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Abstract

:

In recent years, the retrieval and validation of remotely-sensed leaf area index (LAI) products over complex land surfaces have received much attention due to the high-precision land surface model simulations and applications in global climate change. However, most of these related researches mainly focus on coarse resolution products. This is because few products have been specifically designed for solving the problems derived from complex land surfaces in mountain areas until now. MuSyQ LAI is a new product derived from Gaofen-1 (GF-1) satellite data. This product is characterized with a temporal resolution of 10 days and a spatial resolution of 16 m. As is well known, high-resolution products have less uncertainties because of the homogeneities of sub-pixel. Therefore, to evaluate the precision and uncertainty of MuSyQ LAI, an up-scaling strategy was employed here to validate MuSyQ LAI for three mountain regions in Southwest China. The validation strategy can be divided into three parts. First, a regression model was built by in situ LAI measured by LAI-2200 and the normalized difference vegetation index (NDVI) from unmanned aerial vehicle (UAV) images to obtain a 0.5 m resolution LAI map. Second, an up-scaled LAI map with a spatial resolution consistent with MuSyQ LAI was calculated by the pixel-averaging method from the UAV-based LAI map. Third, the MuSyQ LAI was validated by the up-scaled UAV-based LAI in pixel scale. Simultaneously, the sources of uncertainty were analyzed and compared from the view of data source, retrieval model, and scale effects. The results suggested that MuSyQ LAI in the study areas are significantly underestimated by 53.69% due to the complex terrain and heterogeneous land cover. There are three main reasons for the underestimation. The differences between GF-1 reflectance and UAV-based reflectance employed to estimate LAI are the largest factors for the validation results, even accounting for 61.47% of the total bias. Subsequently, the scale effects led to about 28.44% bias. Last but not least, the models employed to retrieve LAI contributed merely 10.09% uncertainties to the total bias. In conclusion, the accuracy of MuSyQ LAI still has a large space to be improved from the view of reflectance over complex terrain. This study is quite important for applications of MuSyQ LAI products and also provides a reference for the improvement and application of other high-resolution remotely sensed LAI products.
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1. Introduction


The leaf area index (LAI) is defined as one half of the total area of all leaves per unit area of vegetation [1]. As a crucial indicator to quantify the total leaf area for vegetations, LAI plays an important role in many land processes such as photosynthesis, respiration, and precipitation retention [2,3]. Therefore, LAI has been listed as one of the most important terrestrial parameters for climate change monitoring by the global climate observing system (GCOS) [4]. The measurement of LAI mainly includes field collection, remotely sensed retrieval, and land surface modeling. In particular, satellite platform provides a powerful means to obtain global LAI products. As is well known, the popular products include moderate resolution imaging spectroradiometer (MODIS) LAI [5], global land surface satellite (GLASS) LAI [6], carbon cycle and change in land observational products from an ensemble of satellites (CYCLOPES) LAI [7], multi-angle imaging spectroradiometer (MISR) LAI [8] and visible infrared imaging radiometer suite (VIIRS) LAI [9]. These LAI products have been widely used in ecohydrological processes and vegetation monitoring due to their high spatial coverage and the length of observation history [10,11,12]. However, these products with resolution in range of 250–1000 m can introduce many more uncertainties and errors especially over such regions with complex terrain [13,14,15,16,17]. Yang et al. compared and analyzed the precision of three products of GEOV1, GLASS, and MODIS LAI over the mountain areas located in Southwestern China. The results show a worse spatio-temporal continuity in mountainous area than over flat area. Furthermore, nearly all products can hardly capture the details of the altitudinal distribution of biome types [16]. Jin et al. found that the percentage of successful retrievals for MODIS LAI and GLASS LAI is vulnerable to topographic indices especially relief amplitude over Southwestern China [15]. Additionally, the two products can barely capture seasonal dynamics of crop, especially in spring, over heterogeneously hilly regions. However, these validation studies are mainly for coarse-resolution LAI products. As is well known, the fragmentation of mountain landscapes is typically severe due to the presence of patchy vegetation ecosystems that are shaped by the underlying climatic and topographic gradients [15]. The coarse-resolution LAI products exhibit limited capacity in characterizing the spatial variability of vegetation in mountainous regions. High-resolution LAI products possess the superior capability in mountainous areas with severe landscape fragmentation.



