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Abstract

:

Soil nitrogen (N) content plays a vital role in agriculture and biogeochemical processes, ranging from the N fertilization management for intensive agricultural production to the patterns of N cycling in agroecological systems. While proximal sensing in laboratory settings can achieve ideal soil N estimation accuracy, the estimation and mapping by using remote sensing methods in a large spatial scale diplays low ability. A new hyperspectral imager with 166 spectral channels, the ZY1-02D, makes possible the detection of subtle but important spectral features of soil. This study aimed at exploring the capability of the ZY1-02D to estimate and map the topsoil N content of the black soil-covered farmlands in northeast China. To this aim, 646 soil samples from study sites were collected, processed, spectrally and geochemically measured for the soil N sensitive bands detection and partial least squares regression (PLSR) calibration and validation. The sensitive bands detection results showed an appealing regularity of the variability and stable tendency of the soil N sensitive spectral bands with the change of the sample size. Based on this, we compared the estimation capacity of the models developed with the full wavelength spectra and the models developed with the sensitive bands. The estimation based on ZY1-02D full wavelength spectral reflectance were robust, with R2 of 0.64 in validation. Further, the results of model developed with the sensitive bands showed better validation accuracy with R2 of 0.66 and were applied to create a map of topsoil N content of farmlands in the northeast China black soil area. The results demonstrated that sensitive bands modelling could enhance the accuracy of the estimation and simplify model, and what is more, showed the ideal capability of ZY1-02D for soil N content estimation at the regional scale.
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1. Introduction


A valuable agricultural farmland resource, black soils [1,2,3], are suffering from degradation of soil fertility as a result of over-exploitation, soil erosion and the abuse of fertilizers in recent years, which seriously threatens the climate conditions and the food security of the world [4,5]. The capacity to achieve agronomic management optimization and intensive farming, and furthermore to achieve safe and sustainable development of agriculture partly depends on a better monitoring of soil nutrient contents [6,7]. The concentration of nitrogen (N) in the topsoil of farmlands is the main indicator of soil nutrient status [8], and the N fertilization is the important management intervention for intensive agricultural production [9,10,11]. Hence, how to estimate and map topsoil N content in black soil-covered farmlands is an essential research target for black soil resource protection and sustainable agricultural development.



Traditionally, the understanding of soil N content and its changes on a large spatial scale require extensive soil geochemical surveys. The high costs and low efficiency of soil surveys, commonly done by field sampling, remain a significant restriction on monitoring and mapping soil properties [12,13,14]. Therefore, it is necessary to develop and optimize more economical and effective techniques to estimate and map the N content of topsoil on a regional or even larger scale.



Since the launch of the first commercial satellite Earth Resource Technology Satellite (ERTS-1 a.k.a. Landsat-1) in 1972, the development of remote sensing techniques has made possible the rapid analysis of land cover in large areas [15,16]. From then on, increasing advances have been made in estimation and mapping soil properties by remote sensing techniques. The approach of analyzing the statistical relation of spectra and the certain property of object by calibration-validation strategy to provide quantitative estimation was built in 1968 [17], and then has been successfully applied in the quantitative analysis of soil properties (CaCO3, Fe2O3, Al2O3, CEC, pH, TN, SOC content, soil texture and soil moisture content etc.) after the 1990s [18,19,20,21,22,23].



The quantitative analysis of soil N content by the soil spectra, which are acquired from soil samples by proximal spectral measurements in a laboratory setting can commonly achieve ideal accuracies [19,24,25,26,27,28,29,30,31,32,33]. Table A1 provides a review of studies comparing soil N estimation using proximal and remote sensing methods. Several calibration-validation strategies have been employed in soil N content estimation by lab hyperspectral analysis after the 1990s, such as the multiple linear regression (MLR) [24], partial least squares regression (PLSR) [25], principle component regression (PCR) [19], and support vector machine (SVM) [31], which have obtained good to excellent R2 values (R2 = 0.92, 0.95, 0.85 and 0.58, respectively). Among them the partial least squares regression (PLSR) method has been proved the most effective and stable one in recent studies [25,26,27,28,29,30,31,32,33], as it takes advantage of the robust ability in the handling of multicollinearity and numerous noise sources in hyperspectral data [34,35].



However, the estimation accuracy of the N content of field soils was generally low when remote sensing spectroscopy data was applied [36,37,38,39,40,41,42,43], on account of the restrictions as the variability of the land cover, the spectral variation due to the atmospheric influence, the data uncertainty due to the variation of the temperature and the humidity on a large spatial scale, etc. [16,31,44]. Some efforts for soil N content estimation by remote sensing data (Landsat 5 TM, Landsat 8 OLI, Sentinel 1A, Sentinel 2A, etc.) have been reported in recent studies [38,39,40,41,42]. Due to the limitation of the available channels of these sensors, these studies usually apply black-box models as the BRT, RF, SVM, etc. with different algebraic indices to improve the estimation accuracy. However, when hyperspectral data (Hyperion, airborne CASI-SASI) have been employed in the estimation, the PLSR method could achieve better estimation results [36,37,43].



This study employed of the first time the data of a new space-borne hyperspectral imager, the ZY1-02D, in soil N content quantitative analysis modelling, to explore its potential for tsoil nitrogen content estimation on a regional spatial scale. The ZY1-02D advanced hyperspectral imager (AHSI) was lunched on 12 September 2019, and has the ability to acquire 166 bands of hyperspectral data with 30 m spatial resolution, 400–2500 nm spectral region and spectral resolution of 10 nm at VNIR and 20 nm at SWIR spectral region [45]. The continuous narrow hyperspectral bands of the data provide more detailed spectral information of the target soils and could make comparing the results of lab spectral analysis and its application in space-borne spectroscopy possible.



