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Abstract

:

Seagrass meadows are globally important habitats, protecting shorelines, providing nursery areas for fish, and sequestering carbon. However, both anthropogenic and natural environmental stressors have led to a worldwide reduction seagrass habitats. For purposes of management and restoration, it is essential to produce accurate maps of seagrass meadows over a variety of spatial scales, resolutions, and at temporal frequencies ranging from months to years. Satellite remote sensing has been successfully employed to produce maps of seagrass in the past, but turbid waters and difficulty in obtaining low-tide scenes pose persistent challenges. This study builds on an increased availability of affordable high temporal frequency imaging platforms, using seasonal unmanned aerial vehicle (UAV) surveys of seagrass extent at the meadow scale, to inform machine learning classifications of satellite imagery of a 40 km2 bay. We find that object-based image analysis is suitable to detect seasonal trends in seagrass extent from UAV imagery and find that trends vary between individual meadows at our study site Bahía de San Quintín, Baja California, México, during our study period in 2019. We further suggest that compositing multiple satellite imagery classifications into a seagrass probability map allows for an estimation of seagrass extent in turbid waters and report that in 2019, seagrass covered 2324 ha of Bahía de San Quintín, indicating a recovery from losses reported for previous decades.
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1. Introduction


Seagrass meadows provide important ecosystem services such as shoreline protection, constitute habitat for commercially important fish, and potentially sequester significant volumes of carbon [1,2,3]. However, both anthropogenic and natural environmental stressors have led to a worldwide reduction in coastal seagrass extent, with rates of decline increasing from 0.9% per year before 1940 to 7% per year since 1990 [4]. In recognition of their potential to offset carbon emissions, seagrass meadows are being evaluated as National Determined Contributions by nations that signed the Paris Climate Agreement, creating an urgent need to determine their spatial extent and document trends globally [5,6].



For purposes of management and restoration, it is essential to produce accurate maps of seagrass meadows and to record indicators of seagrass ecological structure and function at the ecosystem scale and at temporal frequencies ranging from months to years. Although satellite remote sensing has long been employed to produce maps of seagrass, challenges persist [7]. These are related to poor performance of remote sensing techniques under adverse atmospheric and hydrologic conditions characterized by high particle concentrations that scatter and absorb electromagnetic radiation.



Furthermore, costs of both extensive field work and the acquisition of high-frequency (e.g., daily to weekly), high-resolution (<5 m) imagery over large areas of interest can be prohibitive. It is desirable to map submerged aquatic vegetation at low tide to reduce attenuation of the benthic seagrass signal by the water column, especially in turbid conditions. However, morning image captures of sun-synchronous polar orbiting satellites are not always synchronized with low tides. Therefore, remote sensing techniques are often restricted to broad temporal and spatial scales and limited to measures of presence/absence [8,9,10]. Existing seagrass monitoring programs typically employ a tiered approach, with in situ observations of seagrass characteristics (Tier 2, e.g., shoot density, percent cover, and canopy height) occurring sub-annually along transects or fixed quadrats accessed via wading, snorkel, or SCUBA [10,11]. This monitoring effort can be supplemented by interannual seagrass meadow delineations using satellite or acoustic remote sensing (Tier 1).



Depending on the monitoring tier, seagrass ecology can be studied at either the shoot (cm2), patch (m2), meadow (ha), or community (km2) scale. Studies of high temporal resolution exist at the shoot and patch scales but are scarce on a community level [12]. Although better suited for measuring seagrass growth metrics (e.g., shoot density, percent cover), in situ methods are often too labor intensive to scale up spatially [11]. Potential small-scale, high-frequency investigations can deliver important information about seagrass dynamics, such as disturbance events and subsequent recovery, impacts of process drivers on landscape dynamics, seasonal growth patterns, or effects of management practices [13]. The analysis of seasonal dynamics in seagrass cover can inform management and restoration practices, where high-frequency analyses on the community scale are scarce [13,14]. Therefore, remote sensing techniques need to be developed that harness high-resolution imagery for seasonal, community scale analysis.



Emerging sensor technologies offer the potential to overcome some of the spatiotemporal limitations in seagrass remote sensing. For example, unmanned aerial vehicles (UAV) can generate imagery with very high resolution at low and decreasing cost, with flexible acquisition time. Although UAV have been successfully used to map seagrass, most UAV systems are restricted to mapping at the meadow scale [15,16]. For community-scale observations at high temporal frequencies, the recent proliferation of satellite flocks such as Planet Doves show promise [8,17]. These multispectral sensor systems revisit most of the globe daily, acquiring high-resolution imagery (3 m pixel−1). Compared to sensor platforms that were used to map seagrass at coarser resolutions in the past (e.g., Landsat; 30 m pixel−1) [18], higher-resolution imagery may better capture fine-scale meadow features (e.g., patchiness, meadow boundaries) by providing a smaller minimum mapping unit.



