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Abstract: Seasonally dynamic plant communities present challenges for remote mapping,
but estimating phenology can help identify periods of peak spectral distinction. While
phenology is widely used in environmental and agricultural mapping, its broader ecological
applications remain underexplored. Using a temperate wetland complex as a case study, we
leveraged NDVI time series from Sentinel imagery to refine a wetland classification scheme
by identifying periods of maximum plant community distinction. We estimated plant
phenology with ground-reference points and mapped the study area using Random Forest
(RF) with both Sentinel and PlanetScope imagery. Most plant communities showed distinct
phenological variations between April–June (growing season) and September–October
(transitional season). Merging phenologically similar communities improved classification
accuracy, with April and September imagery yielding better results than the peak summer
months. Combining both seasons achieved the highest classification accuracy (~77%), with
key RF predictors including digital elevation, and near-infrared and tasseled cap indices.
Despite its higher spatial resolution, PlanetScope underperformed compared to Sentinel,
as spectral similarities between plant communities limited classification accuracy. While
Sentinel provides valuable data, higher spectral resolution is needed for distinguishing
similar plant communities. Integrating phenology into mapping frameworks can improve
the detection of rare and ephemeral vegetation, aiding conservation efforts.

Keywords: plant phenology; Sentinel; PlanetScope; wetland ecosystem complex; ecosystem
classification scheme

1. Introduction
Ecosystem dynamism driven by hydrologic and seasonal variations presents a signif-

icant challenge for accurately detecting and classifying plant communities using remote
sensing techniques [1,2]. Temperate freshwater wetlands in particular undergo pronounced
seasonal changes in vegetation cover, hydrological conditions, and phenological stages,
making their classification inherently complex [1–3]. Phenology, the timing of life-history
events, plays a crucial role in distinguishing plant communities as plant species and func-
tional groups exhibit distinct spectral signatures throughout the year. Understanding when
plant communities are most spectrally separable is essential for optimizing remote sensing
data acquisition and refining classification schemes. While high-resolution remotely sensed
imagery and advanced classification algorithms (e.g., Random Forest and artificial neural
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networks) have improved mapping outcomes [4,5], integrating phenological transitions
could further refine the delineation of plant communities. This approach holds promises for
capturing subtle, seasonality-driven differences that can enhance ecosystem classification
frameworks. Although phenology is widely used to track species’ life cycles, monitor
vegetation dynamics, and forecast crop yields, its potential for distinguishing spectrally
similar plant communities, improving the accuracy of community-level classification maps,
and characterizing seasonal turnover in plant community compositions represents an
underexploited opportunity [6,7].

The integration of multi-temporal remote sensing data offers a promising approach
to capturing phenological variations and enhancing ecosystem classification. Conven-
tional classification methods typically rely on single-season imagery, often prioritizing
peak greenness during the growing season [8]. However, such approaches overlook crit-
ical phenophases, such as senescence, dormancy, and early growth stages, which may
enhance spectral differentiation among plant communities [9,10]. The use of hierarchi-
cal classification approaches, spectral–temporal profiles, and multi-seasonal imagery has
proven effective in agricultural and land-cover mapping applications [11–13], but remains
underutilized in plant-community mapping. Multi-temporal data improve classification
accuracy by capturing intra-annual vegetation changes, yet most studies focus on within-
season dynamics rather than cross-seasonal synergies [14]. The effectiveness of combin-
ing growing-season and dormant-season imagery for resolving spectral ambiguities in
mixed-species communities remains largely unexplored [15]. Additionally, high-resolution
imagery has the potential to capture rare and spatially constrained plant communities,
further improving classification accuracy [16].

