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Awareness of the significant benefits of mangroves to human lives and their role in regulating environmental processes has increased during the recent decades. Yet there remains significant uncertainty about the mangrove change trajectories and the drivers of change at national scales. In Colombia, the absence of historical satellite imagery and persistent cloud cover have impeded the accurate mapping of mangrove extent and change over time. We create a temporally consistent Landsat-derived dataset using the LandTrendr algorithm to track the historical land cover and mangrove conversion from 1984-2020 across Colombia. Over this period, mangrove extent decreased by ~48.000ha (14% of total mangrove area). We find a gradual reduction of mangrove extent along the Pacific coast since 2004, whereas, in the Caribbean, mangrove cover declined around during 1984-1988 and also after 2012. Our time-series analysis matches with drivers of mangrove change at three local sites. For instance, hydroclimatic events, dredging activities, and high sediment loads transported by the rivers have collectively improved mangrove recovery in some sites. In contrast, human activities pressure linked to agricultural expansion and road construction have degraded mangroves. The transition from dense mangrove to other vegetation types is the most significant conversion affecting mangrove cover in Colombia, impacting an area of 38,469 ± 2,829 ha. We anticipate increased mangrove loss, especially along the Pacific coast, resulting from intensified human activity. Prioritization of conservation areas is needed to support local institutions, maintain currently protected areas, and develop strategies (e.g. payment for ecosystem services) to preserve one of the most pristine mangrove regions in the Western Hemisphere.




Keywords: Landsat, Colombia, mangrove, Landtrendr, land cover change (LCC)



1 Introduction

Mangroves are complex ecosystems with various benefits to humans and the environment (de Jong et al., 2021). They are well-recognized for their ecosystem services, especially for communities living in tropical and subtropical regions (Guo et al., 2021). While mangroves are known to provide services such as coastal protection (Yang et al., 2008; Shahbudin et al., 2012), carbon storage (Fatoyinbo et al., 2018; Tang et al., 2018), and biodiversity conservation (Polidoro et al., 2010), they continue to be impacted by human activities. Common land cover change trajectories result from mangrove conversion to aquaculture, agriculture, and urbanization (Goldberg et al, 2020). Other change trajectories include subtle changes ranging from selective logging and forest degradation as well as mangrove gain or recovery (Bhargava et al., 2021; Vélez-Castaño et al., 2021).

Tracking land change trajectories in mangrove is needed to identify their human and natural drivers and evaluate their impacts. Initial efforts to produce consistent global mangrove extent maps focused on finite epochs (Giri et al., 2011; Hamilton and Casey, 2016). Applications of the Landsat archive is commonly used to track local mangrove gain (Gilani et al., 2021), loss (Thampanya et al., 2006; Bhargava et al., 2021), and degradation (Lee et al., 2021). While research utilizing the extensive record of Landsat imagery for monitoring mangroves remains less exploited (Pasquarella et al., 2016), these approaches and publicly available datasets already provide a much better understanding of the location of coarse drivers (Thomas et al., 2017) of mangroves change (Goldberg et al., 2020) and specific periods of loss and gain (Luijendijk et al., 2018; Mentaschi et al., 2018). The increased availability of complementary remote sensing datasets from radar has also been successfully used to produce global change maps, albeit with a coarser and more limited time-span (Bunting et al., 2018; Thomas et al., 2018).

Earth Observation technologies provide an objective means of monitoring the status of mangrove forests. However, tracking mangrove dynamics is difficult for many reasons. For instance, cloud cover and the restricted access to historical optical satellite imagery in tropical regions limit our ability to accurately evaluate mangrove extent and change. Additionally, most current mangroves datasets fail to recognize their historical dynamism because they primarily focus on bi-temporal or decadal analysis aggregating the outcomes at coarse spatial scales. Finally, there is often a discrepancy in mangrove extent area, loss, and gain at national levels (Ruiz-Luna et al., 2008; Mejía-Rentería et al., 2018; Suyadi Gao et al., 2018; Alban et al., 2020) which can potentially affect the design of policies to improve conservation outcomes (Hamilton et al., 2018).To our knowledge, there is no country-specific continuous assessment of the change in the extent of mangroves in Colombia (Bernal et al., 2017; Mejía-Rentería et al., 2018), and large uncertainties about historical mangrove change trajectories remain unknown (Mejía-Rentería et al., 2018). Previous studies have estimated mangrove extent in Colombia ranging from ~500,000 ha in 1966 (IGAC, 1966) to 214,000 ha in 2000 (Giri et al., 2011), suggesting a mangrove loss of 57% in 45 years (López-Angarita et al., 2016). However, these estimates are highly uncertain because of the diverse methodologies employed and the lack of reference validation (Zambrano Escamilla and Rubiano-Rubiano, 1996). Most previous mangrove research in Colombia has focused on localized studies. National assessments are scarce due to the limited availability of cloud-free optical imagery and the lack of a consistent method to exploit remote sensing archives. The Caribbean coast has more research given its accessibility since colonial times whereas accessibility has limited the number of studies along the Pacific coast (Castellanos-Galindo et al., 2021b).

