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Abstract

	Invasive species are a leading threat to biodiversity worldwide. Nypa palm (Nypa fruticans) has emerged as the predominant invasive species in the Niger Delta region of Nigeria. While endemic mangroves have high rates of carbon sequestration, stabilize coastlines, and protect biodiversity, Nypa does not provide these services outside its native region of Southeast Asia. Oil exploration and urbanization in this region also exacerbates mangrove loss and Nypa spread. As Nypa is difficult to distinguish from endemic mangrove species in remotely sensed data, estimates of mangrove and ecosystem services losses in Nigeria are highly uncertain.  Here, we analyze multisensor satellite data with machine learning to quantify the rapid expansion of Nypa from 2015-2020 in Nigeria. Using Landsat imagery and random forest classification, we quantify total potential Nypa extent in Nigeria in 2019. We then produced a Nypa extent map using iterative combinations of Sentinel-1 SAR, Sentinel-2 MSI, and ALOS PALSAR. Random forest classifications using SAR data from ALOS and Sentinel-1 were best suited for mapping Nypa extent with similar accuracies (78% and 75% respectively). Based on data availability and accuracy, we focused our change analysis on Sentinel-1 SAR. Our results show ~28,000 ha of mangroves were converted to Nypa in Nigeria by 2020 and covered a larger extent than endemic mangroves, compounding the effect of the existing degradation and deforestation in the region. We also compared forest height and complexity estimates from GEDI (Global Ecosystem Dynamics Investigation) LiDAR to further distinguish between endemic mangroves and Nypa in three dimensions. Nypa structural variability, measured by top-of-canopy height, vegetation cover, plant area index, and foliage height diversity, was lower than that of mangroves. At current rates of Nypa expansion, the entire area of study would be invaded by Nypa by 2028, with potentially detrimental consequences to the ecosystem services provided by mangroves. 


MAIN TEXT

1. Introduction
1.1 Nigeria's Mangroves
In 2015, the United Nations established a set of 17 Sustainable Development Goals (SDGs), including the Protection of Life on Land (SDG 15) and Climate Action (SDG 13) [1]. The protection and monitoring of mangrove habitats is critical to meeting these goals, as well as other metrics for reduction of deforestation and climate change (eg. the UN Framework Convention on Climate Change (UNFCCC) Conference of the Parties (COP26)). Globally, half of all mangrove forests have been lost since the mid-20th century [2].  Mangroves support a wide number of ecosystem services, as well as several of the indicators needed to achieve the SDGs. They are critical for the storage of blue carbon, or coastal-related carbon, and are among the most carbon-rich tropical forests of the world [3]. Indeed, mangrove forests have been shown to store more carbon than any other terrestrial ecosystem and therefore their loss releases more carbon into the atmosphere when deforested [3,4]. Mangroves also serve as natural nurseries, providing habitat for over 3000 terrestrial and aquatic species, and are the center of sensitive, complex ecosystems vital for fishing industries and income [5,6]. Additionally, mangroves stabilize coastlines against erosion and support local economies [5]. 
Nigeria is home to the largest continuous mangrove system in the world in the Niger Delta [7,8]. This ecosystem is considered one of the richest wetlands in terms of biodiversity worldwide [9,10], providing habitat for endangered species like red colobus monkeys (Procolobus badius), Sclaters' geunon (Cercopithecus sclateri) and Heslop's pygmy hippotamus (Choeropsis liberiensis) [7]. However, Nigeria’s mangroves are considered to be the most exploited in the world [10]; indeed, Nigeria’s mangroves have been heavily degraded by oil pollution, aquaculture conversion, road construction, and cutting [7]. This has led to the conversion of high-density patches to low-density patches for the last 20 years [11,12]. The mangroves of Nigeria are considered to be critically endangered by the World Wide Fund for Nature [5]. Along with the impact to biodiversity and carbon storage as a result of mangrove loss, it is estimated that climate change impacts will be more severe in this region as ecological, socio-economic, and adaptive ecosystem services of mangroves are lost [13]. 
[bookmark: _heading=h.2et92p0]While some mangrove loss is attributable to urban development and oil exploration, which is common in the region [14], a major threat to this ecosystem is the spread of invasive Nypa Palm (Nypa fruticans, hereafter Nypa). The introduction of invasive species is one the biggest threats to biodiversity globally, and are exacerbated by anthropogenic activities, such as urbanization [15,16]. In Nigeria, Nypa has been replacing mangroves [17] since their introduction as a crop to Calabar, Nigeria, in 1906 from Singapore [18]. These mangrove associates were initially planted as a cheap source of thatching and as a method for curbing coastal erosion [19,20]. However, this plant not only spreads rapidly— out-pacing mangrove growth rates over the last 30 years [21]—but is not used by local populations, and has been shown to lead to greater erosion than replaced mangrove stands [22].
Nypa now occurs along the coasts of Bayelsa, Akwa Ibom and Cross Rivers states [23,24] and has been linked to mangrove loss in the Niger Delta and Calabar Estuary [25]. Its growth pattern, which suppresses the growth of native mangroves, allows it to occupy space left behind by native mangrove species, such as Rhizophora sp [21,26] after degradation or cutting for timber. Its buoyant seeds also invade the same territory in which mangroves are found, outcompete mangroves with their rapid growth patterns, and disperse without competition in degraded ecosystems due to their ability to survive where mangroves cannot [21]. Nypa can alter soil nutrient composition, hydrology and landscape architecture [21], and does not provide the same ecological services as mangroves [27]. For example, unlike native mangroves, Nypa is branchless and has low litterfall, which reduces nesting sites for coastal bird species and impedes nutrient cycling [21].
Not only does Nypa encroachment degrade natural ecosystems, but it can also impact local economies and livelihoods. Invasions of Nypa remove economically important mangrove species, which provide poles, fuelwood and tannins [28]. Mangroves support important fisheries, which yield both fish and crustaceans like shrimp for human consumption, as well as wood production [29]. Once Nypa invades a mangrove forest, fishes that would normally breed in those areas disappear [30]. In areas of Nypa, studies have identified few incidences of native shellfish like burrowing crabs [29]. Additionally, floating masses of Nypa can destroy and reduce the economic viability of fisheries by destroying nets and obstructing waterways [21,29]. Due to these blockages, areas invaded by Nypa are sometimes filled with sand, leading to more habitat loss [21].
Exacerbating this pattern is the vulnerability of disturbed ecosystems. The high volume of oil and gas exploration and spillage in the Niger Delta leads to declining mangroves and increased dispersal of Nypa [31]. Additionally, rapid urban expansion has occurred around the city of Port Harcourt, an urbanized area in the southeastern region of the Nigeria’s mangrove forests [32]. Urbanization is a major threat to biodiversity in the region and is one of the largest contributors to the spread of invasives, as it degrades an already fragile ecosystem and creates room for invasive Nypa [33]. Previous studies have shown that Nypa seedlings survive longer than mangrove seedlings when planted on polluted mangrove soil [34]. Therefore, as degradation from oil exploration and urbanization increase, habitat becomes more viable for Nypa and less viable for important, native mangrove species.
[bookmark: _heading=h.tyjcwt]Monitoring the extent of invasive plants like Nypa can be a key technique for controlling them [35]. Satellite observations have already been used for a number of studies regarding the monitoring of SDGs [36], mangrove extent and loss [37], and invasive species [24,38,39]. While the remote sensing of specific mangrove species and their associates can prove difficult, previous work has demonstrated the capability of satellite imagery for mapping invasive species [40]. For example, previous studies have successfully utilized Sentinel-2 MSI (Multi Spectral Instrument) and Sentinel-1 SAR (Synthetic Aperture Radar) data to map the extent of other invasive species like American Bramble [38,39]. 
Nypa is spectrally similar to mangrove forests, but occurs as thin fringes, growing in patches with uniform height and composition when compared to mangroves alongside different structural components, and may therefore be discernible using a combination of optical and SAR data [24,41]. Previous work on Nypa extent used ALOS-2 PALSAR-2 (Advanced Land Observing Satellite-2 Phased-Array L-band Synthetic Aperture Radar-2), Landsat, and SRTM (Shuttle Radar Topography Mission) to quantify Nypa expansion [24]. This previous work had a high accuracy overall, but a lower accuracy for Nypa identification. Here we aim to improve the detection of Nypa in Nigeria using combinations of multiple spaceborne sensors–especially combinations of active SAR (ALOS, Sentinel 1) and LiDAR (GEDI) data, as well as passive optical data (S2 and Landsat).

