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Abstract

:

Invasion by non-native tree species is an environmental and societal challenge requiring predictive tools to assess invasion dynamics. The frequent scale mismatch between such tools and on-ground conservation is currently limiting invasion management. This study aimed to reduce these scale mismatches, assess the success of non-native tree invasion and determine the environmental factors associated to it. A hierarchical scaling approach combining species distribution models (SDMs) and satellite mapping at very high resolution (VHR) was developed to assess invasion by Acacia dealbata in Peneda-Gerês National Park, the only national park in Portugal. SDMs were first used to predict the climatically suitable areas for A. dealdata and satellite mapping with the random-forests classifier was then applied to WorldView-2 very-high resolution imagery to determine whether A. dealdata had actually colonized the predicted areas (invasion success). Environmental attributes (topographic, disturbance and canopy-related) differing between invaded and non-invaded vegetated areas were then analyzed. The SDM results indicated that most (67%) of the study area was climatically suitable for A. dealbata invasion. The onset of invasion was documented to 1905 and satellite mapping highlighted that 12.6% of study area was colonized. However, this species had only colonized 62.5% of the maximum potential range, although was registered within 55.6% of grid cells that were considerable unsuitable. Across these areas, the specific success rate of invasion was mostly below 40%, indicating that A. dealbata invasion was not dominant and effective management may still be possible. Environmental attributes related to topography (slope), canopy (normalized difference vegetation index (ndvi), land surface albedo) and disturbance (historical burnt area) differed between invaded and non-invaded vegetated area, suggesting that landscape attributes may alter at specific locations with Acacia invasion. Fine-scale spatial-explicit estimation of invasion success combining SDM predictions with VHR invasion mapping allowed the scale mismatch between predictions of invasion dynamics and on-ground conservation decision making for invasion management to be reduced. Locations with greater potential to suppress invasions could also be defined. Uncertainty in the invasion mapping needs to be accounted for in the interpretation of the results.
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1. Introduction


The spread of non-native species is of global concern [1] and the mitigation of invasions is a target of the European Union 2020 Strategic Plan for Biodiversity [2]. Mountains, areas of global significance for people and biodiversity, are particularly sensitive to invasion by non-native species [3]. To quantify and monitor the success of invasion processes is therefore a major step-forward to evaluate and mitigate the impacts of non-native species in the structure and functioning of ecosystems, and to support management.



The quantification and analysis of invasion extent at the landscape level is at the basis of effective management. One of the most frequent approaches for such purpose is represented by spatial predictions obtained from species distribution models (SDMs) based on habitat suitability. Despite their relevance in many contexts, these predictions present some limitations for monitoring or mitigation purposes (e.g., in terms of grain or detail; [4]) as highlighted by the scarce evidence of SDMs supporting solutions for on-ground conservation problems [5]. The scale mismatch between this predictive tool and on-ground conservation is limiting invasion management. Accurate high-resolution mapping of land colonized by invasive species is increasingly used for management decisions [6] as it allows such colonization be quantified, a greater understanding of invasion dynamics and ecosystem responses from regional to local (landscape) scales and a guidance of plot-level studies. However, the link between SDMs and remote sensing can provide information that is needed to address new invasion ecology challenges as invasion dynamics and success of invasion [7,8].



Recent developments in Earth Observation (EO), the dissemination of satellite systems and data (e.g., Sentinel-2) and advances in classification approaches [9,10,11] have collectively provided new opportunities for such integration. The sensors resolution (spectral, spatial and temporal) has improved and the set of semi-automated image interpretation methods (e.g., EODHAM, [12]) allowed repeatability and increased detail and accuracy of mapping [6]. In this front, Object-Based Image Analysis (OBIA) techniques have facilitated the use of very high resolution (VHR) optical imagery (e.g., WorldView-2) [13,14,15], namely with sub-metric spatial resolution of image pixels. The merging of terrain and spectral data into image classifications [16,17] and the use of texture measures as contextual descriptors [18] has also enhanced the classification ability of machine-learning algorithms including random forests (RF) [19,20] and support vector machines (SVMs) [21].



