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Abstract:

 Species identification and characterization in tropical environments is an emerging field in tropical remote sensing. Significant efforts are currently aimed at the detection of tree species, of levels of forest successional stages, and the extent of liana occurrence at the top of canopies. In this paper we describe our use of high resolution imagery from the Quickbird Satellite to estimate the flowering population of Tabebuia guayacan trees at Barro Colorado Island (BCI), in Panama. The imagery was acquired on 29 April 2002 and 21 March 2004. Spectral Angle Mapping via a One-Class Support Vector machine was used to detect the presence of 422 and 557 flowering tress in the April 2002 and March 2004 imagery. Of these, 273 flowering trees are common to both dates. This study presents a new perspective on the effectiveness of high resolution remote sensing for monitoring a phenological response and its use as a tool for potential conservation and management of natural resources in tropical environments.
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1. Introduction

Optical remote sensing investigations in tropical regions generally focus on the generation of land cover maps used to estimate tropical deforestation trends and habitat fragmentation at a regional and local scale [1], which in turn are used to estimate impacts on biological diversity in protected areas [2–4]. Other remote sensing monitoring efforts in tropical regions have focused on modeling ecosystem structure and composition [5,6], forest stand age [7–9], estimation of Leaf Area Index [5], Fraction of the Photochemical Active Radiation (FPAR) [10], and the identification and separability of tree species using hyperspectral imagery [11–13].

In the context of species separability using leaf and airborne spectral datasets for tropical regions, significant advances have been achieved [11–15]. Cochrane [14] using an approach designed by Price [16], illustrated the possibility of remotely identifying species using mahogany (as a reference species) and several other hardwood species from the Brazilian Amazon, but the approach was limited to an evaluation of the spectra’s amplitude and shape. Later, Clark et al. [11] demonstrated, using leaf spectra, that significant differences can be observed in several spectral bands across the visible and short wave infrared range for species on a tropical dry forest of Costa Rica. Castro-Esau et al. [12] further explored the problem of intra- and inter-species variability using a comprehensive leaf data set of tropical dry and rainforest trees from Mesoamerica. The main contribution of Castro-Esau et al. [12] was a novel implementation of machine learning algorithms, to better understand the potential separability among tropical tree species. Castro-Esau et al. [12] concluded that some level of separability exists among different species at the leaf level, and that the level of intra-species variability is sometimes as wide as the differences among distinct species. Zhang et al. [13] explored the same problem at the canopy level using imaging spectral data rather than single leaf measurements for a site at La Selva, Costa Rica. Zhang et al. [13] concluded, using the energy levels derived from wavelet coefficients, that wavelet transforms presented a robust tool for the identification of tree species using hyperspectral data, but warned that it may be impractical to expect the identification of species using only hyperspectral signals, given the high level of spectral similarity that exists at the intra- and inter-species level, confirming the finding by [12]. Similar studies at the leaf and plant level have been conducted by Tung et al. [17], Kamaruzaman and Ibrahim [18], Chaichoke et al. [19], Kelly and Carter [20] and Lucas and Carter [21]. Of importance to this work is Chaichoke et al. [19] whose methods diverge from established classification approaches [11], and move toward advanced classification techniques for plant species discrimination. Finally, Rivard et al. [15] expanded these findings to include the short wave infrared spectrum, and concluded, in agreement with Clark et al. [11], that significant inter-species differences exist in the shortwave infrared region of the light spectrum, and that further work is necessary to explore those linkages toward species identification in tropical regions. Furthermore, the success of single-species identification in tropical environments is also affected by the presence of liana loads and other parasitic elements living in tree crowns because of their tendency to mask the true tree spectral reflectance [22–25].

In addition to the studies mentioned above, other studies have shown the validity of using hyperspectral approaches to characterize patterns of regional ecosystem structure and function [26,27], as well as biomass estimates and biological diversity [28–30]. Although many of these studies have shown some degree of success, many of these approaches tend to be site specific, presenting problems when applied to varying ecosystems [31].

Crown-level analyses in tropical environments have benefited from the use of high resolution remote sensing (pixel <5 m), but few high-resolution studies in the tropics have been conducted, in part due to data costs. Pioneer studies have demonstrated the value of high-resolution satellite imagery for monitoring crown diameter and tree mortality in tropical environments [32–34]. The work of Asner et al. [32] and Palace et al. [34] has been especially promising regarding crown delineation/identification in tropical regions, which, in turn, can be linked to tree architecture studies. Tree crown separation is also of value in guiding the analyses of hyperspectral datasets.

One aspect that has not been explored in tropical environments is the linkage between high-resolution remote sensing, tree phenology (defined here as tree flowering events) towards species identification and mapping. Such studies have the potential of providing important information on the extent of populations of threatened or endangered tree species. In addition, in the context of long-term ecological monitoring programs, these studies may provide important insights into the response of tropical ecosystems to climate change and habitat fragmentation via the quantification of the extent of specific tree populations using reproduction signals as a proxy.

In this context, this paper explores how a combination of spectral analysis techniques applied to two Quickbird satellite images can be used to map the spatial distribution of reproductively mature Tabebuia guayacan trees at Barro Colorado Island (BCI) in Panama based on flowering events. The T. guayacan tree is a hardwood tree, used extensively since colonial times in Central America for construction projects. T. guayacan has one of the most extensive flowering responses to precipitation after the dry season in the tropics [35], making it an excellent candidate to evaluate the effectiveness of high resolution remote sensing techniques for mapping an explicit phenological expression (e.g., flowering episode). Such information can be used in developing conservation and sustainable management plans for this and related species.



2. Methods


2.1. Description of the Image Data and the Study Site

Two high-resolution Quickbird satellite images (2.4 m pixels) acquired in 29April 2002 (5% cloud cover) and 21 March 2004 (0% cloud cover) over Barro Colorado Island (BCI) in Panama (Figure 1) were used for this study. Acquisition dates were selected to capture extensive flowering events of T. guayacan (Bignoniaceae).

