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Abstract:



A large part of arid areas in tropical and sub-tropical regions are dominated by sparse xerophytic vegetation, which are essential for providing products and services for local populations. While a large number of researches already exist for the derivation of wall-to-wall estimations of above ground biomass (AGB) with remotely sensed data, only a few of them are based on the direct use of non-photogrammetric aerial photography. In this contribution we present an experiment carried out in a study area located in the Santiago Island in the Cape Verde archipelago where a National Forest Inventory (NFI) was recently carried out together with a new acquisition of a visible high-resolution aerial orthophotography. We contrasted two approaches: single-tree, based on the automatic delineation of tree canopies; and area-based, on the basis of an automatic image classification. Using 184 field plots collected for the NFI we created parametric models to predict AGB on the basis of the crown projection area (CPA) estimated from the two approaches. Both the methods produced similar root mean square errors (RMSE) at pixel level 45% for the single-tree and 42% for the area-based. However, the latest was able to better predict the AGB along all the variable range, limiting the saturation problem which is evident when the CPA tends to reach the full coverage of the field plots. These findings demonstrate that in regions dominated by sparse vegetation, a simple aerial orthophoto can be used to successfully create AGB wall-to-wall predictions. The level of these estimations’ uncertainty permits the derivation of small area estimations useful for supporting a more correct implementation of sustainable management practices of wood resources.
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1. Introduction


Tree biomass is useful in assessing forest structure and condition, to estimate forest productivity and carbon fluxes; in providing a means of assessing sequestration of carbon in wood, leaves, and roots; and also as an indicator of both the biological and economic value of forest ecosystems. Thus, the estimation of forest biomass at different geographical scales (from local to global) becomes significant in reducing the uncertainty in the estimation of carbon sequestration, for measuring land degradation, and in understanding the roles that forests play in environmental processes [1]. In arid and sub-arid areas, rural populations depend greatly on fuelwood produced by sparse scrublands and woodlands. In such contexts, quick and cost-effective estimation and mapping of biomass availability is crucial for implementing proper management practices [2].



The traditional method of estimating forest biomass is based on field measurements, usually carried out in the framework of a statistical-based inventory. The direct measure of biomass with destructive methods is possible, but it is extremely time consuming [3]. For this reason, species-specific allometric models are used to estimate tree biomass on the basis of variables more easily measured in the field, such as tree diameter at breast height (DBH), tree height, crown projected area and/or wood density [4,5,6,7].



Alternatively, these variables measured in the field are used to estimate the growing stock volume of wood that is than transformed in biomass through species-specific expansion factors [8,9,10].



More recently, process-based ecosystem models simulating biogeochemical processes can also be used for predicting biomass [11]. Constraints in data source (e.g., climate data, soil, and topography), spatial resolution, and inaccuracy of models often resulted in high uncertainties in such estimates [12,13].



None of these approaches are able to produce wall-to-wall biomass spatial estimations. Conversely, remote sensing techniques have the capability of overcoming these limitations consistently capturing land surface features over large areas at limited costs [14]. In past decades, an increasing number of researches have explored the possible use of remote sensing-based models to provide accurate biomass estimation across different biomes and at different geographical scales.



Remotely sensed data collected by optical multispectral and hyperspectral sensors, radar (radio detection and ranging) and lidar (light detection and ranging) combined with techniques based on empirical regression models or non-parametric algorithms are commonly used to estimate above ground biomass (AGB) in forest areas. Kumar et al. [2], Lu et al. [14], and Wang et al. [15] recently provided good reviews of these methods.



AGB estimation exclusively from airborne visible imageries is instead not commonly reported in literature, mainly because of the problematic use of these images which are characterized by a complex spatial texture, typical of very high resolution data, and of their limited spectral information. Possible reasons for their limited use are also the high acquisition cost and thus the limited time frequency. For these reasons, even if forest inventories are frequently based on the use of digital airborne optical remote sensing [16], only a limited number of contributions are available describing their use for forest variables wall-to-wall estimation [17,18,19,20,21]. Previous investigations have taken into consideration aerial imagery, acquired in the near infrared (NIR) wavelengths only to complement other remotely sensed sources such as airborne laser scanning (ALS) [20].



We think that in arid areas with sparse xerophytic vegetation the AGB estimation is still possible on the basis of aerial photography only. Under these conditions, the capabilities of ALS or radar data in capturing the vertical variability of forest stands is not essential as it is in other environments. Such an hypothesis is supported by some studies based on very high spatial resolution satellite or airborne imagery used to delineate single tree canopy areas in arid [22] or urban [23] environments.