The recent progress in sensor technology is paralleled by developments in image analysis techniques. For example, object-based image analysis (OBIA) proved especially useful for seagrass delineation [19]. OBIA is advantageous for extent mapping and even for discerning different species of seagrass, or seagrass and algae, because attributes beyond the pixel extent are used to characterize a class sample, allowing for additional information to inform classifications [19]. Moreover, image classification can benefit from improved algorithms, particularly machine learning approaches [11]. The application of machine learning classifiers has allowed geospatial researchers to achieve highly accurate seagrass maps [9,20]. The performance of machine learning techniques depends on the quality and size of training datasets [21]. To this end, obtaining high-resolution ground-truthing data from UAV can generate suitable datasets, if employed over the full suite of expected cover classes [15].



As blue carbon accounting becomes an important task for non-profits and government agencies globally and resources are allocated towards the management and restoration of seagrass habitats, there is a growing need for scalable mapping techniques that are both cost- and time-efficient [11]. This study builds on recent advances in image processing and classification technology, increased availability of affordable high temporal frequency imaging platforms, and an innovative integration of survey methods to produce seasonal time series of high-resolution seagrass classifications in a challenging environment. Specifically, we test whether UAV-derived seagrass extent classifications generated via OBIA can inform machine learning classifiers to produce accurate seagrass extent maps from satellite imagery on the community scale. We further test whether previously reported quadrat-derived seasonal trends in seagrass growth metrics at our study site are reflected in seagrass extent changes at the meadow scale and estimate the overall area of eelgrass cover for 2019. We chose Bahía de San Quintín (Figure 1) for our case study, because of the importance of its eelgrass meadows to migrating birds, local fisheries, and the dependence of the local economy on bay resources [22]. Previous reports of declines in seagrass extent between 1987 and 2012 merit this effort to produce current seagrass extent estimates for Bahía de San Quintín [23,24].




2. Materials and Methods


2.1. Study Site


This study was carried out at Bahía de San Quintín, a hypersaline lagoon with an area of ~40 km2 (Figure 1), located at the Pacific coast of Baja California, México (30°25′57′′ N; 115°57′59′′ W). The bay is mostly shallow (<3 m depth), with navigable channels spanning the length of both of its arms. The mixed semidiurnal tides have a maximum amplitude of 2.5 m, exposing large parts of the bay at spring tides. Approximately 40% of the areal extent of Bahía de San Quintín is colonized by the eelgrass Zostera marina, with both subtidal and intertidal meadows.



The eelgrass population undergoes a seasonal growth cycle, with peak shoot density and biomass in September [25]. The ocean off Bahía de San Quintín is impacted by the California Current system, with wind-driven upwelling throughout the year [26]. However, the most intense upwelling events occur in spring and early summer [27], and the nutrient-dense waters promote spring blooms of Ulva expansa, among other species [28]. Both phytoplankton productivity and suspended sediments contribute to high turbidity and light limitation might be a factor constraining seagrass distribution in the bay [29]. This study system is in a close-to-natural state, with very little anthropogenic influence from coastal development or local land use [30].




2.2. Image Acquisition and Ground Truthing


UAV surveys were conducted at three focus sites (Figure 1) during the lowest astronomical tides (−0.3 m to 0 m MLLW) of January, March, July, and October 2019, using a DJI Phantom 4 Pro (DJI, Shenzhen, CHN) flown at 61 m altitude at 3.5 m s−1 to record images with 80% overlap and a resolution of 2.5 cm pixel−1. Ground control points (n ≥ 12) were evenly distributed throughout the focus sites and geolocated to within 5 cm using a differential GPS base station and rover (System 1200, Leica, Wetzlar, Germany). Differential GPS observations were postprocessed using the national geodetic survey’s online positioning user service (geodesy.noaa.gov/OPUS/, accessed on 7 September 2021) and data from a permanent GNSS station in San Quintín [31]. The location of focus sites was chosen so that they were distributed evenly over the extent of the bay and represented the expected variation of bottom types of the whole study system, including shallow mudflats, deep sandy channels, as well as subtidal and intertidal eelgrass beds. Percent cover of benthic macrophytes was estimated in January and July at each focus site using 0.25 m2 quadrats in a stratified random sampling design. The center of each quadrat was geolocated using the differential GPS. Additionally, eelgrass presence/absence was recorded at the locations of ground control points at all sites and timepoints. Orthorectified and radiometrically corrected multispectral satellite imagery was downloaded under an educational license from Planet Lab (PlanetScope Analytic 3B, 4 bands, 3 m resolution, <10 m RME) [32] and visually inspected for spatial co-registration with UAV imagery. Imagery was selected for minimal cloud cover (<5%), low tidal stage, and an acquisition date within three weeks of field sampling (Table 1). These criteria allowed for sourcing of suitable satellite images from winter, spring, and fall 2019, but no imagery with high enough quality could be obtained for the summer sampling period.