These advances are evidenced by the increasing attempts to combine remote sensing variables and SDM frameworks [6,22,23,24], mainly to proxy or describe structural or functional attributes of the landscape. In invasion ecology, this incorporation has focused primarily on obtaining predictive variables to improve spatial and temporal representations of species distribution [25]. However, other strategies to integrate remote sensing data and ecological models exist [26], namely their combination into hierarchical scaling approaches that seek to use both source data as independent descriptors for invasion processes. When combined, these sources allow the success of invasion to be assessed by linking forecasted suitability with observed invasion distribution at fine resolution, and to use this data to further analyze the invasion process. These approaches and data can contribute to efforts aimed at addressing on-ground conservation [5]. For example, the comprehension and management of European Larch colonization has been assisted by linking regional habitat suitability with landscape dynamics models [27].



In this study, invasion success was assumed as the capacity of non-native species to colonize areas forecasted for invasion. We aimed to illustrate a fine-scale spatially-explicit mapping of invasion success by the non-native tree A. dealbata combining the strength of SDMs predictions at regional scale (200 × 200 m) with fine resolution mapping based on WorldView-2 very-high resolution satellite data (2 × 2 m). The approach combined hierarchically the two types of information. First, SDMs predicted the regional potential distribution of A. dealbata based on the climate suitability. Then, scaling down to the landscape level using OBIA satellite mapping with RF classification, the success of A. dealbata in colonizing those areas was assessed by two metrics: overall and specific success rate of invasion. Later, environmental attributes (topographic, disturbance and canopy-related) of invaded and non-invaded vegetated areas were compared to identify specific attributes of A. dealbata invasion which may conduct to changes in environmental attributes of landscape. Results are discussed considering the ecology of A. dealbata invasion and the relevance of the proposed approach to manage invasion in a societal context where managing authorities has limited human resources and large areas to cover. The Peneda-Gerês National Park (Portugal), where A. dealbata was planted as far back as 1905 for soil erosion control [28], was the study area. Portugal is one of the European countries most affected by plant invasions [29] particularly by Acacia trees, a group of widespread and aggressive non-native plants in Europe and an environmental threat to native biodiversity in Southwestern Europe [4,7,30].




2. Materials and Methods


2.1. Study Area


The study area comprises 53.5 km2 located in a central valley of the Peneda-Gerês National Park (41°42′25.2″ N, 8°10′1.2″ W) in the northwest of Portugal (Figure 1). It is included in the transnational UNESCO biosphere reserve Gerês-Xurês and protected under EU legislation (Habitats and Birds Directives). The climate is temperate sub-Mediterranean influenced by its location at the transition between Atlantic and Mediterranean conditions. Total precipitation amounts to 1300 mm/year and mean annual temperature to 13 °C, with large amplitude in mean annual values between cold and warm seasons (−10 to 35 °C). Elevation ranges from 145 to 1253 m above sea level (a.s.l) with steep slopes (>20°). Scrub and deciduous oak forests developed on granite bedrock are the main vegetation types, as a follow-up of the abandonment of extensive husbandry. Pine forests are also another relevant vegetation type, especially on common land. Agricultural areas occupy a small and decreasing extent at lower altitudes. Invasion of non-native A. dealbata species is a main and strong active process of ecological change. The local introduction of A. dealbata species started in 1898–1899 with the plantation of 550 plants by the forestry service to stabilize slopes [28] and ended in 1905. Inhabitants documented the presence of A. dealbata at least over the last 45 years and indicated that the management of the species areas has changed. While to cut A. dealbata required authorization in the 1970s, nowadays authorities offer support to cut and collect the species wood to be used by the population. Chemical control was also applied to the species in the 1990s.




