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Abstract

:

Understanding the spatial dynamics of invasive alien plants is a growing concern for many scientists and land managers hoping to effectively tackle invasions or mitigate their impacts. Consequently, there is an urgent need for the development of efficient tools for large scale mapping of invasive plant populations and the monitoring of colonization fronts. Remote sensing using very high resolution satellite and Unmanned Aerial Vehicle (UAV) imagery is increasingly considered for such purposes. Here, we assessed the potential of several single- and multi-date indices derived from satellite and UAV imagery (i.e., UAV-generated Canopy Height Models—CHMs; and Bi-Temporal Band Ratios—BTBRs) for the detection and mapping of the highly problematic Asian knotweeds (Fallopia japonica; Fallopia × bohemica) in two different landscapes (i.e., open vs. highly heterogeneous areas). The idea was to develop a simple classification procedure using the Random Forest classifier in eCognition, usable in various contexts and requiring little training to be used by non-experts. We also rationalized errors of omission by applying simple “buffer” boundaries around knotweed predictions to know if heterogeneity across multi-date images could lead to unfairly harsh accuracy assessment and, therefore, ill-advised decisions. Although our “crisp” satellite results were rather average, our UAV classifications achieved high detection accuracies. Multi-date spectral indices and CHMs consistently improved classification results of both datasets. To the best of our knowledge, it was the first time that UAV-generated CHMs were used to map invasive plants and their use substantially facilitated knotweed detection in heterogeneous vegetation contexts. Additionally, the “buffer” boundary results showed detection rates often exceeding 90–95% for both satellite and UAV images, suggesting that classical accuracy assessments were overly conservative. Considering these results, it seems that knotweed can be satisfactorily mapped and monitored via remote sensing with moderate time and money investment but that the choice of the most appropriate method will depend on the landscape context and the spatial scale of the invaded area.
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1. Introduction


Biological invasions are usually seen as a major cause of global change that threatens biodiversity, ecosystem functioning, economies and human well-being [1]. As early monitoring and management of invasive alien plants (IAPs) is recognized as one of the most cost-efficient ways to tackle invasions [2], the elaboration of operational methods to quickly detect IAPs over large areas is particularly needed [3]. Consequently, an increasing number of studies have been published on the identification and mapping of IAPs using remote sensing technologies (for reviews, see: References [4,5]). Remote identification of plants was historically limited to trees and shrubs, but the rise of very high resolution (VHR) satellites and of Unmanned Aerial Vehicles (UAVs) with sub-metric to sub-decimetric spatial resolutions has led the way to the accurate mapping of herbaceous invaders [6]. VHR satellites have the advantage to cover large spaces of land on a regular basis while UAVs offer unmatched spatial and temporal resolutions for reasonable prices [7,8].



Japanese knotweed (Fallopia japonica; syn. Reynoutria japonica, Polygonum cuspidatum) and Bohemian knotweed (Fallopia × bohemica; syn. Reynoutria × bohemica, Polygonum × bohemicum) are among the most troublesome IAPs for land managers and conservationists in temperate regions of the world. Originally from eastern Asia, they have colonized countless areas of Europe, North America, Australia and New Zealand [9,10]. These highly competitive, fast-growing herbaceous plants are characterized by a wide environmental tolerance, strong regeneration capacities, important hybridization potential and both clonal and sexual reproduction [11,12]. Consequently, knotweeds are known to be extremely difficult to control, and their management has been the focus of numerous publications and reviews (e.g., References [13,14,15]). The annual economic cost of knotweed invasions is estimated to be around €2.3 billion in Europe [16] and above £165 million for the United Kingdom alone [17].



Improving detection and monitoring of knotweed populations could enhance control efficiency and decision making (c.f. [2,18,19]) and lead to a better understanding of their spatial dynamics [19,20], especially along their main dispersal axes—i.e., transportation corridors and rivers [21].



Unlike many woody species, the remote detection of herbaceous IAPs can be quite challenging as it usually requires very high spatial resolutions and implies that plants should have aggregated populations and not scattered growth habits [22,23,24]. Still, many studies report successful mapping of invasive herbaceous species using either hyperspectral sensors (e.g., References [25,26]), VHR satellite imagery (e.g., References [27,28,29]) or UAV imagery (e.g., References [30,31,32]). The number of possible approaches is quickly growing, but the detection remains highly species-specific [5,23]. Until recently, attempts to remotely detect knotweeds remained inconclusive (e.g., [33,34]). Müllerová et al. [35], however, used the extremely high spatiotemporal resolution of low-cost UAV imagery to track the phenological stages of the plant and finally reached classification accuracies suitable for operational applications with an image acquired in November, when the senescent plant differed most from the surrounding vegetation. However, since others failed to map knotweed with comparable images due to bad illumination and long projected shadows [36], and as this method is highly dependent on weather conditions and the duration of the senescence stage, alternative methods were needed.