Additionally, even though previous studies have obtained ideal accuracies of the soil N content estimation, the models were usually unacceptable for other regions on account of the variation of the spectral statistical feature caused by the heterogeneity of samples [46,47,48]. In the sensitive band analysis experiment of our study, we found and demonstrated the variability and stable tendency of the sensitive spectral bands to the N content with the change of the sample size. Based on this, our study effectively improved the spectral quantitative analysis accuracy to the soil N content.



The objective of this study was to investigate the spectral quality of the new hyperspectral imager, ZY1-02D, and subsequently to evaluate its capacity for soil N content estimation and mapping on a regional scale. To this end, we performed the analysis of sensitive spectral bands to soil N content based on 646 soil samples which were collected, processed, and tested following a common protocol [49]. Furthermore, we compared this result with the spectral analysis to the ZY1-02D hyperspectral data to investigate the consistency of the results between the proximal and remote sensing data. Based on the results of sensitive band analysis, a PLSR model was used with the ZY1-02D (AHSI) images to estimate and map nitrogen contents of bare soil of 20,062 km2 farmlands in the black soil area of northeast China.




2. Materials and Methods


2.1. Study Area


Black soils, also known as Mollisols (USDA) and Chernozems, Kastanozems or Phaeozems (FAO), are widely distributed in the Ukrainian plain, Mississippi Valley, Northeast China and Pampas Steppe, and totally cover about 916 million hectares around the world [1]. The farmlands covered by black soils are recognized as fertile and valuable resources which are widely and intensively explored and farmed in the three regions around the latitude of N46°of the northern hemisphere [1,2], which significantly overlaps with the main maize, soybean and wheat growing regions of the world [3]. The black soils of China are primarily located in three provinces (Liaoning, Jilin and Heilongjiang) in northeast China that cover an area of   124.9 ×   10  4    km2 [1]. According to the FAO 90 classification system, the typical black soil (Haplic Phaenozems) region in northeast China could be extracted from the Harmonized World Soil Database and shown as the gray area in Figure 1 [50]. The farmlands cover most of the study area (86%) and the main crop types in the study area are maize, and rice grown in an area located alongside the basin of the Songhua river and its tributaries. Soil samples (n = 646) from the typical black soil fields in northeast China were collected for our spectral and geochemical analysis.




2.2. Data Sets


2.2.1. Sampling and Geochemical Measurement


The majority soil samples for sensitive bands analysis (n = 600) were collected from the typical black soil belt in Heilongjiang Province (47°25′32.68″N to 49°8′51.44″N, 123°41′22.34″E to 127°44′8.53″E) in September 2016 and May 2017. Additionally, 46 soil samples were collected in the typical black soil belt in Jilin Province (42°33′19.51″N to 45°11′4.82″N, 124°55′45.07″E to 126°8′47.57″E) in October 2018. All of the samples have exact coordinates recorded with WGS84 latitude and longitude. Both the spectra measurement and geochemical analysis were performed at the laboratory in Liaoning Research Institute of Geology and Mineral Resources (Shenyang, China). The soil samples were air dried, crushed and sieved through 0.075 mm sieve in the laboratory for spectral measurement and geochemical analysis. The total nitrogen (TN) content was measured by the Kjeldahl distillation volumetric method. To illustrate the variability of the sensitive bands due to the changes of samples, 50 samples were randomly selected from the 600 samples five times for the sensitive bands selection calculation (named as datasets for test, Dt1 to Dt5). Owing to the stable tendency of the sensitive bands with the increase of the sample size, the 600 samples have been divided into five sample sets with 50–100–200–400–600 samples each for sensitive bands selection calculation, each of these 5 data sets were selected with even gradient variation of TN contents of corresponding samples (named as datasets for sensitive bands selection, Ds1 to Ds5). Another dataset with the 46 soil samples for the calibration and validation procedure with ZY1-02D (AHSI) data for the soil N content estimation were named the datasets for estimation (De). Descriptions of the datasets are listed in Table A2.




2.2.2. Spectral Measurement


Spectral reflectance data of soil samples were measured by an ASD Fieldspec® 3 spectrometer (ASD Inc., Boulder, CO, USA) with spectral sampling interval of 1 nm, spectral resolution of 3 nm at visible, 8.5 nm at NIR and 6.5 nm at SIWR across a spectral region of 350–2500 nm. The complete set of data were spectrally measured in the lab follow a uniform protocol during the same period and under the constant experiment environment. The dark room condition avoided light interference with the probe light source of the spectrometer; the oven drying process applied to the soil samples before the spectral measurements minimized the moisture effects on the reflectance; during the course of measurement, under the iron supported fixed probe, soil samples were placed in a Petri dish and the surface was flattened for the measurements. The laboratory environment and materials are shown in Figure 2. The spectrometer and the bulb (4.05 W tungsten halogen lamp with 2901 ± 10° %K color temperature) in the probe should be warmed up for half an hour before the measurements are recorded. During measurement course, the standard white reference panel should be measured once per half an hour for spectrometer calibration. Each soil sample was measured five times.