2.2. Input Data Collection


A Worldview-2 satellite scene recording the study area during summer (23 June 2013) was acquired. This VHR platform records data in eight bands with ground resolution of 2 m: coastal blue (b1 0.40–0.45 μm), blue (b2 0.45–0.51 μm), green (b3 0.51–0.58 μm), yellow (b4 0.59–0.63 μm), red (b5 0.63–0.69 μm), red edge (b6 0.71–0.75 μm), near-Infrared 1 (b7 0.77–0.90 μm), and near Infrared 2 (b8 0.86–1.04 μm). Imagery pre-processing consisted in the orthorectification of scene using a Digital Elevation Model (DEM; 20 m spatial resolution) and a bilinear convolution algorithm based on six ground control points, yielding average Root Mean Square Error values (RMSE) of 1.45 m.



Eight spectral per-pixel layers were estimated using this satellite imagery (see Table 1): Normalized Difference Vegetation Index (NDVI), Tasseled Cap Transformation wetness (TCTw), Water Band Index (WBI), Normalized Difference Soil Index (NDSI), Red Edge Position (REP), Standardized Blue/Green ratio (BGND), Land Surface Albedo (LSA), and Forest Discrimination Index (FDI). The DEM from the Portuguese Geographic Institute was used to derive elevation, slope and aspect variables. Spatial distribution of wildfires (burnt area) between 2000 and 2013 (14 years) was assembled from the Portuguese National Fire Inventory (NFI [31]).



Ground data on A. dealbata invasion was collected in the field in April 2015 (n = 77) and a set of complementary points (due to the inaccessibility of some locations) were obtained from very-high resolution imagery of Google Earth between 2010 and 2013 (n = 20; see Figure 1), totalizing 97 plots. The 77 locations were surveyed using a minimum sampling unit of 20 m2 and coordinates were recorded using a Spectra Precision ProMark 120 device. Each plot was classified into invaded areas or non-invaded areas, the vegetation type assigned and data saved in shapefile format. Using these point data, regions of interest (ROIs) were manually digitized and rasterized to the same spatial resolution as the WorldView-2 scene (2 × 2 m).




2.3. Regional Spatial-Explicit Suitability for A. dealbata Invasion


An available spatial-explicit invasion suitability forecast for A. dealbata (200 × 200 m resolution) was considered to obtain the potential distribution for the species in the study area (Figure 2). This dataset results from species distribution modeling (SDMs) [4] established to predict the distribution of A. dealbata (200 × 200 m cells) in Northern Portugal. The occurrence dataset used to fit the model was collected through field surveys, between January and March 2012, during the species flowering season. An equal-stratified sampling design was used to randomly select 20 plots in each of the 9 final strata. Presence or absence data for the species was collected in each of the plots (200 × 200 m), with a fixed sampling effort established (≈30 min per plot). The final occurrence dataset used for model fitting comprised 138 records (69 presences and 69 absences). The final distribution model was obtained by applying an ensemble forecasting framework available in software R through the package biomod2 [43], coupled with the combined predictive modeling approach [30]. Separate ensemble models were fitted, based on the combination of nine modeling algorithms available in biomod2. These separate models were fitted using either regional or local predictors and a final ensemble model was obtained by spatially overlapping the two model projections (see [4]) to generate a detailed description of the full modeling procedure). The final ensemble model comprises four different prediction categories: suitable regional conditions and local habitat, only suitable regional conditions, only suitable local habitat, and unsuitable regional conditions and local habitat. For our study, these categories were reclassified into suitable and not suitable.




2.4. Mapping of A. dealbata Invasion and Estimation of Success Rate Of Invasion


To identify the areas invaded by A. dealbata and thereby determine the success rate of A. dealbata invasion, an OBIA classification with RF algorithm was performed following the OBIA classification paradigm [44]. The classification procedure involved image segmentation, object-based dataset composition and invasion classification with RF, a machine-learning algorithm. The used analytical framework is presented in Figure 3.



