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Abstract

:

The estimation of fractional vegetation cover (FVC) by using remote sensing images has become feasible. Based on Landsat8-OLI images and field data obtained from an unmanned aerial vehicle, we established an empirical model (EM) and a pixel decomposition model (PDM) of FVC in the desert vegetation region, steppe vegetation region, meadow vegetation region and mixed vegetation region (the three vegetation region types) of the Qaidam Basin, and the inversion accuracies of the models were compared. The results show the following: (1) Vegetation classification inversion (VCI) provides a promising approach for FVC estimation. The accuracy of FVC by VCI was obviously better than that achieved using vegetation mixed inversion (VMI); (2) Differences were observed in the FVC estimation between VCI and VMI by the EM in areas with relatively high-density vegetation cover (FVC > 60%). The FVC in some parts of steppe region in the basin was slightly overestimated by VMI of the EM; 3) VCI estimated by the PDM resulted in lower inversion values for extremely low-density vegetation cover (FVC ≤ 10%) and higher inversion values for high-density vegetation cover (FVC > 80%). The FVC inversion was underestimated by the PDM in steppe and meadow regions with FVC > 15% in the basin. The application of VCI in different models can provide new ideas for the sustainable study of vegetation in arid regions.
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1. Introduction


Vegetation is a vital part of ecosystems and provides a link among the soil, atmosphere and moisture. It plays an important role in the energy exchange of the land surface, the global biochemical cycle and the water cycle [1,2]. Fractional vegetation cover (FVC) is defined as the projected percentage of the total study area that is vegetated (roots, stems and leaves) [3]. FVC not only reflects the size of the plant photosynthetic area and the density of vegetation growth but also represents the growth trend of vegetation to some extent [4,5]. As an important parameter for the balance and development of terrestrial ecosystems, FVC is widely used in related research on climate change, soil and hydrology [6,7,8,9].



The development of remote sensing technology has provided a promising tool for FVC estimation [10,11]. There are several methods applied to the FVC inversion via remote sensing, including the empirical model (EM) [12], the pixel decomposition model (PDM) [13], the artificial neural networks [14], the decision tree classification [15,16], and the physical model [17]. In particular, EM and PDM are used as basic approaches in most FVC studies based on remote sensing data [18,19].



The EM estimates the FVC based on the regression relationship between the measured data and vegetation index (VI, different band information combination of images, indicating vegetation growth status) [20], such as the normalized difference vegetation index (NDVI) or the ratio vegetation index (RVI), to invert the FVC [21,22]. For instance, Voorde [23] reported that an EM constructed by band could produce sufficient accuracy in estimating the FVC of trees in Brussels. However, some research has shown that the EM is susceptible to vegetation type and the quality and quantity of measured data, that is, this strategy provides ideal results in homogeneous areas at regional scales (e.g., simple steppe regions or forest regions) [12,24,25]. Furthermore, it is still not clear how to extend the scope of an EM in relatively complex regions with multiple vegetation types [26,27,28].



The PDM is a method that decomposes the vegetation information of image pixels to indirectly estimate the FVC [29]. This approach with fixed or variable endmembers has been widely used in regional to global scale studies [30,31,32]. The majority of PDM modeling applications are restricted to two (vegetation and non-vegetation), three (green vegetation, non-photosynthetic vegetation and bare soil) or four endmembers (green vegetation, non-photosynthetic vegetation, bare soil and shadow) by the methods of Count-Based endmember selection or Minimum Average Spectral angle, etc. [33,34]. Because of the PDM of two endmembers simplify the endmember selection process, it improves efficiency and application substantially with relatively high precision [35].



However, the PDM of two endmembers assumed to the spectral variability within an endmember negligible, still remain disputes about the accuracy of the model because of the choice of endmember threshold [35,36,37,38]. Several studies have attempted to improve the accuracy of models by setting a fixed threshold based on higher precision remote sensing images or using different VIs [35,39]. The estimation results of these approaches usually vary greatly depending on the regions or vegetation types. As a result, there exist significant differences in inversion details of FVC for different density areas by different methods of endmember extraction. To our knowledge, the simplification of endmember information based on different vegetation types has not been seriously considered.



