S2 increased from 1.32 and 1.43 to 1.80 and 1.97, respectively, and the values between maize and woodland also increased from 1.43 and 1.81 to 1.67 and 1.95, which indicated that B5 can significantly enhance the separability of maize from other plants and wood-lands, but the spectra between them still exhibit a large overlap. By comparing the JM between maize and other land cover types in S1 and S2, we found that B5 also contributes partly to the separability of maize from wasteland and roads. The JM between maize and all land cover types in S3 was unchanged or decreased than that in S2, except between maize and woodland, which indicated that the contribution of B6 to the separability between maize and other land cover types was less than that of B5, but the contribution to the separability between maize and woodland was greater than that of B5. To sum up, the superposition of B5 and B6 can further increase the separability of maize and other land cover types, specifically for the distinction between maize and woodland. In S2, the JM between maize and all other land cover types was greater than 1.8, and the TD was more than 1.9, indicating that when the red-edge wavelength was involved in the calculation, the separability of maize and other land cover types was very high. The purple and yellow bands added in S4 and S5, respectively, can increase the separability of maize and other land cover types in a certain range because they still slightly increase JD, but their effect on improving TD was not obvious.




3.3. Maize Identification and Classification Results


Using the same training samples, SVM and RF classification models were used to classify the remote sensing image under the S1–S5 schemes. The classification results are shown in Table 4.



The OA of the SVM and RF models under the S1 scheme was quite low at 84.05% and 85.57%, respectively, and the KC was 0.80 and 0.82, respectively. Under the S2 scheme, the classification accuracy of the two classification methods was significantly improved, reaching more than 90%; specifically, the OA of the RF model was 93.24%, and the KC was 0.91. This indicates that Red-edge 1 can effectively improve the classification accuracy of SVM and RF models in the research area. The OA of SVM in the S3 scheme was lower than that in the S2 scheme but remained 5.75% higher than that in the S1 scheme. The total accuracy of RF in the S3 scheme exhibited a significant decline and was far lower than that of the SVM model, but it remained 1.81% higher than that of the S1 scheme. These results indicate that Red-edge 2 can effectively improve the recognition ability of the SVM model on land cover types, but the improvement is lower than that of Red-edge 1. This may be because Red-edge 2 is significantly correlated with NIR (B4; R2 = 0.991; Figure 3a), resulting in feature redundancy. The classification accuracy of the SVM model did not change significantly in the S4 and S5 schemes, and the OA was maintained at approximately 91%, with a KC of 0.89. The OA of the RF model in the S4 scheme increased rapidly compared with the S3 scheme and exceeded the classification result accuracy of the SVM model. The OA was 93.15%, and the KC was 0.91, which was almost the same as the result of the S2 scheme. The OA of the RF model in the S5 scheme was the highest, but it did not change significantly compared with the S4 scheme. The results showed that purple and yellow bands had a limited influence on the classification results. We speculate that one of the reasons may be that B7 was significantly correlated with B1 (R2 = 0.986; Figure 3b), and B8 was significantly correlated with B2 and B3 (R2 = 0.982 and R2 = 0.981; Figure 3c,d).



The impact of the newly added bands on the classification results of various land cover types was specifically analyzed, and a confusion matrix was established for the RF model results under the S1–S5 scheme through verification samples (Table 5). Difference analysis results for each land cover type between different band combinations are shown in Table 6.



The generated confusion matrix indicates that the PA of buildings and water under the S1 scheme was higher, reaching 97.50% and 97.49%, respectively. However, a misclassification between other crops and maize was observed, and the PA of maize is 82.36%. Furthermore, many wastelands and roads were mistakenly divided into buildings. From Figure 4b,h, we intuitively found that there were a large number of road and woodland spots in the RF classification results, as well as a large number of misclassified wastelands.