2. Materials and Methods
2.1 Experimental Design
Here, we explore the use of four satellite sensors—Landsat 8 OLI, Sentinel-1 SAR, Sentinel-2 MSI, and ALOS-2 PALSAR-2—to determine their efficacy in measuring the extent of Nypa in Nigeria in 2020. We build on previous work ([24]) to analyze multiple datasets as well as timesteps (2015-2020) to explore the rate of Nypa expansion in the region. Finally, we evaluate the use of lidar canopy height metrics from GEDI (Global Ecosystem Dynamics Investigation) data to contrast the structural complexity of endemic mangroves and invasive Nypa, and infer how the spread of Nypa affects structural aspects of biodiversity.   Details for the workflow of analysis can be found in Figure 1.
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[bookmark: _Ref107407518]Figure 1. Workflow of experiment design. Blue boxes indicate inputs, gold indicates process, green indicates output. Iterative random forest classifications were used to map Nypa potential, and then change in Nypa extent. Finally, GEDI observations over the study area were used to compare structural diversity in mangroves and Nypa. 
Nigeria's coast is largely characterized by wetlands and mangroves.  Urbanization and oil exploration has increased the human footprint in recent years, leading to extensive losses of mangroves, other forests and wetlands [7,8]. Ecological zones within this region include seasonal rainforests, sandy coastal ridge, freshwater swamp forests and saline mangroves [42,43]. The study area was restricted to the southeastern region of the Niger Delta, within the states of Cross River, Akwa Ibom, and Rivers, as well as the Calabar Estuary following previous work by Nwobi et al., 2020 [24], which identified 90% of Nypa occurring in this area (Figure 2). 
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[bookmark: _Ref107395912]Figure 2. Study area (red outline) of the Southeastern portion of the Niger Delta and the Calabar Estuary.
[bookmark: _heading=h.4d34og8]2.3 Mangrove a priori Extent
Following the methods used by De Sousa et al., 2020 [44] we generated an a priori Nypa potential map for Nigeria, including all primary and associate (Nypa) mangrove species, using the Landsat 8 Operational Land Imager (OLI) Surface Reflectance (SR Collection Tier 1) imagery archive available on Google Earth Engine (GEE). Due to high cloud coverage in the region, a cloud-free median composite of the stacked Landsat imagery was created on a per-band, per-pixel basis using Landsat data spanning 2018-2020 to ensure that at least one cloud-free pixel was included for the median composite. We chose a Random Forest Classification (RFC) [45]  to run the machine learning model based on previous work that has demonstrated its efficacy and high overall accuracy compared to other approaches [44,46,47]. The RFC was used to classify the median composite into a binary Mangrove/ Non-Mangrove output using training polygons acquired by visually inspecting freely available high spatial resolution imagery in Google Earth Pro and the Global Mangrove Watch dataset [48]. Areas of intact and homogenous areas of mangroves detected through visual inspection of very high-resolution imagery served as areas for selecting training polygons. Areas of high vegetation— demonstrated by Normalized Difference Vegetation Index (NDVI) values >0.25—occurring at low elevations near the coastline were included as training polygons for Mangrove, while areas of low vegetation—demonstrated by NDVI values < 0.25—were included as training polygons for Non-Mangrove. We avoided selecting fringe mangroves to avoid using mixed pixels as training data. We selected sample polygons covering a geographic swath from Lagos (west) to Uyo (far east). In total, 20,665 sample pixels were collected for Mangrove and 30,391 pixels for Non-Mangrove. We ran the model using the following predictor variables: Red, Green, Blue NDVI, Normalized Burn Ration (NBR), Normalized Difference Mangrove Index (NDMI), Modified Normalized Difference Water Index (MNDWI), Simple Ratio (SR), Green Chlorophyll Vegetation Index (GCVI), Bare Soild Index (BI), elevation, and slope (derived from the Shuttle Radar Topography Missions’ Digital Elevation Model). We chose predictor variables based on previous work by De Sousa et al., 2020 [44], which used the above predictor variables to classify mangroves and other landcover classes in Liberia and Gabon. The model was run using 100 trees and 5 predictor variables. A 100 m buffer was applied to the a priori map to allow for potential additional undetected mangrove to be included in the study area. We masked the study area with the resulting extent map to identify regions where mangrove forests and Nypa may occur (Figure 2).