The Qaidam Basin, located on the northern Qinghai-Tibet Plateau, is one of the most sensitive areas to global climate change [40]. The basin is a typical arid ecosystem with a fragile ecological environment, and it is an ideal area in which to study FVC under natural conditions due to relatively few proximate human activities. However, most research focused on the relationship between FVC and climate factors in alpine steppe-meadow of Qinghai-Tibet Plateau or the study of vegetation of arid areas [7,11,41]. FVC estimation methods and detailed features of different vegetation types within the basin were often ignored. In addition, the complex topography and the diversity of vegetation in the basin produce strong spatial variation in FVC. Traditional methods of employing FVC inversion using EM and PDM pose a challenge to estimating FVC accurately in the complex basin [33]. Thus, improving the accuracy and applicability of an EM and a PDM in this complicated area is an urgent task that can provide guidance for the estimation of FVC in other regions.



In this study, we acquired a large amount of surface-measured data by using a digital camera mounted on an unmanned aerial vehicle (UAV) combined with vegetation type distribution data and remote sensing images from Landsat8-OLI. The inversion accuracy of the EM and PDM in measuring the FVC of desert, steppe, meadow and mixed vegetation regions of the basin were verified by comparative analysis. Our objective is to understand the inversion details of different models under different vegetation types and to develop a suitable method for improving the accuracy and applicability of FVC estimation in complicated arid regions. In addition, the accuracy of FVC distribution from the measured data at the quadrat scale to the large scale in the Qaidam Basin was investigated.




2. Study Area


The Qaidam Basin, located on the northern part of the Qinghai-Tibet Plateau, northwest of Qinghai Province in China, is a closed tectonic basin surrounded by the Altun Mountains, Kunlun Mountains and Qilian Mountains. The basin is divided into two parts, including arid desert area inside the basin and alpine area around the basin. The inner elevation is 2652–3350 m and the annual precipitation is 15–200 mm in the basin. The around the basin is cold with an altitude of 3560–6860 m. The basin has a typical plateau continental climate with low rainfall and high evaporation [42]. Rivers and lakes such as Gasikule Lake, Hala Lake and Golmud River are widely distributed in the basin (Figure 1). The biogeographical province of the Qaidam Basin belongs to “Takal-Makan-Gobi Desert of the Palaearctic Realm” and its characteristic biome is in the group “Cold-winter (continental) deserts and semi deserts” [43]. The vegetation in the Qaidam Basin is relatively sparse with simple plant communities. According to the characteristics of composition, appearance and structure of vegetation communities, there are nine types of vegetation communities in the basin according to the Chinese vegetation classification, such as desert communities (e.g., Ceratoides latens and Nitraria tangutorum), steppe communities (e.g., Stipa purpurea and Achnatherum splendens), meadow communities (e.g., Kobresia tibetica and Phragmites australis) and forest communities (e.g., Sabina chinensis). Desert, steppe and meadow communities are the main types of vegetation in the basin. In this paper, we investigated and photographed many communities such as Ceratoides latens desert, Haloxylon ammodendron desert, Stipa purpurea steppe, Kobresia humilis meadow, etc.




3. Data and Methods


3.1. Data Source and Preprocessing


Ground-measured data were obtained by taking pictures in the field with a UAV platform named Phantom 3 Advance. The hovering accuracy of UAV was ±1.5 m horizontally and ±0.5 m vertically with the ability of vertical take-off and landing. Therefore, it can hover and shoot steadily. The UVA equipped with a 4k ultra clear digital camera containing three channels of red, green and blue. We randomly selected areas covered with vegetation in the central and eastern desert, steppe and meadow regions of the basin as the sample sites (Figure 1), with a total of 39 sample sites (200 m × 200 m). To provide comprehensive and detailed information of FVC for each site, we set the route to shoot 16 images at each site (Figure 2). Thus, each site consisted of sixteen smaller sample plots (50 m × 50 m), with 537 effective samples including 396, 80 and 61 sample plots of desert, steppe and meadow regions in the basin, respectively. The shooting time of the camera was at approximately 12 o’clock from July to August 2016 to avoid the influence of solar illumination on the image. The shooting height was 30 m.



