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Abstract

:

Airborne Laser Scanning (ALS) and Terrestrial Laser Scanning (TLS) systems are useful tools for deriving horticultural tree structure estimates. However, there are limited studies to guide growers and agronomists on different applications of the two technologies for horticultural tree crops, despite the importance of measuring tree structure for pruning practices, yield forecasting, tree condition assessment, irrigation and fertilization optimization. Here, we evaluated ALS data against near coincident TLS data in avocado, macadamia and mango orchards to demonstrate and assess their accuracies and potential application for mapping crown area, fractional cover, maximum crown height, and crown volume. ALS and TLS measurements were similar for crown area, fractional cover and maximum crown height (coefficient of determination (R2) ≥ 0.94, relative root mean square error (rRMSE) ≤ 4.47%). Due to the limited ability of ALS data to measure lower branches and within crown structure, crown volume estimates from ALS and TLS data were less correlated (R2 = 0.81, rRMSE = 42.66%) with the ALS data found to consistently underestimate crown volume. To illustrate the effects of different spatial resolution, capacity and coverage of ALS and TLS data, we also calculated leaf area, leaf area density and vertical leaf area profile from the TLS data, while canopy height, tree row dimensions and tree counts) at the orchard level were calculated from ALS data. Our results showed that ALS data have the ability to accurately measure horticultural crown structural parameters, which mainly rely on top of crown information, and measurements of hedgerow width, length and tree counts at the orchard scale is also achievable. While the use of TLS data to map crown structure can only cover a limited number of trees, the assessment of all crown strata is achievable, allowing measurements of crown volume, leaf area density and vertical leaf area profile to be derived for individual trees. This study provides information for growers and horticultural industries on the capacities and achievable mapping accuracies of standard ALS data for calculating crown structural attributes of horticultural tree crops.
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1. Introduction


The canopy structure of a forest and individual trees influence ecosystem function, carbon cycle, biophysical processes, wildlife habitat, tree health and productivity [1,2,3]. For horticultural tree crops, canopy structure is also important, as it relates to yield, tree condition, light interception, pruning requirements, irrigation and fertilizer application, and orchard management practices [4,5,6,7,8]. Differing from forests, horticultural tree crops generally have very short tree stems that have been mechanically altered via limb removal, and as such, most of the biomass is concentrated in the canopy, and therefore, canopy structure metrics are of significant interest to growers [9,10]. While forest inventory tends to focus on crown detection, height and stem diameter, crown characteristics including crown height, diameter, area and shape are desired parameters for orchard inventories [11]. For horticultural tree crops, canopy structure influences light interception and distribution within tree crowns, which impact yield, fruit quality and in some cases, pest and disease susceptibility [5]. The geometric character of orchard trees is also important, as it can guide pruning, irrigation, fertilization and pesticide applications and indicate tree health condition and vegetative growth [4,10,12]. It is complicated and time-consuming to measure crown structure manually [13]. Although remote sensing technologies have been applied to horticultural tree crop environments over the last decades, the main focus of remote sensing technologies on mapping canopy structures is in forestry [4,14].



Light detection and ranging (LiDAR) data have been recognized as the most precise and reliable technology for canopy structure mapping, as it provides both horizontal and vertical structure information at the forest and individual tree level [5,12,15,16,17]. Although LiDAR data have been applied for structural mapping of horticultural tree crops [4], there is limited information on the level of detail that LiDAR data can provide and how it may be applied to tree crops in a precision agricultural setting. While airborne laser scanning (ALS) data have been used for mapping tree crop structure, including crown height, crown dimension and crown volume [11,18,19], the majority of horticultural applications have focused on olive and apple trees [9,11,18,19]. Estornell et al. [9] demonstrated that low point density ALS data (~0.5 points/m2) have the potential to estimate wood volume (coefficient of determination (R2) = 0.70) and crown height (R2 = 0.67) of olive trees. With an average point density of 4 points/m2, Hadas et al. [11] estimated crown height (average error = 19%), crown base height (average error = 53%), length of the longer diameter and perpendicular diameter (average error = 13% and 9% respectively) of 25 olive trees. Estornell et al. [18] suggested that medium point density (4 points/m2) ALS data underestimated crown volume due to underestimation of maximum crown height and overestimation of the lowest part of the tree crowns, while crown area was accurately mapped. Crown area and the maximum ALS intensity values within each tree were identified as the most important parameters to predict the pruning residual biomass when compared against field measurements (R2 = 0.89, Root-mean-square error (RMSE) = 2.78 kg) [18]. Jang et al. [19] illustrated that ALS data underestimated apple tree crown height by about 1 m when compared to field measurements, but the ALS data (horizontal point spacing < 50 cm) successfully detected 99.4% of trees, except for those with a height below 1 m. Jang et al. [19] also acknowledged that factors such as crown height, irregular crown form, centre-opened crown shape and overlapping branches affected crown detection accuracy.



Terrestrial laser scanning (TLS) data have been used for olive and walnut trees to map individual crown architecture and advance orchard management [20,21]. Moorthy et al. [21] selected 24 olive trees to demonstrate that TLS data can produce robust and highly accurate individual tree crown architecture information. The crown architecture information included tree height, i.e., the difference in laser pulse reflection from the top of the crown and the ground (R2 = 0.97, RMSE = 0.21 m), crown width (R2 = 0.97, RMSE = 0.13 m), crown height (the top and bottom extents of the crown) (R2 = 0.86, RMSE = 0.14 m), crown volume (R2 = 0.99, RMSE = 2.6 m3) and Plant Area Index (PAI) (R2 = 0.76, RMSE = 0.26), defined as the total one-sided leaf and woody area [22]. They suggested that the TLS system should replace traditional manual field measurements to generate crown structure information for horticultural tree crops. Fernández-Sarría et al. [20] demonstrated a high correlation between field and TLS calculated olive tree crown structure information such as crown height (R2 = 0.85), crown diameter (R2 = 0.92) and crown volume (R2 = 0.87). Similar results for these crown structure parameters were found in studies of walnut trees, therefore affirming the ability of TLS data to derive accurate crown structure parameters in horticultural tree crops [23]. Estornell et al. [23] calculated crown volume, crown diameter and crown height with high accuracy for walnut trees using TLS data. These structure measurements from TLS data showed strong correlations to field measurements. They also indicated that further research needs to be conducted regarding the most suitable point density of TLS data required to extract different crown architecture information of horticultural tree crops, because the size of the TLS dataset can significantly influence the data collection time, the storage costs and efficiency of data processing. Wu et al. [6] derived tree level leave area (LA), leaf area density (LAD) and vertical leaf area profile of mango, avocado and macadamia tree crops. This study demonstrated that TLS technology has the ability to quantify LA, LAD and vertical leaf area profiles for horticultural tree crops and the LA change derived from TLS data were consistent with the expected LA changes caused by canopy management, growth and a severe storm.



ALS and TLS data have been compared for their ability to derive canopy structure information in forest plantations [24,25]. Factors such as point density, laser footprint size, scan angle and pulse power can limit the ability of ALS data to measure lower parts of the canopy and stem structure [24]. However, ALS is better suited for assessing the upper canopy due to the aerial perspective during data acquisition, while TLS can provide more detailed information about the lower canopy with potential occlusion of the tree apex, depending on tree density, structure and scan angles [25]. Korhonen et al. [26] estimated crown volume of 77 trees (mainly Scots pine, Norway spruce and birches) in a boreal forest in southern Finland from ALS data. Due to insufficient returns from the lower canopy, significant underestimation of crown volume (−24.7% on average) was found when compared against field measurements. TLS data can provide a much higher spatial resolution than ALS data but with limited spatial coverage, while ALS data can cover a large area but with a lower point density than TLS data [25].



A thorough review of current literature failed to identify any publications comparing ALS and TLS data for horticultural applications and estimation of crown structure of tree crops. In this paper, we address this knowledge gap by calculating crown structure information for avocado, macadamia and mango trees using both ALS and TLS data, including crown area, fractional cover, maximum crown height, and crown volume. In addition, due to different data resolutions and spatial coverage, LAD, LA and vertical leaf area profiles were calculated from the TLS data only, while tree row dimensions, crown height and number of trees at the orchard level were calculated from the ALS data only. The main objectives of this paper were to: (1) map tree crop (mango, avocado and macadamia) structure information, including crown area, fractional cover, crown height and crown volume, from ALS data and evaluate these measurements against TLS data; and (2) compare the practicality, vertical and horizontal coverage, and scalability of ALS and TLS data for calculating tree crop structure information for improved orchard management. Based on those objectives, we hypothesize that ALS data can be used to derive orchard relevant information on crown area, fractional cover, height and crown volume when evaluated against measurements obtained from TLS data, and that ALS data have capabilities for deriving tree row and orchard scale information such as row dimensions and number of trees. This research provides novel findings on mapping tree structure metrics from ALS and TLS data that may guide growers and agronomists on horticultural tree crop applications.




2. Study Areas and Datasets


2.1. Study Area


The Bundaberg region is one of the largest horticultural regions in Australia, producing a large variety of fruit and nuts from tree crops [27]. It has a subtropical climate, with a mean annual rainfall of 1022 mm (1942–2019), mean maximum temperature of 26.80 °C (1959–2019) and the mean minimum temperature of 16.40 °C (1959–2019) [28]. Bundaberg produces about 4000 tons of mangoes a year [29]. It is also one of three major avocado production regions, and the largest and fastest macadamia-growing region in Australia [30,31,32]. For this study, two avocado (Persea americana) cv. Hass trees from commercial orchards and two avocado (Persea americana) cv. Hass trees from a research station, one macadamia tree (Macadamia integrifolia) cv. Hawaiian Agricultural Experiment Station (HAES) 344, and two mango trees (Mangifera indica) cv. Calypso, including a high and low vigour tree, were selected as representative samples for TLS data collection within the Bundaberg region (Figure 1). ALS data were collected for the orchards within which these selected trees occurred. The mango, avocado and macadamia orchards covered 1.22, 28.09 and 13.54 ha, respectively. The mango and macadamia orchards had a spacing of 4 m between trees within a row, while the avocado trees were planted 5 m apart.