An effective way to improve image classification results for a plant species that lacks a distinctive phenological response (e.g., distinct flowering organs) is to increase the number of variables used to describe this elusive response (e.g., spectral channels, texture features). Indeed, more variables mean more chances to uniquely specify the characteristic response of the plant. Hyperspectral images, with their many spectral bands, are commonly used for such a purpose [22]. For a long time, hyperspectral images had relatively coarse spatial resolutions [22,27]. The development of UAV-embedded hyperspectral sensors now offers very high spatial resolution, but these data are often difficult to handle for non-experts and would therefore be impractical for operational uses at the moment (c.f. [35]). Alternatively, the use of multi-date imagery to assess spectral differences in time has given promising results for IAPs detection [28,37], although it was unfruitfully tested for knotweeds [33]. The progress in the photogrammetry of UAV images also enables easy generation of 3D models that highlight the structure of vegetation [38,39], which may be helpful to distinguish plant growth forms.



In this applied study, our aim was to: (i) assess the potential of single- and multi-date variables for the success of knotweed detection from satellite and UAV imagery, (ii) evaluate the percentage cover of knotweed detected from both remote sensing platforms, and (iii) describe an easily reproducible classification procedure for the accurate mapping of knotweeds. Since remote sensing techniques are often too complex to be implemented by non-experts, we aimed to reduce the complexity by using commercial software that requires little training and data that are relatively easy to acquire and process. Our proposed methodology thus has the potential to become operational in practical management and ecological conservation.




2. Materials and Methods


2.1. Study Sites and Image Acquisition


In this study, we worked on two different sites located in the floodplains of two major rivers of eastern France (Figure 1). For each site, a set of satellite and UAV images were acquired at three different time periods: spring, early summer and early fall (Table 1). Unfortunately, a crash of our UAV prevented us from acquiring the summer UAV images (the UAV was repaired in time for the early fall flights).



The satellite imagery consisted of Pleiades 1B PMS images with a 50 cm spatial resolution (the 2 m multispectral bands were pan-sharpened using the 50 cm panchromatic Pleiades bands), and a four-channel (RGB + NIR) spectral resolution.



The UAV images were obtained via a DS6 hexacopter UAV [DRONESYS, Saint Vincent de Mercuze, France]. The DS6 had a diameter of 80 cm for an approximate weight of 8 kg and could carry a payload of 3.5 kg. The UAV was equipped with two commercial cameras (Sony Alpha 7 with 24.3 Megapixels Full Frame Exmor CMOS Sensor and a Sonnar T* FE 35mm f/2.8 Zeiss lens). One camera was used to catch standard RGB bands while the other had been modified to acquire the near-infrared part of the spectrum (NIR): i.e., the built-in filter was replaced by MC Clear and Hoya R72 filters. The two cameras were embedded in a three-axis actively stabilized gimbal that controls for pitch and roll through the use of motors linked to AHRS sensors. The navigation and on-flight stability of the aircraft was managed by an A2 flight control system [DJI, Shenzhen, China]. Flight missions were pre-programmed and performed by the auto-pilot under the supervision of two pilots and a ground-control station. This low-cost flexible platform enabled the acquisition of 8 cm resolution imagery.



The Anse site (ca. 170 m a.s.l.) was located at the confluence of the Saône River and one of its tributaries, the Azergues River, whose banks are heavily invaded by knotweeds. The Anse Pleiades images covered an area of 213 ha comprising urban areas, croplands, major transportation infrastructure and semi-natural riparian environments. The UAV study area represented a 4.8 ha subset of the area covered by the Pleiades image and was characterized by highly heterogeneous riparian vegetation at the junction of the rivers. Some knotweed stands in the area are frequently mowed while others are unmanaged. The Serrières site (ca. 132 m a.s.l.) was located along the Rhône River. The Pleiades imagery covered an area of 263 ha composed of urban areas, various agricultural lands (vineyards, orchards and crops), forests and mostly-open riverbanks (recreational area) sporadically invaded by knotweeds. The UAV site covered an area of 7.1 ha and was restricted to an open riverbank zone of the site that hosted periodically mowed knotweed stands. This difference in management is important as mowing may greatly affect detection success. These sites were chosen because they differed in their landscape context and magnitude of invasion: i.e., the Anse site hosts a very large knotweed population composed of two huge monocultures and many stands of various sizes scattered across the landscape (the total area covered by knotweeds represents 45,772 m2), whereas the Serrières site is only colonized by some stands dispersed along the river (the total area covered by knotweeds represents 3361 m2).