The data of vegetation types were based on the 1:1 million Chinese vegetation map compiled by the Institute of Botany, Chinese Academy of Sciences (2001). The map is classified by vegetation communities named after the dominant species. In the vegetation map, the communities were divided into 11 vegetation type groups (e.g., desert, steppe, meadow and forest, etc.) and 54 vegetation types (e.g., alpine steppe, temperate steppe, etc.) according to community and habitat characteristics. We adopted vegetation type groups to divide vegetation regions of Qaidam Basin. Because of the inconsistency of resolution between the sample plots (50 m × 50 m) and the remote sensing image (30 m × 30 m), we chose the shooting point from the UAV (image centre position) as the sample point to match the remote sensing data, which might have resulted in a certain deviation of a small number of pixel values. ArcGIS 10.2 was used to overlay the ground sample plots onto a vector diagram of vegetation types, and the map was classified further according to a field sample survey due to the deviation in the precision between the vegetation atlas (2001) and measured data (2016). The vegetation type of each sample plot in the study area was acquired.



Landsat8-OLI (www.gscloud.cn) was selected for the remote sensing data with a total of 25 images. Its average cloud cover was 3.4%. The images were taken from June 16 to September 9 in 2016, with a spatial resolution of 30 m. The remote data acquisition time was almost identical to the ground-measured data, which can best reflect the FVC. To determine the reflectance of each pixel, the remote sensing image was preprocessed with radiometric calibration and atmospheric correction by ENVI 5.1, and the maximum value composite (MVC) was used to reduce the influence of clouds and the solar altitude angle through the band math tool in ENVI 5.1 [44]. The image data were stitched and cut by ERDAS 9.2 to provide basic data for the FVC inversion in the Qaidam Basin.




3.2. Research Methods


3.2.1. Measured Data Processing


There is no significant difference between the FVC and the true coverage value identified by the threshold adjustment method [11]. The basic principle of this method is to set the threshold of the excess greenness index (EGI) and compare it with each pixel to get the vegetation information. When the pixel is larger than this threshold, it is a vegetation pixel; otherwise it is a non-vegetation pixel [45]. We used the threshold adjustment method to distinguish vegetation and non-vegetation information (Figure 3). This method can accurately identify the steppe community and the meadow community. However, the desert community consists of a single or a few desert shrubs. The color of individual species of desert shrubs, such as Ceratoides latens in the Qaidam Basin, is close to that of the bare land, which makes vegetation not easy to be identified. Therefore, we performed visual interpretation in Photoshop to replace the unrecognizable vegetation part with similar color and then applied the threshold adjustment method to identify the extracted vegetation information (Figure 3e). A more accurate measurement of FVC was finally obtained.
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3.2.2. Vegetation Classification Inversion and Vegetation Mixed Inversion of FVC


The condition of the underlying surface is complicated in the Qaidam Basin, which leads to wide variations in FVC values. In order to improve the accuracy of FVC, we tried to divide the vegetation in the basin into different communities to estimate FVC by different models (vegetation classification inversion, VCI) according to the Vegetation Atlas and field survey. The results were compared with FVC determined by vegetation mixed inversion (VMI, including desert, steppe and meadow communities) in the entire study area. The detailed features of FVC estimation using different methods and at different scales are presented below.




3.2.3. Empirical Model


An EM is developed based on a VI value and the actual FVC [21]. The relationships between VIs and FVC are diverse and depend on the different band combinations and operation methods employed [46]. Visible and near-infrared bands are the most sensitive bands to vegetation and can filter out the influence of many factors such as grass background and crown shadow [19]. The normalized difference vegetation index (NDVI), ratio vegetation index (RVI), difference vegetation index (DVI), modified vegetation index (MVI), modified soil-adjusted vegetation index (MSAVI) and normalized difference greenness index (NDGI) were calculated by using the visible and near-infrared wavelengths of Landsat8 (Table 1). We analyzed the correlation between different VIs and the FVC and selected the optimum VI and the measured FVC of desert, steppe and meadow regions of the basin for regression analysis. Basing on the ground-measured data with camera in spots and corresponding VI data from Landsat8, a reasonable empirical model of the FVC estimation was established. Finally, we substituted each pixel of VI into the established regression equation to estimate the FVC of the whole regions.