2.2.3. ZY1-02D Hyperspectral Image


We used six ZY1-02D hyperspectral images acquired on the typical black soil belt in Jilin province in 13 May 2020 (Figure 3). The images collected in May covered well the bare soil exposed during the season. May corresponds to the period before the bud burst and after the tillage of farmlands. The ZY1-02D (AHSI) was lunched on 12 September 2019, and has the following characteristics: 166 bands (spectral resolution of 10 nm at VNIR and 20 nm at SWIR), 400 nm to 2500 nm spectral region, swath width of 60 km and the spatial resolution of 30 m [45]. The experimental ZY102D (AHSI) images in this study were provided by the Land Satellite Remote Sensing Application Center.




2.2.4. GlobeLand30 Dataset


The GlobeLand30 land cover dataset (GLC30) is a global scale land cover classification dataset with 30 m spatial resolution. GLC30 (version 2000) and GLC30 (version 2010) were developed and published by the National Geomatics Center of China in 2014 [51,52]. The latest version, GLC30 V2020, which provides an overall classification accuracy of 85.72% (Kappa: 0.82) for ten classes of land cover (http://www.globallandcover.com/ (accessed on 16 October 2021)) was used in this study to extract the farmland region in the study area.





2.3. Data Pre-Processing


2.3.1. Laboratory Spectra Pre-Processing


The spectral datasets for sensitive bands analysis were generated by the procedure of pre-processing the lab spectra. The raw spectra collected by the spectrometer were reflectance transformed and exported as ASCII files in the ViewSpec Pro software. Spectral smoothing was carried out by applying the Savitzky-Golay algorithm [53]. The average of five repeated observations was calculated to represent the spectral reflectance (R) of each sample. Studies proved that spectral transformation procedure could generally enhance the spectral characteristics and improve the estimation accuracy to the soil properties [54,55,56,57,58,59]. For contrast experiment, three types of spectral transformation were applied in this study: the first derivative of the reflectance (R’), the logarithm of the reciprocal of the reflectance (ln(1/R)) and the continuum removal (C) (Figure 4).




2.3.2. Hyperspectral Image Pre-Processing


The six ZY1-02D (AHSI) images we used in this study are 1A-level products. The geometric correction was carried out with the rational polynomial coefficient model, the radiometric calibration procedure was performed using the linear relationship function, the fast line-of-sight atmospheric analysis of hypercubes (FLAASH) algorithm with the MODTRAN5 radiation transmission model was applied to perform the atmospheric correction and convert the radiance into reflectance. The pre-processing procedures mentioned above were performed in the Environment for Visualising Images (ENVI 5.4, Research Systems, Boulder, CO, USA). The geospatial raster images of the spectral reflectance of ZY1-02D would be derived after pre-processing. The spectral reflectance of the pixels at the position of 46 sampling points within the region of images (the De dataset) were extracted from the processed images as shown in Figure 5a. Spectra that do not have the characteristics of bare soil, as shown in Figure 5a,b, would be removed. The VNIR-SWIR overlapping bands in VNIR spectral region, band72-band76 (1005.8364 nm–1040.2012 nm), as well as the water vapour absorption bands, band97-band102 (1341.1559 nm–1425.3328 nm) and band125–band132 (1812.0157 nm–1929.9292 nm) were not considered in our modelling.



Corresponding to the spectral transformation of the lab spectra, three forms of spectral transformations were also performed to the spectral reflectance obtained from the ZY1-02D images (Figure 6). Results show consistent spectral characteristics with the lab spectra of soil samples (Figure 4), that confirms the good data quality of the ZY1-02D (AHSI) images pre-prepared with the procedure described above.





2.4. Methodology


2.4.1. Sensitive Spectral Algorithm


The Pearson correlation coefficient was applied to estimate the correlation between the soil N content and the spectra value of each band on full VN-SWIR wavelength. We defined the threshold of 0.4 to select the sensitive bands to the soil N content. The correlation coefficient of the datasets Dt1–Dt5 would be calculated and plotted to illustrate the soil N sensitive bands variability, and the correlation coefficient of the datasets Ds1–Ds5 would be calculated and plotted to illustrate the sensitive bands stable tendency.




2.4.2. Partial Least Squares Calibration and Validation


Partial least-squares regression (PLSR) was carried out to establish the relationship between the spectra and soil N content. The full wavelength ZY1-02D spectral reflectance and the spectra of three forms of spectral transformation would be considered as independent variables for PLSR modelling respectively to compare their soil N estimation capabilities. Correspondingly, the obtained sensitive bands of four forms of spectra would be considered as independent variables for PLSR modelling respectively for a comparative analysis.



The PLSR procedure isoften applied for multi-linear regression modelling with high dimensional collinear independent variables modelling such as hyperspectral data [34,35]. We used the SIMPLS algorithm [60] to carry out the PLSR procedure in MATLAB (MathWorks, Inc. Natick, MA, USA). The algorithm projects the independent variables into several orthogonal PLS components as the latent variables (LVs) to reduce the dimensionality of them. The percentage of variance explained in variables by the LVs is defined as the PCTVAR, which is usually applied to support the decision of the number of LVs for modelling [61]. The larger the cumulative value of PCTVAR with the increase of LVs indicates the more the variables are explained by the LVs. Moreover, the lower root mean square error (RMSE) from cross validation is also usually applied to determine the optimal LVs to avoid underfitting or overfitting of PLSR models [62]. Hence, in this study, we define the maximum value of the ratio of PCTVAR and RMSE, the RPR, to determine the optimal number of latent variables for PLSR calibration. The 10-fold cross validation was carried out to calculate the RMSE of validation (RMSEv). On the other hand, both the RMSE of calibration (RMSEc) and the RMSEv were applied to quantify the inaccuracy of the estimates of the models, and the coefficient of determination of calibration and validation (R2c and R2v) was applied to assess the estimation accuracy of the models.