2.2. Image Preprocessing


The Pleiades images were orthorectified on the Elevation 30 model and projected into the Lambert93 projection system based on the French RGF93 datum.



The two UAV cameras acquired regularly synchronized images with 85% forward and 70% side overlap during flight missions. We georeferenced and mosaicked the images with the photogrammetric software Photoscan v.1.2.6 (Agisoft LLC, St. Petersburg, Russia) using the Structure-from-Motion approach (SfM—[40,41]). SfM produces three-dimensional dense point clouds by identifying common features across scenes from the different angles of the images. Models are then transformed into absolute coordinates using Ground Control Points (GCPs) automatically identified in the images and measured on the ground by Post-Processed Kinematics-GNSS (Trimble Geoexplorer 6000—with mean deviation <0.3 m) to ensure georeferencing accuracy. Finally, the point clouds are segmented to generate Digital Surface Models (DSMs) and Digital Terrain Models (DTMs) that are in turn used to orthorectify the mosaics (for further details, see [38,40,41,42]), producing orthoimages with subdecimetric spatial resolutions.



The automatic generation of the DTMs and DSMs was based on two steps. Firstly, dense point clouds were divided into cells of a certain size (here, 10 m) in which the lowest points were detected. A triangulation of these points was then used to approximate a DTM. Here, to ensure that a maximum of “lowest points” were detected in the various landcovers of our study sites, we used additional UAV images acquired during the previous winter (when plants bore no leaves). Secondly, DSMs were extrapolated by a moving window that compared the remaining points of the clouds with the ground model to assess if their position differed from the ground by a given angle (here, 6°) and distance (here, 1 m) [41].



All data were further georeferenced using additional GCPs to ensure maximal correspondence between dates.




2.3. Classification Design and Variables


In order to evaluate the potential of single- and multi-date imagery for the detection and mapping of knotweeds, several classifications had to be compared. The idea was to assess the benefits of adding some “additional variables” extracted either from the image being classified itself (single-date analysis) or in comparison to an image acquired at another date (multi-date analysis) (Table 2). In other words, for each date and study site, we performed several classifications that differed only by the type of “additional variable” that was (or was not) included in the classifier algorithm.



There can be many different types of such “additional variables” (especially from multi-date images), such as differences in mean band values, texture, brightness, etc. For computational reasons, we only chose two kinds of variables easily computable by commercial software of image analysis: Bi-Temporal Band Ratios (BTBRs—multi-date information) and Canopy Height Models (CHMs—single- and/or multi-date information).



The BTBR was designed by Dorigo et al. [33] for the very purpose of characterizing the seasonal spectral behaviour of knotweeds by exploiting the phenological variation in the tissue’s chemistry and thus, the radiative responses in the red and green bands at different dates. However in their study, they only worked on two periods (spring and summer) and one of their aerial photographs did not have a NIR band. Since they recommended to always use the NIR band if possible, and since we worked on three different seasons, we developed a modified version of their BTBR:


   MBTBR =    (  N I  R y  /  R x   )  −  (   G y  /  G x   )     (  N I  R y  /  R x   )  +  (   G y  /  G x   )    ,   



(1)




where R, G and NIR stand for the mean values of the red, green and NIR bands, respectively (calculated for each image-object), while the suffix indicates the image the band is from [33]. Here, x always designated the image that was being classified, and y the image that was not being classified but from which ancillary information was derived. If classifications involved three different image dates (Table 2), three MBTBR indices were computed between each pair of images, where the suffix x designated the image that was being classified or the most recent image for the pair that did not include the image being classified.



The CHMs were built by subtracting the DTMs from the DSMs generated during the UAV imagery pre-processing. For this reason, CHMs were only used in the UAV image analysis, for which a CHM was computed for each date. In our analysis, we tested both single- and multi-date CHMs (Table 2). The latter gave information on species growth rates which may be useful to distinguish fast-growing species like knotweeds. Since it was an applied study investigating the potential of CHMs for knotweed detection and not a fundamental study seeking to evaluate the CHM generation process, only a preliminary accuracy assessment of the CHMs was performed (with a mean error in z-coordinates of 0.25 m calculated from 5 GNSS control-points per site and date of acquisition).