3.2.4. Pixel Decomposition Model


For the PDM, the spectral information (S) received by the sensor is composed of the vegetation cover (Sveg) and non-vegetation cover (S0) information; the information contributed by Sveg can be expressed as the product of the information of pure vegetation (Sv) and the ratio of vegetation cover to pixels (fc), while the information contributed by S0 is the product of the pure soil pixels (Ss) and (1 − fc) [32,47]:


Sveg=Sv×fc



(2)






S0=Ss×(1−fc)



(3)






fc=S−SsSv−Ss



(4)







The NDVI pixels can reflect the growth conditions and cover changes of vegetation effectively, and it has widely been calculated using Formula (3) to invert FVC [48]:


fc=NDVI−NDVIsNDVIv−NDVIs



(5)




where fc is FVC; NDVI is a weighted average of vegetation and non-vegetation regions; NDVIs is the vegetation index of the bare soil pixels; and NDVIv is the vegetation index of the whole vegetation cover.



For most types of bare surfaces, NDVIs can be affected by many factors such as surface roughness, soil moisture content and weather [10]. The selection of NDVIv and NDVIs greatly affects the inversion precision of FVC [49]. According to the field investigation and test of multiple measured data, we selected NDVI values of the inflection point of the cumulative histogram as the NDVIs values for the PDM for the desert, steppe, meadow and mixed vegetation regions of the basin and took the maximum value of NDVI as NDVIv. The distribution of FVC by PDM in the Qaidam Basin was obtained by applying the formulas above.




3.2.5. Accuracy Evaluation


The accuracy of the EM and PDM was verified based on measured data. The root mean square error (RMSE), mean absolute error (MAE), average relative error (ARE) and coefficient of determination (R2) were chose as the evaluation indexes:


RMSE=1N∑i=1N(Ti−Ti∗)2



(6)






MAE=1N∑i=1N(|Ti−Ti∗|)



(7)






ARE=1N∑i=1N|Ti−Ti∗Ti×100%|



(8)






R2=∑i=1N(Ti∗−T¯)2/∑i=1N(Ti−T¯)2



(9)




where Ti and Ti∗ stand for the measured value and predicted value for sample i, respectively; T¯ represents the average value of the measured value; and N is the number of samples. RMSE and R2 are measures of bias. The smaller the RMSE value is, the smaller the estimated deviation; the closer R2 is to 1, the better the fitting effect of the equation by the model. ARE and MAE are measures of accuracy. The smaller the values of ARE and MAE are, the smaller errors between the predicted value and the measured value and the higher the inversion model accuracy.






4. Results and Analysis


4.1. Inversion of the FVC by the EM


4.1.1. The Construction of the EM


We selected the same number of measured data and corresponding VIs randomly for correlation analysis (Table 2). In general, the VIs were significantly correlated with FVC of different vegetation types (p < 0.05), except for NDGI and MSAVI. The FVC of the desert, steppe and meadow regions of the basin had a significant positive correlation with the NDVI (R > 0.85) that was much higher than the correlations with other VIs. Therefore, the measured data from 45 randomly selected samples and the corresponding NDVI from different vegetation types were used for regression analysis (Figure 4). The result revealed a nearly linear relationship between the FVC and NDVI (R2 > 0.7, p < 0.01). The R2 in the EM for mixed vegetation region was lower than that for the desert and meadow regions but slightly higher than that for the steppe region.