The single-tree approach based on canopy delineation can be used as a predictor to estimate AGB, but this procedure is complex and computing intensive when implemented on large regions [24,25]. For this reason, it is particularly interesting to investigate if a more simple area-based approach can lead to similar results. Considering the general availability of visible high spatial resolution aerial imagery at low or no cost, the proposed approach can be a valuable alternative for ABG biomass estimation in arid environments where ALS or high resolution multispectral imagery is not available, at least when forest areas are dominated by sparse vegetation.



The objective of this investigation is to assess the performance of single-tree and area-based approaches for AGB estimation, using high spatial resolution aerial visible color imagery over Cape Verde xerophytics woodlands.




2. Materials and Methods


2.1. Materials


2.1.1. Study Area


Cape Verde is an archipelago of ten islands (nine inhabited) and five islets located in the eastern Atlantic Ocean, approximately 570 km from the coast of Senegal, West Africa (16°N, 24°W) (Figure 1).


Figure 1. Location of the study area in the Cape Verde archipelago. On the bottom right the forest map in green with the location of the field plots.
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The total land area for the archipelago is 4564 km2. Cape Verde’s flora consists of 621 species of which 240 are indigenous and 84 endemic [26]. The current vegetation is the result of significant human impact that led to the introduction of nearly two thirds of the current species and substantial changes in the ecosystems. The Cape Verdean forests are the result of afforestation programs created over the past decades. The first afforestation programs initiated since 1930 during the Portuguese colonization. First in the humid areas and then intensified, after the country’s independence in 1975, in the arid and semi-arid zones to control soil erosion, and increasing the fuelwood and fodder production.



The study area is located in the south sector of Santiago Island, coordinates upper left 15°0′33.368′′N; 23°37′42.82′′W—lower right 14°56′11.818′′N; 23°27′40.946′′W, covering an area of 14,399 ha in the arid and semi-arid zones representatives of xerophytics woodlands of the island. Approximately 44% of this area is covered by forests (Figure 1) which are dominated by shrub-like growing species having an average canopy cover of 43%, and the mean tree density is 252 trees·ha−1. Prosopis sp. represents the 95% in frequency, of the total fifteen wood species observed. Other species with some noticeable participation are Jatropha curcas, Acacia nilotica, Acacia Senegal, Parkinsonia aculeata and Acacia albida. The remaining non-forested land includes non-productive areas, agriculture and urban areas.




2.1.2. Field Data


The data used as ground truth for the study are based on the fieldwork carried out during the Cape Verde National Forest Inventory (NFI) in 2009. The inventory is based on a systematic sampling design with quadrats of 150 m. In the first phase of the NFI, the quadrats were classified in forest or non-forest by manual interpretation of high-resolution aerial orthophotography. The FAO forest definition was adopted. In the study area the forest area resulted in 14,399 ha.



In the second phase of the NFI, a subset of 10% of first phase forest units was selected by simple random sampling without replacement (SRSWOR) and surveyed in the field (Figure 1). In the center of each square a circular plot of 500 m2 was created for such a purpose and all the trees in the plots taller than 50 cm were mapped and measured. The data collected are the following: tree position, tree species, tree height, crown projected area (based on 4 perpendiculars radius). The field work was carried out using the Field Map system [27]. For each field plot the AGB was calculated on the basis of local allometric equations developed within the CV-NFI [28]. The study on biomass models used destructive sampling of Prosopis juliflora that was carried out on three islands, namely Santo Antão, Santiago and Maio. The data used in this study are from 184 plots and 2218 measured trees.




2.1.3. Aerial photo


The imagery dataset used for this study is an aerial RGB orthophoto acquired in January 2010 with a spatial resolution of 40 cm (Table 1).



Table 1. The characteristic of the imagery used in the study.







	
Radiometric and Spectral Resolution

	
Natural Colour (RGB) 24-Bit Colour (3 × 8 Bits Per Band) Red, Blue, Green






	
Horizontal accuracies

	
±3 pixels




	
Sensor information

	
Analogic camera




	
Image width, height (pixels)

	
100,000 × 125,000




	
Ground sample distance (GSD)

	
0.4 × 0.4 m




	
Sun angle

	
>40°




	
Fly altitude

	
3800 m




	
Source

	
Geodata Air S.A.










The visible atmospherically resistant index (VARI) [29] in the form:


VARI = (Green − Red)/(Green + Red − Blue)








was calculated at this step and used as an additional band in the analysis.