2.4. Classification Procedure


To produce the numerous classifications that had to be compared in this study, we decided to use an object-based approach because, unlike pixel-based methods that only account for the spectral information of images, it also enables the incorporation of scale-dependent structural and contextual information such as the texture, shape or topology of image-objects [43,44]. We thus carried out a multiresolution segmentation with a trial-and-error approach to find the best segmentation parameters for each image. Multiresolution segmentation is a region-merging technique that merges contiguous groups of pixels until a heterogeneity threshold (defined by parameters of scale, shape and colour) is crossed [45]. As emphasized by Müllerová et al. [35], knotweeds lack consistency in their shape and colour. Consequently, we had to operate a very fine segmentation to isolate knotweed-objects from the surrounding background and other plant species, creating tens of thousands of image-objects.



To classify the image-objects, we used the machine learning algorithm Random Forest (RF) that combines multiple classification trees [46]. RF is a non-parametric classifier based on “bagging” (for bootstrap aggregating) that only uses random subsets of training objects and input variables to make decisions, offering several advantages: It is easy to parametrize; computationally efficient; and it is robust to overfitting, correlation between variables, and unbalanced training samples [46,47]. To help the algorithm, we decided to create several thematic classes apart from knotweeds (e.g., water, buildings, trees), that were ultimately merged to only retain three classes: knotweed, cut knotweed and other. For September UAV classifications in Anse, an additional class of knotweed was created (called island knotweed) because some knotweeds located on a river shoal had a different appearance than the other stands (probably because they grew on a seasonally submerged shoal).



To train the RF algorithm, training objects visible at every acquisition date were sampled for each class. Since some classes were more abundant than others and since the size of images differed between sites and image-type (satellite or UAV), we could not reach an equal number of samples per class. However, we ensured that each class had between 5 and 30% of its surface selected for training (for knotweed classes, the values were between 25 and 30% to ensure globally similar sample sizes across the various classifications).



As we were interested in the effect of MBTBRs and CHMs, we used exactly the same object features (except for, when relevant, the addition of MBTBRs and CHMs) as in Müllerová et al. [35] to be able to compare our results with theirs. These image-object features were: NDVI, statistics on band values (mean, maximum, minimum and normal and circular standard deviations), contrast to neighbouring pixels, geometrical features (area, border length, length/width ratio, asymmetry and compactness) and texture-based metrics (GLCM features of homogeneity, contrast, dissimilarity and entropy in all directions).



All steps of classification were performed in eCognition Developer v.8.9.1 [48].




2.5. Validation and Accuracy Assessment


Four field campaigns in Serrières and six in Anse were conducted in 2016 to cover both study sites in their entirety and thus map all knotweed stands using high-precision GNSS. However, since the ultra-high resolution of UAV imagery often exceeds the precision of the highly time-consuming GNSS measurements [24,49], all mapped polygons were manually corrected through photo-interpretation to ensure sufficient precision matching between the validation datasets and the classification results. Still, many unwanted changes (e.g., shadows, hidden parts of knotweed populations) were displayed across multi-date images due to the imagery characteristics (e.g., timing of acquisition, camera angles, weather conditions), positioning errors, and landscape modifications (e.g., construction, floods, growing vegetation). Therefore, we decided to create an exclusive validation dataset for each date. We also separated our datasets between “total” and “visible” knotweed populations by manually modifying the validation polygons to remove the parts of knotweed populations that were hidden by trees.



Validation was performed on all knotweed surfaces independent of the training samples (we mapped every square metre of knotweed cover and not just samples), and we computed Producer’s Accuracies (PA; accounting for errors of omission) and User’s Accuracies (UA; accounting for errors of commission) to evaluate and compare results [50]. Therefore, PA was computed by dividing the correctly classified cover area of the validation dataset (in m2) by the total cover area of knotweed (minus the 25–30% of cover used as training samples), and UA was computed by dividing the correctly classified cover area of knotweed by the total area classified as knotweed [50]. Since knotweeds represented only a small proportion of the total study areas and since we were not interested by other classes than knotweeds, general agreement metrics (e.g., Kappa index, Overall Accuracy) were not computed as they would have been misleading [51,52,53].



As already mentioned, working with multi-date imagery increases sources of error. In remote sensing, mixed-objects and misregistration issues are usually unavoidable [54,55], but they are enhanced with every addition of data [55]. Consequently, in order to assess the amount of knotweed cover that is missed (i.e., amount of PA reduction) due to these “multi-data” issues, we applied “buffer” boundaries around knotweed predictions to artificially widen them. Predicted objects were thus validated using two types of boundaries, a “crisp” boundary and “buffer” boundaries of two sizes: 2-pixels and 10-pixels (i.e., 16 cm and 80 cm, and 1 m and 5 m for the UAV and the Pleiades images, respectively). In other words, for a 10-pixel “buffer” boundary validation of a UAV classification, any objects within 80 cm of an object predicted as knotweed were classified as knotweed as well. Since we used “surfaces” for validation, “buffer” boundaries necessarily affected UAs (rates of “true-positive” predictions) but not in terms of occurrences (a false prediction is false regardless of its size).