2.3. Imagery Pre-Processing


Orthomosaics (5 cm px−1) were produced from UAV images following a standard photogrammetry workflow in Metashape (Agisoft, St. Petersburg, Russia) [33] achieving horizontal errors for winter surveys at OM, GR, and OY of 0.06, 0.03, and 0.88 m, respectively; 0.02, 0.03, and 0.02 m for spring; 0.11, 0.02, and 0.33 m for summer; and 0.05, 0.03, and 0.02 m for fall surveys. Lowest astronomical tides in winter occurred in the evening when a low sun angle and reduced illumination decreased the quality of UAV images. Therefore, winter surveys of OM and OY were excluded from further analysis. Individual satellite image tiles were mosaiced and clipped to the study region in ArcGIS 10.2.2 (Esri, Redlands, CA, USA).




2.4. Object-Based Image Analysis


Satellite and UAV orthomosaics were classified via object-based image analysis in eCognition Developer 9 (Trimble, Sunnyvale, CA, USA). Individual UAV orthomosaics were first segmented into 0.25 m2 squares (level 1), which were subsequently segmented into smaller subobjects using the multiresolution segmentation algorithm (level 2). Eelgrass, algae, and bare ground were classified on level 2 using decision trees based on object means for red, green, blue spectral bands, hue, brightness, or max. difference. In a second classification step, the level 1 objects were assigned the cover classes Eelgrass (>10% of pixels contained in object classified as eelgrass on level 2) or No Eelgrass (0–9% of pixels in object classified as eelgrass on level 2). The resulting eelgrass extent raster datasets with a pixel size of 0.25 m2 were exported to serve as training data for satellite image analysis. Multispectral satellite orthomosaics were imported into eCognition Developer and segmented using the multiresolution segmentation algorithm (scale: 3, shape: 0.1, compactness: 0.5). UAV eelgrass extent raster datasets from the 3 focus sites were subset into imported as thematical layers and used to assign classes to satellite image objects. The resulting classified image objects served as training data for machine learning classifiers, using mean object blue, green, red, and near-infrared radiance, brightness, max. difference, and texture (GLCM homogeneity, all directions). Salt marsh and upland classes were assigned to image objects based on near-infrared radiance and brightness. All other objects represent intertidal flats or submerged features and were classified as Eelgrass or No Eelgrass by application of machine learning classifiers. Parameter tuning for support vector machine (SVM) classifiers with radial basis function-kernel included step-wise alteration of C (controlling penalty of misclassification) and γ (generalization of class regions) [34]. The resulting eelgrass extent classifications for the entire bay were exported in raster format with a 3 m2 cell size to perform trends analyses (Figure 2).




2.5. Accuracy Assessment


The accuracy assessments in this work were conducted adhering to general best practice recommendations, in that reference data were of higher quality than the classification being assessed, separate datasets were used for training and validation, and reference classifications were obtained by sampling from the entire study region [35]. The classification accuracy of UAV imagery (level 1) was assessed using the eelgrass cover field observations (quadrats, n = 57). A confusion matrix was created and overall accuracy as well as specificity (fraction of bare ground correctly detected), sensitivity (fraction eelgrass cover correctly detected), positive predictive value (PPV, fraction of eelgrass predictions correct), and negative predictive value (NPV, fraction of bare ground predictions correct) are reported. The accuracy of satellite imagery classifications was assessed using the UAV-derived classifications as reference. For each timepoint, the corresponding UAV-derived maps were subsampled in a stratified design to collect 1000 points per cover class. These validation samples were intersected with the satellite classification to compare reference point classes to pixel values of the satellite imagery classifications. The error for satellite-derived eelgrass extent estimates was derived by taking the square root of the sum of square errors of UAV and satellite classification.




