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Abstract

:

Accurate measurement of the field leaf area index (LAI) is crucial for assessing forest growth and health status. Three-dimensional (3-D) structural information of trees from terrestrial laser scanning (TLS) have information loss to various extents because of the occlusion by canopy parts. The data with higher loss, regarded as poor-quality data, heavily hampers the estimation accuracy of LAI. Multi-location scanning, which proved effective in reducing the occlusion effects in other forests, is hard to carry out in the mangrove forest due to the difficulty of moving between mangrove trees. As a result, the quality of point cloud data (PCD) varies among plots in mangrove forests. To improve retrieval accuracy of mangrove LAI, it is essential to select only the high-quality data. Several previous studies have evaluated the regions of occlusion through the consideration of laser pulses trajectories. However, the model is highly susceptible to the indeterminate profile of complete vegetation object and computationally intensive. Therefore, this study developed a new index (vegetation horizontal occlusion index, VHOI) by combining unmanned aerial vehicle (UAV) imagery and TLS data to quantify TLS data quality. VHOI is asymptotic to 0.0 with increasing data quality. In order to test our new index, the VHOI values of 102 plots with a radius of 5 m were calculated with TLS data and UAV image. The results showed that VHOI had a strong linear relationship with estimation accuracy of LAI (R2 = 0.72, RMSE = 0.137). In addition, as TLS data were selected by VHOI less than different thresholds (1.0, 0.9, …, 0.1), the number of remaining plots decreased while the agreement between LAI derived from TLS and field-measured LAI was improved. When the VHOI threshold is 0.3, the optimal trade-off is reached between the number of plots and LAI measurement accuracy (R2 = 0.67). To sum up, VHOI can be used as an index to select high-quality data for accurately measuring mangrove LAI and the suggested threshold is 0.30.
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1. Introduction


Leaf area index (LAI), defined as half of the total leaf area per unit ground surface area [1], serves as a key indicator of carbon and nutrient cycling, rates of energy exchange between plants and the atmosphere, and ecological processes such as photosynthesis and transpiration [2,3,4]. The ability of LAI to characterize canopy structure is crucial for understanding the significant role LAI plays in assessing the health status [5,6,7], predicting future growth, and the production of mangrove forests [8,9].



The traditional ground-based measurements of LAI can be generally divided into two categories: direct methods and indirect methods. The direct methods mainly include destructive sampling [10,11], litterfall collection [12] and intercept point sampling [13]. Although the direct methods are known to be more accurate than the indirect ones, their being extremely costly, time-consuming and labor-intensive is disadvantageous and impractical in field conditions. The indirect methods in situ involve specially designed optical instruments, such as hemispherical photography [14,15] and LI-COR’s Plant Canopy Analyzer [16,17,18], which retrieve LAI based on gap fraction that is defined as the probability of light passing through the forest canopy without being blocked by foliage [19]. These indirect in situ methods provide accurate LAI measurement with easy and quick operation. However, they are susceptible to sky illumination and weather conditions, limiting the time flexibility [14,16,20].



In recent years, terrestrial laser scanning (TLS) has drawn increased attention as an innovative solution to overcome the limitations of traditional ground-based LAI measurements because of its low sensitivity to sky illumination and weather conditions [19]. The ability of TLS technology to characterize detailed three-dimensional (3-D) vegetation structure has offered the convenience to accurately retrieve LAI in various forests, such as shrub [10,13] and boreal forests [14,21,22,23], providing reference data for LAI estimation using spaceborne and airborne datasets [17,24,25]. Point cloud data (PCD) with complete or near-complete 3D information, regarded as high-quality data, is fundamental for accurately measuring forest LAI at plot scale [20]. However, occlusion of the laser beams by plant parts causes information loss to various extents during TLS data acquisition. As a result, existence of PCD with high information loss (i.e., poor-quality data) severely hampers the LAI measurement accuracy.



The occlusion effect can be ameliorated by an effective scanning set-up, such as multi-location scanning [10] and the bottom-up hemispherical central scanning [20]. However, it cannot be completely eliminated. No matter how TLS station is set up in the forest, some regions of occlusion still exists, especially in the dense and complex forest [26]. The occlusion problem is even more severe in mangrove forests. Mangrove forests constitute important intertidal ecosystems [4,6,27,28,29]. Mangrove trees often grow in high density and have complex root systems [30,31,32]. These characteristics result in difficulties of moving through dense stands and general inaccessibility over many areas [8]. As a result, locations where the TLS equipment can be placed are extremely limited, which worsens the occlusion problem [9,10,33]. Consequently, the TLS PCD contains a small amount high-quality data and massive poor-quality data. Therefore, it is necessary to assess data quality and screen out the poor-quality data.



