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Abstract

:

This study investigated the effects of forest type, leaf area index (LAI), canopy cover (CC), tree density (TD), and the coefficient of variation of tree height (CVTH) on the accuracy of different individual tree segmentation methods (i.e., canopy height model, pit-free canopy height model (PFCHM), point cloud, and layer stacking seed point) with LiDAR data. A total of 120 sites in the Sierra Nevada Forest (California) and Shavers Creek Watershed (Pennsylvania) of the United States, covering various vegetation types and characteristics, were used to analyze the performance of the four selected individual tree segmentation algorithms. The results showed that the PFCHM performed best in all forest types, especially in conifer forests. The main forest characteristics influencing segmentation methods were LAI and CC, LAI and TD, and CVTH in conifer, broadleaf, and mixed forests, respectively. Most of the vegetation characteristics (i.e., LAI, CC, and TD) negatively correlated with all segmentation methods, while the effect of CVTH varied with forest type. These results can help guide the selection of individual tree segmentation method given the influence of vegetation characteristics.
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1. Introduction


Forests cover approximately 30% of the Earth’s land surface and play an important role in the carbon and water cycles, biodiversity conservation, and sustainable development [1,2]. The quantitative characterization of forest structure can contribute to better understanding, utilization, and management of forests [3,4,5]. Individual tree segmentation, such as a prerequisite for obtaining accurate forest structure information (e.g., tree location, tree height, diameter at breast height (DBH), and biomass), has gained tremendous attention in the last few decades [3,6,7,8,9].



Light detection and ranging (LiDAR), an active remote sensing technology, can provide an accurate distance between a sensor and a target by recording the time of flight between the laser transmitter and receiver [10]. It can penetrate forest canopy and capture data from multiple echoes to create a three-dimensional (3D) representation of forests. Light detection and ranging data have been widely applied in forest studies to characterize forest structures from precise 3D point cloud data [9,11,12,13,14,15]. Among these studies, individual tree segmentation is a prerequisite to fully quantify forest structures.



Numerous individual tree segmentation methods have been proposed for different situations, and these can be grouped into two types: canopy height model (CHM)-based, and point cloud-based (Table 1) methods. The CHM-based methods, such as watershed, moving window maximum, and multi-scale segmentation methods [16], segment individual trees to derive an upper contour of a tree canopy and a treetop determined by the maximum value in the contour [17,18]. Canopy height model-based methods have been applied successfully in many studies due to the fact their high efficiency. For example, Hyyppa et al. [19] proposed a regional growth individual segmentation method which achieved individual tree segmentation in a conifer forests for the first time. Chen [11] proposed a marker-controlled watershed method to isolate individual trees by detecting treetops with a moving window of variable sizes. Khosravipour et al. [20] proposed a new algorithm that removed pits from the CHM raster (i.e., pit-free CHM) obtained by first-return triangulated irregular network (TIN) interpolation using raster-based techniques, and the pit-free CHM was further used to conduct segmentation with a moving window. However, these CHM-based methods showed weakness when trees tightly overlap and in homogenous multilayered conifer forests [15,21].



Point cloud-based methods segment individual trees from discrete point cloud data directly using clustering methods (e.g., k-means clustering, fuzzy c-means, and hierarchical clustering) or voxel-based methods (e.g., normalized cut) [16,21,27,33]. For example, Morsdorf et al. [34] used k-means to segment individual trees in a conifer forest. Reitberger et al. [24] proposed the normalized cut method to isolate trees which aimed to solve the problem of segmenting small trees under the CHM. Li et al. [25] proposed a point cloud-based method that utilized a regional growth algorithm to judge the relative spacing threshold between trees, achieving an overall accuracy of 90% in a mixed conifer forest. Ayrey et al. [27] proposed a layer stacking algorithm by slicing the entire forest point cloud into multilayers at a 1 m height intervals and clustering trees in each layer, which were then merged to extract the individual tree.