Three layers were used for image segmentation: NDVI, Water WBI and BRND (see Table 1). Segmentation was performed using the k-means clustering algorithm implemented in RSGISLib open-source software [41]. Iterative k-means clustering algorithm and cleaning routines [41] partitioned the landscape into spectrally homogeneous objects by clumping pixels into contiguous regions of minimum heterogeneity. K-means clustering parameters were set to: maximum number of initial clusters (250), maximum number of iterations (500), maximum degree of change (0.05), and the diagonal range attaching initiation method. During the cleaning phase, objects with less than 100 pixels (including single pixels) were removed, and the maximum spectral distance was set at 100,000. The median size of the objects amounted to 660 m2 (min: 8, max: 725,500 and standard deviation: 2888.7).



The objects obtained in the segmentation stage were further populated with average statistics for all the layers (Table 1), including the ground-truth invasion data created above. This object-based dataset was saved in a KEA format [41]. To map invasion extent, a RF classifier was developed and the object-based dataset was used as input for the set of predictors and training data. The training data consisted of 37 samples selected from the ground-truth layer (n = 97). Several setup parameters were available and the following primary parameters for RF model were considered: maximum number of features RF (max_features: 3), number of trees (n_estimators: 500) and RF validation (oob_score = False). The invasion map obtained was assessed for accuracy generating an error-matrix relating the mapped invasion to ground truth data (n = 60) [45]. The Python-based Scikit-learn package [46] was used for RF classification.



To measure the success rate of A. dealbata invasion in the study area, two metrics were established: (i) overall success (OS; Equation (1)); and (ii) specific success rate (SS; Equation (2)). Ta_WV2 is the total grid cells currently invaded by A. dealbata and Ta_SDMs is the total grid cells predicted by the regional SDM as either having suitable or non-suitable conditions for invasion. Ta_WV2_i is the invaded area (in m2) in each SDM unit (200 × 200 m). The overall success metric measured the distribution of mapped invasion across the invasion suitability classes predicted by the SDMs. The specific success metric measured the fractional cover of invasion (%) in each invaded grid cell. The spatially-explicit invasion suitability map (200 × 200 m) described above was used as reference and a tabulate area function was applied. All grid cells registering less than 2% of fractional cover were excluded from the analysis to consider they might result from mapping errors. Overall and specific success rate of invasion metrics are spatial-explicit variables and in this study were calculated as:
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2.5. Comparison of Environmental Attributes between Invaded and Non-Invaded Vegetated Areas


To identify environmental attributes differing between invaded and non-invaded vegetated areas, three groups of spatially-explicit variables were considered (see Figure 4): topographic (elevation, slope and aspect, and topographic wetness index (TWI)), disturbance (historical burnt area) and canopy-related (NDVI, BRND and LSA). The non-parametric Wilcoxon signed-rank test was used to compare median rank differences. The correlation between variables was checked beforehand and all values were <0.6. Due to the large number of pixels, sampling was used including 5% of vegetated pixels. Vegetated/non-vegetated areas were masked by applying a 0.61 threshold to NDVI. This value optimized the discrimination between these two types of areas based on visual inspection.