Here, high spatial-resolution (HSR) LAI products have been developed to address this issue to some degree [18]. Gaofen-1 (GF-1) is the first HSR satellite platform of the China high-resolution Earth observation system, which carries four 16-m-resolution multispectral cameras with a global revisit period of less than 4 days due to large-format wide view [19]. MuSyQ LAI, with a spatial-temporal resolution of 16 m/10-day in China from 2018 to 2020 (version 01), was produced by GF-1 satellite images based on the three-dimensional stochastic radiative transfer (3D-SRT) model [20]. This LAI product can be employed to many specific land processes that need high spatial resolution data. Therefore, it is quite necessary to evaluate the quality of these LAI products. Though a series of LAI validation studies have been conducted for various land cover types in different continental regions [21,22,23], few studies validated the product precision over complex terrain and discussed the source of uncertainties in detail. Besides, few researches compared the differences between direct validation and cross-validation [24]. As is well known, different validation strategies may lead to varying levels of accuracy.



At present, only one work about the validation of MuSyQ LAI products has been carried out by the product manufacturer [20]. This direct validation focused on crops and forests in the Shihezi region of Xinjiang, China. The results demonstrated a root mean square error (RMSE) of 0.743 and a coefficient of determination (R2) of 0.877, which shows a high precision of related land types. Nevertheless, the further validation for other vegetation types such as grasses and shrubs are required to obtain a more comprehensive assessment. Thus, more independent validation about more land covers should be made by a third party.



In this study, an up-scaling strategy was employed here to validate MuSyQ LAI for three mountain regions including Caoshang, Citrus Research Institute, and Hutou Village. To assess and analyze the scale effect and uncertainty source, the data from unmanned aerial vehicles were also collected simultaneously to upscale the in situ LAIs to validate the MuSyQ LAI. The direct validation and upscaled validation are both performed in this paper so as to receive a convincing result apart from the scale effect. Finally, this paper analyzed the uncertainty contributions from reflectance data differences, retrieval model differences, and scale effects, providing a new knowledge of MuSyQ LAI accuracy over rugged terrain.




2. Study Areas and Data


2.1. Study Area and Field Measurements


In this study, three remote sensing observation stations in Chongqing were used: Caoshang Station (29°47′14″N, 106°26′33″E), Citrus Research Institute Station (29°45′44″N, 106°22′54″E), and Hutou Village Station (29°45′45″N, 106°19′9″E). Caoshang and Hutou Village stations are located in the mountains of the paralleled ridge-valley of Eastern Sichuan with complex terrain. Land cover mainly includes forest, fragmented farmland, and villages. Yet, Citrus Research Institute Station, located in a wide and flat ridge-trough area in Eastern Sichuan, mostly consists citrus planting area and cultivated land (Figure 1).



A 2 km × 2 km sampling plot was set up at each remote sensing observation station. There were 6, 12, and 18 elementary sampling units (ESUs) of 0.5 m × 0.5 m each at the Caoshang Station, Citrus Research Institute Station, and Hutou Village Station, respectively. Four sampling measurements were performed on each ESU using the LAI-2200 canopy analyzer, and the average value was taken to represent the ESU LAI. The real-time kinematic GPS (RTK-GPS) was used to geo-locate the center of the ESU, providing an accuracy of less than 8 mm. Moreover, with each ESU as the center, the vegetation types within 2 m must be consistent to ensure that the collected data are representative and meaningful.



The LAI-2200 canopy analyzer measures effective LAI values, which can be converted to the true LAI values by taking into account the clumping index. However, the clumping index is difficult to estimate accurately in complex mountainous terrain, resulting in uncertainty in conversion. In order to avoid this uncertainty, this study used effective LAI values for verification.




2.2. High Spatial-Resolution UAV Data


The high-resolution images used in this paper were acquired by the DJI Phantom 4 Multispectral (P4M) UAV from 20 October 2020 to 23 October 2020 at an altitude of 200 m with a spatial resolution of approximately 0.1 m. The UAV was equipped with one visible and five multispectral cameras (blue, green, red, red-edge, and near-infrared), responsible for visible imaging and multispectral imaging, respectively [25]. The P4M camera was also equipped with an irradiance sensor to normalize the digital number (DN) for each band, providing an output that DJI identifies as “reflectance”, although this is not true reflectance data [26]. Then, the acquired raw UAV images were pre-processed with Pix4D software. The P4M system offers vegetation indices (VIs) and consequently obviates the necessity of obtaining reflectance data for these images. Lastly, the UAV images were resampled to 0.5 m resolution to match the size of the ESUs and orthorectified in the UTM-WGS84 projection coordinate system for this study.