Although numerous individual tree segmentation methods have been proposed, it’s difficult to compare their accuracies as the LiDAR datasets used were acquired for different forest conditions, and the reported accuracy assessment methods often differ (Table 1). For example, Chen [11] evaluated the absolute accuracy for tree isolation using manually delineated benchmark data; Li et al. [25] compared the segmented trees with the reference trees using GPS measurement and used the F-score to evaluate the segmentation accuracy [35]. A systematic evaluation of different individual tree segmentation methods is needed.



Additionally, the influence of different forest characteristics on segmentation accuracy has also been rarely studied. Some studies have suggested that tree density, vegetation type, and canopy cover affect the performance of individual segmentation [36]. For instance, Falkowski et al. [37] analyzed the accuracy of two kinds of tree detection algorithms across a full range of canopy covers and found that the algorithms performed well when canopy cover was lower than 50%. Vauhkonen et al. [38] compared six kinds of tree detection algorithms in different types of forest, and their results showed that tree density and clustering were the key vegetation characteristics affecting segmentation. Forzieri et al. [39] demonstrated that when the ratio between the average plant spacing and the average crown diameter was greater than 0.59, tree detection was improved. These studies show that the influence of different vegetation characteristics on segmentation accuracy is considerable. It is thus necessary to analyze vegetation characteristics’ influence on different segmentation methods in different forest types [39].



In this study, we aimed to compare the performances of different individual tree segmentation methods (i.e., CHM-based/CHM, pit-free CHM-based/PFCHM, point cloud-based/PCS, and layer stacking seed point-based/LSS) using the same data (i.e., airborne LiDAR) and evaluation methods (i.e., F-score and overall accuracy). Moreover, we analyzed the influence of different vegetation conditions (i.e., forest type, leaf area index, canopy cover, tree density, and coefficient of variation of tree height) on different segmentation methods.




2. Data and Methods


2.1. Study Area and Data


This work took place at 120 sites covering three vegetation types (i.e., conifer forest, broadleaf forest, and conifer and broadleaf mixed forests) in two areas of the United States (Figure 1). The conifer forest is located on the western slope of the Sierra Nevada Forest, California (37°26′N, 119°35′W). The dominant species in the conifer forest were Pinus ponderosa, Calocedrus decurrens, Pinus lambertiana, and Sequoiadendron giganteum. The broadleaf forest and the mixed forest are located west and east of the ridge and valley ecoregions of Shavers Creek Watershed, Pennsylvania (40°38′N, 77°56′W), respectively. The broadleaf forests are dominated by Quercus rubra, Pinus strobus, and Nyssa sylvatica. In addition to these broadleaf trees, some evergreen conifers such as Tsuga canadensis also appear often in this region.



A total of 40 circular plots were selected for each forest type (Figure 1); plots had a radius of 12.62 m, 15 m, and 15 m in conifer, broadleaf, and mixed forests, respectively. The plots were selected based on the fact of their representativeness of different levels of vegetation complexity. LAI ranged between 0.14 and 4.59; canopy cover varied from 7% to 97%; tree density ranged from 85 to 538 trees/ha; the CVTH ranged from 0.05 to 1.19 (Table 2).



Due to the lack of in situ measurements, a ground truth for each plot was assembled by visually identifying individual trees and manually delineating them by three experienced researchers who worked independently (Figure 2) using Esri ArcScene® software. The number of trees in the ground truth of conifer, broadleaf, and mixed forests were 675, 785, and 1072, respectively.



The airborne LiDAR data were acquired using an Optech GEMINI Airborne Laser Terrain Mapper (ALTM) mounted on a twin-engine Cessna Skymaster in September 2007 for the conifer forest plots [25] and in December 2010 for the broadleaf forest and mixed forest plots [21]. The relative flight height was between 600 m and 700 m and the flight speed was 60 m/s. The scanning frequency, swath width, and scanning angle were 40 Hz, 509.56 m, and ±24°, respectively. The scanner recorded up to four echoes for each pulse, which enabled a high point density (~10 pts/m2) in the obtained data.