Figure 1. Location of Barro Colorado Island, Republic of Panama. Inset shows the location of the 50 ha plot used to validate the results of this study.
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T. guayacan flowering events are triggered at the end of the dry season (February–April), following short, intense precipitation episodes. T. guayacan flowering phases are “big bang” events characterized mostly by a “single brief highly conspicuous burst of mass flowering.” A T. guayacan canopy grouping typically presents up to 10,000 flowers in one single flowering event. Flowers can range from one to four inches in diameter, and grow in dense clusters. These flowers have a life expectancy of just two days [35]. Further studies [35] indicate that adjacent T. guayacan trees display near-perfect inflorescence synchronization. Flowering events may occur one or two times in a year (Figure 2).

Figure 2. Observations from T. guayacan flowers (a) Single flower, (b) branch, (c) canopy, and (d) landscape level from high-resolution aerial photography.
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The aforementioned phenological traits of this species make it remarkably well-suited to Quickbird image evaluation for population estimates. Two T. guayacan traits stand out: (1) brief inflorescence periods due to short-lived flowering bodies, and (2) synchronization of inflorescence due to precipitation triggering. The first trait centers on the short lifespan of an individual T. guayacan flowers, which can survive for no longer than two days, supporting the assertion that the two selected images in this study captured the entire regional phenological expression. In this context, for example, the 29 April 2002 Quickbird image captured all trees that flowered either April 28th or the 29th In other words, if all flowers were present on April 28th, all flowers will be dead and undetectable by April 30th.

The second trait that makes T. guayacan suitable for populations estimate by Quickbird image evaluation is synchronization. Inflorescence occurs in response to a large precipitation event, which synchronizes flowering for all adjacent individuals. Gentry [35], in documenting phenological observations of T. guayacan in Panama, indicated that this specific species presents “an amazing coordination of flowering between all the individuals of a population.” In other words, all trees observed on the Quickbird images are flowering at the same time, and they flower for two days only.

Both Quickbird images were georectified to UTM Zone 17 North. The April 2002 image was georeferenced using the Barro Colorado Island geo-spatial database and used as the master imagery for an image-to-image rectification of the March 2004 image. In both cases, a second-degree polynomial-resampling algorithm was used, given the relatively flat relief of the region. Root mean-square errors associated with the geo-rectification were estimated to be on the order of 1.5 m.

The imagery was atmospherically corrected by first converting the Quickbird data into radiance values using two different sets of absolute radiometric calibration factors (K values) provided by Digital Globe®. K values for 2002 and 2004 were different since they changed on 6 June 2003. Once that the images were converted into radiance values, an atmospheric correction using FLAASH with a tropical atmospheric model and sensor filter model was implemented using ENVI®.

To validate predictions from imagery, we used field data collected from a 50-ha long-term monitoring plot managed by the Smithsonian Tropical Research Institute (STRI, see insert in Figure 1). In this plot, STRI has identified all individuals of tree species. These data over the 50-ha plot reveal a population of 22 T. guayacan trees with a Diameter at Breast Height (DBH) equal to or higher than 0.20 m. Pursuing such an inventory for the entire island was not economically feasible.



2.2. Processing Algorithms

Image processing aimed at demarcating the centroid of flowering T. guayacan trees was conducted using two techniques: spectral angle mapping or SAM [39], and linear spectral unmixing, or LSU [40,41]. SAM computes the similarity of an unknown spectrum (of a pixel) in comparison to a reference spectrum, and has the advantage of allowing targeting of specific objects under variable illumination in the image [39]. LSU determines the abundance of pure endmember (class) materials within a pixel, based on the assumptions the pixels are pure and that the reflectance of each pixel is a linear combination of the reflectance components of each endmember material within the pixel. The performance of these algorithms is dependent on several factors, primarily including the data used and the spectral endmember selected [42]. Both algorithms (SAM and LSU) can be used to convert hyperspectral/multispectral imagery into biophysical information or thematic maps. Both SAM and LSU were used in this study to detect flowering T. guayacan trees, and the results were jointly analyzed to improve the mapping accuracy for mixed pixels. The two algorithms are similar in that both techniques require input of the target spectral signature (referred to herein as endmember), which in this case was obtained by averaging the brightest pixels of flowering T. guayacan trees as defined by One-Class Support Vector Machines (OCSVM).


2.2.1. One-Class Support Vector Machines (OCSVM)

The detection of the yellow flowering T. guayacan represents a one-class classification problem, a special case of the binary (two class) classification problem where data from only one class, the target class, are available and sampled well. The other class, the outlier class, is sampled sparsely or not at all, and the boundary between the two classes must be estimated from data of the available objects. Thus, the task is to define a boundary around the target class, such that it encircles as many target examples as possible and minimizes the chance of accepting outliers.

Thus, OCSVM, a recently developed one-class classifier and also a special type of Support Vector Machine (SVM), was adopted in the present study for the specific purpose of detecting pure pixels of flowering T. guayacan and excluding mixed pixels and pixels of background targets. The SVM is a statistical learning method [43], which can effectively handle high-dimensional data with a limited number of training samples. The SVM has shown considerable potential for the classification of remotely sensed data [44,45]. In the two-class formulation, the basic idea is to map feature vectors to a high dimensional space and compute a hyper-plane that not only separates the training vectors from different classes, but also maximizes this separation by making the margin as large as possible.