4.1.2. Inversion of the FVC by the EM


The distribution of the FVC of the desert, steppe, meadow and mixed vegetation regions in the Qaidam Basin were obtained with EM (Figure 5). The distribution trends of the FVC by VCI and VMI were similar and demonstrated a semi-ring pattern decreasing inland from the east and the southeast to the northwest. However, there were significant spatial differences in the FVC at different scales in the basin, primarily in meadow region of the basin with relatively high-density vegetation cover (FVC > 60%). This difference mainly manifests in the Kobresia willd communities in the eastern part of the low mountain and intermountain region of the basin, the southwest Kunlun Mountains, the Phragmite australis—Nitraria tangutorum—Tamarix chinensis communities in the core area of the oasis in the leading edge of the Golmud-Numhon borderline in the central basin and the Kobresia humilis communities in the southern piedmont area of the Qilian Mountains. In addition, there was a significant difference in the Stipa purpurea communities in the southern Kunlun Mountains. The FVC were similar in the desert region and the northwest steppe region with extremely low-density vegetation cover (FVC ≤ 10%), which is mainly in the piedmont plain of the northern slope of the Kunlun Mountains in the southwestern basin, Altun Mountain in the northwest intermountain basin, and the flat terrain in the middle basin. The average FVC values according to the VCI and VMI of the Ceratoides latens—Sympegma regelii communities and Stipa purpurea communities were 11.49% and 11.38%, respectively.





4.2. Inversion of the FVC by the PDM


The VCI and VMI estimated by the PDM also showed a semi-ring decreasing trend from the east and southeast to the northwest of the basin (Figure 6), and the average FVC was 16.5% and 13.8% respectively. VCI produced lower inversion values in extremely low-density vegetation cover areas and higher inversion values in high-density vegetation cover areas (FVC > 80%). Differences in FVC were mainly in the central and western regions of the basin, the low mountains and intermountain basin to the east of Dulan, and the southwest Kunlun Mountains. The area of extremely low-density vegetation cover accounted for 52% of the total area in Figure 6a, of which FVC ≤ 5% accounted for 22.5%. However, the extremely low-density vegetation cover regions are located in the central part of the basin in Figure 6b, primarily in the southwest Da Qaidam-Delingha borderline and the surrounding Gasikule Lake, and the area of FVC ≤ 5% only accounted for 13%. Similarly, meadow region of the basin, which are mainly distributed in the low mountains and intermountain basin to the east of Dulan, the mountainous steppe region to the south of Xiangride and regions at the front edge of the alluvial-proluvial fan such as the narrow strip of oasis to the north of the Golmud-Numhon borderline, also exhibited the most obvious differences in FVC.




4.3. Comparison of VCI Estimated by the EM and PDM


The same estimation method yielded different results at different spatial scales, and the inversion results of the same vegetation types by different methods exhibited significant differences. The desert region where the FVC was concentrated below 15% according to the PDM accounted for 90%, with an average coverage 3.4% lower than that estimated by the EM. The vegetation types of the extremely low-density and low-density vegetation cover areas (10% < FVC ≤ 20%) were Ceratoides latens communities in the western and northern parts of the basin and the eastern Haloxylon ammodendron communities, the Nitraria tangutorum communities and the Salsola collina communities in the southwest valley. The average FVC was 12.2% according to the EM. The area of lower-density vegetation cover (20% < FVC ≤ 40%) was mainly distributed in the front of the alluvial-proluvial fan in the southern Golmud-Nomhon borderline of the basin center, and the vegetation in this area is dominated by Tamarix chinensis and Artemisia desertorum, with a smaller contribution from Ceratoides latens, Calligonum mongolicum and Sympegma regelii. Only 5% of the area has lower-density vegetation cover, as shown in Figure 7b, which is distributed sporadically in the Artemisia desertorum communities of eastern Dulan.



The differences between the FVC estimation of steppe region of the basin by the EM and PDM are reflected in the area of medium-high-density vegetation cover (60% < FVC ≤ 80%) such as the southeastern low mountains and the intermountain basin, for which the dominant vegetation species are Achnatherum splendens and Stipa purpurea. The FVC retrieved by the PDM was slightly lower than that of the EM. The FVC in the central and western Stipa purpurea communities were approximately 5–15%, while the FVC was up to 15% in the eastern regions.