2.3. MuSyQ LAI


The MuSyQ LAI product consists of 10-day maximum LAI values, with a spatial resolution of 16 m, gridded on a universal transverse mercator (UTM) projection. The MuSyQ LAI product is based on lookup tables that match red and near-infrared reflectance from the wide field of view (WFV) camera on the GF-1 satellite to seven different vegetation types (grassland, shrub, cropland, evergreen broadleaf forest, deciduous broadleaf forest, evergreen needleleaf forest, and deciduous needleleaf forest). The lookup tables were constructed using the 3D-SRT model. When the physical model-based retrieval algorithm fails, the LAI in the product comes from a time-series reconstruction algorithm [20]. The MuSyQ LAI data are available at the Science Data Bank site for free (https://www.scidb.cn/en, accessed on 1 April 2022). A slight spatial inconsistency was observed between the UAV images and the MuSyQ LAI product, which was subsequently resolved through spatial registration by using ground control points. After data pre-processing, the dataset in this study included field LAI measurement data, UAV image data at 0.5 m spatial resolution, and the MuSyQ LAI products as shown in Table 1 below.





3. Methodology


3.1. Spatial Representativeness of Field LAI Measurements


The semivariogram is a useful tool for characterizing and modeling spatial variability in geostatistical remote sensing applications [27,28]. In this study, the semivariogram is used to assess the spatial representativeness of the measurement sites. In order that the spatial variability around the measurement site can be completely encompassed at the image scale, the GF-1 pixel where the measurement site is located was used as the central pixel, and then the window was enlarged to 5 × 5 GF-1 pixels (Figure 2). The semivariograms of the high-resolution NDVI image within each window are calculated using the GS + 9.0 software. The semivariogram γ(h) is defined as follows:


  γ ( h ) =  1 2  E       z ( x ) − z ( x + h )    2     



(1)




where Z(x) and Z(x + h) are the NDVI values at positions x and x + h, respectively, separated by a vector h with a spatial lag in both distance and direction. A spherical model was employed to fit the calculated semivariogram and determine the model coefficients in this study. The variogram model has three important parameters: nugget effect (C0), sill (C), and range (A). C0 denotes the spatial variation that is attributable to random factors; when there is spatial autocorrelation between object attributes, the variation curve will gradually become smoother with increasing distance. A is the distance at which the variation curve first appears horizontal. C denotes the maximal spatial variation at the variation range [29]. The principles and formula for the semivariogram can be found in other reports [30,31].



The range (A) can refer to the average patch size of the landscape [32], which is a region that differs from its surroundings but is not necessarily homogeneous in its internal composition [29]. Therefore, it is not necessarily homogeneous within the range, the coefficient of sill (CS) is introduced to evaluate the degree of relative spatial heterogeneity within the window [33], as shown in


  C S ( s ) =     C ( s )     μ ( s )   × 100  



(2)




where s represents the window size, which is 5 × 5 GF-1 pixels in this study. C(s), µ(s) is the sill and mean value of the high-resolution NDVI image within the window, respectively. A larger CS(s) indicates a greater relative spatial variability within the window and a lower spatial representativeness of the measurement sites.




3.2. MuSyQ LAI Product Error Analysis


The method followed for MuSyQ LAI product validation is outlined in Figure 3. First, the NDVI-LAI model was established using field LAI measurements and UAV images to obtain the true fine-resolution LAI values. Then, these were up-scaled to a scale consistent with the MuSyQ LAI product using a simple average method. The up-scaled data are referred to as reference LAI, and these are compared with the MuSyQ LAI product to obtain the overall error of the product. Several statistical metrics, such as the bias, RMSE, and R2, were used to assess the accuracy of the MuSyQ LAI products.



There are three main inconsistencies in the production process between MuSyQ LAI products and the reference LAI data. The first is the differences in input data: the input data for the MuSyQ LAI product are the GF-1 WFV camera reflectance data product, while the reference LAI data are calculated from UAV DN image data. Differences between the GF-1 reflectance data and the UAV DN image result in diversities in the LAI data. The second inconsistency is the difference between the retrieval models: the reference LAI data are calculated using the NDVI-LAI model while the MuSyQ LAI product is generated from a look-up table based on the 3D-SRT model using the GF-1 surface reflectance and surface classification data. Differences between these two models may directly affect the results of the validation. The third inconsistency is that the MuSyQ LAI product is directly calculated from the surface reflectance at the 16 m spatial resolution, whereas the reference LAI data were generated by calculating the NDVI from UAV images and then obtaining the LAI values from the NDVI retrieval. Both data generation methods are subject to spatial scale effects, and the scale errors generated by each process are passed on to the next step [34]. The presence of scale effects makes MuSyQ LAI products differ from the reference LAI data. By comparing various data and methods, the impact of three inconsistencies on the validation results of the LAI product is examined.