Recent efforts by different Colombian agencies have contributed to a better assessments of mangrove extent (IDEAM, 2010; INVEMAR, 2014). Projects such as Sístema de Información para la gestión de los manglares en Colombia – (SIGMA) by the Colombian government seek to establish a platform for research and conservation strategies for these ecosystems (http://sigma.invemar.org.co/geovisor). Given the increasing global demand from commodities such as rice, shrimp, and oil palm cultivation and the current post-conflict opportunities in Colombia (Murillo-Sandoval et al., 2020), it is imperative to identify the past and current mangrove change trajectories. While large areas in Colombia are profitable for establishing Blue Carbon projects based on carbon prices (Zeng et al., 2021), the ability to facilitate management and conservation priorities depends on the capacity to monitor the condition of mangroves quantitatively. Thus, understanding historical changes in extent is the initial step for developing carbon accounting and resource management systems.

This paper combines Landsat imagery with the LandTrendr algorithm (Kennedy et al., 2010) to develop consistent temporal land cover maps at annual steps between 1984 and 2020. We quantify land change trajectories associated with mangrove gain, changes from mangrove to other vegetation types, mangrove to open water, as well as urban and agricultural expansion. We highlight sites where these changes are evident and describe potential drivers using previous research studies. Different sites highlight diverse mangrove change trajectories, and social and environmental conditions that contribute to test our remote sensing method at the National level. The contributions of this study are threefold: we initially reduce the uncertainty about the current extent and distribution of mangroves in Colombia using 36 years of satellite data. Additionally, our methodology produces consistent land change maps and is compatible with national agencies’ requirements to monitor mangroves regularly (i.e., SIGMA). Finally, we identify the location of mangrove change and qualitatively identify specific natural and human drivers. We specifically ask:

	1. What is the current and historical extent of mangroves in Colombia?

	2. What were the mangrove change trajectories and specific transitions of gain and loss?

	3. How can the most dynamic locations of mangroves change be attributed to specific human-induced activities and natural drivers?





2 Study Area

Approximately 70% of Colombia’s mangroves are found along the Pacific coast, with 30% on the Caribbean coast (Bernal et al., 2017). Colombia hosts 1.5% of global mangrove carbon stock (Simard et al., 2019a). Low alluvial plains characterize the Pacific coast fed by many large rivers from the Western Andes. The coastline is about 1600 km long and considered one of the rainiest places on the Earth (Mejía et al., 2021). With an average precipitation of ~8000 mm, frequent cloud cover seriously hampers optical remote sensing studies (Fagua and Ramsey, 2019). The environmental conditions and poor accessibility have contributed to keeping the remaining mangroves mostly undisturbed across large swaths of the Pacific coast. This condition has allowed the development of some of the tallest mangroves forests in South America, with canopies reaching 54 meters (Simard et al., 2019a) and trees measured in situ reaching 57 meters (Castellanos-Galindo et al., 2021a).

In contrast, the Caribbean coast is drier than the Pacific, with annual precipitation reaching ~2500 mm along the ~1300 km coastline. Under microtidal conditions in the Caribbean, mangroves are mainly located on small deltas and coastal lagoons. The Caribbean is more developed than the Pacific coast, with many small cities and five large commercial ports (Riohacha, Santa Marta, Barranquilla, Cartagena, and Turbo) (Correa and Morton, 2010). Human pressure on mangrove forests has been more extensive on the Caribbean than on the Pacific coast. With more consistent cloud-free satellite observations, the availability of studies in the Caribbean is more extensive (Simard et al., 2008; Villate Daza et al., 2020; Vélez-Castaño et al., 2021).The geomorphological setting of mangroves in Colombia varies greatly with small and large deltas, estuaries, lagoons, open coasts, and carbonate islands. The environmental conditions between the Caribbean and the Pacific coasts also contribute to diverse mangrove structure (Blanco-Libreros et al., 2022). The meso- and macro-tidal Pacific coast is dominated by alluvial plains and large river deltas where mangrove have developed under high rainfall conditions (Castellanos-Galindo et al., 2021b). In contrast, the microtidal Caribbean coast is mainly a dry environment in which mangroves occur in medium to small deltas, coastal lagoons, and some marginal areas along the coast (Correa and Morton, 2010).

In Colombia, the protected mangrove areas cover 67,000 ha, corresponding to 23% of the total mangrove area. There are seven mangrove species (Palacios and Cantera, 2017): Avicennia germinans (black mangrove), Rhizophora mangle (red mangrove), Laguncularia racemosa (white mangrove), Conocarpus erectus, (button mangrove) andPelliciera rhizophorae (piñuelo) are the five found in the Caribbean. Along the Pacific, we find these five species as well as Rhizophora racemosa and Mora oleifera.