Several previous studies have shown that regions of occlusion can be evaluated by computing the complete trajectories of laser pulses [25,26,34,35]. The occlusion effect is represented by the extent of the occluded regions, which is the accumulated volume of voxel with no record of any interactions with pulse and voxel. However, the pulse trajectory model to assess the regions of occlusion has two deficiencies. First, the profile of complete vegetation object cannot be determined. To this problem, incorporating optical imagery is a solution. Optical images explicitly describe the horizontal cover, and thus provide information to clearly define canopy boundaries. In order to maintain the precision that TLS provides, high spatial resolution imagery is required. Unmanned aerial vehicle (UAV) platforms can acquire images with centimeter level spatial resolution at very low cost and flexible times [36,37,38,39]. Second, the pulse trajectory model is computationally intensive because the model involves 3-D processing, which needs to directly manipulate large PCD [20]. Compared with the 3-D model, a model based on 2-D processing is easy to implement while intuitively reflecting horizontal occlusion.



This study aims to design a new approach to assess TLS data quality and retain high-quality data for mangrove LAI retrieval. The objectives of the research are three-fold: (1) to develop a vegetation horizontal occlusion index (VHOI) using the horizontal structural information of TLS PCD and UAV image; (2) to explore the ability of VHOI to quantitatively represent PCD quality; (3) to develop a threshold selection method for PCD filtering and suggest a VHOI threshold in mangrove LAI retrieval. Ultimately, we expect that VHOI is the assessment means for accurate estimation of not only mangrove LAI, but also other forests, and even other parameters such as biomass.




2. Materials


2.1. Study Area


The study site is located in the Dandou sea mangrove forest at 21°30′N–21°37′N and 109°37′E–109°40′E, which belongs to Shankou Mangrove National Nature Reserve. The study area consists of four mangrove species: Avicennia marina (AM), Aegiceras corniculatum (AC), Kandelia candel (KC), and Rhizophora stylosa (RS). The AM population is the largest, followed by AC, KC and a small amount of RS. The mangrove has two characteristics, shown in Figure 1a. On the one hand, the plants are extremely dense, making it inconvenient to move through them. On the other hand, the height of the mangrove is not high. The average height of the first three species is approximately 2.5 m, and the last one is approximately 3 m. Thus, the mangrove can be considered as “shrub-type” mangroves in this study site.




2.2. Field Measurements


The field-measured LAI of the mangrove forest was measured using an LAI-2200 Plant Canopy Analyzer (PCA, Li-Cor Bioscience, Lincoln, NE, USA) at plot scale in June 2017, as shown in Figure 1b. Two principles of field-measured LAI were followed: (1) the field measurement of both dense and sparse mangrove was all conducted to ensure the quality of the representative; (2) the size of each plot was close to the optimal scale for mangrove LAI estimation at plot scale, which has been proven by some studies [4,7]. A total of 51 plots with a radius of 5 m were investigated. The working principle of PCA is that the light intensity from five zenith angles (7°, 23°, 38°, 53°, 68°) above and below the canopy was measured through a “fish-eye” optical sensor. The canopy structure parameters, such as LAI and gap fraction, were constructed using the radiative transfer model. To obtain the field-measured LAI, we first used a differential GPS with centimeter level accuracy to obtain accurate positions and determine the center point of the plot. Next, a 180° shading cover for the fisheye lens of the LAI equipment was used to reduce the influence of the surveyor on the measurement. The mean of the six LAI values every 60° were recorded for each plot. Each plot was measured three times, taking the mean of the three values as the LAI value of this plot. The distance is approximately 10 cm from the lens to the ground. In addition, the tree heights, species, and corresponding photos for each plot were recorded.





3. Methods


The following paragraphs schematically represent the overview of the different steps of our experiment in Figure 2.