2.2. Data Preprocessing


The quality of data preprocessing (i.e., noise removal and ground filtering) can directly affect subsequent processing and analysis [40,41]. In this study, preprocessing was implemented using LAStools [42], Esri ArcGIS, and Green Valley International® LiDAR360 software. Noise resulting from equipment accuracy, characteristics of the measured object itself, and environmental factors were removed from the raw LiDAR point cloud, and then the data were filtered into the ground and non-ground points using the improved progressive TIN densification [43] which performs well in a complex forest and terrain conditions with airborne LiDAR data. The filtered ground points were used to generate a digital elevation model (DEM) at a 0.5 m resolution using the TIN interpolation algorithm as developed in References [44,45,46]. The LiDAR points were normalized by subtracting the ground points (DEM) from the LiDAR point cloud to eliminate the influence of terrain on point cloud data processing [47]. After normalization, a CHM was generated using the same method as for the DEM. The resolution of the CHM was also set to 0.5 m so that it would be less than half of the minimum canopy size [48].




2.3. Segmentation Methods


In this study, four of the most commonly used segmentation algorithms (i.e., CHM, PFCHM, PCS, and LSS) were chosen for comparison with data from 120 plots in three forest types (Figure 3). Of these, CHM and PFCHM were based on the CHM generated from the raw point cloud, while PCS and LSS were directly based on the normalized point cloud. The CHM segmentation method uses the watershed segmentation algorithm to segment individual trees which is affected by three important parameters: minimum tree height, Gaussian smoothing factor, and Gaussian smoothing radius [49,50]. In this study, the minimum tree height was set to 2 m, which meant that trees under 2 m were not considered in the segmentation. The smoothing factor and radius were set to a range of 0.5–1.5 and 5–9 pixels, respectively, which were used to alleviate over-segmentation according to the specific conditions of each sample plot.



The PFCHM segmentation method was also implemented with the watershed segmentation algorithm, but based on the pit-free CHM. The pit-free CHM was generated by removing pits in the CHM using a pit-free algorithm [20] which uses all the first echoes to generate the standard CHM raster and construct several partial CHM grids at each height threshold (e.g., 2 m, 5 m, 10 m, and 15 m). The highest value in all CHMs was used as the value of the corresponding pixel of the merged CHM raster. The parameter setting in the watershed segmentation was the same as in the CHM segmentation method.



The PCS segmentation method used a regional growth and spacing threshold to segment the trees [25]. The regional growth starts from the maximum point of the treetop to the lowest and from the center to the boundary, then it classifies points by judging the spacing threshold and the target point to the two-dimensional projection distance of all points in the tree. If the projection distance is less than the set spacing threshold and the distance to the target tree is less than the distance from the other trees, the target point is considered to belong to the target tree. In this study, we set the spacing threshold (0.5–2) based on the average spacing of the trees in each plot.



The LSS segmentation method is also a point cloud-based method that combines the layer stacking algorithm [27] and PCS algorithm [25]. The layer stacking algorithm is used to identify the position of trees in each plot which is achieved by looking for local maxima. The local maxima are then used as seed points to segment individual trees using the PCS algorithm. The resolution of the CHM used for layer stacking was set as 0.5 m. The setting for the smoothing radius and vegetation characteristics were the same as in the CHM segmentation method. The minimum tree spacing in PCS was set according to the average spacing of the trees under different forest conditions.




2.4. Accuracy Assessment of Different Individual Tree Segmentation Methods


The segmentation results of the four segmentation methods were quantitatively evaluated at the individual tree level. If a tree existed in the ground truth and was segmented correctly, it was called a true positive (TP). If a tree did not exist in the ground truth but was segmented, it was called a false positive (FP). If a tree existed in the ground truth but was not segmented, it was called a false negative (FN). High TP, low FP, and low FN indicated better segmentation results. We calculated the recall (r), precision (p), F-score (F), and overall accuracy (OA) in each plot using Equations (1)–(4) [12,35,51]. The recall is the tree detection rate, the precision is the accuracy rate, the F-Score is the weighted harmonic average of precision and recall, and the OA is the overall accuracy calculated as the percentage of trees segmented correctly in each plot.


  r =   T P   T P + F N    



(1)
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  F = 2 ×   r × p   r + p    



(3)






  O A =   T P  N   



(4)




where N represents the number of trees in each plot.