Data in the MuSyQ LAI product are the maximum LAI value over a 10-day window. The GF-1 surface reflectance data used in this paper are from the GF-1 WFV reflectance product and cover the same period as the MuSyQ LAI product. Reflectance data are not directly available from the UAV products; therefore, it is not possible to directly compare the reflectance from the two sensors. The 0.5 m resolution UAV NDVI image was upscaled to a resolution of 16 m to generate UAV_NDVI_16m. While GF1_NDVI was calculated by the GF-1 surface reflectance data. The UAV_LAI_16m and GF1_LAI were retrieved by the NDVI-LAI model for this study. The differences between UAV_LAI_16m and GF1_LAI reflect the influence of the reflectance data on the validation of the LAI products.



Calculating LAI using different models and the same surface reflectance data gives the effect of model differences on the validation results. GF1_LAI was calculated from the GF-1 surface reflectance data using the NDVI-LAI model and was compared with the MuSyQ LAI product to give the influence of the retrieval model on validation.



The 0.5 m resolution UAV NDVI image and the NDVI-LAI model can be used to calculate two different low-resolution LAI datasets by using different up-scaling methods. The 0.5 m resolution NDVI image was used to obtain the 0.5 m resolution LAI based on the NDVI-LAI model, which was up-scaled to 16 m resolution to obtain the reference LAI data used for validation. Reference LAI is retrieved by the method called “retrieval before average” as mentioned at the beginning of this section, while UAV_LAI_16m is retrieved by the method called ”average before retrieval”. The difference between reference LAI and UAV_LAI_16m retrieved by two different up-scaling methods reflects the uncertainty of scale effects on the validation of the LAI products [34,35].




3.3. Estimating the Fine-Resolution LAI Relative “True” Value


The statistical model for NDVI and LAI that was used to estimate LAI is a concise and effective estimation method, which is often used for the estimation of LAI in the field of remote sensing [36]. In this paper, 2/3 of the ESUs were randomly selected to establish an empirical regression model for LAI, with NDVI values from UAV images, and the model was tested based on the remaining 1/3 data. When the relative true values from the high spatial-resolution LAI met the threshold requirements, they were used for the next test. The fitting results for the study areas are shown in Figure 4. The exponential model was chosen to fit because it had a higher fitting accuracy than other models (e.g., linear regression model, quadratic polynomial regression model, and log-linear regression model). The equation used to fit NDVI for measured LAI was:


  y = 0.0447  e  5.7173 x    



(3)







The model in Equation (2) was used to calculate LAI values from the UAV images. As shown in Figure 5, the two datasets were compared and the correlation coefficient and relative error were calculated. The average relative error in the study areas was 13.65% and the correlation coefficient between the two datasets was 0.83. This shows that the statistical analysis model provides a reasonable fit, suggesting the LAI values estimated from the UAV image could be used as reference data for the validation of the MuSyQ LAI products.





4. Results


4.1. Overall Error for MuSyQ LAI Data Products


The overall error for the MuSyQ LAI products was calculated using the method from Section 3.2. The amplitude of reference LAI values (ranged from 0.55 to 5.09) varied from the MuSyQ LAI products (ranged from 0.41 to 1.47) in these study areas (i.e., Caoshang, Hutou Village, Citrus Research Institute). Additionally, the general difference of MuSyQ LAI for each biome could not be captured, namely, higher LAI value in shrublands and lower value in croplands could not be found in study areas (Figure 6). The mean value of reference LAI (2.03) was higher than that of MuSyQ LAI data (0.94), suggesting the underestimate (53.69%) of MuSyQ LAI relative to reference LAI. Furthermore, most MuSyQ LAI values lie below the 1:1 line, (i.e., the slope of MuSyQ LAI lower than 1), suggesting a systematic underestimating bias in MuSyQ LAI (Figure 6).



The validation results for each vegetation type were shown in Table 2. Shrublands and croplands were most underestimated in the MuSyQ LAI, which could be reflected in RMSE (1.66 for cropland and 1.68 for shrubland) and bias (−1.23 for cropland and −1.38 for shrubland). The RMSE for grassland and evergreen broadleaf forest was 0.90. However, a high consistency (R2 = 0.84) between MuSyQ LAI and reference LAI in grassland could be found in Table 2, indicating that the MuSyQ product could better represent grassland LAI in contrast to other vegetation types.