3.1. TLS Data Collection and Preprocessing


The TLS raw data were captured with Stonex X300 (Stonex Co., Ltd, Monza, Italy) on 2 June 2017. We set up a total of 17 scanning stations in the region. To guarantee mangrove LAI unaffected by the invasion species (e.g., Spartina alterniflora) and human activities (e.g., man-made non-renewable exploitation), the placement of scanning locations were away from these places. Furthermore, these places were selected for general accessibility. The parameters of the Stonex X300 were shown in Table 1. During data collection, we used a differential GPS to measure the geographical coordinates of each station and the two targets. When we acquired the TLS raw data of 17 scanning locations, TLS data of 102 plots would be extracted. The detailed processes of operation are shown in part I of Figure 2. Firstly, we transformed the equipment coordinates system to geographical coordinates system by using the StonexScannerBasic software (Stonex Co., Ltd, Monza, Italy). Secondly, we fulfilled registration of 17 stations TLS data, taking TLS data of 17 stations as a dataset. Next, TLS data of 51 plots with 5 m radius at plot scale were acquired by combining geographical coordinates of field LAI plot and the dataset. Finally, the remaining TLS data of 51 plots were extracted from following steps. We extracted PCD of each station. As a result, each plot had 17 PCD. We randomly selected one from 17 PCD, and considered it as the TLS data for each plot to accomplish the acquirement of the remaining data. In our experiment, PCD of 102 plots with radius of 5 m were used to calculate LAI and the horizontal projected area of the vegetation. For detailed processes, see Section 3.2 and Section 3.3, respectively.




3.2. Vegetation Horizontal Occlusion Index (VHOI)


In this study, we used VHOI to represent the extents to which the horizontal structural information of TLS data was missing because of occlusion. We defined the VHOI as the ratio of the difference between vegetation horizontal projected area of real scene and TLS-based scene to real scene (see Equation (1)). The VHOI calculation process was shown in Part IV of Figure 2.


  VHOI =    S  t r u e   −  S  T L S      S  t r u e      



(1)




where    S  T L S     refers to the horizontal projected area of the vegetation being scanned by the TLS.    S  t r u e     refers to the real scene projected area of the vegetation; i.e., the area of the vegetation pixels in UAV multispectral image.



3.2.1. Strue Derived from UAV Image


In our study, we represented the real scene vegetation using ortho-rectified multispectral UAV images, which included five bands (blue band, 460–510 nm; green band, 545–575 nm; red band, 630–690 nm; NIR band, 820–860 nm; red-edge band, 712–722 nm) with the resolution of 7 cm acquired by MicaSense RedEdgeTM. As shown in Part II of Figure 2, to obtain the real scene vegetation data, we classified the 7 cm multispectral images (see Figure 3a) using the support vector machine (SVM) classification method (three types: vegetation, soil, and water). Then, we used the 1 cm commercial UAV red, green, and blue (RGB) image to verify the accuracy of the classification (85.35%), and extracted the vegetation pixels, as shown in Figure 3b. Finally, we added up the number of pixels in the vegetation part of each plot (   N  t r u e    ). We calculated horizontal projected area of the real scene vegetation in Equation (2).


   S  t r u e   =  N  t r u e   ×  l  t r u e     2   



(2)




where    N  t r u e     refers to the number of vegetation pixels and    l  t r u e     refers to the resolution of the multispectral image, which was 7 cm.




3.2.2. STLS Computed from TLS Data


To obtain horizontal projected area of TLS-based scene vegetation, we first converted the TLS data into binary raster images (Figure 3c) by horizontal projection, with 1 representing vegetation and 0 representing non-vegetation, and then counted the vegetation pixels in each plot.


   S  T L S   =  N  T L S   ×  l  T L S     2   



(3)




where    N  T L S     refers to the number of vegetation cells in the binary raster image;    l  T L S     refers to the edge length of a cell in the binary raster image which we defined as 7 cm, the same as    l  T L S    .



Therefore, the VHOI calculation can be simplified as Equation (4):


  VHOI = 1 −    N  T L S      N  t r u e      



(4)









3.3. LAI Estimation


In this study, the LAI estimation is based on gap fraction theory, as shown in Equation (5)


  L A I =   ∑  θ    − cos θ log  [   P  g a p    ( θ )   ]    G  (  θ , χ  )     



(5)




where  θ  refers to the angle between the light incidence direction and the vertical direction, i.e., the zenith angle;    P  g a p    ( θ )    refers to the canopy gap fraction at zenith angle  θ ; and   G  ( θ )    is the extinction coefficient, i.e., the average projected area of a unit leaf area in a plane perpendicular to the direction of the beam.