The FVC estimation of meadow by the PDM was lower than that of the EM, and the difference in average coverage was 5%, mainly distributed in high-density vegetation coverage regions such as the Kobresia tibetica and Kobresia humilis communities in the southeast mountain and valley and Phragmites australis—Nitraria tangutorum—Tamarix chinensis communities in the core of the oasis of the Golmud-Nomhon borderline in the basin center. The area of FVC > 60% according to the PDM accounted for 9.8%, while the value was approximately 16.3% according to the EM. The inversion results were similar in the central and northern areas of the basin, with the FVC value mostly ranging from 5% to 15%, with Phragmites australis, Nitraria tangutorum and Stebbinsia umbrella as the predominant vegetation components.




4.4. Ground Verification and Accuracy Evaluation


The VMI according to the EM was more discrete than the VCI. The VCI estimated by the EM provided an ideal effect on FVC inversion with different densities, especially for the area of FVC > 20%. In contrast, an overestimation occurred in low-density vegetation cover steppe region of the basin for the VMI estimated by the EM, and in the area of FVC > 30%, the frequency of abnormal values was higher (Figure 8b).



The difference in FVC estimated by the PDM at different scales was significant. In most instances, VCI performed obviously better than VMI in the meadow region of the basin (Table 3). In addition, FVC was relatively well estimated by the PDM for the desert region and steppe region covered by extremely low-density vegetation cover. However, this method produced an underestimation in the area of FVC > 10%, especially a substantial underestimation by VMI when FVC exceeded 15%, and this underestimation was particularly evident in meadow region estimated by VMI.



For the inversion of FVC by different methods at the same scale, the EM and PDM more accurately estimated the FVC in desert region with extremely low-density vegetation cover (Figure 8). Generally, the error between most predicted values and measured values was approximately 2% and the frequency of abnormal values was the lowest. With the increase of FVC, the values predicted by VMI with PDM inversion were significantly underestimated in the steppe and meadow regions, while the VCI by PDM fit better with higher inversion accuracy (Table 3). The VCI with the EM provided the most ideal results.





5. Discussion and Conclusions


5.1. Discussion


The EM has been proved to be a simple and efficient method for estimating FVC [50]. Purevdorj [51] indicated that the EM has a better accuracy in FVC estimation when a large amount of measured date are available. In this study, we estimated the FVC based on the VMI with 537 sample plots in a complex area. The result showed that the VMI estimated by the EM was ideal, especially for extremely low-density vegetation cover, which was consistent with previous conclusions [22,25]. However, we also found an overestimation of FVC by VMI in most steppe regions with medium-low-density vegetation cover (20% < FVC ≤ 40%), and in previous results, the fitting accuracy of this approach was shown to be lower than that for desert and meadow regions (Figure 4). The inland area, located in the northwestern part of the basin, has an arid climate and scarce precipitation, and the southeast and southwest mountainous areas have more windward slope precipitation with higher elevations and snowmelt volume. The hydrological conditions in the southeast and southwest provide more abundant moisture than those in the northwest. The complicated spatial heterogeneity in the Qaidam Basin causes the considerable differences in the FVC between the alpine steppe and temperate steppe regions. In addition, the FVC value of steppe region is mostly between those of desert and meadow regions. When the vegetation is mixed, the difference between steppe and the other vegetation regions will be expanded, which further exacerbates the inversion error of the steppe region of the basin. Therefore, the accuracy of the traditional EM (VMI) still has some limitations even with sufficient measured data. However, VCI with the EM is an effective solution to this problem.