4.2. Assessment of Validation Error Attributable to Data Acquisition from Different Platforms


The difference of vegetation indices between UAV and GF-1 was assessed based on reflectance data (Figure 7). The GF1_NDVI was lower than UAV_NDVI_16m when NDVI was greater than 0.5 (Figure 7a), leading to an underestimation of GF1_LAI. The difference between GF1_LAI and UAV_LAI_16m (Figure 7b) were also assessed, finding that the mean value of 1.72 in UAV_LAI_16m was higher than GF1_LAI (1.05). GF1_LAI represented an underestimate of about 38.95%, relative to UAV_LAI_16m, accounting for 61.47% of the total bias. The reasons for this difference may be caused by the different spectral characteristics of the P4M and WFV sensors [37], leading to the difference of NDVI-derived LAI in the P4M and WFV sensors. These results indicated that the differences in the reflectance data may have a significant impact on the validation results.



The GF-1 WFV camera lacks the 2.1 short-wave infrared band compared to the MODIS sensor, resulting in the aerosol dark-pixel retrieval algorithm being unable to be used for the GF-1 data, posing as a challenge the development of a high-precision atmospheric correction [38]. For example, Zhong et al. [39] developed an improved Deep Blue algorithm to obtain atmospheric aerosol information that could be used in an inversion routine to obtain surface reflectance for the general atmosphere and for the land surface (including bright surfaces) for GF-1 WFV data. This algorithm has been validated for the northern region in China, but its accuracy for the southwestern part of China has not been verified, and may differ since climatic conditions are different in the north and south.




4.3. Assessment of Validation Error Attributable to Differences between Retrieval Models


In order to assess the impact of variances among the models employed in LAI retrieval on the validation of LAI, the LAI values were computed in accordance with the validation flowchart illustrated (Figure 8). When the LAI is greater than 1, the results of the MuSyQ LAI model usually exhibit lower values than those of the NDVI-LAI model. The GF1_LAI has a mean value of 1.05, which is 0.11 greater than the average value of MuSyQ LAI (0.94), indicating an underestimation of approximately 10.48% by the model used for the MuSyQ LAI product compared to the empirical NDVI-LAI model. This underestimation accounts for 10.09% of the total bias. From these results, it can be seen that differences between the retrieval models have an impact on validation results and is one of the main sources of uncertainty for the MuSyQ LAI products.



The model of GF1_LAI is based on the measured data. For the study areas, the accuracy of model is relatively high. The MuSyQ LAI product uses the 3D-SRT model with a look-up table method to retrieve LAI. Although the 3D-SRT model used by MuSyQ LAI is supported by rigorous physical theory, it is difficult for the data to be realistic and accurate for different regions, and this regional applicability limitation may impact the accuracy of the model. Using lookup tables makes model retrievals fast, but the reliability of the retrieval results depends on the representativeness of the training data that were used to construct the lookup tables.




4.4. Assessment of Validation Error Attributable to Scale Effects


Tian et al. [40] found that the LAI obtained from coarse-resolution satellite data should match the average of the LAI values obtained from high-resolution satellite data when there were no scaling errors present. The scaling errors in the coarse-resolution LAI product are being investigated by comparing the differences between the reference LAI and UAV_LAI_16m. This comparison will help to partially quantify the errors in the LAI product validation process. A comparison between the LAI values obtained from two distinct up-scaling methods is illustrated in Figure 9. The mean LAI value for UAV_LAI_16m and the reference LAI are 1.72 and 2.03, respectively, indicating a difference of 0.31. The underestimation of the UAV_LAI_16m by approximately 15.27% in comparison to the reference LAI accounts for 28.44% of the total bias, demonstrating that scale effects play a significant role in the uncertainty associated with the MuSyQ LAI products.



Scale effects arise when there is surface heterogeneity and nonlinear retrieval models are used [41]. Surface features at the Caoshang site are fragmented and the composition of the subsurface is slightly more complex, including water bodies, rocks, and residential land in addition to vegetation. The surface heterogeneity here is much greater than at the Citrus Research Institute and Hutou Village sites. The Citrus Research Institute and Hutou Village sites mainly comprise grassland, cultivated land, and forest, with low meta-heterogeneity. The relative error caused by scale effects from the surface heterogeneity is not negligible at these sites. The LAI model used in this study is a nonlinear calculation that treats NDVI as an independent variable, and it will include some scale effects.