Different mathematical models for   G  ( θ )    have been summarized [23]. In our experiment, the approximate ellipsoidal model for the extinction coefficient was utilized, as shown in the following equation


  G  (  θ , χ  )  =      (   χ 2  +   tan  2  θ  )    0.5   cos θ   χ + 1.774    (  χ + 1.182  )    − 0.733      



(6)




where  χ  is a shape parameter of the leaf angle distribution. In our study, leaf angle was assumed to follow a spherical distribution ( χ  = 1) [2,14,23]. Namely,   G  ( θ )    is constant (i.e.,   G  ( θ )    = 0.500) by calculation Equation (6). Combining Equations (5) and (6) with  χ  = 1, LAI was only determined by the canopy gap fraction at different zenith angle, as shown in Equation (7).


  L A I = − 2   ∑  θ  cos θ log  [   P  g a p    ( θ )   ]   



(7)







To calculate the gap fraction at different zenith angle, we used the mathematical theory which was given by Zheng [20]. The 3-D canopy-only PCD of each plot first was projected to two-dimensional (2-D) raster images like “hemispherical photograph” through the following steps: (1) The Cartesian coordinate system (X, Y, Z) of each plot were converted to the spherical coordinate system with a radius of 0.1 m. The X and Y values of the origin point were used to project all points onto the hemisphere surface, which was the X and Y of the centroid of the plot, while the Z value of the original was the Z of the lowest point of the 3-D canopy-only PCD. It should be noted that the radius value did not affect the results [20]. (2) The spherical coordinates of each plot were transformed into the 2-D plane through the stereographic projection. The 2-D plane of each plot, which was perpendicular to the Z direction was converted to raster images with resolution of 7 cm through the rasterization processes. Each pixel containing TLS points (i.e., foliage elements) was represented by 0 and non-vegetation pixels which did not contain points were represented by 1. Next, the Gap Light Analyzer (GLA) software (Spatial Solutions, Inc., Victoria, B.C. Canada) was used to analyze and process 2-D raster images. Each raster image was divided into nine annulus rings with an interval of 10° representing the zenith angle ranges. Finally, the canopy gap fraction at different zenith angle was computed using GLA software though calculating the ratio of the total area of non-vegetation pixel for the annulus ring to the total area of the annulus ring.





4. Results and Discussion


4.1. Relationship between VHOI and Estimation Accuracy


We calculated VHOI of the 102 plots using TLS PCD and UAV optical images in the dense mangrove forests. The regression analysis of VHOI against estimation accuracy was performed using a linear model (see Figure 4). The absolute percentage error (APE) is used to assess the estimation accuracy, which is defined as the absolute value of the ratio of the difference between the field-measured LAI and estimated LAI, with the range from 0 to 1. Lower APE means less deviation between the TLS-estimated LAI and the field-measured value, thus higher estimation accuracy. We used R2 and root mean squared error (RMSE) to assess the degree of fitness of the regression model. The strong relationship (R2 = 0.72, RMSE = 0.137) between VHOI and APE is shown in Figure 4. This result shows that VHOI can be used to indicate LAI estimation accuracy.



As shown in Figure 4, VHOI values of four plots are 0. Actually, the four values are all negative and are replaced with 0. Some VHOI values lower than 0 were caused by the factor that some mangrove pixels were misclassified as non-mangrove (soil or water). The user accuracy and producer accuracy of mangrove class were 85.83% and 96.26%, respectively.



Although the resolution of commercial UAV multispectral images (7 cm) is fine enough, some factors still limit the classification accuracy, such as shaded background, the edge between different classes, and small crown gaps. This conclusion is in good agreement with those reported by Tian [7], who compared the ability for LAI mapping using UAV and WorldView-2 imagery in dense mangrove forests. Thus, some other UAV images with higher spatial resolution are needed to improve the classification accuracy.



In this paper, the calculation of VHOI needed to combine the TLS data and the high-resolution optical image. UAV platforms have opened the door to acquire high spatial-resolution optical image data because it is flexible in terms of flying height and viewing angles as compared to traditional satellite and airborne remote sensing platforms [36,37,38,39]. However, the commercial UAV platform is still not convenient to acquired data for large area mapping or multi-temporal analysis. Moreover, it is still expensive in terms of the on-demand acquisition [40]. This is a serious inhibition of the popularization of VHOI. The development of consumer UAV platforms will help promote the popularization of VHOI because it offers high-resolution at more flexible times and places and lower cost, in contrast with commercial UAV platforms.