2.5. Extraction of Vegetation Characteristics


To analyze the influence of vegetation characteristics on different individual segmentation methods, we calculated commonly used forest structural parameters, such as leaf area index, canopy cover, tree density, and coefficient of variation of tree height, for each plot.



Leaf area index (LAI) is the unilateral total area of green leaves on a unit ground surface area which is one of the most important structural parameters of vegetation canopy [52] and has been successfully retrieved using remotely sensed data at different scales. In this paper, the LAI was extracted indirectly from the airborne LiDAR data using Equations (5)–(7).


  L A I = −  1  k  θ    l n   g a p   f r a c t i o n    



(5)






  k  θ  =   G  θ    cos  θ     



(6)






gap fraction = (number of returns < height break)/(total number of returns)



(7)




where θ is the incident angle which is calculated by the scanning angle. k(θ) is the extinction coefficient and G(θ) is the leaf angle distribution.



Canopy cover is defined as the proportion of the forest floor covered by the vertical projection of the tree crowns [13,16]. The LiDAR data can calculate the canopy coverage either by using the three-dimensional point cloud method or the two-dimensional CHM method [53]. In this study, we used the point cloud method because the data had echo information. The point cloud of each plot was first gridded into n grids, and then the CC could be calculated using Equation (8):


  C C =     ∑  1 n     n  v e g f i r s t      n  f i r s t      n   



(8)




where    n  v e g f i r s t     is the number of vegetation first returns and    n  f i r s t     is the total number of first returns.



Tree density is a quantitative measure of the number of trees per hectare (trees/ha) in each plot. The ratio of standard deviation of tree height to the mean tree height is the equation for calculating coefficient of variation of tree height (CVTH), which is a good indicator of the degree of dispersion of tree height variation. In this study, CVTH was calculated using Equation (9):


  C V T H =      1 n    ∑  1 n  c      Z i  −  Z ¯     2     Z   



(9)




where    Z i    is the height of tree i in a plot, n is the number of trees in a plot, and   Z ¯   is the average tree height in a plot.




2.6. The Relative Importance of Vegetation Characteristics


In this study, the multiple regression was used to analyze the influence of vegetation characteristics on different segmentation methods. The multiple regression method can quantify the relative contribution (i.e., relative importance) of predictor values by decomposing the total variance predicted in a regression model into weights that accurately reflect the proportional contribution of the various (often correlated) predictor variables. This helps to reduce predictor collinearity [54]. The predictor variables were ranked on the basis of the degree of interpretation of model variances (% of R2). The predictor with a higher weight has more influence on the model performance. In this study, the independent and dependent variables of the model were the influential vegetation characteristics (i.e., LAI, canopy cover, tree density, and CVTH) and the four segmentation methods (i.e., CHM, PFCHM, PCS, and LSS).




2.7. Trends in the Influence of Vegetation Characteristics


We also investigated the relative influence of the vegetation characteristics on the segmentation methods. The four selected attributes (i.e., LAI, canopy cover, tree density, and CVTH), which were significant variables in the multiple regression results (p < 0.05 and a large relative contribution to the segmentation model), were divided into three levels based on the range of vegetation characteristics (Table 3). We compared the accuracy of each individual tree segmentation method at three different levels of each vegetation characteristics in each forest type. Note that the forest type was a non-parametric variable that was not added to the regression analysis. Therefore, the regression analysis of the influence of the vegetation characteristics on the segmentation model was carried out under different forest types.