2.2. Datasets and Methods


2.2.1. Datasets


Crown structure information on avocado, macadamia and mango tree crops was collected from a RIEGL VZ-400 (RIEGL Laser Measurement Systems GmbH, Horn, Austria) TLS system on 14 and 15 August 2016. The RIEGL VZ-400 TLS system was mounted on a tripod at a height of approximately 1.5 m. With a laser wavelength of 1550 nm in the near infrared part of the spectrum and a beam divergence of 0.35 mrad, the RIEGL VZ-400 scanner sends out laser pulses that can reach up to a distance of 350 m and records up to four returns per emitted pulse. Through inclination sensors and an internal compass, the RIEGL VZ-400 also collects pitch, roll and yaw information. The RIEGL VZ-400 settings are provided in Table 1 and the accuracy of the scanner is ±5 mm. The scan resolution of the TLS data is 0.06°. Four scan locations were set up around each tree to minimize occlusion. Due to the narrow row spacing and the scanner’s zenith view angle (30–130°), a vertical and a 90° tilt scan were conducted at each scan location for the two mature avocado trees from the commercial orchard and the macadamia tree to ensure that the entire tree was scanned. Due to the time required to collect high-resolution TLS data from multiple scan angles (to minimize occlusion), seven trees were selected for evaluating the tree structural parameters derived from the ALS data. Reflector targets were set up around each tree and were visible from all scan locations. These targets were used to register and merge the TLS data collected at all four scan positions for each tree. Further details about the fieldwork procedures can be found in [6].



The ALS data were acquired on 31 July, 2016 using an airborne small-footprint RIEGL LMS-Q 1560 LiDAR system with the laser scanner collecting data at 1064 nm (Table 1). The average flying height was 600 m above ground level with a pulse repetition of 400 kHz, an off-nadir angle of 30 degrees and a beam divergence of 0.5 mrad. These acquisition settings yielded a point density of 13.63 points/m2. The vertical and horizontal accuracies were determined to be 0.029 m and 0.018 m, respectively, based on a calculation by the data provider of 120 ground control points.




2.2.2. Terrestrial Laser Scanning Data Processing


The TLS data were registered to the ALS data using the RiSCAN PRO (RIEGL, Horn, Austria) coarse registration and the multi Station Adjustment tools. The “all nearest points” mode was selected, and registration parameters, including search window radius, point cloud rotation angle, minimum and maximum adjustment errors, outlier threshold and the least square fitting calculation mode were used to perform the multi Station Adjustment. Registration errors were between 0.03–0.09 m for the seven assessed trees, which were considered negligible in relation to the tree crown dimensions. Due to the overlapping and continuous hedgerow canopy, a bounding box was created for each avocado and macadamia tree to make sure that the ALS and TLS data were clipped to the same extent. The TLS point cloud was classified into leaves and branches based on their geometrical properties, using the CANUPO segmentation algorithm provided by the CloudCompare™ software (version 2.9.1, General Public License software, http://www.cloudcompare.org/). The classification parameters are provided by [6], which yielded accuracies of 94% for the macadamia tree and 99% for the mango and avocado trees. Subsequently, manual corrections were undertaken, as some points were incorrectly classified as leaves around first branches of the tree crops. Classified point clouds were then used to calculate the vertical leaf area profiles as well as LA and LAD at the voxel (a three-dimensional (3D) equivalent of a pixel) level. Here, LA, which was defined as the one-sided total leaf surface area, was calculated using the formula LAD*(voxel side length)3 [6,33,34]. A voxel side length of 25 cm was chosen based on the tree crown sizes to demonstrate the voxel level LA and LAD calculations based on crown geometry and leaf sizes. Details of the data registration, classification, LA, LAD and vertical leaf area profile calculation methods can be found in [6,35].



To calculate crown area, the crown point clouds were triangulated in the LAStools software (rapidlasso GmbH, Gilching, Germany), i.e., las2tin along the convex hull of each of the point clouds. Then these triangular irregular networks (TIN) triangles were merged into a single polygon for each crown to calculate its crown area. TINs are vector-based data constructed by triangulating a group of points [36]. To calculate fractional cover from the TLS data of the vertical view to relate to the ALS data, we firstly calculated a canopy height model (CHM) at 0.1 m spatial resolution based on the point density. Assuming that there was no occlusion, based on the crown size we gridded the CHM into 0.5 m grids to calculate the percentage of crown pixels that had a value higher than 0.15 m within each grid to derive the fractional cover. The crown height threshold was set to 0.15 m to omit understory and ground features in the orchards. TLS points were classified as ground points and non-ground points first using “lasground” and maximum crown height was calculated using “lasgrid” within the LAStools software, where height was determined by the highest point above the ground TIN at their x and y location. The crown point clouds were also used to calculate crown volume. Voxels with a side length of 25 cm, deemed suitable for the crown size of the tree crops, were created based on point clouds belonging to each crown, and then the crown volume was calculated based on counting the filled voxels using the LAStools software. A detailed flowchart of the TLS data processing steps for measuring crown structure metrics of the individual tree crowns is presented in Figure 2.




2.2.3. Airborne Laser Scanning Data Processing


At the orchard level, a maximum CHM was created for each avocado, macadamia and mango orchard. By selecting 0.15 m as the canopy height threshold, the CHM was converted into a shapefile representing the hedgerows, and manual editing was conducted to separate the connected rows due to branches reaching across tree rows. A minimum-bounding rectangle was created for each tree row in ArcGIS 10.6. The tree row width and length were represented by the dimensions of the rectangle. From the length of the rectangles and knowing the spacing between tree crowns from field assessment, the number of trees per tree row and orchard were calculated. At the tree level, individual trees were extracted from the ALS data using the same bounding boxes as those used to clip the TLS data. Fractional cover was derived from the proportion of first returns (higher than 0.5 m) in relation to all returns [37]. All ALS points except for the ground points of each clipped individual tree was used to calculate crown volume using the same voxel-based approach as for the TLS data. The voxel-based approach was used in this case, as it is a direct measurement of points as opposed to model-based estimates. The same workflow was used for both the ALS and TLS for deriving crown area, maximum crown height and crown volume (Figure 2).




2.2.4. Evaluation of ALS-Derived Tree Crop Structure


In this research, TLS-derived measurements of tree structure were used for evaluation of the ALS-derived results. The TLS data were deemed suitable for evaluation purposes based on existing research findings, e.g., by [38,39], and the much higher point cloud density, smaller laser footprint size, integration of multiple scans of each tree from different view angles and measurement proximity to each tree. We used linear regression to relate the ALS-derived results of the mapped crown structure parameters to those produced from the TLS data of the corresponding trees. We used the R2 and the line slope and intercept for interpretation of the relationship. A two-tailed t-test was performed to evaluate if the intercept and slope of the equations of the line of best fit was significantly different from zero and one, respectively, at a significance level of 0.05 [40]. Also, RMSE was calculated to indicate the spread of the residuals, expressed as the standard deviation between estimated crown structure values derived from the ALS and TLS data, using a linear model. In order to compare the linear models between different crown structure measurements calculated in different units (i.e., crown area, m2; crown height, m; and crown volume, m3), we also calculated the unitless relative RMSE (rRMSE), by dividing the RMSE with the respective mean crown structure value estimated from the TLS data. Hence, the lower the rRMSE is, the better model fit. For crown area evaluation, the percentage difference of the ALS and TLS measurements were calculated. For tree crown fractional cover and height, the values of individual pixels encompassed by each tree crown’s perimeter were related to identify the maximum and minimum differences, average values as well as the RMSE for each individual tree. The number of trees estimated per tree row and orchard from the ALS data were evaluated against field counted numbers of trees for selected tree rows, including the entire mango orchard, 10 avocado tree rows, and 5 macadamia tree rows.






3. Results


Our results showed that those crown structure measurements relying on information from the top of the crown were largely similar when using both the ALS and TLS data (Figure 3). The measurements of crown area achieved the highest correlation (R2 = 0.997) between the ALS and TLS data (Figure 3a). The RMSE of the crown area derived from the ALS data evaluated against the TLS data was 1.11 m2 and the rRMSE was only 4.47%. Low estimation differences between the ALS and TLS-derived fractional cover (rRMSE = 3.46%) were also observed (Figure 3b). The RMSE of fractional cover determined from the ALS data was only 0.03 when assessed against TLS measurements and the R2 was 0.94. The RMSE of the linear model between maximum crown height derived from the ALS and TLS data was 0.29 m and the R2 was 0.99 (Figure 3c). A linear model for maximum crown height estimates between the ALS and TLS data achieved the best model fit (rRMSE = 2.59%) of all the linear models of crown structure with a near 1:1 relationship. In fact, the relationships between the ALS and TLS estimates of crown area, fractional cover and crown height all had near 1:1 relationships intercepting close to the origin. Based on a two-tailed t-test, it was found that the slope was not significantly different from 1 at a significance level of 0.05 for crown area, fractional cover and maximum height. The intercept was not significantly different from 0 for fractional cover, but the null hypothesis of the intercept was rejected for crown area and maximum height at a significance level of 0.05. On the other hand, crown volume measured from the ALS data was consistently smaller than that derived from the TLS data for all tree types (Figure 3d), with the slope and intercept being significantly different from 1 and 0, respectively, at a significance level of 0.05. While the R2 was 0.81 when evaluating the ALS against the TLS-derived crown volume, the linear model had the poorest fit (rRMSE = 42.66%) of the four crown structural parameters. In fact, the ALS-derived crown volume estimates were >10 times smaller than those derived from the TLS data, which was attributed to the top-down viewing geometry of the ALS data, preventing volume estimation of the lower parts of the tree crowns (Figure 3d).



3.1. Evaluation of ALS Crown Area Against TLS Data


The crown area of the avocado, macadamia and mango trees was derived in the same manner for both the ALS and TLS data, using a TIN merged into a single polygon from which the crown area was calculated. Crown areas estimated from the ALS data were consistently smaller than the crown areas derived from the TLS data for all avocado, macadamia and mango trees in this study (Figure 3a and Figure 4). The maximum absolute crown area difference between the ALS and TLS data was 4.16 m2 (9.15% difference) for one of the avocado trees in a commercial orchard (Figure 4a), while the minimum absolute crown area difference was 0.43 m2 (7.29% difference) for the low vigour mango tree (Figure 4d). The largest and smallest percentage differences between the ALS- and TLS-derived crown area was 22.00% for the high vigour mango tree and 2.67% for the macadamia tree, respectively. On average, the ALS crown area was 1.90 m2 smaller than the TLS crown area for all the trees in this study. Estornell et al. [18] showed that due to the lower point density, ALS data may not be able to detect the border and lower part of the crown when mapping the individual tree crown area for horticultural tree crops. Similar findings can be seen from our study for all the three tree crop types and the significant difference in point density between ALS and TLS data is illustrated in Figure 4. Furthermore, compared to the overhead vertical data acquisition method of the ALS data, the side view data acquisition of TLS data was better suited for capturing the border and lower parts of the tree crowns, especially for vertically overlapping crown layers. For example, ALS data could not be used to detect the southern edges of the crown for the high vigour mango tree, which was occluded by the crown from the adjacent tree (Figure 4d). Therefore, the lower point density and vertical view angle contributed to the limited ability of ALS data to detect the edges along the crown parameters, causing the ALS data to underestimate the crown area for all the horticultural tree crops. On the contrary, ALS data could be used to accurately identify the crown area of the macadamia tree (percentage difference of 2.67% between ALS- and TLS-derived results), because of its dense crown structure (Figure 4c).