2.1 Case Study Sites

We selected three sites with diverse human activities and natural processes that have affected mangrove cover. The selected sites are important to test our method and link them to specific drivers of mangrove change. First, in the Caribbean, Cienaga Grande de Santa Marta (CGSM) is the largest lagoon–delta complex in Colombia (1280 km2) (Botero and Salzwedel, 1999). Mangrove extent here has dramatically decreased due to the construction of roads (Botero and Salzwedel, 1999). These roads resulted in the diversion, diking, and drainage of freshwater courses and subsequent die-off of 60 to 90% of the mangrove areas (Bernal et al., 2017). Dredging activities increased freshwater input into the CGSM that temporally improved mangrove recovery. Second, the Gulf of Urabá, also known as the Darien region, is the most extensive sea inlet on the Colombian coasts (Blanco et al., 2012). The Western part is mainly affected by natural conditions, while its Eastern part has suffered the impact of anthropogenic activities such as large agricultural expansion linked to land grabbing processes (Ballvé, 2013). Finally, Sanquianga is the largest protected area along the Pacific coast of South America and is located on the new Patía-Sanquianga delta plain. In 1972 water diversion and channelization changed this northern estuarine system into an active delta plain mainly for easier extraction of logged trees (Restrepo, 2012; Bernal et al., 2017). This diversion shifted more than 90% of the Patia River discharged through the Sanquianga River with diverging impacts on mangrove cover (Restrepo, 2012).




3 Data and Methods

We divide the methods into four parts (see Figure 1). First, we combine Sentinel 1 (S1) and Sentinel 2 (S2) to create a 10m-resolution land cover base map for 2020 (Section 3.1) trained with official map sources. This base map allows the collection of enough training data for time-series analysis. Second, we apply the LandTrendr algorithm to remove year-to-year variability, interpolate missing data and enhance spectral separability between land cover classes using temporally consistent and multivariate descriptions of the landscape (Section 3.2). Third, we identify sites where mangrove loss and gain are evident and explain these changes using available reports and previous research (Section 3.3). Finally, an accuracy assessment and area estimation are provided (Section 3.4).




Figure 1 | Flowchart methodology. Mangrove Vegetation Index (MVI) is the main index employed for temporal segmentation. Vertices from MVI are imposed over each spectral predictor (index (i), see Supplementary) to create smoothed profiles.




3.1 Base Map 2020

We employ Synthetic Aperture Radar (SAR) data from Sentinel 1 A and B Sensors and optical data from Sentinel 2 to create an new land cover map with a spatial resolution of 10m across Colombia. First, we build a cloud-free Sentinel-2 image composite including data collected in 2019-2020. Our predictors based on the image composites include the mean, percentile 20th, 80th, and the standard deviation for each spectral optical band in Sentinel-2 and VV and VH polarizations for Sentinel-1A/B. Additionally, we include several vegetation indices and Gray-Level Co-occurrence Matrix (GLCM) indicators (see Supplementary). Second, we collect training data (first training, see Figure 1). The training data comes from the official Colombian Corine Land Cover map 2012 (CLC) (IDEAM, 2010). The CLC map identifies the five most common land cover classes along the Colombian coasts as agriculture, dense forest, mangroves, water, and scrub-shrub wetland associations.

We created a mask of 2012 to 2020 class persistence using the Global Forest Cover disturbance, tree canopy cover datasets (Hansen et al., 2013), and JRC Global Surface Water (Pekel et al., 2016). This allowed the selection of training samples on S1 and S2 image composite for year 2020 based on classes identified in 2012 Corine Land cover map. We applied a Simple Non-Iterative Clustering (SNIC) algorithm available in Google Earth Engine to S1 and S2 image composite and spectral indices (see Supplementary). SNIC is an object-based image segmentation approach useful to group neighboring pixels with similar characteristics into clusters (Tassi and Vizzari, 2020). We randomly sampled 1000 SNIC clusters per class and confirmed class labels through visual inspection of Planet data in the Collect Earth application. This process removed 549 samples that could not be assigned (e.g., cloud cover or not available imagery). A total of 4451 samples were divided into training (70%) and validation (30%). We found the Mangrove Vegetation Index (MVI) as the dominant metric for spatial segmentation to delineate mangroves from non-mangroves (Baloloy et al., 2020). After image segmentation, mean values of each predictor were assigned to each cluster and classified with the RandomForest algorithm to produce a new base land cover for 2020 (Breiman, 2001). Our method is highly automated using the Google Earth Engine platform (Gorelick et al., 2017).