3. Results


3.1. Accuracy Assessment of Different Segmentation Methods in Different Forest Types


We compared the segmentation accuracy of four segmentation methods in three forest types (Figure 4). The quantitative accuracy assessment results showed that, in terms of forest type, all segmentation methods showed the best accuracy (the highest F-score and OA) and stability (the lowest standard deviation of F-score and OA) in conifer forests, followed by mixed forest and broadleaf forests. In addition, the recall of all segmentation methods was larger than the precision in all three vegetation types, especially broadleaf forest. The differences between precision and recall were also larger on point cloud-based segmentations (PCS, LSS) than CHM-based segmentations (CHM, PFCHM), which means that the point cloud-based methods were more sensitive to different vegetation types than the CHM-based methods. The differences among the segmentation algorithms mainly arise from differences in the precision of the segmentation rather than from differences in the recall of the segmentation.



Among the four segmentation methods, the PFCHM performed best in all forest types (Figure 5, Table 4). Specifically, in the conifer forest, the F-score, and OA of PFCHM were 0.88 and 0.9, respectively, followed by LSS, PCS, and CHM. In the broadleaf forest, the F-score and OA of the PFCHM were 0.8 and 0.83, respectively, followed by CHM, LSS, and PCS. In the mixed forest, the F-score and OA of the PFCHM were 0.85 and 0.87, respectively, followed by LSS, CHM, and PCS. In addition, PFCHM and LSS had the best stability in conifer and broadleaf forests, respectively.




3.2. Analysis of the Relative Importance of Vegetation Characteristics


The difference between stability and the mis-segmentation rate for CHM, PFCCM, PCS, and LSS displayed a decreasing trend in conifer forests, mixed forests, and broadleaf forests, respectively (Figure 5 and Table 4). This suggests that forest type was a significant factor affecting the effectiveness (F-score) of the different segmentation methods. The multiple regression analysis showed that the interpretation rates of the vegetation characteristics for the four segmentation models were 0.30, 0.20, 0.13, and 0.34 in conifer forest plots, respectively (Table 5). Although the correlations coefficients (R2) were weak, the influence of LAI and canopy cover on the accuracy of segmentation accounted for more than 50% of the relative weight (Figure 6). The CVTH was another vegetation characteristic that strongly influenced PCS segmentation. In broadleaf forest plots, vegetation characteristics accounted for 78% of the variance of the CHM, PFCHM, PCS, and LSS segmentation models, and the reported R2 were 0.19, 0.07, 0.49, and 0.36 in Table 5, respectively. The LAI and tree density had a significant influence on PFCHM, PCS, and LSS (p < 0.01) except for the CVTH. In the mixed forest plots, the R2 of the vegetation characteristics on the segmentation models (CHM, PFCHM, PCS, and LSS) was 0.48, 0.56, 0.50, and 0.29 in Table 5, respectively. Among them, the CVTH had significant influence on the four segmentation methods (p < 0.001).



In general, different vegetation characteristics had different degrees of influence on each segmentation method in different forest types. The LAI and canopy cover, LAI and tree density, and CVTH had large influences on the segmentation in conifer, broadleaf, and mixed forest, especially.




3.3. Analysis of the Influence Trend of Vegetation Characteristics


The LAI exhibited a negative correlation with the accuracy (F-score) of the four analyzed segmentation methods in the three forest types (Figure 7). Especially in the conifer and broadleaf forests, there was a significant downward trend in segmentation accuracy with the increase of LAI (p < 0.01), and with an increase in LAI, PFCHM corresponded earlier to the influence of LAI than LSS. The F-score of CHM, PFCHM, and LSS was significantly reduced by the influence of canopy cover (p < 0.001) in the conifer forest, especially when the canopy cover was greater than 0.5. However, the F-scores of various segmentation methods increased first and then decreased with the increase of canopy cover which showed a consistent downward trend when the canopy cover was larger than 0.8 in broadleaf and mixed forests. Next, the four segmentation methods generally showed a downward trend under the influence of tree density in conifer and broadleaf forests. When the tree density was greater than 200 trees/ha, the accuracy of CHM, PFCHM, and LSS decreased, and PCS was affected when the tree density was greater than 325 trees/ha (the sensitivity to tree density was relatively weak).