3.2. Evaluation of ALS Fractional Cover Against TLS Data


Fractional cover measured from the ALS data was evaluated against the TLS data collected. At the tree crown level, there was no consistent underestimation or overestimation of fractional cover when relating the results between the ALS and TLS data (Figure 3b). Fractional cover along the crown boundaries had lower agreement between the results from the ALS and TLS data than those in the crown centre (Figure 5). This may be due to the lower point density of the ALS data, which may not hit the sparser crown perimeters, whereas the much denser point cloud of the TLS data increases the ability to map the exact crown perimeter. It seems that with the ALS data, it is more likely that the perimeter of sparse and small canopies is omitted, i.e., mango and small avocado trees, when compared with dense and tall canopies, i.e., mature avocado and macadamia trees (Figure 5). However, for all trees, differences of ≥0.84 in fractional cover were identified along the tree crown perimeters (Table 2). The perimeters of the tree crowns are also more likely to be influenced by wind, which may have caused the large maximum differences in fractional cover. In contrast, the crown centers displayed differences <0.10 between the ALS- and TLS-derived measurements. The average fractional cover of the pixels composing the individual tree crowns produced similar results for the ALS and TLS data, with the largest average difference between 0.04 for avocado tree 2 (Table 2). Besides the characteristics of the tree crown perimeters and size, ALS data still have a similar ability to the TLS data to estimate fractional cover at the tree crown level (Figure 3b), despite the larger RMSE between ALS- and TLS-derived measurements when assessing within-tree crown pixel values (Table 2).




3.3. Evaluation of ALS Maximum Crown Height Against TLS Data


The maximum crown height of the avocado, macadamia and mango trees was calculated by extracting the value of the highest point within each tree crown for both the ALS and TLS data and subtracting the ground elevation from this height measurement (Figure 3c). The absolute height difference between these two datasets was 0.07 m–0.58 m. Some studies have found that ALS may underestimate crown height due to the lower point density and the larger foot print size in relation to crown structure [35]. To derive the maximum crown height from ALS data, a laser beam has to hit the tree apex and the return of this laser beam has to be recorded by the scanner [32]. Yu et al. [41] found that data acquisition parameters such as flying altitude and pulse density can affect the ability of height estimation from ALS data, and that canopy height underestimation increases with flying height. Our ALS- and TLS-derived height measurements of the avocado, macadamia and mango trees produced a near 1:1 relationship for maximum tree height (Figure 3c), which was attributed to the relatively flat semi-spherical crown top of the mango, mature avocado and macadamia trees. In some cases, TLS data can underestimate tall trees (e.g., 15 m [42]) due to possible occlusions of the upper crown [43]. However, when assessing the maximum values of individual pixels within each tree crown, there was a tendency of the TLS data producing larger height values than the ALS data, which was the main contributor to the RMSE reported in Table 3. In fact, all maximum differences (Table 3) in height values between the ALS- and TLS-derived measurements were due to height underestimation using the ALS data. Edge pixels showed the largest variation of height values with both over- and underestimation of ALS-derived measurements (Figure 6), which could possibly be attributed wind effects. For the pixels encompassing each tree crown, the TLS data produced larger height values in 86.96–97.50% of cases for six (not the low vigour mango tree) out of the seven assessed trees (Figure 6, Table 3). Because of these findings, and the fact that the horticultural trees were less than 12 m in height with sufficient space between tree rows for apex identification, TLS was found to be an appropriate technology for evaluation of ALS-derived crown height in this study. The larger TLS height values resulted in average heights per tree crown being between 0.39–0.94 m greater than those from the ALS-derived measurements, excluding the lower vigour mango tree (Table 3). These results highlight that while the maximum height value per tree crown produced a near 1:1 relationship between the ALS- and TLS-derived measurements; the within-crown ALS measurements were generally underestimated in relation to the TLS measurements.




3.4. Evaluation of ALS Crown Volume Against TLS Data


The crown volume was calculated by counting the filled voxels (25 cm side length) for both the ALS and TLS data. This voxel size was considered appropriate in relation to the size of the assessed tree crops. The selection of an optimal voxel size to calculate crown volume of each type of tree crops is beyond the scope of this research, and therefore should be further investigated in subsequent studies. The crown volume of the avocado, macadamia and mango trees derived from the ALS data was significantly smaller than that derived from the TLS measurements (Figure 3d). The underestimation increased for trees with overlapping canopies, high crown depth and density, e.g., within hedgerows such as the macadamia tree, where the crown volume calculated from the ALS data was only 3.86% of that measured from the TLS data. In contrast, the crown volume of the two mango trees derived from the ALS data was around 17% of that measured from the TLS data. For the two mango trees, we can see a general semi-spherical crown top from the ALS data, but the lower crown and individual leaves and branches cannot be identified (Figure 7). A similar semi-spherical crown top can also be seen for the mature avocado and macadamia trees, with only a limited number of ALS returns registered from within and the lower sections of the crown. The horizontal view angle, the multiple views, the small laser footprint and high point density of the TLS data produced a more evenly distributed point cloud across all parts of the crowns. Hence, crown volume based on the calculation of voxels could more appropriately be derived from the TLS than the ALS data. However, other methods for estimating crown volume may reduce the underestimation of the ALS-derived volumetric results. The crown sizes of the sampled orchards were either below 30 m3 for the mango trees and the two 2-year-old avocado trees (Figure 7a,b) or between 150 m3 and 250 m3 for the mature avocado and macadamia trees (Figure 7a′,b′). The associated pruning practices may have attributed to these distinct volumetric intervals.




3.5. Additional ALS Orchard and TLS Canopy Parameters


The much larger spatial coverage of the ALS data enables orchard scale information to be derived. Figure 8 provides an example of how ALS data can be applied to obtain information on tree height variations as well as row widths and lengths within an orchard. Variations in tree height of individual tree crowns can be seen along and between different rows, which might indicate differences in growth patterns and condition. The width of the rectangular bounding box, within which each tree row occurs, was determined by the widest tree crown in a row and can provide a quick overview of growth patterns and relative crown area variation between trees within a row. Tree length and width are useful parameters for informed pruning practices and orchard management. Based solely on the length of the rectangles forming each tree row and the known spacing between individual trees, a total of 495 mango trees, 4815 avocado trees and 3947 macadamia trees were estimated. All mango trees were correctly estimated based on manual counting of the mango trees within the CHM. While some smaller avocado trees were omitted along the perimeter of the orchard due to their limited height and size, a total of 4786 trees were estimated when deducting 29 trees based on observed gaps, i.e., missing trees, along the rectangles. Based on 561 field-counted avocado trees along 10 rows (rows 66–75, Figure 8b), a total of 559 were estimated from the delineated rows. Rounding the numbers of the rectangle length divided by the tree spacing, i.e., 5 m, was found to be the cause of the two unaccounted trees in this case. The estimated number of macadamia trees was 3899 when subtracting hedgerow gaps representing 48 missing trees within the orchard (Figure 8c). Based on 740 field counted macadamia trees along 5 rows (rows 18–23, Figure 8c), a total of 742 were estimated from the delineated rows. The overestimation of two trees based on the ALS data was due to two gaps, each representing two missing trees instead of one.



Based on the methods and results by Wu et al. [6], some examples of additional information on tree structure that can be produced from TLS data is provided in Figure 9. The leaf area density was calculated for all parts of the tree crowns, displaying variations in leaf area in three dimensions. Relating leaf area calculations at the voxel level to tree height enables a vertical profile of leaf area to be produced, in this case showing that the densest parts of the crown with the highest leaf area occurred approximately 1 m above ground level for both of the 2-year-old avocado trees (Figure 9). However, this level of detail can only be obtained for selected trees, as covering an orchard with hundreds or thousands of trees would be prohibitively cost- and time-consuming, and the amount of data would be excessive. Hence, the ALS and TLS technologies provide different but complementary capabilities for mapping tree crop structural metrics to support orchard management at both individual tree crown scales and orchard scales.





4. Discussion


4.1. Evaluating ALS-Derived Tree Crop Structure Against TLS Data


This study showed that accurate crown area measurements for horticultural tree crops can be derived from ALS data. These results concur with those previously reported for olive trees [18]. Crown area can be used as an indicator of tree growth during the growing season for horticultural tree crops, and hence provides information, if assessed on a multi-temporal basis, on tree response to orchard management practices, such as irrigation and fertilization [44]. Due to the irregular shape of horticultural trees, tree crown shape cannot simply be assumed to be circular or spherical [11]. Therefore, it is time intensive to manually conduct field measurements of crown area [45]. ALS data offer growers an accurate and efficient alternative. As the crown area calculation from the LiDAR data was mainly based on the upper crown returns, ALS, in this case with a point density of > 13 points/m2, and TLS data demonstrated similar capacities to generate highly accurate crown estimates. However, TLS data collection is significantly more time-consuming and will often require a tree to be scanned from multiple angles to minimize occlusion issues [46]. Hence, mapping tree crown area from an aerial perspective seems more appropriate.



An alternative to our TLS data collection includes LiDAR-based mobile surveying technology consisting of a laser scanning system, generally with integrated positioning and imaging capabilities, and installed on a moving platform [47]. These types of systems have the capacity to collect point cloud data from multiple view angles to prevent occlusion and to significantly reduce the data collection time in orchards. While holding great potential for future point cloud data collection, the limited spacing between hedgerows restricts the type of vehicle or robotic system to be used for mobile mapping systems. For instance, Underwood et al. [48] used a TLS system mounted on a mobile robotic ground vehicle for almond orchards to calculate crown volume from a 3D voxelised point cloud from which yield was estimated. However, ground obstacles might hinder vehicle access or limit the quality of collected data [49]. While the objective of this research was to assess ALS data evaluated against TLS data for deriving structural parameters relevant for horticulture tree crops, it is important to highlight that crown area can be estimated from other types of image data, including airborne and UAV-based optical datasets [8,50,51,52] and potentially high spatial resolution satellite imagery [53]. However, Johansen et al. [54] found that high spatial resolution WorldView-3 pan-sharpened imagery with 30-cm pixels was not sufficient for delineating individual macadamia trees grown as a hedgerow.