Under the S2 scheme, with the addition of Red-edge 1, the classification results were significantly improved, especially for woodlands and other plants, and the PA increased from 84.45% and 59.31% to 90.29% and 72.07%, respectively. In particular, the smoothness of the classification results of woodland on both sides of the road was improved (Figure 4c). The classification accuracy of maize reached 97.57%, which was an increase of 15.21% compared to the S1 scheme. However, the classification effect of roads was not significantly improved, and a large number of misclassified discontinuous roads were mixed in the maize fields. It showed that the Red-edge 1 band significantly contributed to vegetation classification, but its role in the recognition of non-vegetation land cover types was limited.



The classification results of S3 with the addition of Red-edge 2 were similar to those of S1 without a significant difference. Although the PA of maize, woodland, and other crops was improved, the PA of water bodies and roads decreased. These results indicated that Red-edge 2 had no obvious effect on improving the classification of land cover types in the research area, particularly for non-vegetation. We intuitively determined that the addition of Red-edge 2 significantly improved the recognition of continuous roads (Figure 4d) and the removal of wasteland patches (Figure 4f). However, the fragmentation of the roads in the field was not reduced. This may be because the resolution of the remote sensing image used was too low to identify a narrow road in the field.



The classification results of the S4 scheme with two red-edge bands were similar to those of the S2 scheme, but the misclassification and omission of almost all vegetation were significantly reduced—specifically, the ability to distinguish maize from other plants was very strong. The classification results exhibited better completeness, and the continuity and smoothness of the boundary of the spots were also improved (Figure 4e). However, Figure 4k shows that discontinuous road spots remained in the classification results. This indicates that when two red-edge bands exist simultaneously, Red-edge 1 plays a major role in classifying land cover types, and Red-edge 2 can be superimposed to improve the classification accuracy of buildings and wasteland.



The S5 scheme with the purple and yellow bands added to the S4 scheme is a remote sensing image that includes all bands of GF-6 WFV and the classification results were not significantly improved. But compared with S4, the PA of roads, wastelands, and water was significantly improved from 83.91%, 68.63%, and 97.46% to 94.89%, 75.97%, and 100%, respectively, indicating that the purple and yellow bands were more likely to respond to non-vegetation and increase their classification accuracy, but the PA of woodland and other vegetation decreased. From the perspective of the entire research area, the purple and yellow bands effectively reduced the “salt-and-pepper phenomenon” in the classification results (Figure 4f,l), thereby improving the accuracy of maize producers to 98.28%.



To sum up, we found that the overall classification accuracy was the best when the RF model was used in the S5 scheme, and the land cover types of Qihe County were extracted as shown in Figure 5. The planting area of maize was estimated with the class statistical tool in ENVI, which was 774.18 km2. According to agricultural statistics, the maize planting area in Qihe County in 2018 was 757.73 km2, which falls within a 2.17% error from our calculated value. As shown in Figure 6, the maize plantation area was the largest, accounting for 54.87% in Qihe County in 2018. These results indicate that maize is a primary food crop in Qihe County; this facilitates a notably high quantity of maize straw being produced in the region, which exhibits great potential for recycling and utilization.




3.4. Spatial Distribution of Maize Straw


Averaging the field survey data in Table 7, the density of maize straw was calculated. According to Equation (1), the spatial distribution of maize straw in 2018 (Figure 7) was obtained by multiplying the planting area (each pixel is 16 m × 16 m) with the density of straw. The distribution of maize straw was the widest in southern and northeastern Qihe County, and the average distribution density in the northernmost and southernmost regions was slightly lower. The central and northern areas exhibit the lowest quantities and average densities because these areas are characterized by numerous towns.