Scholkopf et al. [46] developed OCSVM to deal with the one-class classification problem. The OCSVM algorithm first maps input data into a high dimensional feature space via a kernel function, and then iteratively finds the maximal margin hyper-plane that best separates the training data from the origin. The OCSVM may be viewed as a regular two-class SVM where all the training data reside in the first class, and the origin is taken as the only member of the second class. Thus, the hyper-plane (or linear decision boundary) corresponds to the classification function:
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(1)




where w is the normal vector and b is a bias term. The OCSVM solves an optimization problem to find the function f with maximal geometric margin. This classification function can be used to assign a label to a test example x. If f (x) < 0, x is labeled as an anomaly, otherwise it is labeled normal.
Using kernel functions, solving the OCSVM optimization problem is equivalent to solving the following dual quadratic programming problem:
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subject to the conditions [image: there is no content] and [image: there is no content]where αi is a Lagrange multiplier, which can be thought of as a weight for example x, and ν is a parameter that controls the trade-off to maximize the distance of the hyper-plane (or hyper-sphere) from the origin (background data) and also maximize the number of data points (target data) contained by the hyper-plane; l is the number of points in the training dataset, and K(xi,xj) is the kernel function. By using the kernel function to project input vectors into a feature space, nonlinear decision boundaries are allowed. Some commonly used kernels are linear, polynomial, and Gaussian radial basis function (RBF) kernels.
In the present study, we used the LIBSVM 2.85 [47] algorithm available at  http://www.csie.ntu.tw/~cjlin/libsvm for the extraction of the flowering T. guayacan trees for each year. LIBSVM is an integrated tool for support vector classification and regression that implemented Sholkopf’s algorithm for a one-class SVM. We used the default RBF kernel for a one-class SVM.

Two parameters were selected in the classification: ν (Nu) and γ. The parameter ν (Nu), as described above, they perform a trade-off for allowing more target pixels inside the description and making the description more general for separating targets from the background. This is an important setting that also makes the algorithm tolerant to noise that might be present in the training set, which can be determined from ground truth data, or visually identified from image data (in this study). The parameter γ is the parameter from the RBF kernel, controlling the width of the Gaussian kernel [48].

For each of the 2002 and 2004 images, the output is a binary map locating pure pixels in the scene. In each case, the spectra of the pixels identified within this map were averaged in order to obtain a representative T. guayacan endmember spectrum. The latter was then used as an input for the SAM and LSU analysis described below.



2.2.2. SAM and LSU

The Spectral Angle Mapper (SAM) calculates the spectral angle (θ) between a target spectrum (t⃗) and the spectrum of each pixel (r⃗) of the image by:



[image: there is no content]



(3)




This method treats both spectra as vectors. The value of the spectral angle is insensitive to illumination, since the SAM algorithm uses only the vector direction and not the vector length.

Linear spectral unmixing (LSU) analysis is based on the premise that most pixels in an image are a mixed response of a set of linearly independent endmember spectra. To deconvolve a spectrum into fractional abundances of its constituent endmembers, the following equation can be solved using a least squares approach:
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(4)




where rb is the reflectance of the pixel at band b, Fi is the fractional abundance of the endmember i, Rib describes the reflectance of endmember i at band b, n equals the number of endmembers, and Eb is the error of the least square fit at band b. The results of LSU are fractional abundances of the endmembers in each pixel.
For both SAM and LSU, flowering portions of T. guayacan trees were considered the target endmember and other land covers (including generic vegetation, water, soil and man-made objects) were included in the spectral analysis as background information. Pixel spectra displaying a small spectral angle value (SAM results) represent pixels with spectra similar in shape to that of the endmember target, while pixels with larger target fractional abundances (LSU results) represent pixels that contain larger target abundance. Each analysis produced a new image indicating the presence of trees with flowers (Figure 3). These two images were then analyzed jointly to retain only pixels below a threshold spectral angle and above a threshold fractional abundance (Figure 4a). The output was a single image per date retaining pixels of flowering T. guayacan trees. Selection of the threshold values is discussed in the results section.

Figure 3. Selected area of Barro Colorado Island Quickbird satellite imagery (northwest region) of flowering T. guayacan acquired in (a) March 21st, 2004 and (d) April 29th, 2002. (b–e) Abundance map of T. guayacan estimated from the LSU algorithm. Scale bar represents the range of per-pixel fractional abundance. (c–f) Result from SAM algorithm for the same region. Scale bar represents the range of spectral angle (in radian) between the spectrum of each pixel and that of T. guayacan.
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Figure 4. (a) Scatter plot of T. guayacan fractional abundance and spectral angle for each pixel of the 2004 data for the area shown in Figure 3. Region A (fraction > 0.80) on the plot represents the purest pixels of flowering T. guayacan tree. Region B (0.25<fraction<0.80 and spectral angle <0.05) represents partially mixed pixels with flowering T. guayacan tree. (b) and (c) display all pixels encompassed by scatterplot Region A and B for 2004 and 2002 respectively.
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Using ERDAS Imagine 9.2 ©, both images were classified using the unsupervised classification method to identify the flowering individuals given the strong contrast observed on Figures 3c,f. Here the ISODATA clustering algorithm was used to cluster the pixels into 25 classes. Given the resolution of the imagery and the distinctiveness of the flowering individuals (Figures 3c,f), it was determined that 25 classes were more than sufficient to isolate the pixels that represented the flowering individuals. Once identified, the data were exported and added to a GIS where the XTools Pro extension in the ArcMap module of the ESRI ArcGIS 9.2 software suite was used to convert the objects representing the flowering individuals into centroid points. The Feature Conversion used was the Shapes to Centroids operation within the XTools Pro extension. Once centroids were determined, it became apparent that some tree crowns adjacent to one another were appearing as a singletree crown, and were each represented by a single, communal centroid. In order to check for this problem, we estimated—upon of measuring several crowns diameters on the 2000 and 2004 QuickBird images—that a buffer zone of 5 m could be safely used to check against the possibility the error mentioned above. As such a two-step quality control process was used. First, every centroid was automatically checked using a buffer analysis (buffer = 5.0 m ArcGIS 9.2). If two or more centroids fell within the selected range, they were considered one single crown. Second, given the high resolution of the data, manual visual inspection of all centroids was conducted by overlapping the result of the buffer analysis on top of a false color composite (RBG) of each QuickBird image. Though a subjective process, this task was easily performed, as multiple tree crowns appeared as notably irregular circles easily distinguishable from the circular shape of single, stand-alone tree crowns. Furthermore, given the relatively small size of the study area, this was a surmountable task done by visual inspection by an experienced analyst. The resultant centroid map product allowed for a count of flowering trees.