The standard deviation (SD) is a commonly used measure for spatial variability, which provides information about the dispersion of data around a mean value [42]. The variability within each 16 m MuSyQ LAI pixel was analyzed. Table 3 shows that the cropland had the highest spatial heterogeneity and the largest scaling difference. It can also be seen in Figure 9 that cropland is the main type underestimated between the UAV_LAI_16m and the reference LAI. From this, it can be concluded that the greater the spatial heterogeneity, the more complex the physical and environmental conditions become, which can lead to a greater scale effect. The Liu et al. [35] and Chen et al. [1] studies showed that the scale effect can cause inaccuracies in the estimation of LAI from coarse-resolution data. The scale effect leads to an underestimation of LAI in pixels that contain both vegetation and soil and overestimation in pixels that contain both vegetation and dark substrates such as water or black soil. The 16-m resolution pixels of cultivated land in the study area often include both crops and bare soil. This leads to an underestimation of the UAV_LAI_16m compared to the reference LAI.




4.5. Inter-Comparison of the GF-1 Reflectance with Sentinel-2 Reflectance


The GF-1 reflectance data were compared with the Sentinel-2 reflectance data to compare their agreement. The L2A atmospherically corrected surface reflectance data synchronized with the UAV image acquisition time from the Sentinel-2 multispectral satellite were obtained from the European Space Agency (ESA) Copernicus Open Access Hub (https://scihub.copernicus.eu/, accessed on 5 October 2022). The temporal resolution of the Sentinel-2 data is 5 days and the acquisition date for the data used in this study is 23 October 2020. Only red-band and near-infrared band data were needed in this study, and they both had a spatial resolution of 10 m. The Sentinel-2 images for the study areas were resampled to 16 m resolution, and the NDVI-LAI model in Section 3.3 was used to estimate LAI.



The agreement between the Sentinel-2 surface reflectance and the GF-1 surface reflectance is poor for both the red and near-infrared bands (Figure 10a,b). Although GF-1 shows some overestimation at the red and near-infrared reflectance, good agreement between the NDVI values from GF-1 and Sentinel-2 can be seen. Sentinel-2 NDVI is generally higher than GF-1 NDVI, leading the vegetation information to be captured better (Figure 10c). The comparison presented in Figure 10d reveals that, in general, Sentinel-2 LAI values are higher than GF-1 LAI values. This disparity suggests that the LAI values in the MuSyQ products may be underestimated compared to the UAV images, possibly due to discrepancies in the reflectance data utilized.



Frequent changes in mountain climate and topographic effects contribute to uncertainty in the retrieved surface reflectance [43], which affects the quality of the LAI products. Yang et al. [16] analyzed the effect of shady and sunny slope differences on retrievals of LAI from GEOV1, GLASS, and MODIS and found that the red and near-infrared reflectance retrieved from VGT and MODIS were greater for sunny slopes than for shady slopes, resulting in lower LAI estimates for shady slopes than for sunny slopes.





5. Discussion


5.1. Uncertainties Associated with Land Cover Classification Data


Uncertainties in LAI products are mainly caused by the input parameters (e.g., surface reflectance and land cover classification) and the retrieval algorithm [44]. The impact of surface reflectance and retrieval model on LAI product has been investigated in this work. Note that the error of land cover classification may also introduce uncertainty into LAI retrieval. In this study, the land cover classification data is obtained from the global land-cover product generated by Zhang et al. [45], which has a spatial resolution of 30 m and is retrieved using Landsat time-series imagery (GLC_FCS30). As shown in Figure 11, a confusion matrix is used to estimate the accuracy of GLC_FCS30 land cover classification with the use of 36 real samples. Sixteen pixels are misclassified as cropland, including grassland (7), shrubland (5), and broadleaf evergreen forest (4). The effect of misclassification on shrubland and broadleaf evergreen forest may cause a slight underestimation of LAI in the MuSyQ products.



Influence of fragmentation in mountain and topographic shading can affect the accuracy of land cover classification data in mountain areas [46]. There is a slight spatial inconsistency between land cover classification and MuSyQ LAI product, to make it difficult to obtain the true classification results and, accordingly, reduce the accuracy of the estimated LAI. Meanwhile, the misclassification of forest generally leads to an underestimation of LAI [47]. In future, finer-resolution land cover classification data are needed to accurately quantify the spatial heterogeneity of the land surface, especially in mountainous areas. Furthermore, it could improve the accuracy of LAI retrievals in forest area.