2.4.3. Soil Nitrogen Content Mapping


The optimum model for the soil N content estimation would be derived from the validation procedure. Spectral data required by the optimum model of each pixel of all ZY1-02D images were extracted for nitrogen content estimation calculation by using the optimum model to create geospatial raster data. The farmland region raster data of the GLC30 land cover dataset would be extracted as a mask for the N estimation result clipping. The results would be mapped in the ArcMap 10.2 environment (Esri China Information Technology Co. Ltd., Beijing, China).






3. Results


3.1. Sensitive Spectral Bands for Soil N Content Estimation


The correlation coefficient between N content and the spectral reflectance (R) on whole VN-SWIR region of five datasets for test (Dt1 to Dt5) are shown in Figure 7(a1–a5). The results show the obvious variability with the change of the datasets. Correspondingly, the sensitive bands results of the first derivative of the reflectance (R’) of Dt1 to Dt5 are shown in Figure 7(b1–b5). Besides the result variation with the change of the datasets, (b1) to (b5) show an obvious discontinuity of the correlation coefficient on continuous VN-SWIR wavelength. Even though the R’ spectra increased the region of the high correlation bands than the results of R spectra, such discontinuity may lead to a significant variation of the correlation coefficient caused by the slight band anomaly, and then lead to the inaccuracy of the N content estimation modelling based on the sensitive bands. Correspondingly, Figure 7(c1–c5) show the sensitive bands results of the ln(1/R) spectra. These results are almost symmetric about the line axis x with the corresponding results of (a1) to (a5). The last group of (d1) to (d5) show the correlation coefficients between the CR spectra and the N contents of Dt1 to Dt5.



The correlation coefficients between N content and the spectral reflectance (R) on whole VN-SWIR spectral region of five datasets for sensitive bands selection (Ds1 to Ds5) are shown in Figure 8(a1–a5). Correspondingly, the results of the R’, ln(1/R) and CR spectra are shown in Figure 8(b1–d5), respectively. These results show the obvious stable tendency of the correlation coefficient between the spectra and the soil N contents with the increase of the sample size:



(a1)–(a5): for the spectral reflectance, when the number of samples increase from 50 to 600 (Ds1–Ds5), the correlation coefficient between the spectral reflectance and the soil N content tend to be stable on whole VN-SWIR wavelength. The most sensitive band converges to 609 nm (r = −0.54), and a continuous highly correlated range with 876 bands from 385 to 1260 nm (|r| > 0.4) is obtained;



(b1)–(b5): for the R’ spectra, with the increase of the numbers of sample, not only does the correlation coefficient tend to be stable, but also the discontinuity of the correlation coefficient tends to be convergent. Furthermore, the R’ spectra obtained 11 stable soil N content highly correlated range (Table 1);



(c1)–(c5): for the ln(1/R) spectra, the symmetric characteristics against the R results is present again, correspondingly, the most sensitive band converges to 605 nm (r = 0.57), and obtained a continuous highly positive correlated range with 920 bands from 378 to 1297 nm;



(d1)–(d5): for the R’ spectra, the increase of the sample size has also stabilized the change of the correlation coefficient on whole VN-SWIR wavelength. Moreover, the highly correlated ranges are more continuous than the R’ results. Furthermore, six stable soil N content highly correlated rangex are obtained as listed in Table 1.



Through the results of the sensitive spectral bands analysis, we obtained the sensitive bands to the soil N content of the spectral reflectance and the spectra of spectral transformation (Figure 9a–d). In order to verify the universality of these results to the ZY1-02D hyperspectral data, the sensitive bands to the soil N content of the ZY1-02D hyperspectral data based on the datasets for estimation (De) were calculated and plotted in Figure 9e–h:



(a)&(e): As shown in Figure 9e, the correlation coefficient between the spectral reflectance of ZY1-02D and the soil N content performs the consistent tendency comparing with the lab spectra result in Figure 9a, and even obtained higher correlation in VNIR spectral region. For ZY1-02D, band26 is closest to the most sensitive band of lab spectra (609 nm), and it obtained an ideal correlation coefficient of −0.83;



(b)&(f): For the results of the R’ spectra, comparing with the lab spectra result (b), the ZY1-02D spectra result (f) provides a consistent highly correlated range near the optimal sensitive band of 585 nm, the band23 at 585.1 nm achieves an ideal correlation coefficient of −0.78, which is even higher than the lab spectra. The sensitive band of 1408 nm of lab spectra also has obtained an ideal match at band79 (1039.1 nm), which achieves the correlation coefficient of 0.47;



(c)&(g): What is consistent with the result of lab ln(1/R) spectra (c) is the correlation coefficient between the soil N content with the ln(1/R) spectra of ZY1-02D (g) show the same symmetric characteristics against the R spectra results (e). Furthermore, the high correlated range near the band25 (602.3 nm) is consistent with the sensitive range of the lab spectra.



(d)&(h): For the results of the CR spectra, although the sensitive bands of lab spectra in the SWIR spectral region (d) are not well represented in the result of ZY1-02D spectra (h), the sensitive bands of ZY1-02D mainly converged to the VNIR spectral region near the band25 (602.3 nm) that matches consistently with the results of the lab CR spectra;




3.2. PLSR Calibration and Validation for Soil N Content Estimation


As shown in Figure 10a, the PLS model developed with the spectral reflectance achieved the maximum RPR value when two latent variables (LVs) were considered as the optimal number of LVs for modelling. Correspondingly, the 5, 2 and 6 LVs were considered as the optimal number of the LVs for PLS modelling for the models developed with the spectra of R’, ln(1/R) and CR respectively (Figure 10b–d).