2.4 2020 Nypa fruticans Classification
Classification of Nypa was accomplished by creating four new RFCs using data from Sentinel-1 SAR, Sentinel-2 MSI (Multispectral Instrument), and ALOS-2 PALSAR-2 sensors. The four RFC models included the following: S1 RFC (Sentinel-1 SAR), S2 RFC (Sentinel-2 MSI), S1_S2 RFC (Sentinel-1 SAR and Sentinel-2 MSI), PALSAR RFC (ALOS-2 PALSAR-2). Table 1 demonstrates each sensor used for the four random forest models constructed, as well as the bands used from each sensor. We ran a grid search of random forest parameter combinations to explore combinations of trees (1-1000) and number of parameters (1-4) used in the RFC model, and after finding no difference in model precision with a lower or higher number of trees, we ran a model using 500 trees and 4 predictor variables. A table with variable importance, using GEE’s .explain() function, which returns a decrease in Gini impurity index [49], is available in Supplemental (S1). The code associated with this methodology is available through Barenblitt & Thomas 2022 [50].

For each of the Sentinel models we composited all available data from 01-01-20 to 12-31-20 for the individual sensor by concatenating the mean of available bands. While median is the preferred compositing technique for Landsat imagery and the creation of cloud-free composites, SAR is not inhibited by clouds, which allows a mean composite to be used in constructing a data stack [44,51,52]. This composite was then masked to areas defined as mangrove in section 2.2. Due to lower available quantities of stripmap level 2.1 ALOS-2 PALSAR-2 data, seasonal images from the wet and dry seasons were averaged between seasons and subset to the mangrove extent. As Nypa and mangrove do not exhibit leaf-on/leaf-off seasonality, other phenological data was not considered in the present study. Three ALOS images were required to cover the spatial extent of the study region. To maintain native pixel resolution (6.25 m) two scenes were averaged per path and row. Averaging minimized the impacts of speckle and local environmental conditions (moisture), reducing the need for spatial filtering. This resulted in 6 images, composed of 3 pairs with both HH (HH polarization backscattering coefficient) and HV (HV polarization backscattering coefficient) backscatter. Each pair of images were averaged in 𝞂° backscatter and converted to decibel (dB) for analysis. The dates of the imagery spanned 2019-06-24 to 2019-08-28. 
Radar data from Sentinel-1 SAR and ALOS were ingested in linear power, averaged and then converted to decibel (dB) for use in the models. We created a mean composite of Sentinel-1 SAR dual polarization data from VV (Single co-polarization, vertical transmit/vertical receive) and VH (Dual-band cross-polarization, vertical transmit/horizontal receive) backscatter to create all predictor variables used in the model (see Table 1). These radar backscatter coefficients were used as predictor variables since they are indicative of structural components of vegetation [53].
For the Sentinel-2 MSI model, clouds were masked using Sentinel-2’s ‘QA60’ (cloud presence) band, to eliminate imagery with clouds prior to mosaicking. NDVI (Normalized Difference Vegetation Index) was calculated across all pixels and added as a band to the available imagery [54]. While more vegetation indices are available for Sentinel-2, a number of these are used in the a-priori classification, and as NDVI has been used in prior studies to distinguish invasive species, it was the only index reintegrated into this phase of the model construction [55]. To create a data mosaic for the S1_S2 RFC model, we combined the Sentinel-1 SAR and Sentinel-2 MSI composites into one image layer stack. For the PALSAR RFC, we created a mean composite of dual polarization data from HH and HV, following a similar method as was used to process the Sentinel-1 SAR data.
We trained each model using three cover classes: Nypa (Nypa fruticans), Water (rivers and stranding water), and Mangrove (native mangrove stands). Training polygons were created by visual inspection of high-resolution satellite imagery from WorldView, following a similar methodology to Barenblitt et al 2021 [46] and section 2.2, and through the use of locations collected through ground-surveys. Training polygons for Nypa were restricted to areas of lower heights (<15m) as measured by 12 m TanDEM-X (​​TerraSAR-X add-on for Digital Elevation Measurement). TDX data was transformed from ellipsoid height to orthometric height (EGM08) prior to analysis. A table of all training pixels used for each model can be found in Supplemental (S2). 
[bookmark: _heading=h.17dp8vu]2.5 Accuracy Assessment 
To validate the land cover classification, we generated randomly stratified points for each cover type within the study area. After eliminating points where high-resolution imagery was unavailable, this resulted in 168 points for Nypa, 125 points for Water, and 211 points for Mangrove in 2020. A 15m radius circle was centered on each validation point. This circle was then used to separate points into 3 land cover classes (Nypa, Water, or Mangrove) based on high resolution imagery in Google Earth Pro and Worldview Imagery from 2020.
We assessed the accuracy of the land cover classification using a confusion matrix. This matrix was used to visualize the algorithm’s performance by comparing actual and predicted values. Metrics calculated using this included overall accuracy, Producer’s and User’s Accuracy, and Commission and Omission Error. The population matrix was estimated using the sample matrix, based on the best accuracy assessment methods of Oloffsson et al. [56] and these results were used to revise unbiased estimates of each landcover class. Following the accuracy assessment, we used a Multiprobability Random Forest Classification of 500 trees to generate a map of the spatial confidence of the Sentinel-1 SAR landcover classification. 
2.6 [bookmark: _heading=h.3rdcrjn]Model Comparison
After interpretation of initial results, the S1 RFC model was elected as the model to use for the 2015 comparison analysis, due to both the overall accuracy and the availability and ease of data access in comparison to PALSAR-2, which did not have the required data available across the entire study area. In addition, the S1 RFC model produced the highest User’s Accuracy for Nypa specifically. The methodology described in sections 2.3 was repeated using a Sentinel-1 SAR mean composite from 01-01-2015 to 12-31-2015. While fewer images were available, in 2015, S1 imagery was still consistently available from April to December. New training data was created using visual interpretation of available WorldView and Google Earth Pro high-resolution imagery. The accuracy assessment of the 2015 model used 147 randomly sampled points for Nypa, 191 points for Water and 164 points for Mangrove in 2015 and followed the methodology described in section 2.4. 
We compared resulting classification maps from 2015 and 2020 on a pixel-by-pixel level using a map-to-map approach to determine which pixels demonstrated a change in landcover classes. The raster layers were overlaid and pixels demonstrating a classification change were totaled and separated into the following categories: Nypa to Water, Nypa to Mangrove, Water to Nypa, Water to Mangrove, Mangrove to Nypa, and Mangrove to Water. 
[bookmark: _heading=h.26in1rg]2.7 GEDI Comparison of Nypa vs Mangrove
To compare the structural complexity and variability of Nypa to that of endemic mangroves, all available GEDI02_B Canopy Cover and Vertical Profile Metrics Data Global Footprint Level data from March 2019 to February 2021 were collected across the study area. In total, 93 GEDI orbits were available. We limited our footprint data to quality flag = 1, which indicates the cover and vertical profile metrics represent land and meet the quality of extended Gaussian fitting to the lowest mode [57]. Though coverage beam footprints were not explicitly excluded, the quality filter retained far more power beam footprints than coverage beam footprints (82% of footprints vs 18%). After limiting to the extent of our study area, 108,713 GEDI samples remained. At each GEDI footprint location, we extracted all overlapping classified pixels from the 2020 Sentinel-1 SAR landcover map. 100,889 GEDI footprints were classified as water and excluded from the analysis. To reduce ambiguity in the structural characterization of each cover class we excluded mixed classification GEDI footprints such that a single GEDI sample required more than 80% of the same pixel class to be included in further analysis. This exclusion step removed 1441 footprints (18.4% of vegetation classified footprints) from analysis. Nypa accounted for 1,682 GEDI footprints and mangrove accounted for 4,701 GEDI footprints. 
The classified GEDI data allowed us to then compare Nypa and mangrove footprint-level metrics and foliage profiles. Of the available metrics, we evaluated GEDI RH100 (canopy height at the top of the canopy), FHD (Foliage Height Diversity, unitless), PAI (Plant Area Index) and cover, (canopy cover) with density distributions. The GEDI02_B product provides an estimate of the density of foliage or Plant Area Vegetation Density (PAVD using RH100) for each individual GEDI footprint (~25 m diameter circle) in the forest in the vertical dimension. The default vertical resolution of foliage profiles (5 m) was insufficient for us to clearly compare the two vegetation types. With R code, we adapted publicly available python code on github for “remapping” the PAVD profile at 1 m resolution by recalculating the gap fraction to the desired resolution [58]. Though the 1 m resolution is considered less accurate in terms of representing the magnitude of foliage at a given layer, the additional resolution improved our capacity to compare the two vegetation types. Profiles were aggregated into 5, 10, 15, 20, and 30 m height classes based on RH100 estimates and we derived the mean and standard deviation of PAVD at each 1 m height bin, allowing us to visualize the structural differences between Nypa and mangrove stands at different heights. Note, we chose the RH100 height estimate since this was the only canopy height metric available in the GEDI02_B dataset. Finally, we compared the GEDI RH98 values to TanDEM-X height values to determine how comparable height estimates from each sensor are in the Niger Delta. For this comparison, we chose to compare to the RH98 since other work has found this to be a more stable parameter for estimating canopy height [59].
 