The ALS dataset was found to provide highly accurate crown fractional cover estimates for horticultural trees when assessed against the TLS data (Figure 5, Table 2). LiDAR data have been widely applied in crown fractional cover mapping of forested and riparian environments due to its ability to extract spatially continuous vertical crown structure information even without field data [37,55,56,57,58]. Fractional cover is traditionally assessed from an aerial view, i.e., identifying the fraction of vegetation versus no vegetation from nadir-viewing, and hence ALS data are particularly suited for the derivation of this measurement. While TLS data were obtained with a much higher point density (>10,000 points/m2) than the ALS data (13.63 points/m2), multiple scans at different viewing angles are required to avoid occlusion and hence reduce the ability to calculate fractional cover on the side of the tree opposite to the scan location. Fractional cover is a good indicator of light interception, which is also a crucial determinant of crop growth and important for flowering, fruit maturation and quality as well as reducing disease and pest incursions for horticultural tree crops [59,60]. Remote sensing technologies used for fractional cover estimates of horticultural tree crops still mainly rely on passive optical sensors [59,61,62]. Challenges of optical imagery collected from different dates, including shadow effects, sensor viewing geometry, illumination angle differences and leaf phenology effects, do not exist for LiDAR data [37,58,63]. While optical imagery generally needs calibration and validation either from field data or ALS data for measuring fractional cover, ALS data can provide consistent results with similar accuracies to those derived from field measurements, e.g., using the LI-COR LAI-2000 Plant Canopy Analyzer or hemispherical photographs [37,56].



For maximum crown height measurements, similar results were produced using both the ALS and TLS data. Accurate crown height estimates have also been achieved from both ALS and TLS data for olive, walnut, mango and avocado trees, although some ALS-derived measurements can underestimate the maximum crown height [11,21,23,35]. Our results presented in Table 3 also showed that the within-crown ALS height measurements were underestimated in relation to the TLS measurements by up to 0.94 m on average per crown. Misclassified ground points (tall grass classified as ground), low point density and failure to identify the crown apex may be a cause for crown height underestimation of ALS data for horticultural tree crops [19,35]. Wang et al. [42] demonstrated that ALS data can provide accurate crown top height estimates regardless of tree height, crown shape and species. This corresponds with our findings that ALS data are suitable for estimating maximum crown height for horticultural trees of different age, canopy management regime, height, and tree types, in our case mango, avocado and macadamia trees. Maximum crown height and width are controlled based on row space in commercial orchards to achieve the best light interception, machine access and convenience for harvesting [64,65,66]. Therefore, in mango orchards most trees are limited to a maximum height of 4 m, whereas avocado and macadamia trees might grow to around 10 m. While the footprint size of ALS returns, the pulse repetition rate, flying height and the threshold beyond which a return is registered will affect the ability of ALS data to identify the highest point of tree crops, these parameters will rarely impact TLS data [67]. However, depending on the tree height and view angle of the scanner, the line of sight of TLS data might in some cases be restricted from identifying the apex of tall tree crops [38]. Alternative options for measuring tree height from remote sensing include the use of multi-view digital photography, in particularly structure-from-motion algorithms based on optical UAV imagery, where photogrammetry permits height measurements of tree crops to be calculated [45,50,68,69].



Laser scanning data are perfectly designed for obtaining point clouds for provision of 3D tree structure information such as crown volume. However, our results showed that the ability to measure crown volume is significantly affected by the point density and the ability of points to penetrate the crown. Although an ALS pulse has the capacity to reach the ground through open or sparse canopies, the bottom and inner crown parts were in most cases not detected by the ALS data, as the laser pulses were mainly returned by the upper parts of the crown [67]. Due to the occlusion issue and the insufficient point density, the ALS data used in this research could not detect the lower crown parts and hence underestimated crown volume using the voxel-based approach (Figure 7). Similar findings have also been identified in ALS and TLS comparison studies for calculating canopy volume in forestry [70]. By demonstrating the different viewing and data capture geometry from ALS and TLS data, Kükenbrink et al. [70] concluded that occlusion effects were the main reason for canopy volume underestimation from ALS data. Goodwin et al. [67] indicated that higher canopy density and canopy cover reduce beam penetration through the canopy and thus reduce the point density from the bottom canopy. Therefore, the macadamia tree, which had the highest crown density and the highest crown depth of the trees assessed in this study, showed the largest relative difference in crown volume between the ALS and TLS data (Figure 7). As crown volume is directly related to tree health and vigour [71], our crown volume results of the high and low vigour mango trees reflect this point as well, where the high vigour mango tree was 3.7 times larger than the low vigour mango tree (Figure 7). In addition, voxel size is a critical parameter for voxel-based crown structure measurements [6,16,20]. Future work should include further experiments on the optimal voxel size selection based on crown size, branch structure, occlusion effect and scanning resolution. Colaço et al. [72] tested different canopy volume calculation methods (convex-hull and the alpha-shape surface reconstruction algorithms) for orange trees and found substantial volume differences based on different methods. Therefore, more canopy volume modelling methods need to be further evaluated in the future to determine which ones are most accurate and how they are affected by different crown structure and size.



Differences in wind direction and speed between the days that the ALS and TLS data were collected could have caused differences amongst the mapped tree crown perimeters due to movement of branches and leaves [73]. The wind speed measured from a nearby climate station (Bundaberg Aero weather station; 24.9069°S, 152.3230°E) when scanning the two avocado trees in the commercial orchard, two small avocado trees from the research station, one macadamia tree and two mango trees were 20.5–38.9 km/h, 24.1–27.7 km/h, 9.4–13 km/h and 29.5–40.7 km/h, respectively. The average wind speed from the same weather station at the time of the ALS data collection was 11.8 km/h. However, the hedgerow structure of the orchards acts as a barrier for blocking the wind. Although the wind speed was higher during the TLS scanning, the two avocado and the macadamia trees (Figure 6) were well sheltered amongst other tree rows, which likely contributed to the good agreement between the ALS- and TLS-derived tree crown heights. The two small avocado trees from the research station and the two mango trees may have been more influenced by wind, as they were more exposed. This might have contributed to the offsets been crown apex and perimeter observations between the ALS and TLS data (Table 2 and Table 3).




4.2. Capacity of ALS and TLS Data for Imporved Orchard Management


TLS data can bridge the gap between traditional field measurements and ALS data [38], and the combined application of ALS and TLS data provides an alternative method for accurate 3D characterization of horticultural tree crops over both local and orchard scales. It is time-consuming, inconsistent and impractical to manually measure horticultural crown structure in situ over a large area [38]. Our results showed that TLS data with high-resolution point clouds can be used for evaluation of tree crown structure measurements derived from ALS data [39], while ALS data can upscale these highly accurate measurements from crown to orchard scales (e.g., Figure 8 showing canopy height of tree rows). Row width and canopy height are essential parameters that can be used to guide horticultural tree pruning [64,65,66]. Having measurements of row width and length can provide growers with an estimate of the total tree crop area and number of trees as shown in our results, which in other studies have proven useful for yield estimation, yield forecasting and sprayer calibration [46,74]. On the other hand, ALS data cannot provide detailed 3D crown structure information, such as voxel level LAD and leaf area profile mapping, whereas the much denser point cloud (>10,000 points/m2) derived from TLS data is ideally suited for these tasks [6,75] (Figure 9). Detailed crown information is useful for targeted limb removal, precision pruning for improved light interception, irrigation, fertilization and pesticide applications [4,6]. As such, while TLS data can be used to calibrate and validate ALS-derived information, our results clearly show that both the ALS and TLS technologies have potentialities for joint use to improve orchard management at different spatial scales. Further research should expand on our work to implement our research findings in an operational manner to evaluate the cost-benefits of the joint use of ALS and TLS data for orchard management and capacity to assess and improve crop production.



The accuracy of canopy structure mapping from ALS data is often based on the data density for horticultural trees, shrubs and forestry [10,67,75,76]. Estornell et al. [18] reported that compared to forest structure mapping, which focuses on plots, higher point density may be required to predict crown structure information of individual horticultural tree crops and that a point density of 4 points/m2 had the capacity to estimate crown area and pruning biomass. Hadaś et al. [10] assessed different ALS point densities (0.5, 3.5 and 9 points/m2) for mapping tree height, crown base height, average crown diameter, and crown area of olive trees and concluded that ALS data with a higher point density are better suited for measuring crown structure, especially crown height and base height. With a point density of 13.63 points/m2, our results showed that top of tree crown parameters such as crown area, fractional cover and height can be accurately mapped. However, these structural parameters could not be mapped in an automated manner for individual tree crowns for the avocado and macadamia trees because of their hedgerow structure with adjoining tree crowns preventing automated crown delineation. Other studies using UAV-based optical data and structure-from-motion generated point clouds have also reported similar difficulties with regards to individual tree crown delineation for macadamia, olive and avocado hedgerows [54,68,77]. While ALS data with higher point cloud densities and small laser footprints may improve the ability to delineate individual tree crowns within orchards with hedgerow, orchards planted at different densities, and canopies with different structures and sizes should be studied separately, as these are factors that affect the ability of ALS data to capture lower canopy layers [78]. Further experiments on point density requirements of different tree crops in relation to planting densities should be undertaken in future studies.



While our results demonstrated the capability of ALS to produce orchard scale maps of tree structure, unmanned aerial vehicles (UAVs) provide another remote sensing platform suited for integration with miniaturized sensor systems that offer potential opportunities for frequent and more cost-effective monitoring of orchards [10,11,75]. Optical based structure-from-motion information acquired from UAVs have also demonstrated the capability for accurate crown structure mapping in orchards, including parameters such as crown area, tree height and crown volume of horticultural trees for orchard scale applications [45,50,77]. However, UAV-based optical data and derived point clouds and digital surface models are more likely to prove beneficial for top of canopy information extraction. Studies have shown that UAV-based LiDAR data with high point density (3200 points/m2) can successfully provide crown identification (92% of trees) and highly accurate crown height estimates (RMSE = 0.09 m, R2 = 0.96) for horticultural tree crops [79]. Therefore, UAV-based data may provide an alternative to ALS and TLS data for orchard scale (<1 km2) canopy structure mapping of horticultural tree crops. Future research should compare UAV-based LiDAR mapping accuracy of tree crop structure with those derivable from ALS and TLS data as shown in our research. Hadas et al. [80] used a UAV-based LiDAR system to successfully identify 99% of 655 apple trees, and then selected 50 trees for mapping crown structure, including crown area, tree height and crown base height, with high accuracies. They also found that UAV-based LiDAR data tend to underestimate crown area when compared against field measurements (RMSE = 1 m2, R2 = 0.17), while tree height (R2 = 0.96, RMSE = 0.09 m) and crown base height measurements achieved better accuracies [80]. As the cost of UAV-based LiDAR systems drops in the future, it is likely they will become operational for commonplace tree crown structure assessment. For UAV-based LiDAR mapping of crown structure, TLS technology will likely provide a suitable means for such applications in the future to ensure high quality calibration and validation data.