3.2 Landsat Preprocessing and LandTrendr Setup

In this section, we created a new spectral dataset after a linear fit using LandTrendr algorithm (Kennedy et al., 2010). This process creates a temporally consistent dataset that provides a better temporal stabilization of spectral metrics to build consistent land cover maps. We analyzed 7853 Landsat Tier 1 images in the GEE Catalog between 1984 and 2020. For each image, we applied a series of steps. First, after using the standard cloud and shadow masking procedure, we visually removed 238 images with artifacts that would affect the creation of annual composites. Second, we produced homogenous spectral values for Landsat 4 through 8 using Roy’s parameters (Roy et al., 2016). Third, topographic effects were reduced using the Dymond-Shepherd physical correction (Shepherd and Dymond, 2003). Fourth, a negative 2 km buffer around each image was applied to remove scene edge artifacts. Finally, we clumped the spectral data to eliminate undesirable outliers.

After preprocessing, we created annual image composites using four methods: medoid, percentile 20th, 80th, and standard deviation. Medoid is a well-recognized method for building radiometrically consistent Landsat composites with the smallest average heterogeneity in tropical regions (Van doninck and Tuomisto, 2018). Instead of minimum and maximum values, we use the 20th and 80th percentiles to reduce sensitivity to shadows and atmospheric contamination effects (Zhang and Roy, 2017). Additionally, the 20th percentile is helpful in differential vegetated areas that are persistent green throughout the year (Lymburner et al., 2020). Standard deviation highlights dynamic and stable surfaces. While the scarcity of enough observations in the early years (e.g., 80 and 90) can affect the performance of percentiles (Xie et al., 2020), missing Landsat observations mostly occur in mountainous regions and few locations on the coast. These are spatially filled using an average window (8 x 8 pixels) procedure.We applied the LandTrendr (LT) algorithm on each of these composite datasets. While extensively used for tracking forest disturbances and agents of change (Kennedy et al., 2010; Zhu, 2017; Kennedy et al., 2018), its usability for building consistent landcover maps is less common (Murillo-Sandoval et al., 2021). LT identifies breakpoints (vertices) where the temporal progression of spectral values is approximated to be linear to reduce noise. We simplify chronosequences into representative temporal trajectories that improve land cover maps creation through linear fit smoothing. LT needs different parameters to identify breaks; here, we use previous parametrization available for Colombian forest (see Supplementary) (Murillo-Sandoval et al., 2021). We increased the spectral separability among land cover classes by imposing the timing of the vertices detected using MVI onto a set of spectral predictors (see Supplementary Figure 1). This process provides temporal stabilization of spectral metrics removing ephemeral changes across years for each composite method. The algorithm also interpolates temporal data gaps due to clouds, cloud shadows, and Landsat-7 SLC errors.We randomly sampled our new base land cover map in 2020 (section 3.1) for the five landcover classes incorporating the predictors from different Landsat composite methods (second training, see Figure 2). Additionally, we added more training data using purposive sampling in 1990, 2000, and 2010 to have a complete temporal description of land changes. The additional training data was verified using Landsat images and high-resolution images in Google Earth. A set of ten individual landcover maps per year were created employing a RandomForest. This iterative process decreases salt-pepper effects; the mode from these maps produced the final map per year.




Figure 2 | Mangroves area for the Pacific and Caribbean coasts. Area estimates with 95% confidence intervals (dashed lines). Brown line represents the area mapped (pixel counts), and cross symbols represent the area estimated.





3.3 Quantifying Land Change Trajectories

Land cover change maps are a proxy for detecting mangrove loss and gain processes and infer types of land use conversion. We derived five land change trajectories based on our land cover maps. The first conversion is from dense mangrove to scrub-shrub vegetation. The Instituto Geografico Agustin Codazzi (IGAC) defines dense mangroves in Colombia as tree height>15m that follows a continuous woody pattern with tree cover >70%. The scrub-shrub vegetation is also defined as tree height<4m that has been human or naturally intervened (IGAC, 1999). This conversion of mangrove to other vegetation type indicates mangrove loss. Loss and mangrove gain can be natural or anthropogenic processes that evolve in shorelines (Bhargava et al., 2021). The transition from mangroves to open water (Mentaschi et al., 2018) is considered mangrove loss. Mangrove gain is related to new mangroves expanding into the coastal ocean or inland. To determine mangrove gain, we consider the conversions from water, agriculture, and scrub-shrub vegetation to mangrove. Mangrove loss includes conversion of mangrove to open water, other vegetation types, and urban and agriculture areas. The latter two are human-driven conversions that affects the development of other land cover types (IDEAM, 2010). To reduce misclassification with tiny settlements, we employ the new ESA 2020 (Zanaga et al., 2021) urban layer to separate settlements from agriculture. Finally, classes such as permanent water and other non-mangrove-related transitions were calculated for the mapping process but not included in the area estimation assessment.