Figure 4 shows that there is a large variation in APE with similar VHOI values, especially for VHOI between 0.4 and 0.7. That VHOI only represent the horizontal occlusion is the important factor causing the large deviation. In terms of VHOI calculation, TLS data need planarization. The planarization is the data process where the 3-D coordinates of the PCD are projected onto a horizontal plane with horizontal projection and then converted to binary raster images through a rasterization procedure (detailed processes see Section 3.2.2). It will make the vertical structure information of PCD loss and the horizontal structure information retention. This process thus easily results in the situation that the same value of VHOI and different LAI are derived from PCD with similar horizontal structure information and different vertical distribution pattern. Accurate representation occlusion needs the vertical structure information. Several previous studies have comprehensively described occlusion through the consideration of laser pulse trajectory [25,26,34]. Paynter [26] has used the above method to compute the regions of occlusion of a single tree and of a deciduous forest from TLS data. However, the 3-D profile of complete vegetation object cannot determine in terms of this model. Thus, the combination of high-resolution UAV datasets and the ray tracing method based on voxel may be a good methodological framework for quantitatively characterizing occlusion.




4.2. Estimation Accuracy of LAI with Different VHOI


In Section 4.1, we concluded that VHOI could be used to quantitatively represent data quality. The lower the value of VHOI is, the higher the data quality is. In order to find the threshold of VHOI to best separate high-quality data and poor-quality data, the relationship between LAI generated from TLS data that is selected with different ranges of VHOI and field-measured data is discussed. As shown in Figure 5, when the VHOI of the plots is less than or equal to a certain threshold (0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9), the relationship (R2) approximately present a declining trend and the relative RMSE (%RMSE) has an opposite trend. %RMSE is expressed as a percentage between RMSE and the mean value of the field LAI [7,41]. It should be noted that none of the plots has VHOI value over 0.9. The increased amount of poor-quality data with the increase of the VHOI threshold is the main factor causing the above trends.



From Figure 5, we can observe that the accuracy of TLS-based LAI is similar among all plots whose VHOI values are between 0 and 0.3, as the R2 between TLS-based LAI and LAI2200-based LAI are similar (0.67–0.73). This is further confirmed from the scatterplots in Figure 6. From Figure 6b,c, when the ranges of VHOI value are 0–0.2 and 0–0.25, the relationship (R2) between LAI derived from TLS and LAI value measured from LAI2200 PCA and the number of plot (N) are 0.70 and 0.72, 16 and 19, respectively. This is slightly different from the expected decreasing trend. The main reason is that the three plots with VHOI value between 0.2 and 0.25 have relatively better LAI accuracy than the other plots. We consider this to be a normal variation as the TLS data has similar quality when VHOI is less than 0.30.



As shown in Figure 6l, compared with field LAI, a total number of 97 estimation values derived from TLS data were underestimated. Meanwhile, the number of overestimated LAI value was only five. The loss of structure information caused by occlusion is the main reason why the number of underestimated plots was far greater than the overestimated ones.



As VHOI threshold changes from 0.3 to 0.35, R2 drops from 0.67 to 0.5 (see Figure 6d,e). When the threshold of VHOI is over 0.35, the maximum value of the R2 is only 0.5 (VHOI ≤ 0.35). However, for VHOI threshold below 0.3, the minimum value of the R2 can reach 0.67 (VHOI ≤ 0.3). This indicates that VHOI can be applied to select high-quality data. Furthermore, in this study, we can see that the maximum threshold of VHOI for distinguishing high-quality and poor-quality data is 0.3. In other words, we consider that the VHOI value of high-quality data is less than or equal to 0.3. The VHOI threshold of 0.3 is only the advisory threshold in terms of dense mangrove LAI retrieval at plot scale. This threshold, thus, may be inapplicable for LAI estimation in other types of forests. However, we believe that the method for selecting high-quality TLS data is suitable for other types of forests. In addition, we also consider that filtering TLS data by VHOI can improve the estimation accuracy of other structure parameters, such as canopy structure and biomass, because accurate estimation of these parameters heavily relied on high-quality data.