The total quantity and average density of maize straw in each township were further evaluated, as shown in Figure 8. Although the straw quantities of Liuqiao and An’tou were 47.12 kt and 39.07 kt, respectively, because of the small area of cultivated land, the average maize straw density was 543.46 t/km2 and 525.58 t/km2, respectively, so these two towns were very suitable for maize straw recycling and utilization. Larger townships in the central and southern regions, including Pandian, Renliji, Jiaomiao, and Huguantun, had relatively large maize straw yields and relatively high average density, so the potential for the utilization of maize straw resources was also notable. In northern towns such as Dahuang, Yizhangtun, Biaobaisi, and Huadian and the southern towns such as Zhaoguan and Maji, the total theoretical maize straw quantity was 25–32 kt, with the average density of straw being 380–470 t/km2, which indicates that these towns were also suitable for maize straw recycling and utilization. Yancheng had a small proportion of cultivated land and the lowest average density and yield of maize straw. Due to the development of towns and secondary industries, the average density of maize straw in Zhu’A and Yanbei was also low, indicating that the utilization potential of straw resources is relatively lesser.





4. Conclusions


The results of this study show that it is feasible to use SVM and RF models to estimate the yield and spatial distribution of maize straw by combining GF6/WFV, field survey data, and agricultural census. The land cover types in Qihe County were more accurately identified by the RF model, which consequently improved the estimation accuracy of the yield and spatial distribution of the maize straw. The main conclusions are as follows:




	
Both SVM and RF models can effectively identify and aid in the classification of land cover types in the research area. The RF model exhibits improved classification accuracy compared to that of SVM when the newly added band of GF-6 WFV was used;



	
The addition of two red-edge bands increased the separability of land cover types with large differences in red-side spectral characteristics and generally significantly improved the overall classification accuracy and reduced the misclassification and omission of crops. Red-edge 1 can improve the recognition accuracy of land cover types more than Red-edge 2 in Qihe County. In this study, the classification accuracy and KC of the RF model increased from 85.57% and 0.82 to 93.15% and 0.91, respectively, after adding two red-edge bands;



	
The response of purple and yellow bands to non-vegetation was more obvious than that to vegetation, which increased the classification accuracy of non-vegetation and slightly reduced the “salt-and-pepper noise” in the classification results. However, the effects of the two bands on the classification accuracy of vegetation and the total classification accuracy were not obvious;



	
The theoretical total quantity of maize straw in Qihe County was 586.08 kt in 2018, which reflected only a 2.42% error from the statistical result. Maize straw in Qihe County was planted, excluding in central and northern urban areas. Among them, the southern and northeastern regions exhibited the widest distribution areas and highest average densities, followed by the northernmost and southernmost regions. The central and northern urban areas exhibited the lowest average distribution densities.









5. Future Work


The research method of this study still exhibits some limitations that should be addressed. After inspection, it was found that the misjudged pixels were primarily those located at the junctions of various land cover types. Many mixed pixels that were difficult to distinguish, even by visual interpretation, were formed in the image because of the superimposed spectral characteristics of different land cover types at the junctions [38]. Concurrently, the spatial resolution of the remote sensing image also limited the accuracy of extraction to a large extent [39]. Therefore, the focus of further research is to fuse higher resolution spatial information, and a discriminant model based on spatial relationship knowledge and mixed pixel decomposition will also be considered to improve extraction accuracy.
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Figure 1. Research area: (a) Shandong Province; (b) Qihe County. 
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Figure 2. Spectral curves of different land cover types. 
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Figure 3. Correlation analysis between various bands: (a) B4 and B6; (b) B1 and B7; (c) B2 and B8; (d) B3 and B8. 






Figure 3. Correlation analysis between various bands: (a) B4 and B6; (b) B1 and B7; (c) B2 and B8; (d) B3 and B8.