3. Results 
3.1 Landcover Classification
Results of the Landsat classification of mangroves indicate that the potential zone of Nypa and the 100m buffer totaled 144,152.29 ha in 2020 in our area of interest.  For 2020, of the four models investigated here, the PALSAR RFC and the S1_S2 RFC had the highest accuracy, each with an overall accuracy of 78%. The S1 RFC had an overall accuracy of 75% and the S2 RFC had an overall accuracy of 68%. The S1 model also had the highest User’s Accuracy for Nypa (74%) followed by the S1_S2 model (69%) and the PALSAR model (60%). The S2 model had the lowest User’s Accuracy for Nypa (37%).  Radar is therefore a strong and useful determinant for the classification of vegetation types, outperforming optical sensors in using reflectance alone to classify mangrove and Nypa. This indicates that structure is a useful parameter for discriminating mangrove from Nypa which is not possible with optical reflectance alone. All accuracy results are indicated in Table 2 and extent maps for each model are demonstrated in Figure 3. A full table of error matrices can be found in Supplemental (S3). When we compared spatial outputs for each model, 64.8% of the S2 RFC, 82.5% of the S1_S2 RFC combination model, and 70.0% of the PALSAR RFC demonstrated agreement with the S1 RFC. Between all four models, 59.5% of the total study area was in agreement (Figure 3). For the 2015 S1 RFC, the overall model accuracy was 85% (Table 2). 
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[bookmark: _Ref107395974]Figure 3. Landcover classification results from Random Forest model, including importance (%) of each model variable using A) Sentinel 1 SAR; B) Sentinel 2 MSI; C) Sentinel 1 SAR and Sentinel 2 MSI combined; D) ALOS E) Areas of agreement between all 4 models. Purple, blue, and green indicate areas where all models classified pixels as Nypa, Water, and Mangrove respectively. Gray indicates areas where >1 model disagreed.
[bookmark: _heading=h.1ksv4uv]3.2 2015-2020 Comparison
Results from the RFC models for 2015 and 2020 can be found in Table 3. The total area classified as Nypa increased by 57.3% since 2015 at an average rate of 11.5% yr-1 (Figure 4). Resulting landcover classifications are available through Barenblitt et al. 2022 [60].
[image: ]
[bookmark: _Ref107396015]Figure 4. Comparison of Nypa extent with confidence values from 0-1 in 2015 and 2020 near A-B) Parrot Island; C-D) Opobo; E-F) South of Ekpene Esuk

Within the study area, a total of 36,880.03 ha experienced a change in landcover class (Figure 5). Of that change, 28,075.07 ha of Mangrove changed to Nypa, accounting for 76.1% of the total area of change. Of the remaining area of change, 3,803.67 ha (10.3%) of Nypa were converted to Water, 2,542.4 ha (6.9%) of Nypa converted to Mangrove, 463.1 ha (1.3%) of Water converted to Nypa, 102.5 ha (0.3%) of Water to Mangrove, and 1893.2 (5.1%) of Mangrove to Water (Figure 5). 