2.2.3. Accuracy Assessment and Cartographic Analysis

Since neither field nor aerial photography information is currently available for the years on which the QuickBird datasets were acquired, and therefore preventing the implementation of a conventional error analysis using a contingency matrix; we used two approaches to evaluate how well our algorithm detected the flowering crowns.

The first approach was ecological in nature. This approach was aimed to compare the number of reproductive trees, detected from the satellite image analysis, against those trees above a given reproductive threshold. The former information was obtained from the 50 ha Smithsonian Tropical Research Institute permanent monitoring plot [35]. This plot is currently containing a population of 22 T. guayacan trees with a Diameter at Breast Height larger than 0.20 m.

The second approach used aerial photographs acquired in 5–6 April 2005 as a reference to evaluate the success of our algorithm to detect individual flowering trees of T. guayacan for eighteen field sites. It is important to address here that this approach was also used to investigate the strong dynamic nature of this ecosystem where trees are growing and dying. The nominal resolution of the aerial photographs is 0.10 m. Figure 5 shows the locations and coverage of the photos used in this study. Centroids from flowering trees were visually identified for each photo and compared to the number found for the same area in both the 2002 and 2004 Quickbird images (Table 1). In addition to recording the number of flowering trees present, the number of matching individuals between both Quickbird images to the aerial photos was also recorded. This information can be used to partially illustrate the accuracy of the technique applied in this study to identify flowering trees, given the impossibility of conducting a traditional contingency table approach because of the lack of concurrent field information.

Figure 5. Location of 18 aerial photographs used to evaluate the accuracy of the technique. Numbers next to the aerial photography represents a unique ID assigned by the Smithsonian Tropical Research Institute (STRI). Images were acquired April 5–6, 2005. Nominal resolution is 0.20 m.
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Table 1. Intercomparison of results between computer-derived crowns and aerial photography interpretation of flowering trees. Number on parenthesis represents trees that did not flower in 2005 but that did flower in 2002 and 2004.


	Aerial

Photo ID
	2002

Quickbird image
	2004

Quickbird image
	2005

air photo
	Matching trees

2002–2005
	Matching trees

2004–2005





	1292
	5
	7
	6
	5
	5 (−2)



	1293
	8
	8
	9
	7 (−1)
	7 (−1)



	1294
	8
	14
	9
	8
	9 (−5)



	1301
	3
	6
	4
	3
	3 (−3)



	1345
	3
	6
	7
	3
	6



	1352
	2
	6
	8
	2
	6



	1360
	3
	5
	3
	3
	3 (−2)



	1364
	7
	8
	8
	7
	5 (−3)



	1371
	3
	8
	7
	2 (−1)
	6 (−2)



	1372
	9
	13
	13
	8 (−1)
	9 (−4)



	1373
	6
	13
	9
	3 (−3)
	4 (−9)



	1378
	3
	4
	7
	3
	3 (−1)



	1791
	4
	6
	7
	3 (−1)
	5 (−1)



	1864
	2
	3
	7
	1 (−1)
	2 (−1)



	1881
	3
	3
	9
	3
	3



	1944
	15
	11
	12
	11 (−4)
	6 (−5)



	1945
	10
	16
	15
	10
	9 (−7)



	1956
	2
	6
	6
	2
	6








By means of change detection analysis in ArcGIS® we also determined the number of flowering crown centroids common to the 2002 and 2004 images. This process assumes that centroids common to the two years represent the same trees, while other non-overlapping centroids between the two years represent tree crowns that flowered in 2002, but not in 2004. In the latter assumption, two scenarios are possible: (1) If the centroid is present in 2002, but not in 2004, the tree represented by that centroid has likely fallen, died or simply did not reproduce during the 2004 flowering event; (2) If the centroid is present in 2004 but not in 2002, the tree represented by that centroid is likely a new growth, meaning that it reached a DBH that allowed it to reproduce. Once anomalous fallen and new growth trees had been identified, the number of individuals overlapping both years was tallied up to yield the total number of common trees between the two years.





3. Results

Results from the application of the OSCVM technique indicate two sets of parameters for the accurate extraction of pure T. guayacan pixels. For the 2002 dataset ν (Nu) and γ were estimated to be 0.1 in both cases. For the 2004 dataset ν (Nu) and γ were estimated to be 0.1 and 7.5 respectively.

For each year, the output from OSCVM was treated as a pure T. guayacan endmember input for the LSU and SAM analysis. Then, a plot of flowering T. guayacan fractional abundance vs. spectral angle was generated for the 2002 and 2004 image (Figure 4a). For both datasets, the purest pixels dominated by flowering T. guayacan tree (more than 80% in fractional abundance per pixel) were identified using a threshold of F > 0.80 (Region A, Figure 4a). Mixed pixels partially occupied by flowering T. guayacan tree (25%∼80% in fractional abundance per pixel) were mapped by combining fractional abundance (0.25 < F < 0.80) and spectral angle values (<0.05 in radian) (Region B, Figure 4b,c), and, in general, they represent the edges of crowns.