2.1.4. Forest Map


When producing a wall-to-wall estimation of AGB it is essential to clearly define the spatial domain for which the estimation will be produced. Using the terminology adopted for the well-known k-nearest neighbors technique, such domain is called the target set which is the population units for which predictions of response variables (AGB biomass) are desired [30,31]. In this study we adopted as target set the forest area created in the first phase of the CV-NFI. From the original resolution of 150 m the forest/non-forest map was resampled at 22.4 m to approximately match the dimension (500 m2) of the field plots adopted in the NFI. This resulted in a total target set of 287,980 pixels corresponding to approximately 14,399 ha, for which the AGB estimation was produced.





2.2. Methods


In this study, we compared two approaches for the wall-to-wall prediction of AGB: (i) single tree detection, and (ii) area-based mapping. The first one is based on the object-oriented single tree mapping by image segmentation and object-oriented classification, while the second one is based on the pixel level tree crown mapping by unsupervised classification of the aerial imagery. Both the methods bring to the production of a plot level value of the crown projection area (CPA), which is then used as a predictor for the AGB estimation. We first present the methods used for both the approaches based on an empiric optimization of the algorithms, and then the final wall-to-wall estimation procedure.



2.2.1. Single Tree


The aerial image was processed by a multiresolution segmentation based on the well-known region growing algorithm implemented in the eCognition software [32]. After testing different settings combinations, we adopted a scale factor equal to 5, a color/shape ratio equal to 0.3, and a smoothness/compactness ratio equal to 0.6 (Figure 2).


Figure 2. Comparison between field-measured crowns (red polygons, above) and segments obtained by multiresolution segmentation (green polygons, below).
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2.2.2. Area-Based


After testing several supervised classification methods with both parametric and non-parametric approaches, we adopted an unsupervised classification based on the iso-clustering algorithm implemented in the TerrSet software [33,34].



Iso-clustering is an iterative self-organizing, unsupervised classifier based on a concept similar to the well-known isodata routine of Ball and Hall [35] and cluster routines such as the H-means and K-means procedures. We find that the best results were obtained using 8 clusters that were further reclassified to obtain a boolean map at 0.4 m resolution (Figure 3).


Figure 3. Tree canopy map obtained by visible atmospherically resistant index (VARI) image processing.
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We then calculated the total CPA per each field plot as the area of the 0.4 m pixels from the boolean map for each one of the field plots of the NFI. We used a generalized linear model (GLM) to predict the total ABG biomass per plot on the basis of the CPA value.




2.2.3. Wall-to-Wall AGB Spatial Estimation


For each of the 500 m2 pixels in the 14,399 ha of forest in the study area, we calculated the CPA on the basis of the best model. This means that using the area-based approach we calculated the CPA summing up the 0.4 m resolution pixels from the boolean map. We then applied the linear model to derive a wall-to-wall estimation of the ABG biomass to all the 287,980 pixels of the target set.



The accuracy of the final results was derived comparing estimates with measured AGB in the field by calculating the root mean square error (RMSE) (Equation (1)) and its percent version (RMSE%) (Equation (2)).


[image: there is no content]



(1)
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(2)




where [image: there is no content] is the AGB measured in the i-th sampling unit and [image: there is no content] is the AGB estimated for the same i-th unit from the single-tree or area-based approach. [image: there is no content] is the average of the AGB measured in all the sampling units.






3. Results


The performance statistics of the linear models (Figure 4) developed for the single-tree and area-based approaches are in Table 2. Even if both the models demonstrated the possibility of predicting AGB (at the 0.05 level, the slope of the models was always significantly differ from zero), the area-based approach demonstrated better performances (Figure 4) with an adjusted R-square 30% higher than the tree-level result.


Figure 4. The generalized linear model (GLM) used to predict above ground biomass (AGB) on the basis of crown projection area (CPA) from the single-tree (A) and the area-based approach (B).
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Table 2. The parameters and performances of the GLM used to predict the AGB on the basis of CPA from the single-tree and area-based approach.







	

	
Single-Tree

	
Area-Based






	
Intercept

	
131.79

	
SE = 29.69

	
−72.56

	
SE = 19.48




	
Slope

	
2.50

	
SE = 0.128

	
3.47

	
SE = 0.084




	
Pearson

	
0.83

	
0.95




	
Adj. R-Square

	
0.70

	
0.90










Wall-to-Wall Predictions


As expected from the model development phase, the area-based approach was able to produce a slightly more accurate spatial estimation of the AGB (RMSE of 4.76 t·ha−1, 45% of the true average value) if compared with the tree-level approach (RMSE of 5.04 t·ha−1, 48% of the true average value) (Figure 5).


Figure 5. Accuracy of the AGB (in t·ha−1) wall-to-wall spatial estimation based on the single-tree (A) and area-based (B) approach.
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The area-based model was used to derive the final AGB wall-to-wall spatial estimation in the study area (Figure 6).