This comparative analysis can contribute to pattern specific ecological characteristics of A. dealbata invasion and to identify environmental attributes of landscape that may alter with the replacement of non-invasive vegetation. The set of variables was chosen based on previous observed relationships with Acacia invasion and on the insufficient knowledge about differences in canopy attributes of invaded and non-invaded vegetated areas retrieved by fine-scale remote sensing data. Previous literature indicated an influence of topographic and disturbance factors on invasion processes at regional scale. Topographic variables proxy the effect that spatial variation exerts in energy fluxes (e.g., light interception) influencing plant establishment and growing in mountain environment. Topographic variables estimation is given in Section 2.2. For statistical analysis, the variable aspect was transformed using the cosine (northness) and sine (eastness) functions. TWI measures the potential wetness of a given area [47] influencing among other aspects, woody seed germination [48,49]. TWI is defined as Ln (A/tan (b)), where A is the specific drainage area (local upslope area draining through a certain point per unit contour length) and b is the slope angle [47]. TWI has been used to indicate soil moisture, zones of saturation and source areas of runoff [50]; and to characterize net primary productivity, runoff [51], vegetation patterns [52], and distribution of plant species richness and correlated well with groundwater depth and soil pH [53]. Disturbance effect was described by the cumulated historical burnt area between 2000 and 2013 (14 years). Wildfire is the major disturbance process in the study area and literature suggests that wildfire favored invasion in southwestern European landscapes [7,54]. The canopy-related variables proxy the influence of vegetation structure during the invasion process using three satellite-derived indices: NDVI, BRDN and LSA. NDVI measured the greenness intensity, which is associated to health and physiological condition of plants [55]. BRDN reflects the structure of the canopy, as measured by the proportion of shadows within the canopy [38]. Large BRDN values suggest a substantive woody canopy, whose light interception may be influenced by vegetation sub-layers. LSA quantified the fraction of light that is reflected by the Earth back into space and is one of the key geophysical variables controlling surface radiation budget [56]. Low values indicate high absorption by the surface, which influences microclimate (e.g., canopy temperature, transpiration and water requirements). Albedo-based studies presents real opportunities to inform on environmental and wildlife management for several ecosystems [57].





3. Results


3.1. The Success Rate of A. dealbata Invasion in the Study Area: Mapped and SDMs Forecasted Spatial Patterns


The extent of A. dealbata invasion in 2013 amounts to 6.72 km2 or 12.6% of the study area (Figure 5; 53.5 km2). The cross-tabulation matrix used to assess classification accuracy based on ground truth data collected in April of 2015 indicated that the invasion map obtained from the object-based RF classification is consistent. The overall accuracy and Kappa Coefficient was 91.3% and 0.81%, respectively. The invasion class registered accuracies up to 86.5% with the object-oriented classification assisted by variables derived from spectral indices (WorldView-2 imagery) and topography (Table 2).



The SDMs predictions for A. dealbata invasion in the study area (Figure 2) comprised 1324 grid cells (200 × 200 m; ca 53 km2), 67% of the cells with suitability for invasion (n = 887) and 33% without suitable conditions (n = 437). These predictions were assumed to represent the maximum expectable extent for invasion. The overall success rate of invasion, which measured the distribution of mapped invasion across the suitability classes, indicated that 60.2% of total cells (797/1324) registered invasion, 69.6% in cells with suitability (n = 555) and 30.4% in unsuitable cells (n = 242). A. dealbata has already colonized 62.5% of total cells with suitability for invasion (555/887), but also 55.6% of unsuitable cells (242/437; Figure 6). The specific success rate of invasion, measured by the fractional cover of invasion within each invaded grid cell (200 × 200 m), varied from 2% to 99% (Figure 7), with most grid cells below the 40% threshold. The highest success values occurred in the central part of the valley.




3.2. Variation of Environmental Attributes between Invaded and Non-Invaded Vegetated Areas


A set of eight spatially-explicit environmental attributes grouped into three thematic fields (topographic, disturbance and canopy-related) were considered to evaluate the differences between A. dealbata invaded and non-invaded vegetated areas. The comparison performed with the Wilcoxon signed-rank test using 5% of vegetated pixels indicated that all environmental attributes significantly differed (p < 0.001) (see Figure 8). Invaded areas occupied locations at lower altitudes between uplands and lowlands, with higher slopes and mostly on east-facing slopes (sin_aspect). Potential soil wetness represented by TWI measures was also slightly, but significantly lower in invasive areas. Disturbance, represented by the frequency of wildfires, differed very slightly between A. dealbata invaded and non-invaded vegetated areas. In contrast, large differences were observed in the canopy attributes of invasion and non-invasion areas. NDVI, BRND and surface albedo were significantly higher in invaded areas respect to non-invaded vegetated areas. Invaded areas were characterized by large NDVI values, low values of canopy reflection (surface albedo) and large positive woody canopy structure (BRDN).