2.6. Trends Analysis


For each seasonal SVM classification of satellite imagery, the total area with Eelgrass and No eelgrass cover was extracted. Similarly, the area of cover classes for UAV classifications (level 1) was computed for each season and focus site. Area calculations were performed on the common footprint of all UAV surveys for each site, to avoid bias by differences in UAV survey extent between timepoints. The resulting common footprints include intertidal seagrass meadows and mudflats but not subtidal eelgrass, because at least one of the seasonal UAV surveys failed to capture the subtidal portion at all focus sites. However, eight out of twelve UAV surveys did include subtidal eelgrass and training of the SVM classifiers for whole-bay seagrass extent mapping was done on the full UAV survey footprints, allowing for the classification of subtidal eelgrass from satellite imagery. A seagrass probability map was generated by raster multiplication of the three SVM classifications of satellite imagery (winter, spring, and fall). The resulting map differentiates four cover classes, representing the fraction of seasonal classifications that predicted eelgrass presence for each pixel (0/3, 1/3, 2/3, 3/3). For example, if one pixel was classified as eelgrass in only one of the three seasonal classifications, the probability for 2019 was 33% for that pixel. This probability for eelgrass detection incorporates potential seasonal fluctuations in seagrass extent as well as classification error. This approach was used to derive the overall eelgrass extent at San Quintín Bay for the year 2019, providing a measure of confidence in eelgrass presence. Two estimates of overall classification error were derived for the probability map, representing the range of uncertainty that can be expected for this multi-temporal map [36]. The upper bound of the uncertainty range assumes completely independent error and was calculated by taking the square root of the square errors of input maps. The lower bound of the uncertainty range was calculated assuming complete spatial correlation of error and corresponds to the largest classification error of the three seasonal input maps. Seagrass extent estimates derived from the probability map are reported as ‘area ha ± min. error-max. error ha’. Statistical analysis was performed in R using the packages ‘caret’ 6.0–86 [37], ‘sp’ 1.4–4 [38] and ‘raster’ 3.4–5 [39]. All maps were created in ArcMap 10.2.2.





3. Results


3.1. UAV Image Accuracy Assessment and Trends


The overall accuracy of UAV imagery classifications was 0.90 (95% confidence interval: 0.79, 0.96) (Table 2). The Eelgrass class was reliably discerned from No Eelgrass (Sensitivity: 0.94, specificity: 0.84). The relatively higher sensitivity compared to specificity indicates that classifications identified eelgrass at higher accuracy than bare areas. The overall error was low (0.1), but classifications likely slightly overestimated eelgrass extent. The available reference data from quadrats were slightly unbalanced and we report a balanced accuracy of 0.89. The area covered by eelgrass at the three focus sites as estimated from UAV surveys differed by site and month (Figure 3). While eelgrass extent stayed constant at 8.2 ± 0.8 ha (pixel count ± classification error) over the surveyed months at the focus site ‘OY’, at ‘OM’ there was a linear increase from 4.6 ± 0.5 ha of eelgrass in January to 5.9 ± 0.6 ha in October. At the focus site ‘GR’, no statistically significant trend could be detected; however, the area classified as eelgrass was 0.5 ha higher in July and October compared to January and March.




3.2. Satellite Image Accuracy and Trends


The accuracy of satellite imagery classifications was moderate to high overall but differed between timepoints (Table 3). The highest accuracy was achieved for the fall and spring classifications (0.81), while the winter classification had the lowest accuracy (0.75). For winter and spring, specificity was higher (0.91, 0.89) than sensitivity (0.68, 0.75), indicating that if Eelgrass was absent, the classifiers tended to correctly predict No Eelgrass. However, for areas where seagrass was present, individual classifications tended to be less accurate. The predicted eelgrass extent appeared to increase from winter (2035 ± 509 ha) to spring (2105 ± 400 ha) and was highest in fall (2210 ± 401 ha). Due to moderate accuracies of satellite classifications and additional error propagated from UAV-derived classifications, no seasonal trend in bay-wide seagrass extent can be discerned (Figure 4).