We also found that CVTH was another important factor in all forest types, especially in the mixed forests. In conifer forests, when the CVTH was larger than 0.6, the accuracy of the CHM-based segmentation methods (CHM, PFCHM) increased relative to the point cloud-based segmentation methods (PCS, LSS). In broadleaf forests, especially when CVTH was larger than 0.3, segmentation accuracy was affected more in point cloud-based segmentation methods than the CHM-based segmentation methods. In mixed forests, the four segmentation methods showed a significant downward trend with the increase of CVTH (p < 0.001), and the downward trend was more obvious when CVTH was larger than 0.25.





4. Discussion


4.1. Differences in Segmentation Accuracies of Different Methods in Three Forest Types


The segmentation accuracy (F-score) of PFCHM was the highest in all three forest types. The possible reasons are threefold. First, the pit-free method generated a pit-free CHM with a higher accuracy than the traditional CHM, resulting in a more accurate segmentation. Second, PFCHM can reduce the mis-segmentation by removing the pit in the canopy during the process of generating CHM using the pit-free algorithm and avoiding “over-segmentation” using Gaussian filters [55,56] before the watershed segmentation. Finally, the commission rate of the PCS and LSS methods was higher than that from the method based on PFCHM, which may be caused by the uncertainty of the spacing threshold in the tree segmentations, and the appropriate threshold was difficult to determine in large CVTH and dense forests [25]. Our results were also consistent with Ayrey et al. [27] who showed that the point cloud is split into smaller pieces (Figure 4d) in emergent conifer and deciduous trees in leaf-on conditions (mostly Pinus Strobus), because the crown edge provides more overlap than the center of trees. Especially in the broadleaf forest with more shrubs under the canopy, the LSS algorithm may have led to errors in each cluster layer. In addition, the segmentation accuracy of the PCS was lower than the other methods in the broadleaf forest but was better in the conifer forest which might be caused by the fact that it was initially developed for conifer forests [25].




4.2. The Influence of Vegetation Characteristics on Segmentation Accuracies


The analysis of the influence of vegetation characteristics on different segmentation methods is critical for the choice of segmentation methods and the improvement of segmentation algorithms. The variable importance ranking showed that LAI and canopy cover, LAI and tree density, and CVTH contributed more than the other vegetation characteristics in conifer, broadleaf, and mixed forests, respectively. To some extent, our results support the conclusions of Vauhkonen et al. [38] who found that tree density and clustering were the key vegetation characteristics affecting tree detection accuracy. Besides, Falkowski et al. [37] showed that when canopy cover is greater than 50% in conifer forests, segmentation accuracy is significantly reduced. Furthermore, Peuhkurinen et al. [36] suggested that individual tree segmentation is influenced by the number of stems, canopy cover, a regular or Poisson-distributed spatial pattern of tree location, tree size, and the amount of variations in tree size in boreal Scots pine stands. Magnussen et al. [57] suggested that small trees were inclined to be undetected in a heterogeneous canopy structures, since they might be covered by large trees. The heterogeneous nature of canopy morphology can be characterized by CVTH, and the results from this study further support this. Our study also found that different forest types had a great impact on the performance of segmentation algorithms which was mainly due to the difference in canopy morphology and canopy structure of different forest types. The results of Wang et al. [33] are consistent with ours, indicating that the correct tree crown detection was influenced by species, height, and crown shape of its neighboring trees.