Instead of the true LAI, the effective LAI was estimated in the study. Different from calculating effective LAI, which assumes the leaves are randomly distributed in canopy and treats all plant parts as leaves, the calculation of the true LAI requires eliminating the effect of two factors: (1) foliage clumping and (2) non-photosynthetic tissues, such as trunks, branches [42]. To eliminate the effect of foliage clumping, the clumping index is introduced. Generally, if the crown canopy is randomly distributed, the value of the foliage clumping index is 1 [43]. However, in many cases, the distribution of leaves is non-random. Some studies [44,45,46], therefore, attached importance to developing methods to estimate the clumping index. Li [44] calculated the clumping index based on the theory of gap size distribution. This research showed the ability of the TLS technology to calculate the clumping index at the individual-tree level, but may not be applicable for mangrove forests at plot level because they are heterogeneous. Therefore, our future research includes developing new methods to calculate the clumping index of mangroves at the plot scale. Additionally, non-photosynthetic tissues have a great impact on the estimation accuracy of true LAI, except for foliage clumping. Therefore, we also need to separate the photosynthetic and non-photosynthetic tissues to accurately calculate true LAI. Compared with TLS technology, although the hyper-spectral imaging technology is unavailable for characterizing the 3-D structure information, has a huge potential to distinguish the photosynthetic and non-photosynthetic tissues. The combination of TLS and hyper-spectral imaging technology can provide a new data source for calculating true LAI. The registration of these two technologies is the key to successful application. Our next work, thus, will be dedicated to the registration.



Unlike the ground validation data acquired by an LAI-2200 Plant Canopy Analyzer with measurement method from bottom to top, the PCD is acquired from single side lateral scanning. Thus, the relationship between TLS-derived LAI and ground validation LAI data has deviation. The common solutions use ground validation data from destructive samples [13,44]. However, as a protected species, mangroves are prohibited from being cut down, making it difficult to obtain destructive samples in mangrove ecosystems. That is a limitation of the TLS technology on estimating LAI of mangrove ecosystems.





5. Conclusions


This research presents an exploration of the ability of VHOI based on TLS dataset and high-resolution UAV image to quantitatively represent data quality and screen out the poor-quality data in terms of plot-level LAI retrieval. By analyzing the relationship of VHOI and estimation accuracy of TLS-derived LAI (R2 = 0.72, RMSE = 0.137), the study demonstrated that VHOI can quantitatively characterize TLS data quality. Then, a comparison of field-measured LAI and mangrove LAI exploited from TLS data that was selected by different VHOI thresholds (0.1–0.9) was conducted, the R2 had a decreasing trend, with a drastic change from 0.67 to 0.50 when the threshold increased from 0.3 to 0.35, respectively. The results showed that the maximum critical threshold of VHOI for selecting high-quality data was 0.3 in our study. In summary, our study revealed that VHOI has the potential for improving estimation accuracy of dense mangrove LAI. Furthermore, we also concluded that TLS was an effective tool to yield dense mangrove LAI as long as high-quality data were acquired. Thus, we suggest that we should use VHOI to choose high-quality data before estimating the “shrub-type” mangrove LAI. It is obvious that it can be applied not only to pick out mangrove PCD for accurately estimating LAI, but also to choose other forest PCD for the retrieval of other structural parameters, such as biomass.
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Figure 1. (a) Four species of mangrove in the study area; (b) Researcher is acquiring field-measured leaf area index (LAI) data at plot scale with the radius of 5 m by the LAI-2200 Plant Canopy Analyzer. 
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Figure 2. Schematic representation to example the different steps for retrieving LAI and vegetation horizontal occlusion index (VHOI). 
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Figure 3. The calculation diagram of VHOI: (a) The 7 cm multispectral image (representing the real scene in this paper); (b) Vegetation pixels in the multispectral image, and representative the vegetation of real scene; (c) representing the 7 cm binary raster image obtained from binarization operation to TLS PCD (white for the vegetation). The edge length of (a–c) is all 10 m. 
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Figure 4. The relationship between VHOI and absolute percentage error (APE). 
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Figure 5. Changes in R2 (solid line) and %RMSE (dotted line) with different value of VHOIs. 
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Figure 6. The R2, RMSE, %RMSE between LAI estimated from TLS and LAI from LAI2200 PCA, and the number of plots (N) under the different threshold of VHOI. The range of VHOI is 0–0.1 (a), 0–0.2 (b), 0–0.25 (c), 0–0.3 (d), 0–0.35 (e), 0–0.4 (f), 0–0.5 (g), 0–0.6 (h), 0–0.7 (i), 0–0.8 (j), 0–0.9 (k), 0–1.0 (l), respectively. The dotted line is 1:1 line; solid line depicts regression fit. 
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Table 1. Parameter of STONEX X300.






Table 1. Parameter of STONEX X300.





	
Wavelength

	
1550 nm




	
Scanning speed

	
>40,000 pts/sec




	
Field of view

	
Horizontal: 0~360 degrees




	
Vertical: −25~65 degrees




	
Detection range

	
2–300 m (80% reflectivity)




	
Laser beam divergence

	
0.37 mrad




	
Weight

	
7 kg
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