[image: Sustainability 13 04603 g003]







[image: Sustainability 13 04603 g004 550] 





Figure 4. Classification results of RF models under different band combination schemes: (a) Original image of area A; (b–f) Classification results of S1–S5 in area A; (g) Original image of area B; (h–l) Classification results of S1–S5 in area B. 
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Figure 5. Land cover types in Qihe County based on the RF model in 2018. 
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Figure 6. Land cover type proportions based on the RF model in 2018. 
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Figure 7. Spatial distribution of maize straw in Qihe County in 2018. 
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Figure 8. Statistics of maize straw in each township of Qihe County in 2018. 
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Table 1. Parameters of Gaofen 6 (GF-6) wide field of view (WFV).
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Parameters

	
Spectral Range

(nm)

	
Spatial Resolution

(m)

	
Swath Width

(km)






	
WFV

	
B1 (Blue)

	
450–520

	
16

	
800




	
B2 (Green)

	
520–590




	
B3 (Red)

	
630–690




	
B4 (Near Infrared)

	
770–890




	
B5 (Red-edge 1)

	
690–730




	
B6 (Red-edge 2)

	
730–770




	
B7 (Purple)

	
400–450




	
B8 (Yellow)

	
590–630
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Table 2. Classification schemes with different band combinations.
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	Schemes
	Operating Bands





	S1
	B1, B2, B3, B4



	S2
	B1, B2, B3, B4, B5



	S3
	B1, B2, B3, B4, B6



	S4
	B1, B2, B3, B4, B5, B6



	S5
	B1, B2, B3, B4, B5, B6, B7, B8
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Table 3. Separability between maize and other land cover types under different schemes (S1–S5).
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S1

	
S2

	
S3

	
S4

	
S5




	

	
JM

	
TD

	
JM

	
TD

	
JM

	
TD

	
JM

	
TD

	
JM

	
TD






	
Building

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00




	
Woodland

	
1.43

	
1.81

	
1.67

	
1.95

	
1.77

	
1.95

	
1.83

	
1.98

	
1.86

	
1.99




	
Other plants

	
1.32

	
1.43

	
1.80

	
1.97

	
1.71

	
1.97

	
1.87

	
1.99

	
1.89

	
2.00




	
Water

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00

	
2.00




	
Wasteland

	
1.87

	
2.00

	
1.99

	
2.00

	
1.97

	
2.00

	
1.99

	
2.00

	
2.00

	
2.00




	
Road

	
1.85

	
2.00

	
1.91

	
2.00

	
1.88

	
2.00

	
1.92

	
2.00

	
1.95

	
2.00
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Table 4. Classification results based on support vector machine (SVM) and random forest (RF) models in Qihe County.
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S1

	
S2

	
S3

	
S4

	
S5






	
SVM

	
OA

	
84.05%

	
90.02%

	
89.80%

	
91.10%

	
91.53%




	
KC

	
0.80

	
0.87

	
0.87

	
0.88

	
0.89




	
RF

	
OA

	
85.57%

	
93.24%

	
87.38%

	
93.15%

	
94.18%




	
KC

	
0.82

	
0.91

	
0.84

	
0.91

	
0.92
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Table 5. Confusion matrix for verifying classification accuracy of RF model (unit: %).
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Building