We create a difference map between 1984 and 2020 to identify the locations of mangroves gain and mangrove loss. We use spatial aggregation based on hexagons of 30 km diameter to visualize mangrove gain and loss, and identify three locations that experience mangrove gain and loss: Ciénaga Grande de Santa Marta, the Gulf of Urabá, and the Sanquianga Protected Area. We identify potential drivers of mangrove change in these regions using expert knowledge and available research.



3.4 Accuracy and Area Estimation Assessment

Good practices in remote sensing tasks recommend using unbiased estimators on stratified data using reference observations (Olofsson et al., 2020). Using an established procedure (Olofsson et al., 2014), the accuracy assessment was derived from the change map between 1984 and 2020. A random stratification sampling of 1,230 points was distributed among the five types of change trajectory and stable mangroves classes. The allocation follows 800 samples for mangroves (65% proportion area), 150 to mangrove to other vegetation types and mangrove gain, 50 to mangrove to open water and agriculture, and 30 to urban areas. While using a multi-sample approach can highlight more detail into the area estimation, developing an annual assessment would increase the number of needed samples to ~1230x35 = 43,050. Therefore, the choice of 1,230 points is merely practical and conservative, involving available human resources and making a careful effort to keep precision in the reference process.

We use a sampling unit of 30 m pixel size of the Landsat image for the reference process. We utilized CollectEarth (https://collect.earth/) which links the samples with the reference observation through a visual process. CollectEarth offers a set of tools for connecting each sampled point with its reference using Landsat images subsets, Landsat time-series plots, and high-resolution images from OpenStreetMap and Planet. Additionally, CollectEarth offers a degradation tool widget that tracks forest disturbances and helps in assigning the reference class to each sampled point. After reference data collection, we constructed error matrices and reported the estimated areas for each class. The bias in the mapped area (pixel counts) is assumed to be uniformly distributed in time and space. Consequently, the coefficient between the mapped area and the estimated area (unbiased) for the full stratification is multiplicated by the mapped area in a given year for each class to obtain the estimated area (Olofsson et al., 2016).




4 Results


4.1 Colombian Mangroves Extent and Change Trajectories

In this paper, we provide a consistent method and historical examination of mangrove extent in Colombia. Our Landsat-based analysis reveals that mangroves had declined throughout the entire study area from 331,356 ± 2,708ha in 1984 to 283,419 ± 2,708ha in 2020. In other words, Colombia lost 14% (~47,937ha) of its mangrove in 36 years (0.38% per annual change). The base map produced with Sentinel-1 and Sentinel-2 supports the current extent in 2020, with a mangrove cover of 287,678 ± 34,107ha. The Pacific coast held 234,345 ± 2,644ha, with mangroves decreasing by about ~32,000ha since 2004 (Figure 2A). The map bias, the difference between the mapped area and estimated area, is 5898ha, an overestimation that falls outside confidence intervals (Figure 2A). In contrast, the Caribbean coast has 75,689 ± 853ha, with two notable periods of decline of ~15,000ha between 1984-1988 and~10,000ha between 2012-2020 (Figure 2B). Our mapped area is within the limits of confidence intervals (Figure 2B). Producer’s accuracy was greater than 90% for all classes except for urban that reaches 40%. User’s accuracy was also greater than 90% for all classes, excluding agriculture, with a value of 79%.

The decrease in mangrove extent (Figure 3E) is mainly associated with mangrove to other vegetation types followed by mangrove to open water, adding a loss of 56439 ± 4747ha (Figures 3A, B). These two conversions gradually rise on the Pacific coast, whereas, in the Caribbean, they remain relatively constant from 1988 to 2004 (see Supplementary Figures). Other change trajectories such as agricultural and urban expansion into mangroves have a minor contribution in mangroves loss from 1984 to 2020; however, they have a higher area uncertainty: 11,285 ± 10,68ha for agriculture (Figure 3C) and 2,824 ± 1,478ha for urban areas (Figure 3D). In contrast to mangroves loss, mangrove gain reaches 46,541 ± 1,068ha (Figure 3F).




Figure 3 | National level estimated and mapped areas for five trajectories of change and stable mangroves. Area estimates with 95% confidence intervals (dashed lines). Brown line represents the area mapped (pixel counts) and cross symbols represent the area estimated.





4.2 Locations of Mangroves Loss and Gain

The Landsat-based difference map between 1984 and 2020 shows the long-term mangrove gain and loss changes (Figure 4). Mangrove gain indicates new mangroves expanding into the coastal ocean or inland. Mangroves loss results from mangrove conversion to other vegetation types, open water, agricultural and urban. We found changes in mangrove extent in all coastal departments over the 36 years of analysis, except in the department of Guajira in the Caribbean and Chocó in the Pacific (Figure 4). While the Department of Guajira has little mangrove areas to start with, the Department of Chocó has a significant portion of Colombia’s mangroves. Diverse changes are presenting in our three local sites: CGMS, the gulf of Urabá and Sanquianga.