Seasonal fluctuations in plant community composition, structure, and productivity
introduce further complexity to mapping efforts [17]. Wetlands in northern latitudes, for
instance, experience substantial seasonal shifts in vegetation due to variations in water avail-
ability, temperature, and evapotranspiration [4]. Successional processes also drive temporal
changes in community structure, complicating static classification approaches [5,18,19].
Remote sensing studies commonly employ either periodic snapshots or annual composites
to capture these variations, yet a coarse temporal resolution risks missing short-lived pheno-
logical stages such as flowering and senescence [20,21]. Spectral averaging across extended
time frames can obscure meaningful ecological distinctions, leading to spatial overgen-
eralization and misclassification [22–24]. Targeting key phenological periods through
high-frequency imagery acquisition may mitigate these issues by aligning classification ef-
forts with ecologically significant events. However, practical constraints such as cloud cover
and data availability necessitate careful selection of phenological windows to optimize
accuracy while minimizing interpolation errors [25–27].

The increasing availability of high-resolution, multi-temporal remote sensing data
provides new opportunities for integrating phenological information into ecosystem classi-
fication frameworks. Vegetation indices (VIs) such as the normalized difference vegetation
index (NDVI) and Enhanced Vegetation Index (EVI) offer robust tools for tracking phenolog-
ical trends at fine spatial and temporal scales [28,29]. The use of time-series VIs has been in-
strumental in mapping vegetation dynamics, crop types, and land-cover transitions [30–32].
For instance, Sentinel-2-derived NDVI time series have been employed to classify crop
types such as barley and wheat [33] and predict oilseed-rape yield [34]. Additionally, time-
series Landsat data have been used to differentiate invasive from native plant species based
on unique phenological signatures [35]. Despite these advancements, the full potential
of phenology-driven classification remains untapped, particularly in complex ecosystems
with mixed species [36–38]. Multi-seasonal imagery fusion, combining optical datasets
with topographic and vegetation height data, has demonstrated improved classification
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accuracy [39,40]. However, its application in fine-scale ecosystem classification remains
limited, necessitating further exploration of phenological integration strategies.

Classification schemes designed for large geographic areas, while effective for re-
gional consistency, often fail to capture fine-scale ecological heterogeneity due to their
emphasis on dominant cover types, potentially overlooking spatially constrained habitats
and ephemeral communities that are critical to local ecosystem functioning and biodi-
versity patterns [41,42]. Reliance on coarse-resolution data and static categories (e.g.,
“upland forest”) fails to capture temporal processes such as seasonal succession and species
turnover, which are more pronounced at finer scales. Ecosystems characterized by rapid
transitions and complex microhabitats require higher spatio-temporal precision. Conse-
quently, small-scale ecological dynamics, including intra-annual shifts in plant commu-
nity composition and microtopography-driven niche partitioning, are frequently over-
simplified or omitted [43,44]. Fine-scale phenological tracking is necessary to accurately
represent these dynamic ecological processes yet remains underutilized in traditional
classification frameworks.

Using temperate freshwater wetlands as a case study, this study integrates in situ
observations with high-resolution satellite imagery to develop a methodological framework
that incorporates plant community phenology into ecosystem mapping. By analyzing
phenological variations, we aim to identify optimal imagery acquisition periods and refine
wetland classification schemes to account for seasonal dynamics. Specifically, our objectives
are to (1) quantify phenological differences among plant communities to determine the
most distinct periods for classification, (2) assess the effectiveness of multi-seasonal high-
resolution imagery in capturing ecosystem complexity, and (3) evaluate the performance
of both original and phenology-enhanced classification schemes. This approach seeks
to improve plant community differentiation and ecosystem classification by leveraging
the spectral and temporal diversity inherent in phenological cycles. As remote sensing
capabilities continue to advance, integrating phenology-driven classification frameworks
will enhance our ability to monitor and manage dynamic ecosystems more effectively.