3.3. Eelgrass Probability


A synthesis map of eelgrass extent for 2019 was produced by combining the seasonal SVM classifications, assigning to each pixel a value that represents the fraction of seasonal classifications for which eelgrass was predicted at that location (Figure 5). Eelgrass extent (area in ha) was calculated for each class. For 1000 ha ± 250–400 ha of the bay, none of the seasonal classifications predicted eelgrass (0/3). These areas comprise mostly of channels and mudflats. Low eelgrass probability (1/3) was assigned to 536 ha ± 134–214 ha, with pixel locations mostly falling on deeper channels and submerged mudflats. These likely represent true eelgrass absence, where one seasonal classification erred. Moderate eelgrass probability (2/3) was derived for 804 ha ± 201–322 ha, mostly at the upper intertidal and in subtidal portions of eelgrass beds. The very high (3/3) eelgrass probability classes account for 1520 ha ± 380–608 ha. These classes make up the majority of the area of Bahía San Quintín and are located in the inter- and subtidal portions with known eelgrass beds. Expressed cumulatively, the area of the bay with at least low eelgrass probability for 2019 was 2860 ha ± 715–1144 ha and the area with at least moderate probability was 2324 ha ± 581–930 ha.





4. Discussion and Conclusions


With this study, we tested the suitability of UAV and Planet imagery for seasonal mapping of eelgrass bed extent in an Eastern Pacific bay with turbid waters and high tidal amplitude. We found that high resolution, UAV-derived eelgrass cover classifications from three focus sites were suitable as test and training data for machine learning classifiers and allowed for seagrass extent mapping of the entire bay using PlanetScope satellite imagery. We further synthesized seasonal observations into an eelgrass probability map for the year of 2019 and derived estimates of eelgrass extent at various levels of confidence. In the following paragraphs, we evaluate the strengths and weaknesses of this approach and discuss the implications of our eelgrass extent observations in relation to the study site Bahía San Quintín.



4.1. UAV Surveys Bridge In Situ and Satellite Remote Sensing Observations


In recent years, falling prices of UAVs have increased their accessibility to the scientific community and led to their application for a broad range of mapping tasks, including seagrass bed delineations [15,40,41]. Among the benefits of this technology are the ability to capture very high-resolution images with ample flexibility in the timing of observations. These assets were particularly important to our study because they allowed for image acquisition at the lowest low tides, generating training data for classifiers delineating the eelgrass extent in a turbid coastal system, which is a traditionally challenging environment for remote sensing applications. However, even the flexible timing of imagery acquisition did not enable us to capture subtidal eelgrass at every survey, as lowest astronomical tides could occur in low-light conditions, particularly in winter. The accuracies achieved for UAV-derived intertidal eelgrass extent maps were sufficient to identify seasonal trends at the meadow scale, complementing in situ observations of intertidal eelgrass growth from quadrat and transect studies. While we only classified UAV imagery into eelgrass presence and absence, the OBIA workflow presented in this study would allow for percent cover observations. However, adequate ground truthing has to be available, which increases the effort required for field work. It was previously noted that the human observer interpreting UAV imagery is a source of classification uncertainty [15]. Therefore, expert knowledge of the field site is essential for successful mapping, even at the level of detail provided by UAV surveys.




4.2. PlanetScope-Daily Revisits but Mixed Image Quality


We tested the suitability of PlanetScope imagery for scaling up UAV classifications to the entire study region (40 km2), aiming to leverage almost daily satellite revisit times for seasonal classifications. Previous benthic habitat mapping attempts with Planet imagery report moderate accuracies (50–70%) in optically shallow waters, but a high signal-to-noise ratio which can deteriorate image quality [8], especially in deeper water [42]. This and the typically turbid waters at San Quintín require imagery taken at low tidal stage, however, no such imagery was available for summer, because of regular cloud cover. Large-scale benthic habitat mapping efforts that rely on Planet imagery have used a cloud-free satellite scene composite [43], but our attempt of seasonal mapping required imagery to be acquired in close temporal proximity to field sampling, narrowing the choice of satellite scenes. Tidal stage, cloud cover, and imagery acquisition timing are well described constrains for benthic habitat mapping [12] and these are not fully alleviated by daily satellite revisits. Nevertheless, for the other seasons, suitable imagery was available, allowing for eelgrass mapping with moderate accuracy. One of the factors influencing classification accuracy is the choice of input statistics used in OBIA. After testing a suite of object statistics, we chose the ones listed in Section 2.4; however, we recognize that other object statistics might have improved classification accuracy. Overall, classification error was too large to detect minor changes in eelgrass extent, such as those detected by UAV surveys. While there was an increase in predicted eelgrass extent from winter to spring and fall, this observation could have been caused by classification error alone. The least accurate classification was derived for the winter imagery (75% overall accuracy), which was also acquired at a higher tidal stage compared to scenes from the other timepoints (Table 1). Considering the turbid waters of Bahía San Quintín, high tidal stage could have resulted in a reduced capacity to detect eelgrass correctly, resulting in smaller estimates of eelgrass extent for winter.