4. Discussion


4.1. The Combining of VHR Remote Sensing and SDMs for Invasion Success Assessment


Focusing on Peneda-Gerês National Park, this study attempted to illustrate the hierarchical combination of satellite invasion mapping at VHR (WorldView-2; 2 × 2 m) and SDMs to assess the success rate of A. dealbata invasion and later to identify environmental attributes differing between invaded and non-invaded vegetated areas. The quantification of invaded areas, the detection of invasion success and their relationship with controlling factors is of critical importance to comprehend and manage invasion [7,58]. The use of remote sensing data to verify model predictions is one of the four main strategies to link remote sensing data and ecological modeling [6,26]. The approach and the outputs addressed the scale mismatch limitation between predictive tools and on-ground conservation by creating two spatial-explicit informative layers (overall and specific success rate of invasion). They state the conversion of invasion suitability into observed invasion (overall success rate) and the extent of such conversion (specific success rate). This information may support invasion management by providing spatial discrimination of forecasted invasion based on fine-scale assessment of invaded areas (e.g., WorldView-2). It may also contribute to the prioritization of areas where intervention is appropriate and, if integrated into monitoring systems, can be updated. Overall, for managers it can contribute to a more realistic vision of invasion forecasts. The fine invasion mapping contributed also to identifying currently invaded sites beyond suitable areas predicted by the regional SDMs, which indicated suitable conditions in most of the study area. This information may help to verify and complement model SDMs predictions and identify unforeseen gaps in areas currently invaded. Despite the benefits, there are limiting factors. Access to high resolution satellite data is still not universal and affordable, but prices are reducing and other less expensive satellite data not considered in this study ensure a good compromise between resolution and price (e.g., RapidEye, 5 m resolution). Uncertainty in the thematic accuracy of invasion mapping also affects the added-value of the approach.



The mapping of invasion is a crucial step in the approach and fulfills important management needs: knowing where the species is invading and which extent of the forecasted areas is actually occupied. An OBIA classification with RF algorithm and WorldView-2 was applied and invasion mapped with good accuracy (overall accuracy = 91.3%) using a set of spectral and topographical indices. Uncertainty is still present in our classification. Invasion class accuracy (86.5%) affected our invasion success metrics. Despite this, accuracy values were consistent with previous findings on tree species mapping with WorldView-2 [59,60] and with Acacia species [61]. In contrast to previous studies, the classification was performed using spectral-derived (e.g., NDVI) and contextual information (e.g., slope). The application of ancillary layers during OBIA classification is increasingly used [12,17,62], since image band derivatives and ancillary data sources provide useful information to help distinguish between spectrally inseparable vegetation classes and enhance classification [62]. Große-Stoltenberg [63] demonstrated that vegetation indices estimated with hyperspectral data successfully contributed to distinguish Acacia longifolia and the RF classifier presented the best classification performance at the canopy level. Moreover, the review on Acacia species by [64] highlighted that their spatial patterns and spread are strongly influenced by propagule dissemination, which for instance is influenced by topographical conditions. The inclusion of spectral indices along with ancillary layers during object-based mapping can contribute to improve classification performance.




4.2. The A. dealbata Invasion in the Study Area and the Variation of Environmental Attributes between Invaded and Non-Invaded Vegetated Areas: Implications for Management and Landscape Attributes


The introduction of Acacia trees in the study area started in the last years of the 19th century, and until 1905 approximately 550 individuals of A. dealbata were planted for soil erosion control [28]. The link between SDMs predictions of suitability for A. dealbata invasion (baseline for the expected invasion extent) and the mapped invasion (observed) evidenced that more than 60% of total cells included in the predictions registered invasion, which highlights a considerable overall success rate of invasion in the study area. It suggests also that, in the Iberian Peninsula, Acacia invasion has not yet reached their potential distribution range [7,65]. Nonetheless, the results also showed that invasion has occurred in 55.6% of cells predicted as unsuitable for invasion. This suggests that further investigation regarding the invasion drivers and adjustment in SDMs might be necessary (e.g., selection of further predictor variables).