	
Woodland

	
Other Plants

	
Water

	
Wasteland

	
Road

	
Maize






	
S1

	
Building

	
97.50

	
0

	
0

	
0.95

	
16.91

	
12.17

	
0




	
Woodland

	
0.16

	
84.45

	
0.31

	
0.08

	
3.76

	
0.58

	
3.91




	
Other plants

	
0

	
0

	
59.31

	
0.01

	
0

	
0

	
12.27




	
Water

	
0

	
7.88

	
0.09

	
97.49

	
1.36

	
0

	
0




	
Wasteland

	
1.61

	
1.17

	
21.58

	
0.08

	
64.65

	
2.63

	
0.17




	
Road

	
0.73

	
4.46

	
0.09

	
1.20

	
11.78

	
83.78

	
1.29




	
Maize

	
0

	
2.04

	
18.62

	
0.18

	
1.53

	
0.85

	
82.36




	
S2

	
Building

	
97.69

	
0

	
0

	
0.83

	
15.28

	
12.48

	
0




	
Woodland

	
0.18

	
90.29

	
1.50

	
0.07

	
3.22

	
0

	
1.47




	
Other plants

	
0

	
0

	
72.07

	
0.01

	
0

	
0

	
0.08




	
Water

	
0

	
0.73

	
0

	
97.46

	
1.53

	
0

	
0




	
Wasteland

	
1.55

	
1.27

	
18.18

	
0.07

	
71.63

	
2.05

	
0.01




	
Road

	
0.58

	
6.17

	
1.77

	
1.37

	
6.11

	
84.09

	
0.86




	
Maize

	
0

	
1.53

	
6.49

	
0.18

	
2.24

	
1.38

	
97.57




	
S3

	
Building

	
97.81

	
0

	
0

	
1.05

	
20.73

	
12.48

	
0




	
Woodland

	
0.05

	
84.59

	
0.44

	
0.13

	
2.62

	
0

	
2.02




	
Other plants

	
0

	
0.05

	
59.8

	
0

	
0

	
0

	
9.8




	
Water

	
0

	
8.14

	
0

	
97.44

	
0.93

	
0

	
0




	
Wasteland

	
1.55

	
1.06

	
21.76

	
0.07

	
65.19

	
2.63

	
0.12




	
Road

	
0.6

	
4.74

	
0.31

	
1.14

	
9.00

	
83.42

	
1.17




	
Maize

	
0

	
1.41

	
17.7

	
0.17

	
1.53

	
1.47

	
86.89




	
S4

	
Building

	
97.97

	
0

	
0

	
1.03

	
20.68

	
12.39

	
0




	
Woodland

	
0.05

	
88.41

	
0.71

	
0.07

	
2.89

	
0.04

	
1.33




	
Other plants

	
0

	
0.02

	
77.14

	
0.01

	
0

	
0

	
0.29




	
Water

	
0

	
2.86

	
0.04

	
97.46

	
1.96

	
0

	
0




	
Wasteland

	
1.55

	
1.31

	
18.09

	
0.07

	
68.63

	
2.32

	
0.02




	
Road

	
0.42

	
5.94

	
0.44

	
1.17

	
3.76

	
83.91

	
0.81




	
Maize

	
0.02

	
1.46

	
3.57

	
0.18

	
2.07

	
1.34

	
97.55




	
S5

	
Building

	
97.42

	
0

	
0

	
0

	
14.72

	
2.81

	
0




	
Woodland

	
0.07

	
87.00

	
0.18

	
0

	
2.08

	
0

	
1.00




	
Other plants

	
0

	
0.02

	
70.93

	
0

	
0

	
0

	
0.20




	
Water

	
0

	
10.34

	
0.18

	
100

	
3.12

	
0

	
0




	
Wasteland

	
1.47

	
1.17

	
19.35

	
0

	
75.97

	
2.08

	
0




	
Road

	
1.04

	
0.67

	
0.57

	
0

	
1.59

	
94.89

	
0.52




	
Maize

	
0

	
0.81

	
8.80

	
0

	
2.52

	
0.23

	
98.28
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Table 6. Difference analysis results for each land cover type between different band combinations.
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	No.
	Contrast of Bands Different Combination
	p-Value





	1
	S2 to S1
	0.0156



	2
	S3 to S1
	0.0781



	3
	S4 to S1
	0.0156



	4
	S5 to S1
	0.0156



	5
	S3 to S2
	0.0234



	6
	S4 to S2
	0.6875



	7
	S5 to S2
	0.3828



	8
	S4 to S3
	0.0078



	9
	S5 to S3
	0.0156



	10
	S5 to S4
	0.3828







Significance levels: 0.05.
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Table 7. The density of maize straw in the sampling area.
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No.

	
Area (m × m)

	
No. of Plants

	
Weight of Straw (kg)

	
Density of Straw (t/km2)






	
1

	
10 × 5

	
336

	
40.24

	
804.8




	
2

	
10 × 5

	
308

	
35.63

	
712.6




	
3

	
10 × 5

	
322

	
37.46

	
749.2




	
Average

	
755.53
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