4.3. Temporal Composite of Satellite Imagery for Eelgrass Probability Mapping


To overcome shortfalls of individual satellite imagery classifications, we derived a map of eelgrass probability, synthesizing the seasonal eelgrass bed delineations (Figure 6). This approach proved useful for estimating the eelgrass extent at Bahía San Quintín, because error inherent in individual classifications based on single satellite images can be reduced. This error can be introduced by multiple sources, some of which are especially relevant to bays with turbid waters. First, atmospheric and hydrological conditions can vary across the study region, with higher suspended sediment loads potentially causing optically deep water in parts of the bay. This locally reduces the likelihood of detection of bottom features such as seagrass, leading to errors of omission (‘false negatives’). For the seasonal classifications in this study, this is a likely source of error, as indicated by decreased sensitivity of SVM classifiers for winter and spring (Table 3). Second, individual PlanetScope images are known to have a relatively low signal-to-noise ratio, introducing error particularly over areas of open water [8,42]. This noise can lead to errors of commission (‘false positives’) in locations unlikely to have seagrass cover, such as deeper navigation channels. By compositing several classifications of the same year, we can gain a more nuanced picture of seagrass extent by attaching probability estimates to each pixel. Previous studies found temporal composite approaches useful for mapping of terrestrial vegetation [44,45], as well as coral reefs and other marine benthic habitats [43]. A drawback of the approach presented herein is that both classification error and seasonal growth dynamics reduce seagrass detection probability. The UAV surveys revealed seasonal growth dynamics in parts of the bay (Figure 2), but our method cannot discriminate these patterns from classification error when scaled up to the entire bay. However, for the purpose of delineating seagrass extent representative of the timespan of a whole year, the probability map is intuitive, as seasonal absence of eelgrass is reflected in a reduced probability. This type of map may prove useful for resource management or conservation applications that require knowledge of the spatial distribution of seagrass alongside a measure of uncertainty, which is especially important for remote, deep, or turbid systems for which seagrass extent estimates are scarce [46].




4.4. Mapping Accuracy


We adhered to best practices for accuracy assessment [35] where feasible. A notable weakness of this study is a lack of reference classification for the entire study system, which was unattainable given the high temporal classification frequency and size of the study system. However, assessing accuracy based on UAV image classifications at the three focus sites ensured that reference data were consistent between timepoints, with excellent temporal representation and geolocation, and of higher quality (i.e., resolution) than the assessed classification. This approach led to moderate overall classification accuracies while staying within constrains of time and cost of field surveys. It is important to note that, even though the classes of the probability map provide a measure of uncertainty for eelgrass presence on a pixel basis, overall map accuracy is not readily assessable. The standard approach assuming independent error of input maps aggregates the accuracies of each individual map that makes up the probability map, leading to a rapid deterioration of overall accuracy with the inclusion of more timepoints [36], until the mapping accuracy is lower than random chance [13]. This is almost certainly not true; rather than completely independent, misclassifications on the pixel level of individual maps are to some degree spatially correlated [13,36]. The true error for multi-temporal seagrass classifications, such as the probability map presented here, is likely a combination of independent and spatially correlated error. Therefore, we provide the range of expected classification error, with the lower bound representing spatially correlated error, while the upper bound represents completely independent error [36].




4.5. The Seasonality of Eelgrass Growth at San Quintin


Previous studies have described the seasonality of eelgrass growth at Bahía San Quintín, with lower eelgrass shoot density, leaf area index, and biomass in winter and spring compared to summer [25,47,48]. These seasonal dynamics of eelgrass morphometrics were captured using transect and quadrat studies, which allow for detailed observations, but often lack spatially explicit representations of the observed dynamics. Our seasonal UAV surveys of eelgrass beds at the three focus sites revealed that this seasonality in seagrass growth is accompanied by trends of eelgrass bed extent. However, this trend is not spatially uniform. At the site OY, which is closest to the oceanic inlet, eelgrass extent was constant throughout the year. In contrast, seasonal change in eelgrass extent was most pronounced at site OM, at the head of the bay. Previous studies described gradients of salinity, temperature, and nutrient availability at Bahía San Quintín, a result of coastal upwelling supplying colder, less salty, and nutrient rich waters to the mouth of the bay [49]. The conditions at the head of the bay are hypersaline and warmer, potentially leading to stress of intertidal eelgrass already living at the limit of their thermal tolerance. Indeed, drawing on multiple decades of biomass observations, Ibarra-Obando et al. [50] showed that higher eelgrass biomass at San Quintín was related to periods of colder water temperature. Therefore, our observation of pronounced eelgrass extent changes at the head of the bay could reflect stress-induced dieback followed by revegetation or an adaptation of life history strategy to higher temperatures.