For the models derived from the same spectral form, the same number of LVs were employed for modelling to keep the spectral region as the unique variable for comparative analysis. Figure 11 and Table 2 presents the results of estimation accuracy of the models in calibration and validation. The model developed with the R’ and CR spectra have all achieved ideal calibration accuracy, and particularly, the model developed with the full wavelength CR spectra that used 6 LVs achieved the optimum calibration result (R2c = 0.90 and RMSEc = 96.68). However, they all presented poor estimation accuracy in validation, which partly due to the relatively poor correlation between the soil N content and the spectra on whole VN-SWIR region (Figure 9). In contrast, the models developed with the R and ln(1/R) spectra achieved ideal estimation accuracy in validation, especially, the model developed with the sensitive bands of original spectral reflectance that used only two LVs achieved the optimum validation result (R2v = 0.66 and RMSEv = 175.74), which partly due to the relatively high and continuous correlation between the soil N content and the spectra on whole VN-SWIR region (Figure 9).



As is shown in results that the calibration accuracy would be enhanced with the increase of the LVs. However, the more LVs always presented low validation accuracies on account of the overfitting risk due to the increase of the PLS components [43,63,64]. It is noteworthy that models developed with the sensitive bands even achieved better validation accuracy than the full wavelength spectra models. That proves that the sensitive bands modelling could enhance the accuracy of the estimation, furthermore, could reduce the number of independent variables and then simplify model.




3.3. Soil N Contents Estimaiton and Mapping


The main result of the estimation is a geospatial raster map with 30 m spatial resolution that shows the spatial distribution of the topsoil total N content of the farmlands in the Jilin black soil belt in northeast China. The 92,384 abnormal pixels with negative value of the geospatial raster map were removed to refine the result. The refined raster was clipped by the mask of the GLC30 data to remove the regions outside the farmlands. Total 18,705,319 pixels were considered as the effective values to determine the lower and upper boundary (568.94 and 2380.81) of the estimation refer to the 95% confidence interval. The final mapping result is shown in Figure 12. The total N content in topsoil varied significantly among the study area, ranging from 568.94 to 2380.81 μg/g with an obviously higher in central area, the Changchun region, which significantly overlaps the typical black soil area.





4. Discussions


The results in Figure 7 show that when the sample size is small, no matter what kind of spectral transformation was performed, the correlation between the spectra and soil N content would differ significantly with the change of samples. This result is consistent with previous reports [65]. Furthermore, the results shown in Figure 8 demonstrate that the sensitive spectral bands to the soil N content on the whole VN-SWIR spectral region would tend to be stable with the increase of the sample size, and the sensitive bands would be convergent to one or more certain specific regions: the R and ln(1/R) spectra on whole VN-SWIR spectral region achieved a stable continuous high correlation with the soil N content, and conversely, the results of the R’ and CR spectra show an obvious discontinuity in the whole VN-SWIR spectral region, which is consistent with the previous reports [66,67]. These results have shown the effective behavior of the model calibration validation result: the stable and consistent sensitive region would produce very stable estimation results, that the model developed with R or ln(1/R) spectra in most of statistics reached a higher R2 and lower RMSE (Table 2). This result is consistent with what previous studies have reported [26,68]. However, the model developed with R’ or CR spectra obtained poor estimation accuracies, which is also consistent with previous reports [67,68]. Development of estimation models of soil properties based on proximal and remote sensing spectral data for large spatial scale mapping is a complex procedure [65]. Previous studies demonstrated that the accuracy of soil property estimation by using spectral analysis methods would be influenced by many factors [16,31,44]. Among them, the sample size plays an important role in affecting the accuracy of the estimation. Our study has demonstrated this influence by analyzing the sensitive spectral bands to the soil N content and consequently observing the variability upon changing the sample sets.



Furthermore, the sensitive bands of the lab spectra show ideal universality with the ZY1-02D hyperspectral data as shown in Figure 9. This result not only demonstrates the ideal data quality of the ZY1-02D (AHSI) data, but also provides a theoretical basis for further studies to employ the conclusions based on the lab spectra to the spaceborne ZY1-02D (AHSI) data. Previous studies usually used data of all bands for modelling to enrich the number of independent variables when multispectral images were applied as the data source. Even so, they could hardly achieve the estimation accuracy seen in our study: the R2 of 0.49 of Landsat 5TM [38], 0.44 of Sentinel-1A [40], 0.37 and 0.51 of Landsat 8 OLI [40,41], 0.32 and 0.46 of Sentinel-2A [39]. Gopal et al. and Vilem et al. applied Hyperion and CASI-SASI hyperspectral images for soil N content estimation modelling respectively [37,38]. They used full wavelength spectra for PLSR modelling and achieved accuracies of R2 = 0.63 and R2 = 0.44 respectively, which are lower than those of our study. Anne et al. used the sensitive bands of Hyperion for soil N content estimation PLSR modelling and achieved the ideal accuracy of R2 = 0.69, which was higher than the estimation accuracy of our study. The sensitive bands of 530 nm-590 nm and 700–790 nm are within the range of the sensitive bands of our study [36]. Results show that the ZY1-02D (AHSI) could achieve the ideal, and even better accuracy for soil N content estimation comparing with other spaceborne or airborne hyperspectral imagers.