The regression models between the LAI and the individual tree segmentation accuracy of the three forest types showed significant correlation (p < 0.01) and decreased with the increase of LAI. A larger LAI indicates more leaves per unit area, more complex canopy structure [25,58], greater tree density, or higher tree height. When the LAI is large in broadleaf forests, there is also the possibility that many shrubs are distributed in the understory [56,59]. Wang et al. [33] suggested that forest canopy characteristics, such as canopy closure and leaf area, influence the segmentation accuracy for suppressed trees. In addition, we found that the segmentation accuracy of CHM, PFCCM, and LSS in conifer forests was significantly reduced in areas of high canopy cover (p < 0.001), and the accuracy decreased more when the canopy cover was larger than 0.5. This result is well supported by the conclusions of Falkowski et al. [37,60] and Peuhkurinen et al. [36]. If the initial filtering of raw data into ground and vegetation is poor or there are shrubs higher than two meters [33], the extraction of canopy coverage and the performance of segmentation will be adversely affected. In broadleaf and mixed forests, when the canopy coverage is low, the spatial distribution and degree of aggregation of the trees are different and the segmentation accuracy can fluctuate greatly, as in Figure 7. When the canopy coverage is greater than 0.8, no matter how trees are distributed, the edge of a tree may inevitably be overlapped [21], and the segmentation accuracy decreases with the increase of canopy coverage. This might help to explain why the individual tree detection could not be employed when the canopy cover was larger than 70% in the study by Peuhkurinen et al. [36]. Tree density is a vegetation characteristic that has indisputably a great influence on individual tree segmentation [15,21,61]. In conifer and broadleaf forests, the F-score of the four segmentation methods showed a downward trend overall, and the CHM, PFCHM, and LSS decreased when the tree density was greater than 200 trees/ha, and PCS was affected when the tree density was greater than 325 trees/ha.



We also found CVTH to be a very important vegetation characteristic (Figure 8), which was significantly correlated with segmentation accuracy in all three forest types but has rarely been mentioned in previous studies [36]. A larger CVTH corresponds to a more heterogeneous structure of the canopy and a greater possibility that small trees are covered by large trees (Figure 8a) which may significantly reduce tree detection accuracy. This finding is consistent with studies by Magnussen et al. [62] and Ozdemir et al. [63]. To begin with, the more heterogeneous the structure of the canopy, the larger the CVTH, the greater the possibility that small trees will be covered by large trees (Figure 8a), and the greater the impact on the success of tree detection; this is also consistent with the studies by Magnussen et al. [62] and Ozdemir et al. [63]. In mixed forests, the canopy of conifer and broadleaf trees is very different which can increase the value of CVTH and bring more omission and commission segmentation errors [16,39,64,65,66]. This explains why the CVTH showed a negative correlation among segmentation accuracies, especially in mixed forests.




4.3. Limitations of the Present Study


This study compared the four current popular segmentation methods (i.e., point cloud-based and CHM-based methods) and explored which and how vegetation characteristics (i.e., forest type, LAI, canopy cover, tree density, and CVTH) affect segmentation accuracy. This study is key to selecting appropriate segmentation methods under different forest conditions. However, a shortcoming of this study was the lack of ground truth of filed investigations. In this study, ground truth was generated through visual identification and manual delineation of individual trees. However, there may still be errors in the manual delineation results which therefore influence the accuracy assessment results. Nevertheless, using manual delineation results as ground truth is believed to be accurate enough and is a very commonly used method for evaluating individual tree segmentation accuracy in the literature [21,22,25,67]. The ground truth was manually delineated by three experienced researchers who worked independently. Overall, 120 plots, representative of all possible forest conditions, were used in the evaluation, which further helped reduce the influence of random errors. Future studies evaluating the performance of individual tree segmentation algorithms on more complex rainforests or simpler plantation forests will need to be conducted. Additionally, the influence of vertical stratification [33], the standardized Morisot’s index [68], and the distribution of tree location [69] in the forest on segmentation are also important which should be considered in future studies.