The PDM is widely used on a large spatial scale because remote sensing data can be acquired in multiple periods and the model establishment is independent of measured data [52]. However, the VMI with the PDM showed unsatisfactory results in the areas where FVC > 15% in this study, which mainly manifested in the continued underestimation of FVC. Delamater [27] concluded that FVC tends to be overestimated in tropical rainforest regions with medium-low-density vegetation cover. Li [35] indicated that FVC was underestimated in medium-density vegetation cover. The different viewpoints are mainly due to the selection of model thresholds such as NDVIsoil in different regions [53]. It remains unclear how to extract a more accurate threshold, especially for complex areas such as the Qaidam Basin. Fortunately, a higher precision than that achieved with VMI with PDM can be achieved when the FVC is inverted according to different vegetation types. This finding is similar to the conclusion that the PDM has higher precision in desert regions [18]. Compared with the lower NDVIsoil value, VCI limits the FVC information of plants to within a certain threshold, which magnifies the difference between the bare soil pixels, vegetation pixels and pure vegetation pixels to some extent. The extraction of variable endmembers such as inflection points are representative, with the improvement of the accuracy of FVC estimation. VCI can effectively extract the endmembers of PDM to improve FVC accuracy. However, the FVC is slightly underestimated by PDM in the areas where FVC > 15%. The NDVI can not only reflect vegetation cover information but also reveals information on soil moisture and LAI [54]. The FVC values in the central saline-alkali meadow region and some of the southeastern low mountain steppe and meadow regions of the basin are higher than 80%. The increase in FVC causes the NDVI to reach saturation eventually [55]. In addition, the PDM does not rely on the support of measured data. These factors all affect the accuracy of its the inversion effect. Determining how to comprehensively use different parameters to improve the accuracy of model estimation in large-scale studies remains to be further explored.



The comparison of inversion accuracy between EM and PDM has been studied to a certain extent [29,56]. Jiapaer [18] noted that the EM could produce good results for a specified area, but it did not provide ideal accuracy compared with PDM on a large scale due to the influence of the growing season and vegetation types. Xiao [33] showed the predicted and actual values of PDM had a better fitting than those of the EM. However, the issue of how to overcome the limitation of the model has been ignored. In our study, we found that the accuracy of the EM is better than that of the PDM without considering the type of vegetation. In particular, when we tried to invert the FVC according to different vegetation types, the VCI with the EM and PDM produced smaller errors and deviations, especially for the EM. Furthermore, the VCI with the PDM was slightly better than the VMI with the EM. This difference might be attributable to the fact that the method employing VCI transforms a complex environment on a large scale into several single environments at the regional scale, which reduces the spatial variability of complicated regions to some extent and takes into account the variation in different vegetation structures. As a result, the VCI expands the scope of application of the traditional EM under the premise of ensuring local precision and improves the accuracy of FVC inversion of PDM on a wide scale by classifying and simplifying the complexity of the pixels. These advantages may provide promising guidance for future research on FVC estimation.



The accurate acquisition and discernment of ground data is a very complicated and difficult task; therefore, high-resolution remote sensing images are frequently used instead of measured data for model establishment and ground verification [33]. Dymond [12] randomly selected 20 plots based on SPOT images to identify the accuracy of steppe FVC. However, the VI is too coarse for direct verification of the FVC, which will further increase the inversion error of the model [57]. To obtain actual FVC, Li [58] estimated the FVC of steppe regions in northern China and found that the use of the digital camera method yielded the most accurate estimation results, which could be used as the true FVC values. However, the acquisition of ground-based measured data using a digital camera is time consuming and labor intensive [45]. On this basis, taking into account the special terrain and vegetation characteristics in the Qaidam Basin, we used a digital camera with an UAV platform to combine the threshold adjustment method and visual interpretation using Photoshop to identify FVC information multiple times. Efforts were made to eliminate the effects of gravel and soil background, and more accurate measured data were obtained. The application of UAV not only greatly reduced the necessary workload but also reduced restrictions related to regional accessibility and terrain, providing the measured data with a universal relevance in large-scale expansion from the point to surface space. The continuous development of UAV and digital camera technology has made it possible to acquire ground-measured data extensively and combine these data with remote sensing images to estimate the FVC, representing a useful and sustainable tool for the study of FVC.



In the construction of the inversion model of FVC, uncertainties may also have affected the accuracy of the estimation results. First, we did not consider the effect of LAI under different vegetation types when constructing the model. Second, there was an inconsistency in the resolution of the actual sample (50 m × 50 m) and Landsat8 data (30 m × 30 m). Finally, this study did not combine land use data from the same period in the analysis process. Sporadic snow-covered areas in some mountainous regions and construction land such as saltworks and highways were not completely eliminated in the vegetation classification, which caused the model to have a few outliers during the inversion process, and the results were affected to a certain degree.