All steps of validation were performed in ArcGIS 10.3 [56].





3. Results


We only present the results for the knotweed populations that were visible from the sky. Indeed, 48.8% and 9% of the total knotweed cover was located under the tree canopy in Anse and Serrières, respectively (and was thus invisible on the images), and was therefore not taken into account. Additionally, due to fresh cutting of knotweed stands at the Serrières site just before several image acquisitions (i.e., all Pleiades images and the fall ones for the UAV), classifications of both Pleiades data and UAV autumn datasets resulted in accuracies below 40% and are thus not presented here.



For the “crisp” Pleiades results (Table 3), the accuracies obtained were relatively weak except for the surprisingly high UA’s for the cut knotweed class in the fall classifications (the other results for this class were globally weak; Table S1). For the knotweed class, the results are quite comparable between the different spring Pleiades classifications, but using MBTBRs mildly improved UAs. The use of MTBRs also globally improved both PAs and UAs for the fall classifications (the best PA/UA was 61/34% for the Fall-Summer classification).



The UAV classifications reached much higher accuracies than the Pleiades ones (Table 3). In Anse, CHMs and MBTBRs always improved PAs for the knotweed class and usually improved UAs but with less consistency (Table 3). For the UAV-site of Serrières, the addition of CHMs and MBTBRs only had a mildly positive effect on the already high PAs of the knotweed class and seemingly no effect on the low PAs of the cut knotweed class (Table S2). On the other hand, it led to a very strong increase in UA for both classes at Serrières (Table 3). Except for the cut knotweed class at Serrières and knotweed’s UA for the spring classification in Anse, all the best results were obtained from using multi-date classification (usually with both CHMs and MBTBRs), and adding CHMs (both single- and multi-date) always improved PAs.



The use of the “buffer” boundaries strongly increased accuracies for both Pleiades and UAV classifications, with PAs often exceeding 80 or even 90% (Table 3). This indicates that, in most cases, the classifier detected the majority of knotweed stands and that the missing parts of the knotweed cover are mostly located on the edges of the detected stands (Figure 2).




4. Discussion


In this study, we assessed the potential of single-date (i.e., spectral, textural and contextual data, CHMs) and multi-date information (i.e., CHMs and MBTBRs) extracted from imagery acquired at different resolutions and time-periods for the detection and mapping of invasive knotweeds with accessible commercial software to make the workflow applicable in ecological conservation. The results show that, for a moderate time and cost investment, knotweeds can now be accurately mapped for operational uses at different spatial scales especially using MBTBRs and UAV-generated CHMs, if not hidden under the canopy of trees or freshly cut. However, the quality of detections strongly depends on the landscape context. To the best of our knowledge, it is the first time UAV-generated CHMs are used to detect IAPs, and our study clearly shows the potential of such an approach.



To date, the literature on knotweed detection using remote sensing is very limited as knotweeds have proven to be quite difficult to distinguish from other plant species. The first attempts were made on aerial photographs and VHR satellite imagery but these studies did not provide quantitative accuracy assessments [34,57], or failed to map the plant due to insufficient population sizes [58]. Dorigo et al. [33], introducing the use of BTBR to quantify the temporal differences in the spectral response of knotweeds, only obtained a PA/UA of 61/7% with their aerial orthophoto and their pixel-based approach using the RF classifier. More recently, Michez et al. [36] tried to map the distribution of three IAPs (including knotweeds) using an object-based approach on UAV orthophotos. They admitted failing at reaching satisfying results, notably because their late-fall images included too many projected shadows [36]. Müllerová et al. [35], on the other hand, compared UAV and Pleiades images acquired at different dates and classified with different algorithms to evaluate the best trade-offs between spectral, spatial and temporal resolutions for operational applications. Their pixel-based analysis gave the best PAs/UAs of 74/95% for a July Pleiades image (50 cm) with a RF classifier, and of 82/83% for a November UAV image (which allowed them to detect some under-canopy knotweed populations) resampled to a 50 cm spatial resolution and classified with a Maximum Likelihood classifier. For the satellite analysis, they consequently obtained better accuracies than our best “crisp” Pleiades results. With the UAV imagery, however, our best “crisp” PA results were comparable to (Anse site) or outperformed (Serrières) the results of Müllerová et al. [35]. Compared to the late autumn imagery used in Müllerová et al. [35], using images from late-spring/early-fall provides opportunities for better image acquisition due to an extended season for collection and better weather conditions. Our proposed methodology therefore enables the accurate mapping of knotweeds any time during the growing season, which could be valuable for practical management applications.