5. Conclusions


This study compared four segmentation methods in three forest types and analyzed the influence of vegetation characteristics on the accuracy of different segmentation methods. The results showed that PFCHM performed best with the highest F-score (0.88) and overall accuracy (0.90), followed by LSS, PCS, and CHM. The performance of individual tree segmentation algorithms was found to be dependent on forest type, LAI, canopy cover, tree density, and CVTH. In conifer forest, PFCHM performed best overall, but LSS generated the highest individual tree segmentation accuracy when the canopy cover was lower than 0.3, while the PCS-based method was the least influenced by the change in canopy cover. In the broadleaf forest, the individual tree segmentation accuracy of all methods was lower than that in the conifer forest, and LSS is a better choice when the tree density is lower than 200 trees/ha. When tree density is higher than 325 trees/ha, PFCHM can generate individual tree segmentation results equivalent to the LSS method but with higher efficiency. In mixed forest, CVHT was the best indicator for determining the choice of segmentation methods. When CVTH was lower than 0.25, PFCHM performed best; when CVHT was higher than 0.25, LSS was a better choice. We believe these results can provide guidance for users to choose the appropriate individual tree segmentation methods under different conditions.
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Figure 1. Location of the study areas and plots in (d) conifer forest in California, (e) broadleaf forest and (f) mixed forest in Pennsylvania. Examples of National Agriculture Imagery Program (NAIP) imagery at 1 m resolution of (a) conifer forest, (b) broadleaf forest, and (c) mixed forest in the study area. 
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Figure 2. (a) The 3D view of the raw point cloud in a plot, (b) the top view of the raw point cloud, and the (c) manually delineated individual trees overlaid on the pit-free canopy height model. 
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Figure 3. The general workflow of the proposed study. Note that CHM-based/CHM, pit-free CHM-based/PFCHM, point cloud-based/PCS, and layer stacking seed point-based/LSS represent the four individual segmentation algorithms used in this study. LAI and CVTH represent leaf area index and the coefficient of variation of tree height. OA represents overall accuracy. 
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Figure 4. The individual tree segmentation results of (a) CHM, (b) PFCHM, (c) PCS, and (d) LSS in a coniferous plot. 
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Figure 5. Accuracy comparison of the four segmentation methods in (a) conifer, (b) broadleaf, and (c) mixed forests. 
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Figure 6. The relative weights of all vegetation characteristics on segmentation in (a) conifer, (b) broadleaf, and (c) mixed forests. CC and TD represent canopy cover and tree density. 
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Figure 7. The accuracy of the four individual tree segmentation methods varied with the four vegetation characteristic variables in the three forest types. The blue, red, yellow, and green bars represent CHM, PFCHM, PCS, and LSS, respectively, and the three levels of vegetation characteristics (shown in Table 3) increase from left to right in each color bar. 
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Figure 8. Tree density of two typical plots: (a) 400 trees/ha and (b) 680 trees/ha. 
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Table 1. Accuracies of different individual tree segmentation methods listed in the literature.
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	Algorithm
	Reference
	Vegetation Type
	Point Density (pts/m2)
	Accuracy (%)
	Evaluation Method





	Region growing a
	Hyyppä et al. (2001) [19]
	Conifer
	8–10
	-
	-



	Pouring a
	Koch et al. (2006) [15]
	Conifer, Broadleaf
	5/10
	62
	MARA



	Watershed a
	Jing et al. (2012) [17]
	Conifer, Broadleaf
	45
	69
	C, O



	Marker-controlled Watershed a
	Chen et al. (2006) [22]
	Conifer
	9.5
	64
	AATI



	Local maxima a
	Smits et al. (2012) [23]
	Conifer, Broadleaf
	9
	87.50
	D



	Pit-free canopy height model/PFCHM a
	Khosravipour et al. (2014) [20]
	Conifer, Broadleaf
	160
	74
	AI



	Normalized cut b
	Reitberger et al. (2009) [24]
	Conifer, Broadleaf
	25/10
	66
	-



	Point cloud segmentation b
	Li et al. (2012) [25]
	Conifer
	6
	90
	F-score



	Bottom-up region growing b
	Lu et al. (2014) [21]
	Broadleaf
	10.28
	84
	F-score



	Region growing b
	Hamraz et al. (2017) [26]
	Broadleaf
	25/1.5
	-
	-



	Layer stacking b
	Ayrey et al. (2017) [27]
	Conifer, Broadleaf
	21/6/5
	72
	D, C, O



	Iterative watershed b
	Duncanson et al. (2014) [28]
	Broadleaf
	18
	70
	-



	Watershed + k-means b
	Tochon et al. (2015) [29]
	Conifer, Broadleaf
	-
	69.86
	D, US, M, OS



	Hierarchical approach b
	Paris et al. (2016) [30]
	Conifer (Multilayer)
	50/8
	92–97
	D, C, O







N