5. Conclusions


This study demonstrated and assessed the ability of ALS data evaluated against TLS data for mapping crown structure metrics (crown area, fractional cover, crown height, and crown volume) of individual horticultural tree crops, including avocado, macadamia and mango trees. In the evaluation of the ALS-derived results against the TLS measurements, we found significant agreement between estimates of crown area, fractional cover and maximum crown height. However, the use of ALS data significantly underestimated crown volumes of horticultural tree crops when evaluated against TLS data, especially for the macadamia tree, which exhibited the highest crown density. The ALS data were found suitable for measuring horticultural crown structural parameters mainly relying on top crown information as well as hedgerow width, length and number of trees at the orchard scale. In contrast, TLS data did not have the capacity to map crown structure over a large area but were found suitable for assessment of all crown strata, which is required to measure crown volume, LAD and vertical leaf area profile of individual trees. It is suggested that TLS data may replace traditional field measurements for calibration and validation of ALS-derived crown structure measurements and applied jointly with ALS data for individual tree scale assessment of structural parameters. One limitation of this study was that only seven trees for the crown structure measurements were measured with TLS, which was due to the time-consuming exercise of collecting high-resolution TLS data from multiple scan angles. However, the tree types and orchards we chose for this study represented different canopy structure complexity, planting density and crown size, demonstrating the suitability of TLS data for deriving structural measurements for tree crops with a large variety of planting regimes and structural complexities. Future experiments should be based on larger sample sizes and might compare additional crown structure information such as LA and leaf area index as well as optimization of ALS and TLS acquisition settings and structural parameter information extraction methods. Finally, further research should explore UAV-based platforms for acquisition of laser scanning data suited for management of tree crop orchards.







Author Contributions


Conceptualization, D.W., A.R., S.P. and K.J.; methodology, D.W., K.J. and S.P.; software, D.W.; validation, D.W.; formal analysis, D.W., K.J., S.P. and A.R.; investigation, D.W.; resources, D.W., A.R., S.P. and K.J.; data curation, D.W.; writing—original draft preparation, D.W., K.J.; writing—review and editing, K.J., A.R., S.P.; visualization, D.W.; supervision, S.P., K.J., A.R.; project administration, S.P., A.R.; funding acquisition, A.R., S.P. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Department of Agriculture and Water Resources, Australian Government as part of its Rural R&D for Profit Program’s subproject, titled “Multi-Scale Monitoring Tools for Managing Australian Tree Crops–Industry Meets Innovation”, grant number RnD4Profit-14-01-008.




Acknowledgments


The authors acknowledge the Australian Federal Government “Rural R and D for Profit” scheme and Horticulture Innovation Australia for funding this research. The authors appreciate the support, especially during field trips, provided for this research by Chris Searle from MacAvo Consulting, by Simpson Farms Pty. Ltd. (Childers, QLD 4660, Australia), in particular, Chad Simpson, Bundaberg Research Facility, and by the Queensland Government’s Department of Agriculture and Fisheries, in particular John Wilkie and Helen Hofman. We thank Martin Béland for sharing the MATLAB code to calculate the leaf area density, Peter Scarth for MATLAB assistance and Nicholas Goodwin for assisting with data registration. We also thank Aaron Aeberli and Yu-Hsuan Tu for their assistance with fieldwork.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




References


	



Shugart, H.H.; Saatchi, S.; Hall, F.G. Importance of structure and its measurement in quantifying function of forest ecosystems. J. Geophys. Res. Space Phys. 2010, 115, 115. [Google Scholar] [CrossRef]

	



Hansen, C.F. Lidar Remote Sensing of Forest Canopy Structure: An Assessment of the Accuracy of Lidar and Its Relationship to Higher Trophic Levels. Master’s Thesis, University of Vermont, Burlington, VT, USA, 2015. [Google Scholar]

	



Van Der Zande, D.; Hoet, W.; Jonckheere, I.; Van Aardt, J.; Coppin, P. Influence of measurement set-up of ground-based LiDAR for derivation of tree structure. Agric. Meteorol. 2006, 141, 147–160. [Google Scholar] [CrossRef]

	



Rosell-Polo, J.R.; Sanz, R. A review of methods and applications of the geometric characterization of tree crops in agricultural activities. Comput. Electron. Agric. 2012, 81, 124–141. [Google Scholar] [CrossRef]

	



Westling, F.; Underwood, J.; Örn, S. Light interception modelling using unstructured LiDAR data in avocado orchards. Comput. Electron. Agric. 2018, 153, 177–187. [Google Scholar] [CrossRef]

	



Wu, D.; Phinn, S.; Johansen, K.; Robson, A.; Muir, J.; Searle, C. Estimating Changes in Leaf Area, Leaf Area Density, and Vertical Leaf Area Profile for Mango, Avocado, and Macadamia Tree Crowns Using Terrestrial Laser Scanning. Remote Sens. 2018, 10, 1750. [Google Scholar] [CrossRef]

	



Huett, D. Macadamia physiology review: A canopy light response study and literature review. Aust. J. Agric. Res. 2004, 55, 609. [Google Scholar] [CrossRef]

	



Mu, Y.; Fujii, Y.; Takata, D.; Zheng, B.; Noshita, K.; Honda, K.; Ninomiya, S.; Guo, W. Characterization of peach tree crown by using high-resolution images from an unmanned aerial vehicle. Hortic. Res. 2018, 5, 74. [Google Scholar] [CrossRef]

	



Estornell, J.; Martí, B.V.; Cortés, I.L.; Salazar, D.; Fernández-Sarría, A. Estimation of wood volume and height of olive tree plantations using airborne discrete-return LiDAR data. Gisci. Remote Sens. 2014, 51, 17–29. [Google Scholar] [CrossRef]

	



Hadaś, E. Accuracy of tree geometric parameters depending on the LiDAR data density. Eur. J. Remote Sens. 2016, 49, 73–92. [Google Scholar] [CrossRef]

	



Hadas, E.; Borkowski, A.; Estornell, J.; Tymkow, P. Automatic estimation of olive tree dendrometric parameters based on airborne laser scanning data using alpha-shape and principal component analysis. Gisci. Remote Sens. 2017, 54, 898–917. [Google Scholar] [CrossRef]

	



Miranda-Fuentes, A.; Llorens, J.; Gamarra-Diezma, J.L.; Gil-Ribes, J.A.; Gil, E. Towards an Optimized Method of Olive Tree Crown Volume Measurement. Sensors 2015, 15, 3671–3687. [Google Scholar] [CrossRef] [PubMed]

	



White, N.; Hanan, J. Use of Functional-Structural Plant. Modelling in Horticulture; Agri-Science Queensland, Department of Agriculture, Fisheries and Forestry: Brisbane, Australia, 2012. [Google Scholar]

	



Walklate, P.J.; Richardson, G.M.; Cross, J.V.; Murray, R.A. Relationship between orchard tree crop structure and performance characteristics of an axial fan sprayer. Asp. Appl. Biol. 2000, 57, 285–292. [Google Scholar]

	



McElhinny, C.; Gibbons, P.; Brack, C.; Bauhus, J.; Bauhus, J. Forest and woodland stand structural complexity: Its definition and measurement. Ecol. Manag. 2005, 218, 1–24. [Google Scholar] [CrossRef]

	



Béland, M.; Baldocchi, D.D.; Widlowski, J.-L.; Fournier, R.A.; Verstraete, M. On seeing the wood from the leaves and the role of voxel size in determining leaf area distribution of forests with terrestrial LiDAR. Agric. Meteorol. 2014, 184, 82–97. [Google Scholar] [CrossRef]

	



Llorens, J.; Gil, E.; Llop, J.; Queraltó, M. Georeferenced LiDAR 3D Vine Plantation Map Generation. Sensors 2011, 11, 6237–6256. [Google Scholar] [CrossRef]

	



Estornell, J.; Ruiz, L.A.; Martí, B.V.; Cortés, I.L.; Salazar, D.; Fernández-Sarría, A. Estimation of pruning biomass of olive trees using airborne discrete-return LiDAR data. Biomass Bioenergy 2015, 81, 315–321. [Google Scholar] [CrossRef]

	



Jang, J.; Payan, V.; Viau, A.A.; Devost, A. The use of airborne lidar for orchard tree inventory. Int. J. Remote Sens. 2008, 29, 1767–1780. [Google Scholar] [CrossRef]

	



Fernández-Sarría, A.; López-Cortés, I.; Estornell, J.; Martí, B.V.; Salazar, D. Estimating residual biomass of olive tree crops using terrestrial laser scanning. Int. J. Appl. Earth Obs. Geoinf. 2019, 75, 163–170. [Google Scholar] [CrossRef]

	



Moorthy, I.; Miller, J.R.; Jimenez-Berni, J.A.; Zarco-Tejada, P.J.; Hu, B.; Chen, J. Field characterization of olive (Olea europaea L.) tree crown architecture using terrestrial laser scanning data. Agric. Meteorol. 2011, 151, 204–214. [Google Scholar] [CrossRef]

	



Chen, J.M.; Rich, P.M.; Gower, S.T.; Norman, J.M.; Plummer, S. Leaf area index of boreal forests: Theory, techniques, and measurements. J. Geophys. Res. Space Phys. 1997, 102, 29429–29443. [Google Scholar] [CrossRef]

	



Estornell, J.; Velázquez-Martí, A.; Fernández-Sarría, A.; Cortés, I.L.; Martí-Gavilá, J.; Salazar, D. Estimación de parámetros de estructura de nogales utilizando láser escáner terrestre. Rev. Teledetección 2017, 48, 67. [Google Scholar] [CrossRef]

	



Lovell, J.; Jupp, D.; Culvenor, D.S.; Coops, N.C. Using airborne and ground-based ranging lidar to measure canopy structure in Australian forests. Can. J. Remote Sens. 2003, 29, 607–622. [Google Scholar] [CrossRef]

	



Hilker, T.; Van Leeuwen, M.; Coops, N.C.A.; Wulder, M.; Newnham, G.; Jupp, D.; Culvenor, D.S. Comparing canopy metrics derived from terrestrial and airborne laser scanning in a Douglas-fir dominated forest stand. Trees 2010, 24, 819–832. [Google Scholar] [CrossRef]

	



Korhonen, L.; Vauhkonen, J.; Virolainen, A.; Hovi, A.; Korpela, I. Estimation of tree crown volume from airborne lidar data using computational geometry. Int. J. Remote Sens. 2013, 34, 7236–7248. [Google Scholar] [CrossRef]

	



Bundaberg Fruit & Vegetable Growers. Available online: https://www.bfvg.com.au/ (accessed on 15 October 2019).