The information generated from these two approaches is presented in Figures 3c,f and T. guayacan trees in flower during the two events are easily identifiable in comparison to their background. As such, our post-classification analysis using a centroid-based GIS approach clarified by a minimum clearing of overlapping crowns was able to detect 422 trees [Figure 6(a)] in the 2002, and 557 trees in 2004 [Figure 6(b)]. Two hundred and seventy three flowering trees were identified as common to imagery from both years (Figure 6c,d). Two clusters of trees are observed in Figure 6c. A large cluster is located in the eastern portion of the island and smaller cluster is located in the central section of the island. Besides these two areas, the remainder of the trees tends to be randomly distributed across the island without a noticeable geographic pattern.

Figure 6. Distribution of T. guayacan extracted using a target abundance threshold >80% for (a) April 29, 2002; (b) March 21st, (c) Combined populations excluding overlapping trees, and (d) trees common to the two dates.
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Of the 22 trees identified in the 50-ha plot estimated to have a DBH larger than 0.20 m, only eight and five were identified with flowers in the 2002 and 2004 imagery, respectively. Four of these trees were identified with flowers in both years, and 13 were not identified with flowers in either year. Visual inspection of the images showed no evidence that these trees had flowers. It is most likely that these trees failed to flower during both flowering events. All 13 have DBH larger than the reproductive size threshold of T. guayacan (0.3 m); however, the proportion of trees flowering increases gradually with DBH for tree species on Barro Colorado Island [50]. Therefore, we cannot determine whether the trees failed to flower in both years or flowered and failed to be detected.

Comparing the aerial photography with the outcome of our remote sensing approach, we estimated that 88% of the trees detected in the 2002 images were also detected in the 2005 aerial photographs (Table 1). Less (73%) of the crowns detected in 2004 were also detected in the 2005 aerial photographs. However, conducting a normal accuracy assessment based on a contingency table approach was not possible given the flowering dynamics of this species. This is illustrated by image 1372 in Table 1. For this image 13 trees were identified having flowers in both for 2004 and 2005. Although the number of trees is the same both years, which suggests 100% accuracy between both years, only 9 of the same trees were common in 2004 and 2005. This does not mean that we have a higher error in the classification but most likely that different trees were flowering during these years.



4. Discussion

High-resolution remote sensing imagery has proven extremely useful to identify tree crown boundaries in tropical environments, and to investigate the relationship between tree mortality, crown diameter, and shape [31–34]. However, the application of high-resolution multispectral imagery to identify tree populations using phenological expressions as a proxy had not been explored until now. The identification of the potential extent of tree populations using high resolution remote sensing can be facilitated if a plant’s natural history and phenological expressions are integrated into a regular remote sensing monitoring process. In this specific case, our understanding of when the trees will flower, combined with observations regarding the duration of the flowering event, the inflorescence synchronization common to this species, and the lifespan of the thousands of flowers produced by the T. guayacan [35], combined with ecological theory [49,50] allows us to identify the potential extent of the population of this tree if it has reached a given reproductive threshold.

The fact that only 273 T. guayacan trees were common to both blooming events, and that the total number of flowering trees identified in each image (422 in 2000 vs. 557 in 2004) differed substantially, poses important monitoring questions regarding frequency of data acquisition for studies aimed to monitor and assess tropical biodiversity using high resolution remote sensing. Specifically, our study demonstrates that the process of data acquisition may require several multi-temporal collections over several years, as well as an in-depth knowledge of the eco-physiological process driving flower production. Another important element to be considered is the presence or absence of lianas in the canopy that can affect our ability to use natural history to define and implement programs for the detection of tree populations that are reproducing. Wright et al. [50] have indicated that the presence of lianas is one of the key variables affecting tree reproduction even if such trees have reached the threshold reproductive DBH. In fact, [50] clearly indicated that liana loads influence the size-dependent probability of reproduction for specific tree species, and the presence of lianas may potentially factor highly in the differences observed in the number of trees detected in both years in this study.

Our study documents these issues (temporal acquisition and eco-physiological knowledge) showing that despite using selective targeting and ecological knowledge of flowering patterns for the T. guayacan tree, not all flowering trees in a given year were identified. The fact that only thirteen of the twenty-two T. guayacan trees present at the Smithsonian Tropical Research Institute’s permanent 50-ha plot were detected by spectral analysis focusing on the presence of flowers demonstrates the difficulty of using remote sensing observations to estimate the total number of individuals just based on limited observations of flowering episodes, stressing the need to have a good understanding of not only the natural history of the tree under consideration, but also those elements that affect its reproduction (e.g., liana loads).

Given that the total population of T. guayacan for the whole BCI Island is unknown and logistically impossible to estimate, it is difficult to assess whether the tree counts provided in this study provide a total estimate of the overall population of this species at BCI. This was not the primary goal of our paper. Figure 7 shows the difficulty on estimating even the same trees from year to year, which prevents the possibility of conducting traditional accuracy assessments. What we can indicate for sure is that our approach has been successful in identifying the majority of those trees that are above a given reproduction threshold. Even though the census of individuals is not complete, the derived maps can provide important information on the relative densities of species [51] or provide the basis of modeling of the extent and timing of flowering [52]. Wright et al. [50] define reproductive size threshold as the inflection point of the relationship between DBH and the probability of an individual to be reproductive (e.g., flower production). Wright et al. [50] also state that in the context of tropical tree species, the relative size of onset of maturity (RSOM) is a function of a given DBH and it contributes to species coexistence at a given site. Therefore, the issue is not the fact that we can identify every single tree from this species in the landscape, but that we can identify the fraction of the population that is reproducing. This has significant implications for the ecology and conservation biology of T. guayacan, a key species, along with other trees such as D. panamensis, for the survival of the Great Green Macaw (Ara ambiguus). Identifying the whole population could be relevant to tree counting and other compositional studies, but the full identification of trees that are reproducing provides significant insights on the future viability of the population of this important tropical tree, and opens new doors to the conservation biology community to consider how targeted remote sensing observations can provide important insights into their conservation efforts in tropical environments.