The mentioned differences in accuracies among the study sites are likely due to their landscape context. Both single-and multi-date detection of knotweeds is easier in open landscapes such as the Serrières site (i.e., a riverside recreational open lawn), where the plant grows in well-shaped stands distinct from the background. In more complex landscapes, where the nature and size of real objects is highly heterogeneous, classification errors due to mixed-pixels or mixed-objects increase [59]. Detection of knotweed stands in semi-natural riparian areas like Anse and the Czech site of Müllerová et al. [35] was, therefore, likely impeded by the heterogeneous cover that included many shadows, mingled-vegetation, and growing shrubs and trees. Fortunately, knotweeds do not commonly grow inside closed forests [60]; large forest populations like the one in Anse being extremely rare. Our results indicate that in such landscapes dominated by a highly heterogeneous vegetation cover, the use of CHMs (single- or multi-date) brings substantial accuracy improvements. CHMs are rarely used to map IAPs, especially herbaceous species (but some authors have used LiDAR-based CHMs to map woody plants (see Reference [61]). It is surprising since CHMs, whether single- or multi-date, should be particularly useful to reduce confusion between trees (or shrubs) and fast-growing herbaceous species (e.g., [62,63]). This is supported in our study, as the accuracy gained from the CHMs at the Serrières site, which was composed mostly of grass and fast-growing forbs like knotweeds or reeds, was weaker than at the wooded site of Anse (Table 3). Since it is the first time UAV-generated CHMs are used to map the distribution of an IAP and since no accuracy assessment of the CHMs themselves has been made, errors in CHMs likely exist and improvements in the methods can certainly be undertaken. Nevertheless, CHMs improved results in all of our classifications (Table 3).



Our “buffer” boundary results outperformed by far those obtained by any other study. While it is reasonable to assume that “buffer” boundaries partly included knotweed cover that would never have been classified as such by the classifier (i.e., only by chance), it also likely compensated for a substantial portion of the mis-registrations and mixed-objects at the edge or within knotweed stands due to the use of multi-date imagery (Figure 3). Such inevitable errors are indeed enhanced with every addition of data (e.g., image, spectral band, CHM). In Figure 3a, for instance, visible knotweed cover changes across dates due to floods or long projected shadows. In Figure 3b,c, image-objects circled in red are homogeneous on the spring image but not on the fall one because of the growing vegetation and the spectral and positional registration inaccuracies between images. Such image-objects (all knotweeds) would have different heterogeneous spectral or textural responses, and would thus probably be classified differently in multi-date classification, leading to patchy detection and mapping of numerous image-objects at the edge or within stands. In other words, even if CHMs and MBTBRs improve discrimination of image-objects that are homogeneous across all dates, they artificially reduce the accuracy of image-objects that are heterogeneous across dates because they are too different from the training samples chosen on the homogeneous objects. CHMs derived from SfM procedure also show imprecisions in areas of very dense canopy (average XYZ errors ranging from 3 to 14 cm) due to the lack of visible ground, leading to some inaccuracies in CHMs. Mis-registrations were further enhanced by the difficulty of finding suitable GCPs across imagery in semi-natural areas due to the lack of “fixed” elements: e.g., constructions, rocks. These assumptions are supported by the fact that, even with weak “crisp” PAs, most of the 10-pixels “buffer” PAs reached or exceeded 90–95%. This means that in most cases, the vast majority of the “omitted” knotweed cover lies in the direct vicinity of detected stands (as shown in Figure 2), but that “crisp” accuracy assessments are too conservative to capture the full extent of knotweed image-objects. On balance, “buffer” boundaries may be more useful for end-users primarily interested in PAs, such as land managers or conservation scientists, while the information given by “buffer” boundaries may be less relevant for end-users whose purpose is to build prediction models as they may be more interested in UAs.



Our “buffer” boundary results actually provide useful information to the end-user by rationalizing PAs that would otherwise be unfairly low for practical use; see Reference [54]. Using such an approach lowers the likelihood of knotweed omission that is of interest for eradication measures. Moreover, these “buffer” boundaries may well represent reasonable distances of prospection during field surveys, i.e., end-users monitoring/eradicating knotweed stands using remote sensing predictions will most probably include a few centimetres to metres around the predicted location to their survey. To illustrate, a PA/UA of 98/80% with an 80 cm “buffer” boundary (i.e., like our Spring-biCHM classification in Serrières) means that if one goes and checks just 80 cm around every location predicted as knotweed, one will actually find 98% of the knotweed cover of the study area visible from the sky and only get 20% of “false-positive” predictions (adding a buffer zone around a false prediction does not make it any truer, and therefore changes of UA due to “buffer” boundaries are not relevant).