Figure 4 | Study area and distribution of net mangrove extent change between 1984 and 2020. The selected study sites present diverse trends in mangrove loss and gain.




4.2.1 Ciénaga Grande de Santa Marta

The construction of roads around 1950 and consequent water diversion caused the destruction of more than 60% of mangrove cover in CGSM due to an increase in salinity (Botero and Salzwedel, 1999). However, during our analyzed period 1984-2020, the main trajectory is linked to mangrove gain (Figure 5). By 1984 mangrove cover was steady with episodes of loss and gains until 2004 and increased between 2004 and 2012 by 6,614 ± 74ha (Figure 5C). From 2012 onward, mangrove extent decreased linked to the transition from mangrove to other vegetation and mangrove to water, by 2020 mangrove extent reaches 39,996 ± 451ha. The CGSM shows prominent locations with mangrove to open water mainly located near the coast, while mangrove gain is widely distributed across the lagoon, and mangrove to other vegetation is situated in the periphery. A complete table with areas of annual change for each transition is available in Supplementary Material (Table SP7).




Figure 5 | Map difference between 1984 and 2020 in Ciénaga Grande de Santa Marta. Black dotted lines represent the roads constructed to join Barranquilla and Ciénaga cities between 1956 to 1960 and the road parallel to Magdalena River constructed in 1970. (A) Image subsets represented mangrove gain with mangrove to open water detected in 2020. (B) Image subsets show mangrove to other vegetation inland and gain since 2008. (C) The time series plot shows the land trajectories of change and dredging period between 1993-1998 and mangrove recovery from 2004 to maximum in 2012.





4.2.2 The Gulf of Urabá

In total, our Landsat analysis indicates a mangrove area of 6,342 ± 71 ha in the Gulf of Uraba in 2020. Mangrove to other vegetation in 1999 is the main trajectory of change with a large value of 261 ± 19 ha in 1999, followed by mangrove to open water of 78  ha ± 8 ha (Figure 6C). On the Western coast, extensive mangrove gain is mapped in the mouth of the Atrato delta. While many mouths in the Atrato delta show mangroves gain, the mouth called El Roto experienced the most significant expansion of mangroves in the last 36 years with 735 ± 16 ha of mangrove gain with an annual increase rate of 32 ha per year (Figure 6). On the other hand, mangrove to open water is visible in the Northwest coast, with a yearly retreat of -14 meters per year (Figure 6A). Contrarily to the natural processes presented on the Western coast of Urabá, mangrove loss due to urbanization is presented along the eastern coast is significant around Turbo city and across the whole East Coast, putting pressure over smaller mangrove areas. In addition, some location shows mangroves gain with areas where mangroves have migrated in small river deltas. The development of large channels to drain the excess water from large banana plantations led to a large load of sediment deposits contributing to mangrove expansion (Figure 6B). More detail about areas of change is available in Supplementary Material(Table SP8).




Figure 6 | Map difference between 1984 and 2020 in the Gulf of Urabá. (A) Image subsets show the retreat of mangroves from in 36-years due to solid swell from the Caribbean. (B) Image subsets present gradual mangrove expansion primarily associated with sediments load from large-scale banana plantations. (C) The time series plot shows mapped areas presented in the map extent.





4.2.3 Sanquianga Protected Area

Mangrove change trajectories indicate more mangrove gain than mangrove to open water and mangrove to other vegetation. Mangrove cover in Sanquianga slightly increased from 2000 to 2014 (see change values in SP Table SP9), currently holding 41,138 ± 464ha of pristine mangroves in 2020. Additionally, two peaks of mangrove gain occurred in 1987-1988 and 1997-1998, coinciding with intense El Niño events. The warmer circumstances during El Niño favored mangrove growth, reproduction, and respiration (Riascos et al., 2018). The combined impact of these two climatic events increased mangrove gain by about 3,000ha. However, abrupt La Niña events followed these El Niño events in 1988-1989 and 1998-1999, reducing these overall gains (Figure 7B). Mangrove to open water and mangrove to other vegetation within the official limits of Sanquianga park are located on the shorelines and dispersed in small areas across the protected area. Both processes account for an annual loss of 500ha during the analysis period. Interestingly, mangrove to other vegetation is prone to happen inland outside the protected area, meaning pressure over the remaining mangrove.




Figure 7 | Difference map between 1984 and 2020 in Sanquianga Protected Area. The black line defines the official limits of Sanquianga. (A) Image subsets show the gradual channel fill with progressive mangrove formations. (B) The time series plot shows mapped areas for the official limit of Sanquianga (black line).