4.6. Eelgrass Extent at San Quintin


The eelgrass meadows of Bahía San Quintín are an integral part of the local ecosystem, but their value reaches beyond the region. As an important stop on the Pacific flyway, San Quintín eelgrass provides a major food source for waterfowl that seek out the bay in winter, such as the black brant (Branta bernicla nigricans). The importance of San Quintín wetlands to migrating birds led to their designation as RAMSAR site and a heightened interest in the status of eelgrass beds. Ward et al. [23] used satellite remote sensing to compare eelgrass cover at San Quintín between 1987 and 2000 and found that the extent of eelgrass meadows decreased from 2390 ha to 2069 ha, with most decrease occurring in subtidal meadows. This decline in eelgrass extent continued from 2000 to 2011, at an increasing rate [24]. In 2011, only 1503 ha of the bay were covered with eelgrass, with most losses occurring in the east of the bay, at the delta of the arroyo San Simón [24]. Both authors attribute eelgrass loss to increased sediment inputs to the bay from Arroyo San Simón in years of high precipitation [23,24]. Based on the data gathered in our study, we can estimate the eelgrass extent at Bahía San Quintín for 2019. Because errors of omission as well as errors of commission can occur for any individual classification, it is likely that the area with eelgrass probability of at least 1/3 is an overestimate of true eelgrass extent, while the area with eelgrass probability of 1 is an underestimate of true eelgrass extent. Therefore, we use the area with at least 2/3 eelgrass probability as our best estimate, which is 2324 ha ± 581–930 ha. This result indicates that eelgrass cover expanded compared to 2011, with areas of gain located in the delta of Arroyo San Simón and the center of the bay south of focus site OY. If event-driven sediment loading was indeed the main cause of previous eelgrass loss, the impact appears to be temporally limited. The recovery of eelgrass extent suggests that this stressor was less pronounced in recent years, allowing for recolonization of previously uninhabited sites. However, additional factors such as water temperature, nutrient dynamics, disease, or trophic interactions may be governing cycles of eelgrass loss and recovery at San Quintín and an evaluation of causative relationships is beyond the scope of this study.




4.7. Outlook and Lessons Learned


We demonstrated that consumer-grade UAV can be a valuable tool for uncovering seasonal trends in seagrass extent, detecting changes at the meadow scale. Moreover, UAV survey data were useful for informing SVM classifiers to derive eelgrass distribution maps for the entire bay when processed in an OBIA workflow. We found that UAV surveys have the potential to bridge the gap in spatial and temporal scales of quadrat surveys and satellite image analysis, making them valuable tools for seagrass monitoring. However, we emphasize the need for good knowledge of the sampling site, because although UAV imagery can be rich in resolution and information, the interpretation and classification of UAV imagery is expert driven.



This study mapped seagrass in notoriously difficult conditions posed by a turbid system with tidal amplitude of 2.5 m. We took advantage of a satellite platform with high revisit frequency, which proved useful for sourcing suitable satellite imagery for multiple timepoints in 2019. Nevertheless, a composite approach was necessary to improve upon individual satellite classifications and to derive a seagrass distribution map. The accuracy of individual classifications was not sufficient to detect small-scale changes in seagrass extent, but it has to be noted that we did not perform more sophisticated satellite imagery preprocessing steps, which would likely have improved accuracy [42,51]. Potential seasonal differences in eelgrass growth should be considered when estimating seagrass bed extent for a given year. If only one satellite scene is analyzed, it should correspond to the maximum growth period to increase the likelihood of seagrass detection.