	



Bureau of Meteorology. Climate Statistics for Australian Locations—Monthly Climate Statistics. Available online: http://www.bom.gov.au/climate/averages/tables/cw_039128.shtml (accessed on 11 February 2020).

	



Queensland Government. Mangoes. Available online: https://www.daf.qld.gov.au/business-priorities/agriculture/plants/fruit-vegetable/fruit-vegetable-crops/mangoes (accessed on 19 May 2020).

	



Horticulture Innovation Australia. Find Information, Publications, Industry Contacts and More on the Avocado Industry. Available online: http://horticulture.com.au/grower-focus/avocado/ (accessed on 11 July 2016).

	



Avocados Australia. Australian Avos in Your Burger and on Your Pizza. Available online: http://industry.avocado.org.au/NewsItem.aspx?NewsId=51 (accessed on 11 July 2016).

	



Australia Macadamia Society. The Australian Macadamia Industry; Australia Macadamia Society: Lismore, Australia, 2016. [Google Scholar]

	



Beland, M.; Widlowski, J.-L.; Fournier, R.A. A model for deriving voxel-level tree leaf area density estimates from ground-based LiDAR. Environ. Model. Softw. 2014, 51, 184–189. [Google Scholar] [CrossRef]

	



Beland, M.; Widlowski, J.-L.; Fournier, R.A.; Côté, J.-F.; Verstraete, M. Estimating leaf area distribution in savanna trees from terrestrial LiDAR measurements. Agric. Meteorol. 2011, 151, 1252–1266. [Google Scholar] [CrossRef]

	



Wu, D.; Johansen, K.; Phinn, S.; Robson, A.; Tu, Y.-H. Inter-comparison of remote sensing platforms for height estimation of mango and avocado tree crowns. Int. J. Appl. Earth Obs. Geoinf. 2020, 89, 102091. [Google Scholar] [CrossRef]

	



Esri. What is a TIN surface? Available online: http://desktop.arcgis.com/en/arcmap/latest/manage-data/tin/fundamentals-of-tin-surfaces.htm (accessed on 19 May 2020).

	



Armston, J.; Danaher, T.J.; Scarth, P.; Moffiet, T.N.; Denham, R.J. Prediction and validation of foliage projective cover from Landsat-5 TM and Landsat-7 ETM+ imagery. J. Appl. Remote Sens. 2009, 3, 033540. [Google Scholar] [CrossRef]

	



Liu, L.; Pang, Y.; Li, Z.; Si, L.; Liao, S. Combining Airborne and Terrestrial Laser Scanning Technologies to Measure Forest Understorey Volume. Forests 2017, 8, 111. [Google Scholar] [CrossRef]

	



Hancock, S.; Anderson, K.; Disney, M.; Gaston, K.J. Measurement of fine-spatial-resolution 3D vegetation structure with airborne waveform lidar: Calibration and validation with voxelised terrestrial lidar. Remote Sens. Environ. 2017, 188, 37–50. [Google Scholar] [CrossRef]

	



Yang, Y.; Monserud, R.A.; Huang, S. An evaluation of diagnostic tests and their roles in validating forest biometric models. Can. J. Res. 2004, 34, 619–629. [Google Scholar] [CrossRef]

	



Yu, X.; Hyyppä, J.; Hyyppä, H.; Maltamo, M. Effects of flight altitude on tree height estimation using airborne laser scanning. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2004, 8, 96–101. [Google Scholar]

	



Wang, Y.; Lehtomäki, M.; Liang, X.; Pyörälä, J.; Kukko, A.; Jaakkola, A.; Liu, J.; Feng, Z.; Pan, Y.; Hyyppä, J. Is field-measured tree height as reliable as believed—A comparison study of tree height estimates from field measurement, airborne laser scanning and terrestrial laser scanning in a boreal forest. Isprs J. Photogramm. Remote Sens. 2019, 147, 132–145. [Google Scholar] [CrossRef]

	



Krooks, A.; Kaasalainen, S.; Kankare, V.; Joensuu, M.; Raumonen, P.; Kaasalainen, M. Tree structure vs. height from terrestrial laser scanning and quantitative structure models. Silva. Fenn. 2014, 48, 2. [Google Scholar] [CrossRef]

	



Lordan, J.; Pascual, M.; Fonseca, F.; Montilla, V.; Papió, J.; Rufat, J.; Villar, J.M. An Image-based Method to Study the Fruit Tree Canopy and the Pruning Biomass Production in a Peach Orchard. HortScience 2015, 50, 1809–1817. [Google Scholar] [CrossRef]

	



Jiménez-Brenes, F.M.; López-Granados, F.; De Castro, A.I.; Torres-Sánchez, J.; Serrano, N.; Peña-Barragan, J.M. Quantifying pruning impacts on olive tree architecture and annual canopy growth by using UAV-based 3D modelling. Plant. Methods 2017, 13, 55. [Google Scholar] [CrossRef]

	



Wilkes, P.; Lau, A.; Disney, M.; Calders, K.; Burt, A.; De Tanago, J.G.; Bartholomeus, H.; Brede, B.; Herold, M. Data acquisition considerations for Terrestrial Laser Scanning of forest plots. Remote Sens. Environ. 2017, 196, 140–153. [Google Scholar] [CrossRef]

	



Puente, I.; González-Jorge, H.; Martínez-Sánchez, J.; Arias, P. Review of mobile mapping and surveying technologies. Measurement 2013, 46, 2127–2145. [Google Scholar] [CrossRef]

	



Underwood, J.; Hung, C.; Whelan, B.; Sukkarieh, S. Mapping almond orchard canopy volume, flowers, fruit and yield using lidar and vision sensors. Comput. Electron. Agric. 2016, 130, 83–96. [Google Scholar] [CrossRef]

	



Kragh, M.; Underwood, J. Multimodal obstacle detection in unstructured environments with conditional random fields. J. Field Robot. 2019, 37, 53–72. [Google Scholar] [CrossRef]

	



Johansen, K.; Raharjo, T.; McCabe, M.F. Using Multi-Spectral UAV Imagery to Extract Tree Crop Structural Properties and Assess Pruning Effects. Remote Sens. 2018, 10, 854. [Google Scholar] [CrossRef]

	



Sola-Guirado, R.R.; Castillo-Ruiz, F.J.; Jiménez-Jiménez, F.; Blanco-Roldan, G.L.; Castro-Garcia, S.; Gil-Ribes, J.A. Olive Actual “on Year” Yield Forecast Tool Based on the Tree Canopy Geometry Using UAS Imagery. Sensors 2017, 17, 1743. [Google Scholar] [CrossRef] [PubMed]

	



Bayram, B.; Şeker, D.Z.; Jamil, A.; Reis, H.C.; Demir, N.; Bozkurt, S.; Ince, A.; Kucuk, T. Automatic extraction of sparse trees from high-resolution ortho-images. Arab. J. Geosci. 2018, 11, 319. [Google Scholar] [CrossRef]

	



Rahman, M.M.; Robson, A.; Bristow, M. Exploring the Potential of High Resolution WorldView-3 Imagery for Estimating Yield of Mango. Remote Sens. 2018, 10, 1866. [Google Scholar] [CrossRef]

	



Johansen, K.; Duan, Q.; Tu, Y.; Searle, C.; Wu, D.; Phinn, S.; Robson, A.; McCabe, M.F. Mapping the condition of macadamia tree crops using multi-spectral uav and worldview-3 imagery. Isprs J. Photogramm. Remote Sens. 2020, 165, 28–40. [Google Scholar] [CrossRef]

	



Tickle, P.; Lee, A.; Lucas, R.; Austin, J.; Witte, C. Quantifying Australian forest floristics and structure using small footprint LiDAR and large scale aerial photography. Ecol. Manag. 2006, 223, 379–394. [Google Scholar] [CrossRef]

	



Morsdorf, F.; Kötz, B.; Meier, E.; Itten, K.; Allgöwer, B. Estimation of LAI and fractional cover from small footprint airborne laser scanning data based on gap fraction. Remote Sens. Environ. 2006, 104, 50–61. [Google Scholar] [CrossRef]

	



Korhonen, L.; Korpela, I.; Heiskanen, J.; Maltamo, M. Airborne discrete-return LIDAR data in the estimation of vertical canopy cover, angular canopy closure and leaf area index. Remote Sens. Environ. 2011, 115, 1065–1080. [Google Scholar] [CrossRef]

	



Johansen, K.; Arroyo, L.; Armston, J.; Phinn, S.; Witte, C. Mapping riparian condition indicators in a sub-tropical savanna environment from discrete return LiDAR data using object-based image analysis. Ecol. Indic. 2010, 10, 796–807. [Google Scholar] [CrossRef]

	



Trout, T.; Johnson, L.F.; Gartung, J. Remote Sensing of Canopy Cover in Horticultural Crops. HortScience 2008, 43, 333–337. [Google Scholar] [CrossRef]

	



Majd, A.M.S.; Bleiweiss, M.P.; Dubois, D.; Shukla, M.K. Estimation of the fractional canopy cover of pecan orchards using Landsat 5 satellite data, aerial imagery, and orchard floor photographs. Int. J. Remote Sens. 2013, 34, 5937–5952. [Google Scholar] [CrossRef]

	



O’connell, M.; Goodwin, I. Spatial variation of tree cover in peach orchards. Acta Hortic. 2005, 694, 203–205. [Google Scholar] [CrossRef]

	



Zhang, H.; Wang, N.; Ayars, J.E.; Phene, C.J. Biophysical response of young pomegranate trees to surface and sub-surface drip irrigation and deficit irrigation. Irrig. Sci. 2017, 35, 425–435. [Google Scholar] [CrossRef]

	



Wulder, M.A.; Ortlepp, S.M.; White, J.C.; Coops, N.C.; Coggins, S.B. Monitoring tree-level insect population dynamics with multi-scale and multi-source remote sensing. J. Spat. Sci. 2008, 53, 49–61. [Google Scholar] [CrossRef]

	



Menzel, C.M.; Le Lagadec, M.D. Increasing the productivity of avocado orchards using high-density plantings: A review. Sci. Hortic. 2014, 177, 21–36. [Google Scholar] [CrossRef]