[bookmark: _Ref107396049][image: Graphical user interface

Description automatically generated]Figure 5. A) Mapped landcover changes between 2015-2020; B) Visualization of total landcover change detection for Mangrove (green) and Nypa Palm (purple).

[bookmark: _heading=h.44sinio]3.3 GEDI Comparison
In comparison to mangroves, Nypa structural metrics were skewed to lower estimates for top-of-canopy height (RH100), cover, PAI and FHD (Figure S1, Table S4). For instance, mean RH100 in mangroves was 8.8 m (sd=4.6 m), compared to Nypa RH100 of 8.2 m (sd= 4.6 m). Though these values overlap, the structural profiles of Nypa and mangrove differ. The height distributions differed most dramatically in low stature stands (Figure 6). 
[image: ]	Comment by Barenblitt, Abigail (GSFC-618.0)[UNIV OF MARYLAND COLLEGE PARK]: Note to self: change figure for correct colors
Figure 6: GEDI-based internal forest foliage profiles (plant area vegetation density or PAVD at 1 m vertical resolution) and standard deviation of PAVD of Nypa palm (purple) and Mangrove forests (green) by RH100 height bin. Below 15 m Mangroves have a higher density of PAVD and a higher standard deviation of PAVD than Nypa. At 15 m Nypa and Mangroves have similar structural profiles, but Nypa has much higher variation in foliage density. In the tallest stands, Nypa has higher understory density and much higher variability in the PAVD profile than mangroves.  In the 30 m height class, Nypa did not exist in our classification map, so a PAVD profile was unable to be created. Note: the y axis is scaled by the maximum height in the height class and x axis was scaled by the maximum PAVD in each height class.

Nypa below 10 m were observed more frequently, while tall stands of mangroves were more frequent, shown clearly with both GEDI and TanDEM-X by differencing the density distributions of height for both classes (Figure 7C and Figure 7D). Mangroves also had a higher proportion of more structurally complex stands than Nypa. Mean Cover and PAI differed very little between the two classes (Cover = 17% in Nypa and Mangrove, PAI = 0.57 m2/m2 in Nypa and 0.5 m2/m2 in Mangrove). GEDI revealed clear differences in internal structure of Nypa and mangrove stands (Figure 6). GEDI-based foliage profiles (PAVD using RH100) and standard deviation of PAVD of Nypa palm (purple) and Mangrove forests (green) differed by GEDI height bin: below 15 m, Mangroves have a higher PAVD and a higher standard deviation of PAVD than Nypa. This is most likely due to the complex aboveground root structure of the red mangrove (Rhizophora), which overlaps with the canopy in short stands. At 15 m, Nypa and Mangroves have similar PAVD profiles, but Nypa has much higher variation in foliage density (Figure 6). This can be explained by the long palm leaves of Nypa which start at the base of the tree and create a singular distinct structural layer, whereas mangroves will have two distinct layers structural layers– the canopy and roots (Figure 7C and Figure 7D). In the tallest stands, Nypa PAVD is higher in the 0-15 m layer, and has much higher variability in the PAVD profile than mangroves. Only mangroves were found in the 30 m height class. The comparison between TanDEM-X and GEDI RH98 highlighted the main differences in how each sensor detects canopy height (Figure 7). In low stature stands, both sensors tend to agree in height estimates, on average. As stature increases, TanDEM-X becomes less sensitive to forest height than GEDI – a trend consistent with SAR instrument characteristics. Overall, the height distributions from each sensor appear quite different. TanDEM-X captures fewer small stature forests than GEDI. The major characteristic shapes of each forest type are consistent across sensors – Nypa displays an approximate bimodal distribution, while Mangrove forests have a more log-normal distribution. 


[image: ]
[bookmark: _Ref107396037]Figure 7. Structural differences between Nypa palm (purple) and Mangrove forests (green). A) One-to-one comparison of TanDEM-X and GEDI RH98 height estimates (higher density values in yellow and lower density in purple). B) Residual error estimate (TanDEM-X minus GEDI RH98, with horizontal dashed line indicating 0 bias) showing a tendency for TanDEM-X to overestimate low stature forests and underestimate in higher stature forests. C) Comparison of height values measured by GEDI and values measured by TanDEMX adjusted by a 5 meter increase. Density of height (m) data over Nypa Palm using TanDEMX (light purple) and GEDI (dark purple). D) Density of height (m) data over Mangrove using TanDEMX (light green) and GEDI (dark green).



4. Discussion 
Our findings demonstrate not only the efficacy of combinations of Landsat and Sentinel-1 SAR data for monitoring invasive species encroachment into mangroves, but also the rapid expansion of Nypa in Nigeria's mangroves, as well as the potential impact such expansion will have on structural diversity in the region.
4.1 Landcover Classification and Nypa fruticans Extent
While other studies demonstrate the efficacy of using remote sensing to monitor the expansion of invasive species, few monitor the expansion of Nypa [38,61]. Additionally, the high accuracy of the final model demonstrates that Sentinel SAR data is a reliable method for monitoring the rapid spread of this plant over a large region and provides an additional methodology for the remote sensing of invasive mangrove-associated species. 