The choice of the most appropriate approach and imagery, therefore, varies with the purpose of the classification (e.g., land management, biodiversity conservation, research on biological invasions), the type of landscape, and the scale of the target area. For regional scales, the use of VHR satellite imagery is the only reasonable option. In such a case, the pixel-based approach of Müllerová et al. [35] may be more appropriate than object-based classifications because at this resolution, knotweed stands lack distinctive features. Still, adding MBTBRs in the classification workflow could likely improve the results. If single-date analysis is chosen, the image should preferably be acquired during early summer when knotweeds are at their full-height and projected shadows are the shortest (e.g., Figure 3a) or, if the weather allows it, at the late autumn senescent stage, as suggested by Müllerová et al. [35]. At the local scale, for simple and open landscapes, UAV single-date images could work well, but good results can also be achieved with spring images with single- or multi-date analyses (Table 3). For more complex and heterogeneous landcovers, the use of at least two-date MBTBRs and/or CHMs is strongly recommended if images cannot be acquired during the senescence stage where knotweeds are most distinctive [35], which is likely in regions where autumns are characterized by cloudy conditions. CHMs should be particularly useful in heterogeneous vegetation to help distinguish between herbaceous and woody species [62,63].




5. Conclusions


We showed that the highly problematic knotweeds can be accurately mapped (i.e., false positive and true positive error rates often below 10–15%) from both satellite and UAV imagery, particularly when using multi-date band ratios and Canopy Height Models (CHMs). The proposed methodology provides a powerful tool in invasive alien plants (IAPs) management, with high accuracy and a straight-forward approach assuring its operational use. Proposed automated detection of one of the most problematic IAP in Europe and North America can increase the effectiveness of eradication measures as well as reduce the costs of expensive field campaigns, enabling early detection, regular monitoring and assessment of control measures. The results showed that it is possible to detect very small knotweed stands as long as they cover areas larger than 4–5 pixels and are visible from above. However, plants growing under the tree canopy, or that are freshly cut, remain excessively hard to detect.



Regardless of the chosen method, end-users should be aware of both limitations and improvement perspectives. The pre-processing procedure of UAV images is relatively straightforward but still requires some technical expertise and, as a new technique, is undergoing rapid development (see References [38,40]). UAVs are also sensitive to weather hazards and constraining legal regulations [7]. For both satellite and UAV imagery, the quality of imagery influences the choice of the data to be classified and the number of classes to be created. Wrong timing of data acquisition is a frequent issue (e.g., if the target species has been freshly cut or eradicated), though detection may still be feasible (e.g., if knotweeds had some time to regrow). On the other hand, easy improvements of accuracy could be obtained from masking out unlikely locations using GIS expert-systems, improving surface reflectance calibration, and using multi-date segmentation and texture analysis (at the expense of computational time). Incorporating UAV-embedded LiDAR to account for errors in z-coordinates and thus improve the accuracy of CHMs could also likely increase detection accuracies. Finally, another promising approach would be the use of hyperspectral imagery. For many years, the cost and spatial resolution of hyperspectral satellite or airborne imagery was unfit for the detection of herbaceous species. However, UAV-borne hyperspectral solutions are now emerging and give interesting results for the monitoring of plants [64,65]. Further research on the use of such technologies for knotweed detection should certainly be undertaken although their expertise requirements would be a deterrent for many potential end-users.
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Figure 1. Locations of the study sites. 
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Figure 2. Partial outputs of (a) the Fall-Summer classification (Pleiades) of Anse, and of (b) the Spring-all-dates classification (UAV) of Serrières. For details on the characteristics of each classification, see Table 2. 






Figure 2. Partial outputs of (a) the Fall-Summer classification (Pleiades) of Anse, and of (b) the Spring-all-dates classification (UAV) of Serrières. For details on the characteristics of each classification, see Table 2.