	



Davenport, T.L. Pruning Strategies to Maximize Tropical Mango Production From the Time of Planting to Restoration of Old Orchards. HortScience 2006, 41, 544–548. [Google Scholar] [CrossRef]

	



Meurant, N.; Kernot, I. Mango Information Kit; Department of Primary Industries: Orange, Australia, 1999. [Google Scholar]

	



Goodwin, N.R.; Coops, N.C.; Culvenor, D.S. Assessment of forest structure with airborne LiDAR and the effects of platform altitude. Remote Sens. Environ. 2006, 103, 140–152. [Google Scholar] [CrossRef]

	



Tu, Y.-H.; Johansen, K.; Phinn, S.; Robson, A. Measuring Canopy Structure and Condition Using Multi-Spectral UAS Imagery in a Horticultural Environment. Remote Sens. 2019, 11, 269. [Google Scholar] [CrossRef]

	



Tu, Y.-H.; Phinn, S.; Johansen, K.; Robson, A.; Johansen, K. Optimising drone flight planning for measuring horticultural tree crop structure. Isprs J. Photogramm. Remote Sens. 2020, 160, 83–96. [Google Scholar] [CrossRef]

	



Kükenbrink, D.; Schneider, F.D.; Leiterer, R.; Schaepman, M.E.; Morsdorf, F. Quantification of hidden canopy volume of airborne laser scanning data using a voxel traversal algorithm. Remote Sens. Environ. 2017, 194, 424–436. [Google Scholar] [CrossRef]

	



Escola, A.; Martínez-Casasnovas, J.A.; Rufat, J.; Arnó, J.; Arbonés, A.; Sebé, F.; Pascual, M.; Gregorio, E.; Rosell-Polo, J.R. Mobile terrestrial laser scanner applications in precision fruticulture/horticulture and tools to extract information from canopy point clouds. Precis. Agric. 2016, 18, 111–132. [Google Scholar] [CrossRef]

	



Colaço, A.; Trevisan, R.; Molin, J.P.; Rosell-Polo, J.R.; Escolà, A. Orange tree canopy volume estimation by manual and LiDAR-based methods. Adv. Anim. Biosci. 2017, 8, 477–480. [Google Scholar] [CrossRef]

	



Henning, J.G.; Radtke, P.J. Detailed stem measurements of standing trees from ground-based scanning Lidar. For. Sci. 2006, 52, 67–80. [Google Scholar]

	



Furness, G.; Magarey, P.; Miller, P.; Drew, H. Fruit tree and vine sprayer calibration based on canopy size and length of row: Unit canopy row method. Crop. Prot. 1998, 17, 639–644. [Google Scholar] [CrossRef]

	



Hosoi, F.; Omasa, K. Voxel-Based 3-D Modeling of Individual Trees for Estimating Leaf Area Density Using High-Resolution Portable Scanning Lidar. IEEE Trans. Geosci. Remote Sens. 2006, 44, 3610–3618. [Google Scholar] [CrossRef]

	



Glenn, N.F.; Spaete, L.; Sankey, T.; Derryberry, D.; Hardegree, S.; Mitchell, J. Errors in LiDAR-derived shrub height and crown area on sloped terrain. J. Arid. Environ. 2011, 75, 377–382. [Google Scholar] [CrossRef]

	



Torres-Sánchez, J.; López-Granados, F.; Serrano, N.; Arquero, O.; Peña-Barragan, J.M. High-Throughput 3-D Monitoring of Agricultural-Tree Plantations with Unmanned Aerial Vehicle (UAV) Technology. PLoS ONE 2015, 10, e0130479. [Google Scholar] [CrossRef]

	



Hamraz, H.; Contreras, M.A.; Zhang, J. Forest understory trees can be segmented accurately within sufficiently dense airborne laser scanning point clouds. Sci. Rep. 2017, 7, 6770. [Google Scholar] [CrossRef]

	



Hadas, E.; Jozkow, G.; Walicka, A.; Borkowski, A. Determining geometric parameters of agricultural trees from laser scanning data obtained with unmanned aerial vehicle. Isprs Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2018, 407–410. [Google Scholar] [CrossRef]

	



Hadas, E.; Jozkow, G.; Walicka, A.; Borkowski, A. Apple orchard inventory with a LiDAR equipped unmanned aerial system. Int. J. Appl. Earth Obs. Geoinf. 2019, 82, 101911. [Google Scholar] [CrossRef]








[image: Remotesensing 12 01647 g001 550] 





Figure 1. Unmanned aerial vehicle (UAV) imagery of (a) mango, (b) avocado and (c) macadamia orchards, and associated field photos of (d) a mango, (e) avocado and (f) macadamia tree. 
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Figure 2. Flowchart for generating crown structure metrics from the terrestrial laser scanning (TLS) data. 
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Figure 3. Crown area (a), fractional cover (b), maximum (max) crown height (c), and crown volume (d) compared between the airborne (ALS) and terrestrial laser scanning (TLS) data. 






Figure 3. Crown area (a), fractional cover (b), maximum (max) crown height (c), and crown volume (d) compared between the airborne (ALS) and terrestrial laser scanning (TLS) data.



[image: Remotesensing 12 01647 g003]







[image: Remotesensing 12 01647 g004 550] 





Figure 4. Crown area calculation of (a) the avocado trees from the commercial orchard and (b) the research station, (c) the macadamia tree, and (d) the mango trees with high and low vigour derived from the airborne (ALS) and terrestrial laser scanning (TLS) data. 
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Figure 5. Fractional cover estimates of (a,b) avocado, (c) macadamia and (d) mango trees derived from airborne (ALS) and terrestrial laser scanning (TLS) data. 
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Figure 6. Crown height calculation of (a,b) avocado, (c) macadamia and (d) mango trees from airborne (ALS) and terrestrial laser scanning (TLS) data. 
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Figure 7. Crown volume (calculated at 25 cm voxel side length) and laser point clouds from airborne laser scanning data (a,a′) and terrestrial laser scanning data (b,b′) of two mango trees, two 2-year-old small avocado trees from a research station, two mature avocado trees from a commercial orchard, and one macadamia tree. 
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Figure 8. Canopy height and row width and length from airborne laser scanning of a mango orchard (a), an avocado orchard (b) and a macadamia orchard (c). Note that young trees in the mango and avocado orchards were excluded in this calculation. 
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Figure 9. Pictures of two 2-year-old avocado trees (a,a′) from a research station, their corresponding 3D intensity images (b,b′) and classified discrete point clouds (c,c′), leaf area density at a voxel level (25 cm in side length) (d,d′), and vertical leaf area profiles within each 25 cm vertical layer (e,e′). 
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Table 1. RIEGL VZ-400 TLS scanner vs. RIEGL LMS-Q 1560 ALS scanner settings and data acquisition parameters.
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	RIEGL VZ-400 TLS Scanner
	RIEGL LMS-Q 1560 ALS Scanner





	Beam divergence
	0.35 mrad
	<0.25 mrad



	Pulse repetition rate
	300 kHz
	400 kHz



	Laser wavelength
	1550 nm
	1064 nm



	Minimum range
	1.5 m
	50 m



	Maximum range
	160 m (at 20% target reflectance)

350 m (at 90% target reflectance)
	3500 m (at 20% target reflectance)

5100 m (at 60% target reflectance)



	Field of view
	0°–360° (azimuth range)

30°–130° (zenith range)
	58°



	Recorded data
	Full waveform & up to four returns per emitted pulse
	Full waveform & up to seven returns per emitted pulse



	Accuracy
	±5 mm
	±20 mm
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Table 2. Comparison of airborne- (ALS) and terrestrial laser scanning- (TLS) derived tree fractional (frac) cover at the individual pixel level for each of the avocado, macadamia and mango trees, showing the number of pixels per tree crown (n), maximum (max) and minimum (min) fractional cover difference between the ALS and TLS data, the average ALS and TLS fractional cover, and the root mean square error (RMSE) between the individual ALS and TLS pixel values per tree crown.
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	n
	Max Frac Cover Difference
	Min Frac Cover Difference
	Average ALS Frac Cover
	Average ALS Frac Cover
	RMSE





	Avocado tree 1
	198
	0.84
	0
	0.92
	0.93
	0.12



	Avocado tree 2
	230
	0.84
	0
	0.93
	0.89
	0.22



	Mango high vigour
	71
	0.92
	0
	0.78
	0.78
	0.33



	Mango low vigour
	34
	0.88
	0
	0.73
	0.72
	0.30



	Macadamia tree
	163
	1
	0
	0.88
	0.87
	0.32



	Small avocado tree 1
	40
	1
	0
	0.69
	0.71
	0.34



	Small avocado tree 2
	39
	1
	0
	0.66
	0.67
	0.30
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Table 3. Comparison of airborne- (ALS) and terrestrial laser scanning- (TLS) derived tree height at the individual pixel level for each of the avocado, macadamia and mango trees, showing the number of pixels per tree crown (n), maximum (max) and minimum (min) height difference between the ALS and TLS data, the average ALS and TLS height, and the root mean square error (RMSE) between the individual ALS and TLS pixel values per tree crown.






Table 3. Comparison of airborne- (ALS) and terrestrial laser scanning- (TLS) derived tree height at the individual pixel level for each of the avocado, macadamia and mango trees, showing the number of pixels per tree crown (n), maximum (max) and minimum (min) height difference between the ALS and TLS data, the average ALS and TLS height, and the root mean square error (RMSE) between the individual ALS and TLS pixel values per tree crown.














	
	n
	Max Height Difference (m)
	Min Height Difference (m)
	Average ALS Height (m)
	Average TLS Height (m)
	RMSE (m)





	Avocado tree 1
	198
	6.21
	0.004
	6.88
	7.33
	1.12



	Avocado tree 2
	230
	7.07
	0.001
	7.24
	7.63
	0.78



	Mango high vigour
	71
	3.27
	0.012
	2.54
	3.20
	0.80



	Mango low vigour
	34
	1.31
	0.022
	1.87
	1.25
	0.84



	Macadamia tree
	163
	7.28
	0.032
	8.02
	8.96
	1.54



	Small avocado tree 1
	40
	1.64
	0.040
	2.47
	2.93
	0.59



	Small avocado tree 2
	39
	1.51
	0.062
	2.21
	2.71
	0.64











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
Register TLS data to ALS

| TLS data |—— data

clip the data to

Use a bounding box to

individual trees

. \ e

Classify TLS &ata to
leaves and branches

Triangulate crown
points

Create canopy height
model at 0.1 m pixel

Create canopy height
model (> 0.15 m height
above the ground )

Voxelize canopy points
to 25 cm voxels

l

I

size
|

}

i

Calculate leaf area
density, leaf area and
vertical leaf area profile

Merge TIN triangles to
calculate crown area of
each canopy

Grid the canopy height
model to derive
fractional cover

Calculate the maximum
canopy height

Calculate crown volume
based on filled voxels






nav.xhtml


  remotesensing-12-01647


  
    		
      remotesensing-12-01647
    


  




  





media/file18.png
Total leaf area = 40.03 m?
28

Leaf Area Density (m?/m3)

. 20.94
0

Tree height (m)
© B N W &

0 2 4 6
Total leaf area within each
25 cm vertical layer (m?)