The result of topsoil N content estimation and mapping in our study accurately detected the spatial soil N content distribution feature in the black soil area of Jilin Province (China), which is consistent with the previous records [69,70]. The region in Songyuan shows an obvious lower soil N content mainly due to the fairly severe soil N leaching process of the Acrisols existing in this region [71]. The southern region shows a contrasting result with the previous study, in that the soil N content was underestimated in this study [70]. This is probably because of the abnormal spectra caused by the uncertainty of the land covers [16,31,44]. Most parts of this region are covered by paddy fields [72], whose spectral reflectance would generally reduce with the increase of the soil moisture on account of the effect of the irrigation in May, which consequently resulted in a decrease in the estimation [73].



Overall, the model developed with the sensitive bands of the spectral reflectance could be regarded as the optimum model for soil N content estimation in this study. Moreover, its succinct modelling procedure that carried out with the several certain bands of the original spectral reflectance data should be easier to perform in any further studies. Furthermore, the results of this study demonstrated the good capacity of ZY1-02D (AHSI) in soil N content estimation. It also demonstrates a good potential of this hyperspectral imager in detecting more information. In future studies, more important properties such as SOC, heavy metal levels, soil moisture, etc. of soil should be investigated using this hyperspectral data.




5. Conclusions


This study demonstrated that the ZY1-02D (AHSI) showed an ideal capability for topsoil nitrogen content estimation and mapping at the regional scale. The experiments of this study achieved several ideal results, which allow the following conclusions to be drawn:



Firstly, in the sensitive spectral band analysis experiment of our study, we found and demonstrated the variability and stable tendency of the sensitive spectral bands to the soil N content with the change of the sample size: The sensitive spectral bands to the soil N content in the whole VN-SWIR spectral region showed significant variability with the change of the datasets when the sample size was small. Nevertheless, the sensitive spectral bands to the soil N content on whole VN-SWIR spectral region would tend to be stable with the increase of the sample size, and the sensitive bands would converge to one or more certain specific regions. On the one hand, this result provided a theoretical support for selecting the sensitive spectral bands to estimate soil N content and subsequent analysis to this study. On the other hand, it also provides an effective method for selecting sensitive bands for the estimation of other soil properties, moreover, improving the estimation accuracies.



Secondly, the sensitive bands derived from the proximal lab hyperspectral data showed ideal consistency with the sensitive bands derived from the ZY1-02D (AHSI) remote sensing data. This demonstrates the good data quality of the ZY1-02D (AHSI) hyperspectral data, moreover, it provides a theoretical basis for the application of the results of the spectral analysis with the lab spectra to the spaceborne ZY1-02D (AHSI) data. In this study, the sensitive bands to the soil N content of the spectral reflectance and its four forms of spectral transformation to the black soil N contents were presented, which could be applied as a reference in the future studies.



Thirdly, the PLSR models developed with the sensitive bands of spectra would achieve a better estimation accuracy than the models developed with the full wavelength spectra. The replacemwnt of the full wavelength spectra by the sensitive spectra could not only enhance the estimation accuracy, but also could help simplify the models.



Finally, the PLSR models developed with the sensitive bands of the spectral reflectance of the ZY1-02D (AHSI) obtained an optimum validation accuracy (R = 0.66), demonstrating that the ZY1-02D (AHSI) could achieve ideal, and even better accuracy for soil N content estimation comparing with other spaceborne or airborne hyperspectral image sources (Hyperion and CASI-SASI).



Despite the ideal estimation accuracy obtained in the black soil area on a regional scale by the current work, there is still room for the further research to improve the results, especially in the further validation of the model in time series applications. If the model can obtain good estimation accuracy in multi-temporal ZY1-02D (ASHI) data, then one could realize a long time series monitoring program of the change of the soil N content in the black soil region. Further work will also be focused on the contrastive analysis with more types of algorithms for sensitive bands analysis and modelling. Moreover, the potential of the ZY1-02D (ASHI) for the estimation of more soil attributes such as the soil organic carbon content, the soil heavy metal content and soil moisture content, etc. could be investigated in the further studies.
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Table A1. A review of the studies comparing quantitative analysis of soil N content using calibration and validation modelling method by the ground spectra and remote sensing data.
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	Year
	Attribute
	Data
	Method a
	Modelling Bands(nm)
	Cal/Val b
	R2
	Author