The results from comparisons of the four combinations of optical and radar data in the classification yielded the highest accuracy when PALSAR-2 or Sentinel-1 SAR was the only sensor used. While Landsat was useful in delineating mangrove areas, the reflectance of Nypa and native mangroves is likely too similar to be distinguishable using optical sensors alone. Whereas other studies have avoided this obstacle by using imagery from seasons where invasive vegetation is readily distinguished from native vegetation, this is not possible for tropical regions like the Nigerian coast [40]. However, harnessing SAR’s ability to distinguish structural differences within designated areas of mangrove appears to be an effective method for monitoring Nypa expansion. The use of 10 m SAR also provides higher resolution mapping capabilities, while bypassing challenges emerging from the cloudy nature of the region, which is a challenge for optical studies of vegetation [44,48,62,63]. 

Additionally, while PALSAR-2 has a finer resolution than GEE Sentinel-1 SAR (6.25 m and 10 m respectively), these sensors use different wavelengths. ALOS relies on L-Band, which has a wavelength of 23.5 cm while Sentinel SAR relies on C-Band, which  uses a wavelength of 5.6 cm. As incident radar energy is backscattered from targets at the same size or larger than the wavelength, this is indictive of the size of the structural components of the vegetation types [64]. As palms, Nypa stems have less woody biomass than the mangrove and form smaller components than mangrove trunks and branches. This may explain why the PALSAR-2 model performed strongly, as its larger wavelength (L-band) was able to better separate these structural types by using the sensitivity of the L-band to the woody components of the mangroves, which were not detected within Nypa.  This is in contrast to the C-band wavelength which is sensitive to the smaller stems of Nypa, thus increasing saturation and its ability to discriminate the two vegetation types. While the accuracy of the PALSAR-2 model slightly exceeded that of the Sentinel-1 model, the ease of availability of Sentinel-1 SAR via GEE at the time of this study contributed to our decision to use it.

The relatively high accuracy of this model demonstrates that remote sensing data from Sentinel SAR alone is reliable in identifying and understanding patterns of Nypa expansion in this study region. Invasive species are one of the leading threats to biodiversity worldwide [15,16]. Mapping invasive species in West African countries like Nigeria can be especially challenging for optical sensors due to not only the cloudy nature of this region, but also the similar optical reflectance of Nypa and mangrove [24,44]. These results compliment other studies that have used SAR to map other invasives, including Mimosa (Acacia dealbata) in Chile and American Bramble (Rubus cuneifolius) in South Africa [65,66]. As in our study, SAR was used in these studies to compliment optical imagery. However, our results differ in that the SAR model proved to be more accurate than the optical S2 model, whereas the abovementioned studies demonstrated higher accuracy using S2 [65,66]. This difference is likely due to the use of an a priori map created using Landsat, which reduced the potential Nypa area to regions where the spectral signature of Nypa and mangrove were less distinguishable. Therefore, the secondary step of reanalyzing the same wetland region using SAR alone distinguished between structural signatures Landsat was unable to detect, thereby overcoming limitations of remote sensing to distinguish between associated species in tropical regions. The methodology used in this study has the potential to be applied to other regions where invasive species are not easily distinguished from native vegetation, for example to distinguish palm from broadleaf tree species, as in the case of oil palm in previous studies [53,67,68]. The use of SAR to classify invasive species also indicates more potential for invasive plant monitoring where cloudiness makes optical classification more difficult. Whereas long periods of data must be mosaiced to create cloud-free composite in countries like Nigeria, SAR is not limited by clouds and could therefore also be used to provide more multi-temporal data to monitor invasive encroachment within shorter time periods. Developing methodologies to understand the extent and rate of Nypa spread could therefore help monitor not only the spread of this species, but other species that invade and disrupt tropical ecosystems. 
[bookmark: _heading=h.3j2qqm3]4.2 Nypa fruticans Extent Change Over Time and Implications
Within the study area, Nypa was already heavily prevalent at the beginning of the study period in 2015, accounting for nearly the same amount of area as Mangrove. By 2020, Nypa grew by 57% and accounted for more area than native mangrove. Excluding the influence of external environmental variables, the current growth rate projects that Nypa could cover the entire extent of the study area by the year 2028. These results support a previous study of the region by Nwobi et al 2020, which noticed an increase of Nypa from 1,441 ha in 2007 to 11,444 ha 2017, about half the increase in extent (22, 000 ha) we measured during our study period [24]. This suggests that while Nypa was already prominent in 2015, much of its growth likely occurred during our five-year study period, rather than earlier, and most of this growth occurred within our study region. When comparing the 2020 Nypa classifcation in this study to the 2017 map in the Nwobi et al 2020 study, most of this new Nypa extent is found further inland, but still adjacent to waterways. This supports previous studies of mangrove invasions, which demonstrated hydrologic flow as a major component in invasion patterns in mangrove regions [69] 

[bookmark: _heading=h.1y810tw]Additionally, since our study covers only a period where Sentinel-1 data was available (2015 onward), we show that Nypa expanded rapidly over a relatively short time frame. The rapid expansion of a singular invasive species is especially concerning as 57 species of invasive plants have been found in mangroves worldwide, compared to the ~60 species of native mangroves [70]. The combination of impacts of Nypa on native habitats, carbon storage, and economic opportunities could be devastating if this invasive continues to encroach on native mangroves at the current rate of spread. These implications also reflect on Nigeria's neighboring country, Cameroon, where it is currently and will continue to impact mangrove habitats in West Africa [32]. Finally, in other regions like the Sundarbans, other invasive plants like Giant Reed (Arundo donax) modify coastal geomorphology and reduce faunal diversity, similar to Nypa in Nigeria [70]. Therefore the implications of increased capabilities of remote sensing to monitor invasive plants through the use of SAR could improve monitoring beyond the region of West Africa.