5.2. Conclusions


The correlation between the NDVI and FVC was the most significant, and the linear regression was ideal (R2 > 0.7) for the desert, steppe and meadow regions in the Qaidam Basin, indicating that NDVI is more suitable for constructing an EM for FVC estimation.



Differences were observed in the FVC estimation between VCI and VMI by the EM in the areas with relatively high-density vegetation cover, and differences in the FVC of PDM occurred in the areas with extremely low-density vegetation cover and high-density vegetation cover. However, the PDM substantially underestimated the FVC in the areas with FVC > 15%, especially with the VMI.



VCI is a promising method to improve the accuracy of FVC estimation on a large scale, providing higher precision for both the EM and the PDM. The performance of VCI with the EM provided the best result, and VMI with the PDM provided the worst result.



The VCI of the EM showed the highest simulation accuracies. The FVC of desert, steppe and meadow regions in the Qaidam Basin generally reflected a semi-ring decreasing trend from the east and southeast to the northwest. Approximately 40% of the area with extremely low-density vegetation cover was located in the Ceratoides latens communities in the mid-western part and the Stipa purpurea communities at the northwestern margin of the basin, and the area with FVC ≤ 5% accounted for 21.5%. The areas with lower-density vegetation cover were mainly located in the southwest Kunlun Mountains and the southeastern valley of the basin, which are mainly vegetated by Stipa purpurea and Kobresia species. The areas with middle-density and high-density vegetation cover were mainly distributed in the front of the alluvial-proluvial fan of the northern oasis of the Golmud-Nomhon borderline of the eastern low mountains. These steppe and meadow regions mainly comprised species of Achnatherum splendens, Stipa purpurea and Artemisia desertorum.
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Figure 1. Distribution of vegetation and the sample site in the Qaidam Basin. 
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Figure 2. Design of Sample Site (the sample site is 200 m × 200 m, with each sample site including 16 sample plots with 50 m × 50 m; the shooting point of the UAV is at the center of the sample plot). 
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Figure 3. Local identification of FVC by the threshold adjustment method ((a): desert; (b): steppe; (c): meadow; (d): desert vegetation recognized by threshold adjustment; (e): desert vegetation recognized by threshold adjustment and visual interpretation). 
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Figure 4. Regression model between the NDVI and FVC ((a): desert; (b): steppe; (c): meadow; (d): mixed vegetation). 
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Figure 5. Inversion of FVC by the EM. (a): VCI by EM; (b): VMI by EM. 
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Figure 6. Inversion of FVC by the PDM. (a): VCI by PDM; (b): VMI by PDM. 
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Figure 7. VCI of fractional vegetation cover by the EM and PDM ((a): desert FVC by EM inversion; (b): desert FVC by PDM inversion; (c): steppe FVC by EM inversion; (d): steppe FVC by PDM inversion; (e): meadow FVC by EM inversion; (f): meadow FVC by PDM inversion). 
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Figure 8. Relationship between actual and predicted FVC ((a): VCI accuracy by EM; (b): VMI accuracy by EM; (c): VCI accuracy by PDM; (d): VMI accuracy by PDM). 
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Table 1. Formulas for calculating different vegetation indexes.
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	Vegetation Index
	Calculation Formula





	Normalized Difference Vegetation Index (NDVI)
	NDVI=(NIR−R)/(NIR+R)



	Ratio Vegetation Index (RVI)
	RVI=NIR/R



	Difference Vegetation Index (DVI)
	DVI=NIR−R



	Modified Vegetation Index (MVI)
	MVI=(NIR−R)/(NIR+R)+0.5



	Modified Soil-Adjusted Vegetation Index (MSAVI)
	MSAVI=(2NIR+1−(2NIR+1)2−(8NIR−R))/2



	Normalized Difference Greenness Index (NDGI)
	NDGI=(G−R)/(G+R)







Note: NIR is near-infrared band reflectance; R is red band reflectance; G is green band reflectance.
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