	1986
	N (total); %
	Lab
	MLR
	1702, 1870, 2052
	72/48
	0.92
	Dalal et al.,



	1999
	N (total); mg/kg
	Lab
	PLSR
	1100–2498
	120/59
	0.95
	Reeves et al.,



	2001
	N (total); g/kg
	Lab
	PCR
	400–2498
	30/119
	0.85
	Chang et al.,



	2002
	N (total); g/kg
	Lab
	PLSR
	400–2498
	76/32
	0.86
	Chang et al.,



	2003
	N (total); g/kg
	Lab
	PLSR
	400–2500
	144/cross
	0.62
	Thomas et al.,



	2004
	N (total); g/kg
	Lab
	PLSR
	400–2500
	174/cross
	0.95
	Moron et al.,



	2007
	N (total); mg/g
	Lab
	PLSR
	350–2500
	103/cross
	0.87
	Mutuo et al.,



	2011
	N (total); g/kg
	Lab
	PLSR
	1250–2500
	217/78
	0.95
	Xie et al.,



	2013
	N (total); g/kg
	Lab
	SMLR
	1400, 2250
	96/cross
	0.48
	Shi et al.,



	2013
	N (total); g/kg
	Lab
	PLSR
	1450, 1850, 2250, 2330, 2430
	96/cross
	0.56
	Shi et al.,



	2013
	N (total); g/kg
	Lab
	SVM
	350–2500
	96/cross
	0.58
	Shi et al.,



	2017
	N (total); g/kg
	Lab
	PLSR
	900–1700
	118/58
	0.79
	Xiao et al.,



	2019
	N (total); %
	Lab
	PLSR
	900–1700
	100/50
	0.92
	Li et al.,



	2019
	N (total); %
	Lab
	PLSR
	UVE c
	100/50
	0.93
	Li et al.,



	2019
	N (total); %
	Lab
	PLSR
	SPA c
	100/50
	0.92
	Li et al.,



	2014
	Stable N; mg /g
	Hyperion
	PLSR
	530–590; 700–790; 1500–1590; 2200–2330
	18/NaN
	0.69
	Anne et al.,



	2015
	N (total); g/kg
	Hyperion
	PLSR
	155 bands
	78/30
	0.63
	Gopal et al.,



	2018
	STN; g/kg
	Landsat 5 TM
	SMLR
	RGB + NDVI
	92/23
	0.49
	Wang et al.,



	2019
	N (total); g/kg
	Sentinel-2A
	RF
	13 bands
	104/cross
	0.32
	Zhang et al.,



	2019
	N (total); g/kg
	Sentinel-2A
	RF
	12 Indices
	104/cross
	0.46
	Zhang et al.,



	2019
	N (total); g/kg
	Landsat 8 OLI
	BRT/RF/SVM
	RGB + NDVI
	85/cross
	0.37
	Zhou et al.,



	2019
	N (total); g/kg
	Sentinel-1A
	BRT/RF/SVM
	Backscatter coefficients
	85/cross
	0.44
	Zhou et al.,



	2020
	N (total); kg m−2
	Landsat 8 OLI
	GWR/MLSR/BRT
	12 Indices
	410/103
	0.51
	Wang et al.,



	2020
	STN; g/kg
	Sentinel-1A + Sentinel-1B + Sentinel-2A
	BRT/RF/SVM
	Backscatter coefficients + RGB + 3 indices
	179/cross
	0.21
	Zhou et al.,



	2021
	N (total); %
	Airborne(CASI-SASI)
	PLSR
	380–2450
	22/cross
	0.44
	Vilém et al.,







a Calibration methods include multiple linear regression (MLR), partial least squares regression (PLSR), principle component regression (PCR), stepwise multiple linear regression (SMLR), boosted regression trees (BRTs), random forest (RF), and support vector machine (SVM), geographical weighted regression (GWR). b Cal/Val indicate the number of samples that applied in the calibration and validation procedure. Cross suggests that in the validation procedure, the cross validation was used, and NaN indicates that there was no validation procedure in the corresponding study. c Some studies have employed the sensitive band selection method as the uninformative variable elimination (UVE) and the successive projections algorithm (SPA).
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Table A2. Datasets for this research.
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Data

Sets

	
Sample

Size

	
Nitrogen Content (μg/g)