5 Discussion


5.1 Mangrove Dynamics at National Scale

We produce historical maps of mangrove extent in Colombia using the temporal smoothing profiles derived from LandTrendr (LT) onto Landsat imagery. Using LT fitted spectral information significantly reduced noise from phenological changes, atmospheric conditions, and illumination conditions, leading to a better representation of changes on mangrove cover. Our methodology provides historical trajectories of mangrove to open water and other vegetation types, and mangrove gain, improving previous national and global datasets efforts. Our estimate of mangrove cover for 2020 is 283419 ± 2708ha is 26%, 42%, and 20% higher than global datasets by Giri et al. (2011), Hamilton & Casey (2016), and Global Mangroves Watch in 2016 (Bunting et al., 2018) respectively. We identify mangrove patches often missed by global datasets, especially on the Pacific coast. Global datasets are very conservative and with few available imagery they often miss large portions of the mangroves distribution, this aspect has been well-documented in previous studies (Mejía-Rentería et al., 2018). However, our current Landsat mangrove cover map in 2020 is 1% smaller than the available dataset produced by national agencies (IDEAM, 2010; INVEMAR, 2014). Our method offers a quick and effective way to monitor local and regional mangrove change and provide time-effective information about mangrove status. The method can be incorporated within the official Sístema de Información para la gestión de los manglares en Colombia (SIGMA).

While Colombia has large persistent areas of mangroves, the net 14% decline in both coasts and the more recent increase in mangrove losses on the Pacific is a big concern. The conversion from mangrove to other vegetation is by far the most common trajectory of mangrove loss, and it is generally located inland in the landward mangrove zones. The Pacific coast shows a gradual decline mostly from the middle of Choco to the Southern of the country since 2014 to the present. In contrast, in the Caribbean coast, two periods of mangrove loss indicate that changes are widely distributed along the entire coastline. While we observed both mangrove gain and losses in Colombia, there has been a net decrease in mangrove area since 1984 due to human activities associated with the gradual expansion of agricultural activities, selective logging and mining (Mejía-Rentería et al., 2018; INVEMAR, 2020).



5.2 Potential Drivers of Mangrove Change at Local Scale

Our empirical contribution investigates mangrove change trajectories based on previous studies in three mangrove sites. The construction of roads surrounding the Cienaga Grande de Santa Marta region started in 1950. The consequent reduction in hydrologic connectivity, combined with warmer periods, resulted in hypersaline conditions that caused conversion of mangrove to other vegetation types and prevented mangrove recovery (Jaramillo et al., 2018). To re-establish the necessary hydrological conditions for mangroves recovery, five of the pre-existing natural tributaries were dredged between 1993 and 1998 to improve freshwater and reduce salinity (Botero and Salzwedel, 1999). Our analysis shows that mangrove extent increased in 2004, suggesting that dredging activities were successful. In addition, the persistent La Niña event between 1999 and 2001 also enhanced freshwater into the CGSM and boosted mangrove gain. The positive increase in mangroves after 2012 was altered by the intense El Niño events in 2015-2016 and 2018-2019 that reduced the mangrove recovery trend (Blanco et al., 2006). In CGSM, the increased streamflow in the Magdalena River combined with dredging operations reduce salinity that contribute to mangrove growth during a short timeframe (Blanco et al., 2006; Jaramillo et al., 2018).

In the Gulf of Urabá, diverging mangrove processes have occurred along its Eastern and Western coasts. First, on the Western side, mangrove gain dominates trajectory in Atrato river delta mouth. Here mangrove gain is driven by high sediment load discharge of the Atrato River fed by high precipitation rates Chocó Region (Blanco et al., 2012). Some authors also linked the expansion of mangroves in the Atrato delta with legal gold mining peaks and periods of heavy rain associated with La Niña events (Vélez-Castaño et al., 2021). Erosion only occurs in limited areas mainly due to the low sinuosity of the Atrato River, which is a highly vegetated floodplain with resilient riverbanks. A larger area of erosion led to a retreat of the mangroves due to north-to-south coastal drift and extreme swell events that constantly hit the coast in a perpendicular orientation (Vélez-Castaño et al., 2021). On the Eastern coast, the role of armed conflict has shaped land distribution and consequently the expansion of agriculture affecting mangroves extent (Muñoz-mora et al., 2015). Through different strategies such as paper falsification, direct threats, and killing, illegal actors have taken land from small farmers and established large-scale agricultural projects (Grajales, 2011; Ballvé, 2013). The increase in bananas, plantain crops, and the expansion of pasture lands are the leading cause of transition of mangrove to other vegetation and deforestation (Figure 6). The struggles between small and large landholders remain in Urabá (Truth Commission - Forensic Architecture, 2021). However, disentangling these drivers and their relative impact would require field monitoring, local testimonies, and participative research that was beyond the scope of this study.In Sanquianga, water diversion in 1972 converted this estuarine system into a new active delta. The higher discharged contributed to a widening of the Sanquianga River, leading to active sedimentation and channel filling (Restrepo, 2012). Consequently, pioneer mangroves gradually colonized the fine sediments, and morphological changes associated with channel fill are detected in the Landsat time-series (Figure 7A). While an evident mangrove gain is observed through the 36-years analysis, the conversion of mangrove to open water and to other vegetation types are minimal along Sanquiaga’s shoreline. Episodes of sea-level rise associated with the El Niño events (Restrepo, 2012) may have increased shoreline loss. Sanquianga shows a persistent mangrove extent, indicating the system is currently balanced in terms of mangrove gain and loss. In addition, the growth of coca crops surrounding Sanquianga affects mangrove cover, given the contamination of water by wasted chemicals (Parra and Restrepo-Angel, 2014). The presence of illegal groups also limits the livelihoods of communities. As losing access to gathering cockles, coca’s economy is the only farming alternative putting more pressure over mangroves, increasing communities vulnerability, and shifting social and economic outcomes (UNODC, 2017; Treviño and Murillo-Sandoval, 2021).