The specific success rate of invasion, measured by the fractional cover of A. dealbata in invaded grid cells (200 × 200 m), showed that mitigation of invasion may be possible in the study area, since the total fractional cover of invasion in most of invaded cells was below 40%, and non-native A. dealbata trees are still not the dominant vegetation type. In this regard, Marchante et al. [66] suggested that management by clearing of Acacia should be prioritized in recently invaded areas, which in our case refer to grid cells with low specific success rate of invasion. Recently invaded areas presented higher native species richness, plant cover, initial diversity and species turnover rates compared to those in the long-term invaded areas (higher specific success rate). Invasion success results presented here, however, were affected by the uncertainty in the invasion mapping mentioned above, but eventually also by the time gap between the infield data used to calibrate SDMs predictions (2010–2012) and our satellite VHR data (2013) used to map invasion.



The comparison of environmental attributes of invaded and non-invaded vegetated areas using the Wilcoxon signed-rank test showed that three groups of environmental attributes (topographic, disturbance and canopy-related) were significantly different. This result highlighted the specific patterns of invasion process, which may help to distinguish the non-native species (e.g., slope, aspect), but also the specific landscape features that may alter following replacement of non-invasive vegetation (e.g., NDVI). The largest differences occurred in topographic and canopy-related attributes, while differences in disturbance (wildfire recurrence), despite being significant, were less evident. The effect of topography and disturbance on Acacia invasion is known [7,48,49,54], but our results suggests that wildfire disturbance recurrence in the landscape may not considerably change with the replacement of non-invasive vegetation considering the observed wildfire patterns (2000–2013). This issue deserves further research since resistance and resilience to wildfire (pre- and post-wildfire) is among the most reported altered properties with non-native invasion [67,68].



By contrast, changes in functional properties expressed by the canopy-related attributes are deeper and might have large implications, since canopy attributes reflected species-specific characteristics such as leaf chemistry, canopy structure as well as litter and soil parameters are combined in the canopy spectrum [63]. All canopy-related attributes increased in invaded areas, in particular NDVI (proxy for leaf area) and BRDN (proxy for vegetation structure). This suggests that vegetation photosynthesis (NDVI) and ecosystems productivity are features affected by the replacement of non-invasive vegetation. Morris et al. [69] found that the larger NDVI of Acacia stands were associated to a larger above-ground biomass and leaf area (for transpiration), in that particular case 25% greater compared with native vegetation. Since Acacia is a water-spending species, which increases the stand transpiration to decrease the water availability for co-occurring species [70], this may also impact water depletion [69], which can be affected by increase in drought and reduction in precipitation forecasted to the region by 2050 [71]. This NDVI alteration is supported by the large values of BRDN, indicating large vertical structures respect to non-invasive vegetation (e.g., scrublands). Surface albedo presented slight differences with respect to non-invasive vegetation, suggesting this main component of local and remote climate [72] will not substantially change with the replacement.