Figure 7. Comparison of Quickbird satellite images for 2002 and 2004 and the Smithsonian Tropical Research Institute’s aerial photography (1292 and 1791). Starts represent detected flowering trees (images and photos), black dots represent a tree with new leaves and red dots represent dead trees in 2005 that flowered in 2004 and 2002.
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5. Conclusions

Our study suggest that studies aimed at estimating the spatial distribution and total population size of a given species based on massive flowering events or big bang events must be handled with great care. High-resolution remote sensing images and their processing using advanced classification approaches, such as the ones used in this paper, can provide approximations of the presence or absence of a given tree species within a specific region that (a) has a DBH above a given reproduction thereshold and (b) have massive and synchronized phenological expressions. Our work also stresses the fact that if a species is present it does not means that it can be identified based on phenological expressions (e.g., flower productions) since in many cases these species may not be old enough to allow for such expression, or may be infested by lianas which hinders it reproduction. Therefore the approach presented here should be used not from the point of view of just simply counting trees, but in the context of obtaining a potential idea of the overall number of reproductive trees present in a region. The former has more significant impact towards biodiversity conservation that just tree identification and counting their number.

Furthermore, while the use of a combination of high-resolution remote sensing and classification algorithms during flowering events may provide important insights into the spatial distribution of a species and help to define clusters for potential genetic studies, it cannot replace field campaigns aimed at mapping the large-scale distribution of species. The approach presented here can be used as a first approach toward defining sampling areas in a given region. In addition, the use of high-resolution imagery and the ecological knowledge of flowering patterns have the potential to serve as a powerful tool for the identification and cataloguing of members of this species using emerging hyperspectral airborne remote sensing platforms.






Acknowledgments

This work was supported by the National Science and Engineering Research Council of Canada (NSERC), Discovery Grant Program; and the Inter American Institute for Global Change Research (IAI) Collaborative Research Network program (CRN) II # 021 that is supported by the U.S. National Science Foundation (Grant GEO 0452325). We are also thankful to Donnette Thayer for her help with the English in this manuscript and two anonymous reviewers for their comments. Patrick Jansen and Helene Muller-Landau helped collect the 2005 aerial photographs that were taken by Marcos Guerra of STRI.



References


	1. 
Achard, F; DeFries, R; Eva, H; Hansen, M; Mayaux, P; Stibig, HJ. Pan-Tropical Monitoring of Deforestation. Environ. Res. Lett 2007, 2, 045022. [Google Scholar]

	2. 
Forrest, JL; Sanderson, EW; Wallace, R; Lazzo, TMS; Cervero, LHG; Coppolillo, P. Patterns of Land Cover Change in and Around Madidi National Park, Bolivia. Biotropica 2008, 40, 285–294. [Google Scholar]

	3. 
Sánchez-Azofeifa, GA; Daily, GC; Pfaff, ASP; Busch, C. Integrity and Isolation of Costa Rica’s National Parks and Biological Reserves: Examining the Dynamics of Land Cover Change. Biol. Conserv 2003, 109, 123–135. [Google Scholar]

	4. 
Wright, SJ; Sánchez-Azofeifa, GA; Portillo-Quintero, C; Davies, D. Poverty and Corruption Compromise Tropical Forest Reserves. Ecol. Appl 2007, 17, 1259–1266. [Google Scholar]

	5. 
Kalacska, M; Sánchez-Azofeifa, GA; Rivard, B; Calvo-Alvarado, JC; Journet, ARP; Arroyo-Mora, JP; Ortiz-Ortiz, D. Leaf Area Index Measurements in a Tropical Moist Forest: A Case Study from Costa Rica. Remote Sens. Environ 2004, 91, 134–152. [Google Scholar]

	6. 
Kalacska, M; Sánchez-Azofeifa, GA; Calvo-Alvarado, JC; Rivard, B; Quesada, M. Effects of Season and Successional Stage on Leaf Area Index and Spectral Vegetation Indices in Three Mesoamerican Tropical Dry Forests. Biotropica 2005, 37, 486–496. [Google Scholar]

	7. 
Hermer, EH. The Landscape Ecology of a Tropical Secondary Montane Forest in Costa Rica. Ecosystems 2000, 3, 98–114. [Google Scholar]

	8. 
Castro-Esau, KL; Sánchez-Azofeifa, GA; Rivard, B. Monitoring Secondary Tropical Forests Using Space-Borne Data: Implications for Central America. Int. J. Remote Sens 2003, 9, 1853–1894. [Google Scholar]

	9. 
Lucas, RM; Honzak, M; Amaral, ID; Curran, PJ; Foody, GM. Forest Regeneration on Abandoned Clearances in the Central Amazonia. Int. J. Remote Sens 2002, 23, 965–988. [Google Scholar]

	10. 
van Laake, PE; Sánchez-Azofeifa, GA. Mapping PAR using MODIS Atmosphere Products. Remote Sens. Environ 2005, 94, 554–563. [Google Scholar]

	11. 
Clark, ML; Roberts, DA; Clark, DB. Hyperspectral Discrimination of Tropical Rain Forest Tree Species at Leaf to Crown scales. Remote Sens. Environ 2005, 96, 375–398. [Google Scholar]

	12. 
Castro-Esau, K; Sánchez-Azofeifa, GA; Rivard, B; Wright, SJ; Quesada, M. Variability in Leaf Optical Properties on Mesoamerican Trees and the Potential for Species Classification. Am. J. Botany 2006, 93, 517–530. [Google Scholar]

	13. 
Zhang, J; Rivard, B; Sánchez-Azofeifa, GA; Castro-Esau, K. Intra- and Inter-Class Spectral Variability of Tropical Tree Species at La Selva, Costa Rica: Implications for Species Identification Using HYDICE Imagery. Remote Sens. Environ 2006, 105, 129–141. [Google Scholar]