5.3 Limitations and Future Work

Our remote sensing analysis capture commonly absent mangrove patches in previous global datasets, however some uncertainties remain. For instance, we do not use pixel-based tidal masking to remove effects from extreme climate events. The temporal variability in mangrove to open water and mangrove gain presented in (Figures 3A, F) may be potentially minimized after modeling tidal effects. The tidal masking helps delineate better shorelines (Bishop-Taylor et al., 2021) to update mangrove change trajectories. Our accuracy assessment shows that urban, and agriculture (primarily pasturelands) shows high uncertainty and low accuracy (see Supplementary). Although these classes have a small area proportion, adding urban more training data and other higher spatial resolution dataset might help track these minor transitions.

Future research in Colombia to track mangrove status from aerial and satellite imagery should incorporate the role of natural processes and the participation of communities and institutions (i.e., institutional framework) (Ostrom and Nagendra, 2006). Multidisciplinary approaches that consider social sciences are often missed, even if the role of local testimonies is known to be invaluable (e.g., Truth Commission - Forensic Architecture, 2021). Local community involvement highlight otherwise overlooked problems and provides insight into complex and unintended environmental and social aspects (Treviño and Murillo-Sandoval, 2021). Another relevant aspect is the role of causality. Future studies require regular ground validation and sensors to monitor river discharge, tracking sediments, weather stations, and sea-level rises. Although expensive, causality analysis disentangles specific processes that lead to better policy-making decisions. Additionally, forest structure is an important factor that can be detected from space to provide a more accurate estimate of carbon stocks (Simard et al., 2019b) and support assessment of mangrove vulnerability to certain drivers of mangrove degradation and loss. However, in situ ground data collection is needed to reduce uncertainty and provide better estimates to build blue carbon initiatives.The Landsat archive and the temporal smoothing profiles derived from LandTrendr are practical to track historical trends and inform mangrove gain and loss. However, discrimination of mangrove forests from subsistence agriculture, coca farming and small settlements could potentially be improved with better spatial, spectral and temporal resolutions offers by new local and global datasets such as UAVSAR and NISAR respectively. Finally, identifying governance opportunities through public-private partnerships is essential, given the need to keep carbon safe and reduce deforestation (Furumo and Lambin, 2020). Consequently, reviews highlighting the synergy between stakeholders provide crucial elements to extrapolate into other locationssuch as the efforts in Cispatá, the first long-term sustainable financing strategy in the Colombian Caribbean (Verra, 2021; Kuwae et al., 2022).




6 Conclusions

We produced a consistent high-resolution (30m) dataset to track annual mangrove extent change in Colombia from 1984 to 2020. Analysis of potential natural and human-induced drivers of change in three sites shows the response of the mangrove landscape. While many large mangroves remain unchanged, a 14% net decline in mangrove extent poses concern about their future status. Human activities such as gold mining, pasturelands expansion, and coca farming expansion can seriously affect mangrove cover. Colombia’s mangrove ecosystems include some of the largest and relatively undisturbed mangrove extensions in the Western Hemisphere and require consistent monitoring to support management strategies that consider hydrological, climatic, and socioeconomic factors.

The three sites selected in this study Cienaga Grande de Santa Marta, Gulf of Urabá, and Sanquianga, have been found to be profitable for blue carbon projects, and they could be financially sustainable based on current carbon prices over a 30-year time frame (Zeng et al., 2021). Despite the high carbon density in these locations, realistic conservation strategies are needed. For instance, the role of armed conflict processes, narcotrafficking, and local community participation is commonly ignored in these estimations. Moreover, the potential extent of mangrove blue carbon financing depends on a suite of conservation approaches and community participation that minimize current and future threats (Zeng et al., 2021).
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