	
SD

	
VC




	
Min

	
Q1

	
Median

	
Q3

	
Max

	
Mean






	
Dt1

	
50

	
1329

	
2070

	
2366

	
2800

	
4206

	
2500.40

	
696.15

	
0.278




	
Dt2

	
50

	
1433

	
2034

	
2398

	
2813

	
3930

	
2511.58

	
565.06

	
0.225




	
Dt3

	
50

	
1292

	
1991

	
2329

	
2657

	
3414

	
2333.00

	
500.78

	
0.215




	
Dt4

	
50

	
1372

	
2001

	
2203

	
2462

	
3013

	
2234.16

	
380.33

	
0.170




	
Dt5

	
50

	
1256

	
1674

	
2138

	
2365

	
2801

	
2084.64

	
435.82

	
0.209




	
Ds1

	
50

	
1224

	
1950

	
2335.5

	
2950

	
4695

	
2550.80

	
817.56

	
0.321




	
Ds2

	
100

	
1224

	
1982

	
2343.5

	
3073

	
4798

	
2568.92

	
823.38

	
0.321




	
Ds3

	
200

	
1224

	
1991

	
2354

	
3076

	
5031

	
2579.28

	
829.08

	
0.321




	
Ds4

	
400

	
1224

	
2352

	
2356

	
2356

	
5227

	
2583.28

	
832.13

	
0.322




	
Ds5

	
600

	
1224

	
1996

	
2356

	
3089

	
5269

	
2586.63

	
834.26

	
0.323




	
De

	
46

	
781

	
1171

	
1365

	
1536

	
2334

	
1393

	
335.75

	
0.24








Q1 indicates the first quartile, Q3 indicates the third quartile, SD indicates the standard deviation, and VC indicates the variation coefficient.
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Figure 1. The geographic extent of the study area: (c,d) indicate the location of main typical black soil area in northeast China and sampling points. Red points in (a) indicate the position of sampling points that would be applied in lab spectral analysis for soil N content sensitive spectral bands detection, blue points in (b) indicate sampling points located at the ZY1-02D images covered area, which would be applied in cross-region validation and soil N content estimation modelling. Correspondingly, a neat line of six ZY1-02D images is shown in (b). 
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Figure 2. The photos show the instruments and experiment environment. The graph shows the reflectance spectra of all soil samples. 
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Figure 3. ZY1-02D images acquired on the study area of the typical black soil belt in Jilin province, China (experimental raw images were acquired on 13 May 2020), (displayed with R: band35_687.9896 nm, G: band17_533.5523 nm, B: band7_447.0988 nm). 
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Figure 4. (a) Original spectral reflectance; (b) The first derivative of the reflectance; (c) The logarithm of the reciprocal to the reflectance; (d) The result of the continuum removal to the reflectance. 
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Figure 5. (a) ZY1-02D spectral reflectance of total 46 De sampling points; (b) Spectral reflectance with no bare soil characteristic; (c) Spectral reflectance of bare soil. Axis X indicates the spectral region (unit: nm), Axis Y indicates the value of reflectance. 
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Figure 6. (a) ZY1-02D spectral reflectance; (b) The first derivative of the ZY1-02D reflectance; (c) The logarithm of the reciprocal to the ZY1-02D reflectance; (d) The result of the continuum removal to the ZY1-02D reflectance. Axis X indicates the spectral region (unit: nm). 
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Figure 7. (a1−a5) show the Pearson correlation coefficient between the spectral reflectance (R) and soil N content of Dt1 to Dt5; Correspondingly (b1−b5) show the Pearson correlation coefficient between the R’ spectra and soil N content of Dt1 to Dt5; (c1–c5) show the Pearson correlation coefficient between the ln(1/R) spectra and soil N content of Dt1 to Dt5; (d1−d5) show the Pearson correlation coefficient between the CR spectra and soil N content of Dt1 to Dt5. Axis X indicates the spectral region (unit: nm). Axis Y indicates the Pearson correlation coefficient. The color bar indicates the absolute value of the correlation coefficient. The color bar indicates the absolute value of the correlation coefficient. 
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Figure 8. (a1–a5) show the Pearson correlation coefficient between the spectral reflectance (R) and soil N content of Dt1 to Dt5; Correspondingly (b1–b5) show the Pearson correlation coefficient between the R’ spectra and soil N content of Dt1 to Dt5; (c1–c5) show the Pearson correlation coefficient between the ln(1/R) spectra and soil N content of Dt1 to Dt5; (d1–d5) show the Pearson correlation coefficient between the CR spectra and soil N content of Dt1 to Dt5. Axis X indicates the spectral region (unit: nm). Axis Y indicates the Pearson correlation coefficient. The color bar indicates the absolute value of the correlation coefficient. The color bar indicates the absolute value of the correlation coefficient. 
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Figure 9. (a–d) show the Pearson correlation coefficient between the soil N content and 4 forms of lab spectra of Dt5 dataset; Correspondingly (e–h) show the Pearson correlation coefficient between the soil N content and 4 forms of spectra of ZY1-02D (AHSI) of De dataset. Axis X indicates the spectral region (unit: nm). Axis Y indicates the Pearson correlation coefficient. The color bar indicates the absolute value of the correlation coefficient. 
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Figure 10. The RPR value of different number of LVs for 4 models with different forms of spectra: (a) indicates the model based on Spectral reflectance (R); (b) indicates the R’ model; (c) indicates the ln(1/R) model and (d) indicates the CR model. Axis X indicates the number of LVs for modelling. Axis Y indicates the RPR value. 
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Figure 11. (a1–a4) show the calibration and validation results of the models developed with the full wavelength spectra of the spectral reflectance (R), R’, ln(1/R) and CR; Correspondingly (b1–b4) show the calibration and validation results of the models developed with the spectra of sensitive bands of the spectral reflectance (R), R’, ln(1/R) and CR. Axis X indicates the observed soil N contents of the De dataset (unit: μg/g). Axis Y indicates the estimated soil N contents derived from each PSL model (unit: μg/g). 
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Figure 12. The spatial distribution of the estimated topsoil N content of the farmlands of the Jilin black soil belts in northeast China (The “Lower” and “Upper” of N content refer to the 95% confidence interval). 
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Table 1. Sensitive bands to soil N content.
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	Spectra
	Range (Maximum Correlation Coefficient/Number of Bands)





	R
	609 nm(385 nm–1260 nm)(−0.54/876)



	R′
	585 nm (−0.53/138); 1408 nm (0.60/51); 1429 nm (−0.58/20); 1598 nm (0.46/4);

1768 nm (0.45/10); 1890 nm (0.47/17); 1928 nm (−0.52/28); 2027 nm (−0.55/46);

2191 nm (0.56/44); 2249 nm (−0.59/35); 2321 nm (0.5143/19)



	ln(1/R)
	605 nm (378 nm–1297 nm) (0.57/920)



	CR
	601 nm (−0.41/24); 1406 nm (0.58/58); 1894 nm (0.51/45); 1996 nm (0.42/22);

2209 nm (0.47/30); 2305 nm (−0.41/10)
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Table 2. The estimation accuracy of PLS models.
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	Spectral Form
	LVs
	Spectral Region
	R2c
	R2v
	RMSEc
	RMSEv





	R
	2
	Full wavelength
	0.7112
	0.6402
	162.7501
	181.6767



	R
	2
	Sensitive bands
	0.7081
	0.6633
	163.6195
	175.7395



	R’
	5
	Full wavelength
	0.8427
	0.316
	120.1107
	250.4794



	R’
	5
	Sensitive bands
	0.8091
	0.3997
	132.3331
	234.6535



	ln(1/R)
	2
	Full wavelength
	0.7109
	0.6561
	162.8487
	177.6151



	ln(1/R)
	2
	Sensitive bands
	0.7127
	0.6583
	162.3386
	177.0468



	CR
	6
	full wavelength
	0.8981
	0.2216
	96.6815
	267.2057



	CR
	6
	sensitive bands
	0.7600
	−0.3052
	148.3587
	346.0075
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