Figure 6. Final AGB map of the study area calculated on the basis of the area-based approach.
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4. Discussion


On the basis of the results achieved, both the models demonstrated a slight underestimation of the real AGB measured in the field, though the underestimation was higher for the single-tree approach (Figure 7).


Figure 7. Distribution of the biomass observed and predicted by the two models for the field plots. Values in in t·ha−1.
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From a visual inspection of the imagery, it seems that this phenomenon can be related to the fact that brighter crown portions of the trees tend to be confused with the soil background, resulting in an underestimation of the crown size mapped and thus of the predicted biomass. Moreover, the models cannot differentiate different values of biomass in those plots where the tree canopy occupies most of the plots area, in these conditions partial crown overlaps cannot be considered, resulting again in an underestimation of biomass predictions. This phenomenon, called saturation, is well documented in literature when biomass predictions are based on optical or radar images [36]. Sunlit and shaded area/ratio contain information that can further improve the predictions. In this study, they were not considered, but such information is essential to reveal vegetation clumping, and were found useful in spatial modeling of forest productivity [37,38].



The performance of our models is lower than what is reported in similar studies carried out on the basis of very high resolution multispectral satellite images. For example, Ozdemir [24] reports a RMSE of approximately 13% for the estimation of stem volume of sparse vegetation dominated by Juniperus spp. on the basis of QuickBird imagery in western Turkey. Several reasons can contribute to explaining these differences.



For example, in the single-tree approach we noticed that large crowns are sometimes segmented in more than one polygon that are thus erroneously considered as small trees with very little biomass. The biomass summed up at plot level of these artifacted small trees results much smaller than the real biomass. We tried to reduce this effect adjusting the scale of the segmentation process, but better results can be probably obtained by stratifying the image in subsets based on tree dimension and applying different segmentation scales in each subset.



Other uncertainty sources may have influenced the accuracy of the estimations, both on the basis of the single-tree or the area-based approach, but it was not possible to directly take into account all of them in this study.



For example, the relationship between data measured in the field plots and the analysis of the remotely sensed data are based on the perfect co-registration between the GNSS positioning acquired in the field and the georefering of the orthophotos. Errors in GNSS positioning cause observations of ground attributes to be associated with incorrect spectral values. This has an adverse impact on the possibility of deriving accurate spatially continuous maps and to draw correct inferences from them [39]. In this study, we tried to minimize this error source using real-time DGPS, electronic compass navigation and laser rangefinder. Nevertheless, the measurement of the tree crown projected area in the field is a challenging task for the irregularity and variability of crown shapes.



Finally, to reduce the bias of AGB pixel level estimation we recommend the use of predictions aggregated for larger areas. This type of approach is frequently recalled as small area estimation (SAE) [40]. For example, when the results are aggregated for the whole area of 14,399 ha the design-based estimation of the total AGB based on the sampling design was 182,882 Mg against 163,861 Mg predicted by the area-based model and 147,993 Mg predicted by the single-tree model.



As is clearly reported in literature, more accurate results in AGB estimations can be reached only with the introduction of different remotely sensed predicting variables, such as multispectral images, or 3D information from ALS or photogrammetry [25,41].




5. Conclusions


The goal of this study was to evaluate if non-photogrammetric visible aerial imagery could be used for the wall-to-wall prediction of forest biomass in a study area located in the island of Santiago in Cape Verde, dominated by xerophytic vegetation. More specifically, we were interested in comparing the single-tree and the area-based approaches. To do so, we used the data from the local National Forest Inventory made of 184 plots in a study area of 14,399 ha.



The results we obtained bring us to the following main conclusions.

	
Aerial photography in these specific forest conditions characterized by sparse trees can be used to produce wall-to-wall predictions of forest biomass independently of the approach followed. This is relevant especially for those areas where ALS or high resolution multispectral satellite data are not yet available. Predictions are valid until the tree canopy tends to close. In areas with a denser tree canopy, estimations based on optical data only tend to accumulate higher uncertainty.



	
The area-based approach was more accurate than the single-tree method. This is an important finding because this method is also the easiest in terms of image processing complexity and computation time and thus of hardware and software requirements. We noted that when the biomass values to be predicted are lower, the performance of the single-tree approach is higher, but the area-based approach demonstrates a more uniform prediction across the overall biomass range.








A further improvement of the method requires the stratification of the remotely sensed data on the basis of background characteristics and ancillary data, thus permitting a finer tuning during image processing.



Deeper GIS analysis oriented to the elaboration of more detailed forest maps can play a significant role in improving the estimation accuracy. This could be the basis for an iterative process of tuning the models for biomass and forest cover mapping that could be extended to the whole country.
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