Our analysis suggests that overall eelgrass cover at Bahía San Quintín increased compared to estimates from 2000 and 2011 and is comparable to estimates for 1987 [24,52]. This finding implies that past seagrass loss at this bay does not continue in a unidirectional trajectory. It was proposed that event-based disturbance in the form of increased sediment loads led to the past decline of seagrass in the bay [23,24]. The apparent recovery from these periods of decline points to the ability of eelgrass at San Quintín to recolonize regions of previous loss, such as the delta of Arroyo San Simón. Nevertheless, previously vegetated areas at the heads of the bay are now converted to unvegetated mudflat. These fluctuations in eelgrass distribution are not well captured by trends analysis that compare only two timepoints with decades between observations and studies documenting year-to-year change are necessary to better understand the trajectory of seagrass habitats at Bahía San Quintín.
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Figure 1. Study site Bahía San Quintín is located at the Pacific coast of Baja California, México. The focus sites Old Mill (OM), Graveyard (GR), and Oyster (OY) were surveyed seasonally. Approximate extent of seagrass meadows (dark green) and salt marshes (light green) are shown. 
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Figure 2. Multispectral satellite imagery (PlanetScope) and SVM classification outputs for January (A,B), March (C,D) and October (E,F) in 2019, respectively. Panels (B,D,F) show Eelgrass and No eelgrass classes only, excluding the area classified as salt marsh or upland. 
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Figure 3. Area (ha) of focus sites classified as Eelgrass or No Eelgrass, for January, March, July, and October 2019 UAV surveys. 
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Figure 4. Area (ha) of the bay with Eelgrass and No Eelgrass cover, as predicted from SVM classifications of satellite imagery. Error bars incorporate satellite and UAV classification error. 
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Figure 5. Eelgrass probability map, displaying the fraction of seasonal SVM classifications that classify a given pixel as Eelgrass, based on satellite imagery from winter, spring, and fall. 
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Figure 6. UAV imagery from March (‘Spring’), July (‘Summer’), and October (‘Fall’) 2019 at the focus site OM. At this site at the head of the bay, eelgrass cover increased over the course of the year. 
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Table 1. Multispectral satellite imagery metadata. All images acquired by PlanetScope (4 bands, 3 m resolution) and downloaded at level ‘Analytic 3B’ [32].
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	Winter
	Spring
	Fall





	ID
	20190104_17

3541_0f2a
	20190314_17

2554_0f33
	20191005_18

0405_0f35



	Date
	4 January 2019
	14 March 2019
	5 October 2019



	Time (UTM)
	17:35:41
	17:25:54
	18:04:05



	Tidal stage (m MLLW)
	1.50
	0.19
	0.96



	Sun elevation
	28.1
	42
	48.8



	Sun azimuth
	145
	126
	145
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Table 2. Confusion matrix for the assessment of UAV-derived seagrass cover classification accuracy. Reference data were obtained using geolocated quadrats in the field.
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	Reference
	
	





	Prediction
	Eelgrass
	No Eelgrass
	



	Eelgrass
	30
	4
	PPV: 0.88



	No eelgrass
	2
	21
	NPV: 0.91



	
	Sensitivity: 0.94
	Specificity: 0.84
	Accuracy: 0.90
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Table 3. Accuracy metrics for SVM classifications of multispectral satellite imagery. Eelgrass cover classification accuracy was tested for a binary classifier, using UAV-derived reference imagery.
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	Accuracy Metrics
	Winter
	Spring
	Fall





	Accuracy
	0.75
	0.81
	0.81



	Sensitivity
	0.68
	0.75
	0.82



	Specificity
	0.91
	0.89
	0.80



	PPV
	0.94
	0.92
	0.80



	NPV
	0.57
	0.70
	0.82
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
116°0'W

116°0'W

30°25'N

30°25'N

30°25'N

A o B
L z
o
- D
o
™
D z
o
L D
o
™
F 2
o
£
(=]
(]
-
£
0 1 2km | M Eeigrass | | No eelgrass
115°55' W 115°55' W





nav.xhtml


  remotesensing-13-03681


  
    		
      remotesensing-13-03681
    


  




  





media/file2.png
30°30"N

|
116°0' W

OM S VS
A . P
Monte Kenton

Pacific
Ocean

116°0' W

Arroyo
San Simoén

- Focus Sites

- Seagrass

- Salt Marsh






media/file5.jpg
Area (ha)

~
o

o
o

P —

7

013 7
Month

1013

7

10

Class
-+~ Eelgrass
~&~ No eelgrass





media/file3.jpg





media/file1.jpg
16°0' W

30°30'N

30°25'N

16°0'W

[ Focus Sites

|| Seagrass
.~ saltMarsh

0 1 2km
——






media/file7.jpg
Month

10

Class
e~ Eelgrass

&~ No eelgrass





media/file10.png
Eelgrass £
Probability AT

o3
3
Pk
- EE

30°30'N






media/file12.png
" Spring

"Sununer

";ml






media/file9.jpg
Eelgrass 4
Probability

[Jos .
s
23
| E4

30°30N

30°25N






media/file0.png





media/file8.png
Class

-e—- Eelgrass

—4— No eelgrass

Month





media/file11.jpg
Summer.






media/file6.png
Area (ha)
o
o

oM
H—+ Class
s
\

mi—

~— Eelgrass

-4~ No eelgrass

b——‘—d

13 7 1013 7 1013 7 10
Month