5.2. Validation of the MuSyQ LAI Product against Field Measurements


It cannot be neglected that some uncertainties are due to the spatial-mismatch issue between point-based ground observations and the pixel-based LAI products, especial in mountainous areas. To make a fair assessment, the direct validation method needs to be applied in homogeneous areas. In this study, the semivariogram and coefficient of sill were calculated with the spatial representativeness for each measurement site using the method described in Section 3.1. The GF-1 pixel is considered relatively homogeneous with the range of site greater than 16 m and the CS less than 30%. According to these two methods, four GF-1 pixels satisfy this condition, of which the spatial variability within one pixel is considered relatively small. The corresponding reference LAI and MuSyQ LAI were directly compared with the field measurements of the four measurement sites, respectively, as illustrated in Figure 12a,b. In addition, Figure 12c showed that the MuSyQ LAI were compared with the reference LAI in these four measurement sites.



The results illustrated in Figure 12a indicate that the field measurements of LAI have a good agreement with the reference LAI map with a high R2 of 0.95 in a relatively homogeneous area. This means that the reference LAI map is accurate and can be used to validate the MuSyQ LAI product. Compared with the field measurements, MuSyQ LAI has a better agreement with reference LAI (Figure 12b,c). The mean values of field measurements, reference LAI and MuSyQ LAI were 3.79, 2.71 and 1.08, respectively. Compared to field measurements and reference LAI, the MuSyQ LAI exhibited a significant underestimation of 71.50% and 60.15%, respectively. A direct comparison with the field measurements (Figure 12b) presented more uncertainties (Bias = −2.7, RMSE = 2.97), which were more than the upscaled reference LAI dataset.



In the spatially complex and fragmented, it can be challenging to find large and homogeneous plots for field LAI measurements. Thus, the number of field LAI datasets available for direct comparison with the remote sensing LAI products is limited. Moreover, it cannot avoid the uncertainties in field LAI measurements with the use of the LAI-2200. The LAI-2200 instrument underestimates the actual LAI values in the case of leaf aggregation (non-random distribution), and may overestimate in woody material (branches, trunks) [48,49]. Therefore, the direct comparison of the field LAI data and MuSyQ LAI shows considerable uncertainty. In such cases, a multi-scale validation approach that utilizes a combination of field measurements and UAV data can provide a more accurate assessment of the evaluation of LAI products. Furthermore, the fine-resolution reference LAI dataset can help to bridge the gap between the high accuracy of field measurements and the larger spatial coverage of coarse-resolution pixel data [50].





6. Conclusions


This study validates the high-resolution MuSyQ LAI product using field LAI measurements and UAV images over heterogeneous land surfaces in Southwest China. The validation study reveals that MuSyQ LAI products strongly underestimate LAI by about 53.69% in these study areas. Differences in reflectance data, retrieval model, and scale effects influenced the validation results. Differences in reflectance data were the most influential factor in the underestimation of MuSyQ LAI products, accounting for 61.47% of the total bias. Scale effects also had a large impact on the validation results and accounted for 28.44% of the total bias. The utilization of 30 m spatial resolution land cover classification data in the MuSyQ LAI product retrieval algorithm introduces additional uncertainty to the product. The paucity of field measurement datasets for direct validation in regions with pronounced spatial heterogeneity underscores the importance of fine-resolution reference LAI datasets derived from field measurements in validating high-resolution LAI products.