[image: Remotesensing 10 01662 g002]







[image: Remotesensing 10 01662 g003 550] 





Figure 3. Illustration of some sources of errors due to the use of multi-date imagery, linked to (a) changing landcover, (b) positional misregistration and (c) mixed-objects. The blue scale-bar represents a length of 8 m. The red and pink lines delineate image-objects generated by the multiresolution segmentation process. The yellow lines delineate the outlines of the knotweed populations for each date. 
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Table 1. Overview of satellite and UAV images used in the classifications for each study site.
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Site Name

	
Latitude

	
Longitude

	
Season

	
Image Acquisition Date

	
Area of the Pleiades Study Site

	
Area of the UAV Study Site




	
Pleiades

	
UAV






	
Anse

	
45.936

	
4.722

	
Spring

	
19 April 2016

	
26 May 2016

	
213 ha

	
4.8 ha




	
Summer

	
18 July 2016

	
Crashed




	
Fall

	
3 October 2016

	
22 September 2016




	
Serrières

	
45.319

	
4.763

	
Spring

	
6 April 2016

	
25 May 2016

	
263 ha

	
7.1 ha




	
Summer

	
18 July 2016

	
Crashed




	
Fall

	
29 September 2016

	
5 October 2016
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Table 2. Presentation of the classification design used on each site. The “+” sign indicates that a MBTBR or a CHM is added to the features used to classify the image: e.g., for the Summer-spring Pleiades classification, in addition to the features used by Müllerová et al. [35], a MBTBR index calculated between the Summer and the Spring images is used to classify the Summer image.
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Classification Name

	
Image Being Classified

	

	
Data Used to Derive “Additional Variable”

	
Type of “Additional Variable”






	
Pleiades imagery

	




	
Summer-alone

	
Summer

	

	

	
-




	
Summer-spring

	
Summer

	
+

	
Spring

	
MBTBR




	
Summer-fall

	
Summer

	
+

	
Fall

	
MBTBR




	
Summer-all-dates

	
Summer

	
+

	
Spring + Fall

	
MBTBR




	
Fall-alone

	
Fall

	

	

	
-




	
Fall-spring

	
Fall

	
+

	
Spring

	
MBTBR




	
Fall-summer

	
Fall

	
+

	
Summer

	
MBTBR




	
Fall-all-dates

	
Fall

	
+

	
Spring + Summer

	
MBTBR




	
UAV imagery

	




	
Spring-alone

	
Spring

	

	

	
-




	
Spring-phenology

	
Spring

	
+

	
Fall

	
MBTBR




	
Spring-CHM

	
Spring

	
+

	
Spring CHM

	
CHM




	
Spring-biCHM

	
Spring

	
+

	
Spring CHM + Fall CHM

	
CHM




	
Spring-all-dates

	
Spring

	
+

	
Spring CHM + Fall + Fall CHM

	
Both




	
Fall-alone

	
Fall

	

	

	
-




	
Fall-phenology

	
Fall

	
+

	
Spring

	
MBTBR




	
Fall-CHM

	
Fall

	
+

	
Fall CHM

	
CHM




	
Fall-biCHM

	
Fall

	
+

	
Fall CHM + Spring CHM

	
CHM




	
Fall-all-dates

	
Fall

	
+

	
Fall CHM + Spring + Spring CHM

	
Both
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Table 3. Classification accuracy assessments for both sites and image types. ‘PA’, Producer Accuracy; ‘UA’, User Accuracy. For details on the characteristics of each classification, see Table 2.
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Image Type

	
Site

	
Classification Name

	
Crisp Boundary Results

	
Buffer Boundary Results




	
PA (%)

	
UA (%)

	
2-pixels PA (%)

	
10-pixels PA (%)






	
Satellite (Pléiades)

	
Anse

	
Summer-alone

	
59

	
28

	
75

	
88




	
Summer-sping

	
55

	
28

	
71

	
86




	
Summer-fall

	
58

	
31

	
74

	
87




	
Summer-all-dates

	
56

	
35

	
72

	
87




	
Fall-alone

	
50

	
25

	
64

	
81




	
Fall-spring

	
50

	
25

	
64

	
81




	
Fall-summer

	
61

	
34

	
77

	
90




	
Fall-all-dates

	
58

	
33

	
74

	
88




	
UAV

	
Anse

	
Spring-alone

	
49

	
56

	
62

	
84




	
Spring-phenology

	
57

	
47

	
70

	
84




	
Spring-CHM

	
68

	
48

	
81

	
89




	
Spring-biCHM

	
72

	
53

	
84

	
95




	
Spring-all-dates

	
69

	
50

	
82

	
93




	
Fall-alone

	
46

	
34

	
69

	
92




	
Fall-phenology

	
50

	
42

	
68

	
88




	
Fall-CHM

	
68

	
37

	
80

	
93




	
Fall-biCHM

	
49

	
21

	
79

	
99




	
Fall-all-dates

	
69

	
48

	
81

	
94




	
UAV

	
Serrières

	
Spring-alone

	
82

	
48

	
91

	
98




	
Spring-phenology

	
81

	
51

	
90

	
98




	
Spring-CHM

	
84

	
72

	
92

	
99




	
Spring-biCHM

	
83

	
80

	
91

	
98




	
Spring-all-dates

	
86

	
78

	
93

	
99
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