4.3 Implications of Structural Comparison of Mangroves and Nypa
In comparison to mangroves, Nypa skewed lower for height (RH100) and complexity (FHD). This is concerning as structural variability in terrestrial ecosystems is often associated with higher biodiversity [71–73]. GEDI provides a first-of-a-kind look at the internal structure of mangrove and Nypa forests at large scales. We anticipate some uncertainty in the GEDI statistics due to potential geolocation errors in the version 1 GEDI release and uncertainty in ground finding under the extremely high cover in the study area. GEDI provides the best estimates of the ground surface when the sensitivity parameter is equal to or greater than the cover of the vegetation being measured, so, in some high-cover areas, heights may not be accurate. However, the density of height values collected by GEDI appears to agree with those collected by TanDEM-X, though GEDI values appear to be consistently ~5 m higher than TanDEM-X values collected at the same locations. These results are in agreement with previous work to calibrate GEDI RH100 values using TanDEM-X heights, which found that TanDEM-X products generally underestimate heights [74]. Even under these constraints GEDI has clearly shown the differing internal structure of the Nypa and mangrove forests in the Niger Delta and Calabar Estuary. While the resolution of GEDI (25 m) is lower than that of the final S1 landcover classification (10 m), moving from a higher resolution classification to the lower resolution GEDI analysis allowed us to exclude regions of mixed cover. Therefore, the differences detected between the structure of Nypa and mangrove likely describe regions that are more uniform in cover type. This leaves room for further analysis of transition zones as Nypa continues to invade. 

[bookmark: _heading=h.4i7ojhp][bookmark: _heading=h.pqvvfkm4hwy3]The most striking difference between the two forest types – supported by on-the-ground observations – is that the tallest stands of Nypa have high understory density, while mangroves remain more open in the understory. This difference in structural characteristics could also affect how wildlife use the Niger Delta ecosystem, as species like waterbirds and primates rely on mangrove canopies [75,76]. While mangroves are structurally homogenous compared to other forest types, the structural variation found due to stem density and mangrove species zonation support fauna like birds, as bird species composition is closely associated with plant species composition and the configuration of vegetation structure [77]. Additionally, the high density of canopy cover has been determined to be predictive of bird species richness [77]. Therefore, changes to the structural characteristics of Nigeria’s mangroves ecosystem could reduce habitat available for canopy-dwellers and reduce heterogeneity of faunal species in mangroves. This supports previous work demonstrating increasing homogeneity of mangroves worldwide, with implications on flora and fauna beyond Nigeria [78].

The evidence provided by comparing GEDI across Nypa and Mangrove areas suggests this invasive species can directly affect the forest structure, with implications for impacts on ecosystem function for supporting biodiversity. These results demonstrate how SAR and other sensors used for landcover classification would be aided by the inclusion of GEDI LiDAR, and points to possibilities for the inclusion of structural data in Random Forest model construction. The use of structural data as a predictor variable in model construction could lead to more accurate and specific models in the future. Additionally, a wealth of data is available for directly mapping forest structural features within each landcover class. The differences detected within the structural components of each individual landcover type—including canopy height and PAVD profiles—not only allow us to compare structural components of each vegetation type, but would also allow direct mapping of structural changes within each class over time. This utility could prove especially relevant for better understanding transition zones and monitoring where Nypa is invading mangroves. Finally, at the time of the current study, GEDI data was available from 2019-2021. In March, 2023, GEDI was powered down and stored on the International Space Station, but will resume operations in 2024 [79]. The future availability of GEDI will allow for monitoring of structural changes within Nypa and mangrove over time, as well as between landcover types, allowing for further support of landcover mapping with SAR and GEDI data.  
4.4 Model Limitations
As we used an a priori map to determine areas of Nypa potential within the study area, the models generated using the Sentinel series and PALSAR are not independent of the Landsat-generated map. Therefore, errors in the a priori map could be propagated into the final S1 map. However, as new training data was created independently from that used for the a priori map, we believe this error is reduced, especially in light of the use of the a priori map to limit the study area of interest, rather than generate predictor variables for the final classification. An initial grid search of the random forest classifications primarily indicated that the accuracy of the model did not vary widely, regardless of number of trees used and number of predictor variables. This suggests there is little sensitivity in the model's parameters and predictors, despite the high precision of the model, which could reflect on the model's overall accuracy. We have attempted to account for this by providing the detailed accuracy assessment described in the methods. Additionally, imagery was used from 01/01/20 - 12/31/20 across all sensors. For Sentinel-2 optical imagery, this meant data was lost due to the necessity of cloud masking. Even when the collection period was expanded, significant cloud coverage was identified in the data. This makes the direct comparison between the SAR and optical data less exact. However, it does demonstrate another case for the use of SAR data in this study as SAR is unaffected by cloud cover.
[bookmark: _heading=h.2xcytpi]Conclusions
This study used remote sensing techniques to quantify the extent of Nypa fruticans in the Niger Delta and Calabar Estuary, as well as the extent of invasive expansion from 2015-2020. Our findings support the use of remote sensing, particularly SAR data, to monitor an invasive species in a region where cloudiness and similarity of vegetation reflectance are obstacles to remote sensing techniques. The expansion of Nypa during the five-year time period of this study suggests that the negative impact of Nypa could continue to increase, affecting both livelihoods and biodiversity in the region. Future iterations of this work could apply this technique to similar tropical areas where invasives threaten biodiversity and ecosystem functions. As more L-band SAR data becomes available, including from the upcoming NISAR mission (NASA – ISRO Synthetic Aperture Radar mission) we anticipate further applications of this data for Nypa and other palm species monitoring. Additionally, future monitoring of Nypa should explore the use of LiDAR from sensors like GEDI to improve the classification of Nypa compared to areas of native mangrove. Nypa is often associated with degradation caused by other human activity, such as oil exploration and spills. Therefore, further work investigating patterns in the root cause of the spread of Nypa are critical for addressing these invasions.
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Table 1. Sensors used in Random Forest Classifications and variables used to create individual models
	Instrument
	Source
	Sensor Type
	Bands/ Indices Used
	Resolution
	Available Scenes
	Models Created

	Sentinel-1 SAR
	Copernicus, European Space Agency
	C-band Synthetic Aperture Radar
	VV, VH, RVI (Radar Vegetation Index), SR (Simple Ratio)
	10 m
	91 (2020)   
18 (2015)
	S1 RFC, S1_S2 RFC