	14. 
Cochrane, MA. Using Vegetation Reflectance Variability for Species Level Classification of Hyperspectral Data. Int. J. Remote Sens 2000, 21, 2075–2087. [Google Scholar]

	15. 
Rivard, B; Sánchez-Azofeifa, GA; Foley, S; Calvo-Alvarado, JC. Species Classification of Tropical Tree Leaf Reflectance and Dependence on Selection of Spectral Bands. In Hyperspectral Remote Sensing of Tropical and Subtropical Forests; Kalacska, M, Sánchez-Azofeifa, GA, Eds.; CRC Press: Boca Raton, FL, USA, 2009; pp. 141–160. [Google Scholar]

	16. 
Price, JC. How Unique are Spectral Signatures? Remote Sens. Environ 1994, 49, 181–186. [Google Scholar]

	17. 
Fung, T; Ma, FY; Siu, WL. Hyperspectral data analysis for subtropical tree species recognition. Proceedings of Geoscience and Remote Sensing Symposium, IGARSS '98, Seattle, WA, USA, 6–10 July 1998; 3, pp. 1298–1300.

	18. 
Jusoff, K; Ibrahim, K. Hyperspectral Remote Sensing for Tropical Rain Forest. Am. J. Appl. Sci 2009, 6, 2001–2005. [Google Scholar]

	19. 
Vaiphasa, C; Skidmore, AK; de Boer, WF; Vaiphasa, TA. Hyperspectral band selector for plant species discrimination. ISPRS J. Photogramm. Remote Sens 2007, 62, 225–235. [Google Scholar]

	20. 
Lucas, KL; Carter, GA. The use of hyperspectral remote sensing to assess vascular plant species richness on Horn Island, Mississippi. Remote Sens. Environ 2008, 112, 3908–3915. [Google Scholar]

	21. 
Lucas, R; Bunting, P; Paterson, M; Chisholm, L. Classification of Australian forest communities using aerial photography, CASI and HyMap data. Remote Sens. Environ 2008, 112, 2088–2103. [Google Scholar]

	22. 
Schnitzer, SA; Bongers, K. The Ecology of Lianas and Their Role in Forests. TRENDS Ecol. Evol 2002, 17, 223–230. [Google Scholar]

	23. 
Castro-Esau, KL; Sánchez-Azofeifa, GA; Caelli, T. Discrimination of Lianas and Trees with Leaf-Level Hyperspectral Data. Remote Sens. Environ 2004, 90, 353–372. [Google Scholar]

	24. 
Sánchez-Azofeifa, GA; Castro-Esau, KL. Canopy Observations on the Hyperspectral Properties of a Community of Tropical Dry Forest Lianas and Trees. Int. J. Remote Sens 2006, 27, 2101–2109. [Google Scholar]

	25. 
Kalacska, M; Bohman, S; Sánchez-Azofeifa, GA; Castro-Esau, KL; Caelli, T. Spectral Discrimination of Tropical Dry Forest Lianas and Trees: Comparative Data Reduction Approaches at the Leaf and Canopy Levels. Remote Sens. Environ 2007, 109, 406–415. [Google Scholar]

	26. 
Chambers, JQ; Asner, GP; Morton, DC; Anderson, LO; Saatchi, SS; Espírito-Santo, FDB; Palace, M; Souza, C, Jr. Regional ecosystem structure and function: ecological insights from remote sensing of tropical forests. TRENDS Ecol. Evol 2007, 22, 414–423. [Google Scholar]

	27. 
Kalacska, M; Sánchez-Azofeifa, GA; Rivard, R; Caelli, T; White, HP; Calvo-Alvarado, JC. Ecological fingerprinting of ecosystem succession: Estimating secondary tropical dry forest structure and diversity using imaging spectroscopy. Remote Sens. Environ 2007, 108, 82–96. [Google Scholar]

	28. 
Broadbent, EN; Asner, GP; Pena-Claros, M; Palace, M; Soriano, M. Spatial partitioning of biomass and diversity in a lowland Bolivian forest: Linking field and remote sensing measurements. Forest Ecol. Manag 2008, 255, 2602–2616. [Google Scholar]

	29. 
Foster, JR; Kingdon, CC; Townsend, PA. Predicting tropical forest carbon from EO-1 hyperspectral imagery in Noel Kempff Mercado National Park, Bolivia. Geoscience and Remote Sensing Symposium, Toronto, Canada, 24–28 June 2002; 6, pp. 3108–3110.

	30. 
Thenkabail, PS; Hall, J; Lin, T; Ashton, MS; Harris, D; Enclona, EA. Detecting floristic structure and pattern across topographic and moisture gradients in a mixed species Central African forest using IKONOS and Landsat-7 ETM+ images. Intl. J. Appl. Earth Obs. Geoinf 2003, 4, 255–270. [Google Scholar]

	31. 
Nagendra, H; Rocchini, D. High-resolution satellite imagery for tropical biodiversity studies: The devil is in the detail. Biodivers. Conserv 2007, 17, 3431–3442. [Google Scholar]

	32. 
Asner, GP; Palace, M; Keller, M; Pereira, R; Silva, JNM; Zweede, JC. Estimating Canopy Structure in an Amazon Forest from Laser Range Finder and IKONOS Satellite Observations. Biotropica 2002, 34, 483–492. [Google Scholar]

	33. 
Clark, DB; Read, JM; Clark, ML; Murillo Cruz, A; Fallas Dotti, M; Clark, DA. Application of 1-m and 4-m Resolution Satellite Data to Ecological Studies of Tropical Rain Forests. Ecol. Appl 2004, 14, 61–74. [Google Scholar]

	34. 
Palace, M; Keller, M; Asner, GP; Hagen, S; Braswell, B. Amazon Forest Structure from IKONOS Satellite Data and the Automated Characterization of Forest Canopy Properties. Biotropica 2008, 40, 141–150. [Google Scholar]