The link between the statistical difference of topographic factors (slope and, aspect) and the canopy attributes suggested that change in landscape attributes may occur at specific locations, namely in steep slopes and east facing slopes which received intermediate amounts of radiation, an important abiotic factor for the establishment and spread of Acacia, which grows faster than native species [69]. All canopy variables were based in a single satellite scene, which limited its interpretation. The important contribution of seasonal dynamics for the landscape attributes was not considered. Still, the results presented here signal important avenues for further research on the effects of Acacia invasion on functional features of landscapes.
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Figure 1. Study area located at Peneda-Gerês National Park and sites used for training and validation of invasion mapping with OBIA and supervised classification with random forest (RF) and WorldView-2 satellite data. In the photograph, the main valley and the A. dealbata invaded slope in the distance (yellowish area of vegetation) can be observed. 
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Figure 2. Locations climatically suitable for invasion by A. dealbata in the study area obtained from species distribution modeling (SDMs) [4]. 
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Figure 3. Illustration of the mapping analytical framework applied in this study to map invasion, estimate invasion success and comprehend environmental attributes differing between invaded and non-invaded vegetated areas. 
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Figure 4. Illustration of environmental variables used to analyze the success rate of invasion and to compare invaded and non-invaded areas: elevation, slope, aspect, TWI, burnt area, NDVI, BRND and LSA. 
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Figure 5. Spatial distribution of A. dealbata invaded areas obtained from object oriented classification with RF algorithm (predictors = 11, n = 37 training sites). 
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Figure 6. The distribution of mapped Acacia invasion across the predicted invasion suitability classes (overall success rate) estimated with SDMs (200 × 200 m). 
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Figure 7. The specific success rate of Acacia invasion with respect to SDMs predicted invasion suitability, measured as the fractional cover of mapped invasion in each invaded grid cell (200 × 200 m). 
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Figure 8. The comparison of median rank differences in the environmental attributes between invaded (white boxes) and non-invaded vegetated areas (grey boxes) performed with the Wilcoxon signed-rank test (two-tailed comparison). (***) p ≤ 0.001. 
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Table 1. List and rationale of spectral and topographical variables estimated to support A. dealbata invasion mapping. Normalized Difference Vegetation Index (NDVI); Tasseled Cap Transformation Wetness (TCTw); Water Band Index (WBI); Normalized Difference Soil Index (NDSI); Red Edge Position (REP); Standardized Blue/Green ratio (BGND); Land Surface Albedo (LSA); Forest Discrimination Index (FDI). NIR and R refer to Near-Infrared and Red bands, respectively; and B, G and Y refer to blue, green and yellow bands, respectively.
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Variable

	
Rationale

	
Formula

	
Reference






	
NDVI

	
Vegetated areas where non-native invasion occurs can be identified by ratio between red and near-infrared regions.

	
(NIR − R)/(NIR + R)

	
[32]




	
TCTw

	
Enhance the separation between forest/natural vegetation and cultivated vegetated areas.

	
Uwetness = 0.652 × B + 0.375 × G − 0.639 × R − 0.163 × NIR1

	
[33]




	
WBI

	
Canopy moisture content vary according vegetation and cover types. WBI can help to incorporate this variation and improve non-native invasion mapping.

	
(B/NIR1)

	
[12]




	
NDSI

	
Identify rocky and bare areas, a main feature of landscape.

	
(G − Y)/(G + Y)

	
[34,35]




	
REP

	
Chlorophyll concentration may vary across plants and the REP narrowband index may help to include this feature to better map non-native invasion.

	
(RE − (NIR2 − R))

	
[36,37]




	
BGND

	
Separate tree and shrubs can help to better map non-native invasion. The normalized blue/green and blue/red ratios enhanced tree dominated areas and crown structure.

	
(B − G)/(B + G)

	
[38,39]




	
LSA

	
Surface albedo vary within vegetation types and stand age. This feature at fine resolution may help to better separate non-native invasion within woody/forest types.

	
((Y + R) × 0.35)/2 + (0.7 × (NIR1 + NIR2))/2 − 0.69

	
[39,40]




	
FDI

	
Large reflection of shadow in FDI may help to distinguish better woody from forest types.

	
NIR1 − (RE + B)

	
[41,42]




	
Aspect

	
Exposure influence light interception and distribution of functional types.

	

	




	
Slope

	
Slope influences antrophic activities as farmland management options and therefore vegetation distribution patterns.

	

	




	
Note: For the invasion mapping with random forest, the predictor refers to the average value of each variable in each segment.
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Table 2. Error matrix for the A. dealbata invasion map using ground-truth samples (n = 60).
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Reference Data

	
Classified As




	
Invasion

	
Non Invasion

	
Σ

	
Producer’s Accuracy






	
Invasion

	
543

	
63

	
606

	
86.8




	
Non Invasion

	
82

	
984

	
1066

	
93.9




	
Total

	
625

	
1047

	
1672

	




	
User’s accuracy

	
89.6

	
92.3

	

	




	
Overall Acuracy (%)

	
91.3

	

	
Kappa Coefficient

	
0.81
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