	Sentinel-2 MSI, Multispectral Instrument, Level 2 A
	Copernicus, European Space Agency
	Multispectral imager
	Blue, Green, Red, Red Edge 1, Red Edge 2, Red Edge 3 , Near-infrared (NIR), Red Edge 4, Normalized Difference Vegetation Index (NDVI)
	10 m
	52 (2020)
	S2 RFC, S1_S2 RFC

	PALSAR-2
	ALOS-2, Japanese Aerospace Exploration Agency (JAXA) Kyoto and Carbon (K&C) initiative
	L-band Synthetic Aperture Radar
	HH, HV, RVI (Radar Vegetation Index), SR (Simple Ratio)
	6.25 m
	3 (2020)
	PALSAR RFC





	[bookmark: _Ref96695988]Model
	Year
	Producer's Accuracy
	User's Accuracy
	Nypa Producer’s Accuracy
	Nypa User's Accuracy
	Total Accuracy

	S1 RFC 
	2020
	67%
	75%
	67%
	74%
	75%

	S2 RFC
	2020
	37%
	80%
	80%
	37%

	68%

	S1_S2 RFC
	2020
	75%
	69%
	75%
	69%
	78%

	PALSAR RFC
	2020
	81%
	60%
	81%
	60%
	78%

	S1 RFC 
	2015
	78%
	81%
	78%
	81%
	85%


Table 2. Output of model accuracies from error matrices. Models are labeled in the “Model” column by sensor(s) used to conduct the Random Forest Classification (RFC). The “Year” column depicts which year data was collected from for running the model. Remaining columns demonstrate the values of accuracy calculated using a confusion matrix.  



Table 3. Proportion of Landcover Classes in 2015 and 2020
	Landcover Class
	2015 Area (ha)
	SE (+/-)
	2020 Area (ha) 
	SE (+/-)
	2015 Area (%)
	2020 Area (%)
	Change 2015-2020 (%)

	Nypa
	38107.85
	6140.33
	59937.75
	5657.9
	26.4
	41.6
	57.3

	Water
	24867.73
	3363.74
	36841.15
	3567.3
	17.2
	25.5
	48.1

	Mangrove
	81595.11  
	6561.3
	47373.40
	5334.8
	56.4
	32.9
	-42.0





Supplemental

Table S1: Variable Importance By Model
	Model
	Band
	Importance (%)

	S1
	RVI
	0.34

	
	SR
	8.36

	
	VH
	24.7

	
	VV
	66.6

	S2
	B2
	10.8

	
	B3
	9.9

	
	B4
	11

	
	B5
	12.3

	
	B6
	11.7

	
	B7
	11.4

	
	B8
	9.8

	
	B8A
	11.4

	
	NDVI
	11.8

	S1S2
	RVI
	5.6

	
	SR
	6

	
	VH
	8.2

	
	VV
	7.1

	
	B2
	8.6

	
	B3
	6.5

	
	B4
	7.9

	
	B5
	9.6

	
	B6
	8.8

	
	B7
	8

	
	B8
	6.6

	
	B8A
	7.8

	
	NDVI
	8.9

	PALSAR-2
	RVI
	0.5

	
	SR
	8.5

	
	HH
	66.2

	
	HV
	24.9





Table S2: Training Pixels for RFC Models	
	Model
	Nypa
	Water
	Mangrove
	Total

	S1 (2020)
	3601
	2679
	10046
	16326

	S2
	3601
	2679
	10046
	16326

	S1S2
	3601
	2679
	10046
	16326

	PALSAR-2
	5646
	2373
	14785
	22814

	S1 (2015)
	2071
	4318
	10675
	17064






Table S3: Random Forest Model Error Matrices
	Model
	
	Nypa
	Water
	Mangrove

	S1
	Nypa
	126
	22
	20

	
	Water
	3
	114
	1

	
	Mangrove
	59
	11
	113

	S2
	Nypa
	61
	19
	86

	
	Water
	2
	113
	4

	
	Mangrove
	13
	24
	150

	S1S2
	Nypa
	114
	26
	26

	
	Water
	1
	115
	2

	
	Mangrove
	37
	12
	137

	PALSAR-2
	Nypa
	89
	6
	54

	
	Water
	3
	89
	9

	
	Mangrove
	18
	2
	147






[bookmark: _Ref81387889]Table S4. Output of GEDI comparison over areas of invasive Nypa and native mangrove and TanDEM-X values. Excludes values below 0 m.
	Structural Variable
	Cover Type
	Mean
	SD
	0% Quantile
	25% Quantile
	50% Quantile
	75% Quantile
	98% Quantile

	RH100 (m)
	Nypa Palm
	8.2
	4.6
	3.0
	5.0
	6.0
	10.5
	20.3

	
	Mangrove
	8.8
	4.6
	3.0
	5.4
	7.1
	11.2
	20.7

	Cover (%)
	Nypa Palm
	17.0
	25.6
	0.03
	0.9
	4.6
	18.9
	89.0

	
	Mangrove
	17.0
	23
	0.03
	1.0
	6.1
	23.2
	84.5

	PAI (m2/m2)
	Nypa Palm
	0.57
	1.1
	0.0006
	0.02
	0.09
	0.4
	4.4

	
	Mangrove
	0.5
	0.9
	0.0006
	0.02
	0.1
	0.5
	3.7

	FHD
	Nypa Palm
	1.6
	0.7
	0.6
	1.0
	1.6
	2.2
	2.9

	
	Mangrove
	1.7
	0.7
	0.6
	1.2
	1.8
	2.2
	2.9

	TDX Height (m)
	Nypa Palm
	6.9
	4.3
	0.0
	3.1
	6.5
	10.2
	16.1

	
	Mangrove
	6.6
	4.3
	0.0
	3.1
	6.0
	9.3
	16.7





[image: ]
Figure S 1: Structural differences between Nypa palm (purple) and Mangrove forests (green). A) Distribution of structural variables analyzed from GEDI measurements, including top-of-canopy height (rh100), vegetation cover (cover), plant area index (pai), and foliage height diversity (fhd) - a measure of structural complexity.
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