The uncertainties associated with the reflectance and retrieval algorithm and scale effects have been considered in this paper, as well as the errors in ground measurements. The uncertainties of ground measurements can be reduced by multiple measurements and standardized measurement methods. In contrast, it lacks a universal method to increase the spatial representativeness of ground measurements over high heterogeneous areas. Temporal inconsistency also affects the validation results, while the different acquisition time of MuSyQ LAI product (the temporal resolution of 10-day), UAV image, and the GF-1 image used in this study may contribute to uncertainties. The ground surface presents different spectral characteristics at different times, which will affect the validation results. Moreover, scale effects and scale transformation are crucial to validation, and further optimization of scale transformation will reduce the uncertainty in future validation studies.
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Figure 1. Study area and ESU locations. Elevation data were derived from the advanced spaceborne thermal emission and reflection radiometer global digital elevation model (ASTER GDEM) data at 30 m spatial resolution; red points represent the ground ESUs. Base maps came from Google Satellite and Tianditu Satellite. 
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Figure 2. Schematic diagram of the calculation of the semivariogram. (A) The window with low spatial heterogeneity. (B) The window with high spatial heterogeneity. 
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Figure 3. The flowchart of MuSyQ LAI product validation. Path (a): The UAV_NDVI_0.5m was calculated first and the UAV_LAI_0.5m is then retrieved based on the NDVI-LAI model using the UAV_NDVI_0.5m images and field LAI measurements. The UAV_LAI_0.5m maps were then upscaled to generate the coarse-resolution 16 m reference LAI. Path (b): The UAV_NDVI_0.5m map was upscaled to derive the coarse-resolution UAV_NDVI_16m. The NDVI-LAI model was then used to retrieve the coarse-resolution UAV_LAI_16m. Path (c): The GF1_NDVI was calculated first and the GF1_LAI is then retrieved based on the NDVI-LAI model. The MuSyQ LAI was compared with reference LAI to obtain the overall error for the LAI product. ① The differences between path (a) and path (b) can reflect the the uncertainty of scale effects on the validation of the LAI products. ② The differences between path (b) and path (c) can reflect the uncertainty of the reflectance data on the validation of the LAI products. ③ The differences between path (c) and MuSyQ LAI can reflect the uncertainty of the retrieval model on the validation of the LAI products. 
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Figure 4. Regression between in-situ measured LAI and NDVI. 
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Figure 5. Validation of the LAI derived from UAV imagery using the field-measured LAI. The black dashed line indicates a 1:1 relationship and the solid line shows the linear regression between LAI2200_LAI and LAI_estimate. 
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Figure 6. Validation result of MuSyQ LAI with reference LAI. The black dashed line indicates a 1:1 relationship and the solid line shows the linear regression between the reference LAI and MuSyQ LAI. 
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Figure 7. Differences between UAV and GF1 reflectance. (a) Differences between NDVI from GF-1 reflectance and from UAV reflectance. (b) Scatter between UAV_LAI_16m and GF1_LAI. 
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Figure 8. Comparison of MuSyQ LAI and GF1_LAI. The black dashed line indicates a 1:1 relationship and the solid line shows the linear regression between GF1_LAI and MuSyQ LAI. 
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Figure 9. Scale effects analysis. Differences between Reference LAI and UAV_LAI_16m. The black dashed line indicates a 1:1 relationship and the solid line shows the linear regression between Reference LAI and UAV_LAI_16m. 
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Figure 10. Differences between Sentinel-2 and GF1 reflectance. (a) Differences between red reflectance for GF-1 and Sentinel-2 data. (b) Differences between near infrared reflectance for GF-1 and Sentinel-2 data. (c) Differences between NDVI from GF-1 and Sentinel-2 reflectance. (d) Comparison of Sentinel2_LAI and GF1_LAI. 
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Figure 11. Confusion matrix: the horizontal is the predicted label (GLC_FCS30) and the vertical direction is the true label. EBF and ENF are evergreen broadleaf forest and evergreen needleleaf forest, respectively. 
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Figure 12. Scatter plots of: (a) reference LAI values, (b) MuSyQ LAI values versus field measurements with high spatial representativeness, and (c) validation results for the MuSyQ LAI products using the reference LAI. 
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Table 1. The acquisition time (day of year, DOY) and spatial resolutions for field LAI measurements, UAV images and MuSyQ LAI products.






Table 1. The acquisition time (day of year, DOY) and spatial resolutions for field LAI measurements, UAV images and MuSyQ LAI products.











	Raw Data
	Parameters
	Time
	Spatial Resolution/m





	Field LAI measurements
	LAI
	2020 DOY 292–296
	



	UAV images
	DN
	2020 DOY 294–297
	0.5



	MuSyQ LAI
	LAI
	2020 DOY 291–300
	16
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Table 2. MuSyQ LAI validation results for different vegetation types.
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	RMSE
	Bias
	R2





	Grassland
	0.90
	−0.83
	0.84



	Cropland
	1.66
	−1.23
	0.28



	Shrubland
	1.68
	−1.38
	0.14



	EBF
	0.90
	−0.77
	0.42
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Table 3. Statistical metrics for different vegetation types. The mean LAI is the average LAI for each vegetation type. The standard deviation represents the spatial heterogeneity within the 16 m-resolution pixel. The scaling difference refers to the difference in mean LAI values obtained from two different up-scaling methods.
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	Standard Deviation
	Mean_LAI_

Reference LAI
	Mean_LAI_

UAV_LAI_16m
	Scaling Difference





	Grassland
	0.75
	1.98
	1.79
	−0.19



	Cropland
	1.22
	2.22
	1.72
	−0.50



	Shrubland
	0.83
	2.02
	1.80
	−0.22



	EBF
	0.83
	1.86
	1.62
	−0.24
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