Tree height (m)
o = N w H

Leaf Area Density (m?/m?3)
. 28.20 0 2 4 6 8
0 Total leaf area within each

25 cm vertical layer (m?)






media/file16.png
Row Row Total crop area = 1.22 Hectares
name width
Row 1 6.79m
Row 3 6.31m
Row 5 6.00 m
Row 7a 6.32m
Row 9a 6.04 m
Row Row
name length
Row 1 110.60 m
Row 3 117.63 m
Row 5 225.56 m
Row 7a 80.04 m
Row 9a 84.64m

Canopy height model (m)
4.08

o,
[ Minimum bounding rectangle of each tree row

0 50 100 Meters
| ] |

Row
name

Total crop area = 28.09 Hectares

Row
width

Row 1

943 m

Row 10

11.70m

Row 20

1121 m

Row 30

10.70 m

Row 40

1248 m

Row 50

1251 m

Row 60

11.55m

Row 70

12.67 m

Row
name

Row
length

Row 1

48.87 m

Row 10

202.80 m

Row 20

370.38 m

Row 30

451.70 m

Row 40

377.01m

Row 50

290.49 m

Row 60

138.45m

Row 70

29841 m Canopy height model (m)

0 100
|

1

L

~12.61

200 Meters
il

Row Row Total crop area = 13.54 Hectares N
name width -
Row 1 6.79m
Row 5 8.67m
Row 10 | 9.15m
Row 15 | 9.36m
Row 20 | 9.15m
Row Row
name length
Row 1 71489 m
Row 5 £696.25m
Row 10 | 666.79 m
Row 15 | 638.96 m
Row 20 | 609.61m
Canopy height model (m)
“11.41
(I) 100 2?!) Meters c
L L 1






media/file2.png
‘Bundabarg
7 /

1,000 2,000 km Y3
\v)






media/file5.jpg
H y=1.086x+ 08426 y=1.0181x -0.0038
w0957 y
Toco | amsesitim £o00
FE | fwseoaan ]
2 2 H
£ a0 §50s
- i
g5 3E
Pt -: %o
& H :
R <0
o 0 © w os o7 o8 o5 1
Crouarea rom aebomelaer scanning Fractonatcover rom i
a s () b Scanning
5 T p
3 s
H y=10u-02702 H =16232-8.3008
feol wn 2.
€| awsecozem i
EZ 81 mwse-2sem S RMSE= a2.66%
£$ HERT)
BE i
23 $E w00
H i
£3, A
i
2 5 &
R o s 1 5 2
Maxcrown helgh from alebornetaser Crown volume rom aitbore aser
c d

scanning data (m)

scanningdata (m')






media/file3.jpg
e TS da oA | [Gmsbomdngbore
24 | {apeamsts
Py
G Tisine | [Tergiecoun | [Gesecony o | [Gevecoapriwgn | [Vouiz cromvsoms
evmabrncs | |pons i sto T || omisen | [tessemens
- oo o)

T T T T
Goceraies | (Ve ingesto | e ooy g | Gl e | [Cote v vt
ot ustrnond || Chcsocommamsct | | rosaodome | |oapvowin aton vt
et e et | inoy it o






media/file1.jpg





media/file7.jpg
Crown reafrom ALS dote: 5395
Crown are from TS date: 5.7
Percntap dfeence: 513%

[crown ara from ALS dota: 4131 mi
|rown rea rom 1 dota 4547
Percentag dference: 915%

avocado tree 1 avocado tree 2

0 1 2ueen

(Crown areafrom ALSdato: 7467
Crownares from TS data: .41 '

perconagedillernce: 1130%

small avocado tree 1
rown ar rom ALS dat: 715

Crown v rom TS data: 780
Porcentag dference: 833%

small avocado tree 2

Crown are from AL dota: 3351
Crown are from TS dte: 3443
Percentag difeence:267%

macadamia tree

« binds oye view of ALS point cloud
+_birds oyo view of TLS point cloud

[ crownaearomaLs St S

[Grown aes o AL dow 1152
Crown v rom TS dta: 14,77
Percentogs diference: 2200%.

high vigour mango tree
Crownsra from AL dota: 547
Crown area from TS data: 30’
percantage difence:29%

low vigour mango tree






media/file10.png
ALS TLS
ALS TLS

N

ALS TLS
ALS TLS

0 2 Meters 0 1 2 Meters b
] Lt 11 ]
ALS ALS TL
Fractional cover TLS ALS TLS
0-0.2

~10.2-0.4
N 04-0.6
N 0.6-0.8 0 1 2 Meters 0 1 2 Meters d
oS8 -1 L1101






media/file12.png
- & X
~ 7 _ ot
L .r|:| Vi i .t l.;!

Canopy height model (m Canopy height model (m) .
£y e (m) Canopy height model (m) Canopy height model (m)

8.97 8.93
N, ALS . TLS .3.37 ALS 2 372 11 g
0.91

1.14

Canopy height model (m) Canopy height model (m)

Canopy height model (m)  Canopy height model (m) 3.40 3.58
9.23 9.7 ALS
g oAas " TS oo TS
2.64 2.62
0 2 Meters a 0 2 Meters b
L L

L
o=

Canopy height model (m)  Canopy height model (m)
2.44 2.25

M. ALS M., TLS

Canopy height model (m)

11.31
ALS
i

- n

Canopy height model (m)  Canopy height model (m)
3N 3.77

. 1.81 ALS . 2.08 TLS

Canopy height model (m)
11.23

i, ™

0 2 Meters 0 2 Meters






media/file9.jpg
+.'m .mm -m 2 mu
TOLY 3
B c






media/file0.png





media/file14.png
ow vigour mango tree
rown volume = 1.28 m3

"ot Wle
W AN

L I UL R .

High vigour mango tree
Crown volume = 4.73 m3

Small avocado tree 1
Crown volume = 1.78 m3

'5{:"-‘1‘:.4..": L h-:ih -ﬂ"'t:‘

Low vigour mango tree
Crown volume = 7.39 m?

High vigour mango tree
Crown volume = 27.45 m3

Small avocado tree 1
Crown volume = 19.22 m3

Small avocado tree 2

Crown volume = 17.94 m?

Mature avocado tree 1
Crown volume = 13.48 m3

Mature avoca
Crown volume = 173.73 m?

Mature avocado tree 2
Crown volume = 15.23 m?

Mature avocado tree 2
rown volume = 223.02 m3

Macadamia tree
Crown volume = 224.48 m?

Intensity
High






media/file8.png
Crown area from ALS data: 41.31 m?
Crown area from TLS data: 45.47 m?
Percentage difference: 9.15%

Crown area from ALS data: 53.95 m?
Crown area from TLS data: 56.87 m?
Percentage difference: 5.13%

N
avocado tree 1 avocado tree 2

0 1 2 Meters
L1

Crown area from ALS data: 7.46 m? N
Crown area from TLS data: 8.41 m2
Percentage difference: 11.30%

B

W

small avocado tree 1

Crown area from ALS data: 7.15 m?
Crown area from TLS data: 7.80 m?
Percentage difference: 8.33%

2

small avocado tree 2

Crown area from ALS data: 33.51 m?
Crown area from TLS data: 34.43 m?
Percentage difference: 2.67%

macadamia tree

e bird's eye view of ALS point cloud
e bird's eye view of TLS point cloud

[ crown area from ALS 0 1
[ 1 crown area from TLS

2 Meters
L1 11 |

Crown area from ALS data: 11.52 m?
Crown area from TLS data: 14.77 m?
Percentage difference: 22.00%

g

high vigour mango tree

Crown area from ALS data: 5.47 m?
Crown area from TLS data: 5.90 m?
Percentage difference: 7.29%

low vigour mango tree

0o 1 2 Meters
I






media/file11.jpg
+
i

oy b st 1) Coopy st

C s s

A =
e E

0 2Moters a 0 2Meters b
A |2
; .0
e s i
5 ke
e N Al W TS
e T






media/file6.png
80 n 3 1 = //
@ y = 1.046x + 0.8426 © y =1.0181x - 0.0038 2
= R?=0.997 T R2 = 0.94 Fo g
£ &~ 60 | RMSE=1.11m? - || % & 091 RMSE=0.03 o
g E rRMSE = 4.47% ’ i rRMSE = 3.46%
o - 2 o
3 € ®
E o0 40 = e © 0-8 m
O = - o0
= = = S
© c S €
2 © o c
c 3 Qo S
c 20 - = o 0.7 -
3 c
o 2 :
o "5 P
P {© P
0 += . . : v 0.6 . ] 1 .
0 20 40 60 0.6 0.7 0.8 0.9 1
Crown area from airborne laser scanning b Fractional cover from airborne laser
a data (m?) scanning
- 12 - P - 250 - ®
3 v
b= y=1.0123x - 0.2702 © y =16.232x - 8.3008 ¢)
= 10 - R? =0.99 S 200 - R*=0.81
S RMSE = 0.29 m b RMSE = 43.47 m3
EL 81 rRMSE=2.59% t E rRMSE = 42.66%
£3 g8 150 -
- C = ©
£= 6 - ©
w £ S w
23 o ' 100 -
e ¥ 4 - £ £
S o = Q
o @ o v
o =2 2 ,./ > 50 +
* B /s c
© Pl ;
2 pe 2 _____________________
0 2 T T T T T ] O 0 '——_—__I—— T T l

0 2 4 6 8 10 12

Max crown height from airborne laser
scanning data(m)

o

Crown volume from airborne laser
scanning data (m?3)






media/file15.jpg





media/file17.jpg
Leat Avea Density (/')

s
o

B a

Tree height (m)

o 2 a4 &
Total leaf area within each
25 cm verticallayer (m)

Totalleaf area = 4197 m?

Leat Area Density (m3/m?)
g
o

Tree height (m)

o 2 4 6 8
Totalleaf area within each
25 cm vertical layer (m?)