	35. 
Gentry, AH. Coevolutionary Patterns in Central American Bignoniaceae. Ann. Mo. Bot. Gard 1974, 61, 728–759. [Google Scholar]

	36. 
Song, C; Woodcock, CE; Seto, KC; Lenney, MP; Macomber, SA. Classification and change detection using Landsat TM data: When and how to correct atmospheric effects? Remote Sens. Environ 2001, 75, 230–244. [Google Scholar]

	37. 
Scopélitis, J; Andréfouët, S; Phinn, S; Arroyo, L; Dalleau, M; Cros, A; Chabanet, P. The next step in shallow coral reef monitoring: Combining remote sensing and in situ approaches. Mar. Pollut. Bull 2010, 60, 1956–1968. [Google Scholar]

	38. 
Andréfouët, S; Gilbert, A; Yan, L; Remoissenet, G; Payri, C; Chancerelle, Y. The remarkable population size of the endangered clam Tridacna maxima assessed in Fangatau Atoll (Eastern Tuamotu, French Polynesia) using in situ and remote sensing data. ICES J. Mar. Sci 2005, 62, 1037–1048. [Google Scholar]

	39. 
Kruse, FA; Lefkoff, AB; Boardman, JW; Heidebrecht, KB; Shapiro, AT; Barloon, PJ. The Spectral Image-Processing System (SIPS)-Interactive Visualization and Analysis of Imaging Spectrometer Data. Remote Sens. Environ 1993, 44, 145–163. [Google Scholar]

	40. 
Adams, JB; Smith, MO; Johnson, PE. Spectral Mixture Modeling: A New Analysis of Rock and Soil Types at the Viking Lander 1 Site. J. Geophys. Res 1986, 91, 8098–8112. [Google Scholar]

	41. 
Adams, JB; Smith, MO; Gillespie, AR. Imaging Spectroscopy: Interpretation Based on Spectral Mixture Analysis. In Remote Geochemical Analysis: Elemental and Mineralogical Composition; Pieters, CM, Englert, PA, Eds.; Cambridge University Press: Cambridge, UK, 1993; pp. 145–166. [Google Scholar]

	42. 
Nirmal, KA. Survey of Spectral Unmixing Algorithms. Lincoln Lab. J 2003, 14, 55–78. [Google Scholar]

	43. 
Vapnik, VN. The Nature of Statistical Learning Theory; Springer-Verlag: New York, NY, USA, 2000; p. 341. [Google Scholar]

	44. 
Melgani, F; Bruzzone, L. Classification of Hyperspectral Remote Sensing Images With Support Vector Machines. IEEE Trans. Geosci. Remote Sens 2004, 42, 1778–1790. [Google Scholar]

	45. 
Pal, M; Mather, PM. Support Vector Machines for Classification in Remote Sensing. Int. J. Remote Sens 2005, 26, 1007–1011. [Google Scholar]

	46. 
Scholkopf, B; Platt, JC; Shawe-Taylor, J; Smola, AJ; Williamson, RC. Estimating the Support of a High Dimensional Distribution. Technique Report, Microsoft Research, Microsoft Corporation, One Microsoft Way Redmond, WA 98052, MSR-TR-99-87..

	47. 
Chang, C; Lin, C. LIBSVM: A Library for Support Vector Machines, Available online: http://www.csie.ntu.edu.tw/~cjlin/libsvm (accessed in 2007).

	48. 
Belousov, AI; Verzakov, SA; von Frese, J. A Flexible Classification Approach with Optimal Generalization Performance: Support Vector Machines. Chem. Intelligent Lab. Syst 2002, 64, 15–25. [Google Scholar]

	49. 
Condit, R; Hubbell, SP; Lafrankie, JV; Sukumar, R; Manokaran, N; Foster, RB; Ashton, PS. Species-Area and Species-Individual Relationships for Tropical Trees: A Comparison of Three 50-ha Plots. J. Ecol 1996, 84, 549–562. [Google Scholar]

	50. 
Wright, SJ; Jaramillo, MA; Pavon, J; Condit, R; Hubbellm, SP; Foster, RB. Reproductive Size Thresholds in Tropical Tress: Variation Among Individuals, Species and Forests. J. Trop. Ecol 2005, 21, 307–315. [Google Scholar]

	51. 
Caiillaud, D; Crofoot, MC; Scarpino, SV; Jansen, PA; Garzon-Lopez, CX; Winkelhagen, AJS; Bohlman, SA; Walsh, PD. Modeling the Spatial Distribution and Fruiting Pattern of a Key Tree Species in a Neotropical Forest: Methodology and Potential Applications. PLoS ONE 2010, 5, e150002. [Google Scholar]

	52. 
Jansen, PA; Bohlman, SA; Garzon-Lopez, CX; Olff, H; Muller-Landau, HC; Wright, SJ. Large-scale spatial variation in palm fruit abundance across a tropical moist forest estimated from high-resolution aerial photographs. Ecography 2008, 31, 33–42. [Google Scholar]























© 2011 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 license (http://creativecommons.org/licenses/by/3.0/).







media/file4.png





nav.xhtml


  sensors-11-03831


  
    		
      sensors-11-03831
    


  




  





media/file1.png





media/file2.png





media/file7.png





media/file5.png





media/file3.png
0.14

0.12
» 0.10
2
s
g
£
£ 008
o
=l
s
H 0.06
kit
?
o
@ 0.04

0.02

0.00

-0.20 0.00 0.20 0.40 0.60 0.80 1.00 1.20
Fraction per pixel
. + (b) . ©
A 4
. .A - -
v . -
i"
T






media/file0.png
pue|s| opesojo) oueg —=

s J01d
Azw\ o/d y 05

eag ueaqqued






media/file6.png
Al
»
i ¢
> 2002 I