2. Methods and Materials
Wetlands support critical ecosystem functions—including water filtration, nutrient

assimilation, flood mitigation, and carbon sequestration—but face growing threats from
anthropogenic and climatic stressors [45–47]. Accurate classification of plant communities
and monitoring of spatio-temporal dynamics are essential for their conservation and man-
agement [48]. This study focuses on Tidmarsh, a 2 km2 restored wetland in southeastern
Massachusetts, USA, characterized by diverse terrestrial, aquatic, and wetland habitats [49].
To capture this heterogeneity, we developed a custom classification scheme integrating mul-
tiple ecological taxonomies [50–54], grouped into five broad ecosystem types. Leveraging
the fact that plant phenology reflects eco-physiological and life-history traits, we used the
monthly NDVI time series to characterize temporal vegetation dynamics across 268 field-
referenced sites. Phenological profiles were statistically analyzed using Kruskal–Wallis and
Nemenyi post hoc tests to identify periods of maximal spectral separability among com-
munities. These insights informed the refinement of our classification scheme by merging
spectrally indistinct classes, reducing within-class variability and enhancing between-class
separability. The resulting framework captured phenologically distinct vegetation groups,
improving both ecological interpretability and classification accuracy. We then employed
multi-season Sentinel-2 and PlanetScope imagery with Random Forest (RF) models to
evaluate how spatial and temporal resolution influenced classification performance. Our
results underscore the value of phenology-informed classification approaches for detecting
fine-scale vegetation patterns in dynamic wetland systems.
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2.1. Temperate Freshwater Wetlands as a Case Study

Wetlands provide numerous ecosystem functions—water filtration, nutrient assim-
ilation, flood mitigation, and carbon sequestration—but are increasingly threatened by
anthropogenic and climatic disturbances [45–47]. Effective conservation, restoration, and
management of wetlands are predicated on the ability to accurately map and quantify wet-
land extents and change over time [48]. Our study focuses on a wetland ecosystem complex
(hereafter referred to as Tidmarsh) located in the northeastern coastal plain ecoregion of
southeastern Massachusetts, USA (Figure 1). Tidmarsh contains a combination of terrestrial,
aquatic, and wetland ecosystems, and covers ~2 km2. After century-long cranberry farming,
Tidmarsh was restored both passively and actively into a wetland complex by collaborative
efforts of the Massachusetts Division of Ecological Restoration, Mass Audubon, Town of
Plymouth, United States Department of Agriculture, and Tidmarsh Living Observatory [55].
These farms were developed in low-elevation, flow-through (i.e., slow-moving rivers with
broader floodplains) peat bogs between the late 1800s and early 1900s. Tidmarsh was
restored through the removal of dams and sandy substrates, redirection of ~5.5 km of
meandering freshwater streams, and reintroduction of native flora and woody debris of
different sizes and ages [55]. The restored portion mostly consists of wetland and aquatic
habitats while the unrestored uplands comprise a variety of plant communities, including
coniferous and deciduous forests.

 

Figure 1. The location of the Tidmarsh wetland complex in the eastern United States (a); Sentinel 2A
imagery of the Tidmarsh wetland complex (b); a close-up of a portion of Tidmarsh that shows details
of meandering stream channels, floodplains, and associated freshwater marshes (c); floodplains
(yellow bounding box) (d); headwaters and small rivers (e); and oligo-mesotrophic ponds (f).

2.2. Wetland Ecosystem Classification Scheme

We integrated classification schemes from NatureServe [50], Anderson et al. [51],
Federal Geographic Data Committee [52], Olivero-Sheldon and Anderson [53], and
McGarigal et al. [54] to develop an ecosystem classification scheme tailored for mapping
plant communities at Tidmarsh (Table 1). We define plant communities as the primary
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vegetation types distinguishable from other vegetation patches within a region that recur
in similar abiotic environments at varying extents, and are shaped by similar ecological
processes, in particular regional hydrology [56]. The classification scheme we developed
comprises five broad categories of plant communities and land-cover types: terrestrial
systems, lentic systems, lotic systems, and wetlands, which effectively capture the Tidmarsh
wetland ecosystem complex. We applied classification schemes from NatureServe [50] and
Anderson et al. [51] to categorize plant communities within terrestrial systems, as these
frameworks primarily focus on non-aquatic ecosystems. For aquatic systems, we used
classification schemes from Olivero-Sheldon and Anderson [53] and Anderson et al. [51] to
classify plant communities in lentic and lotic environments. Additionally, we employed
McGarigal et al. [54] to map wetland plant communities and land-cover types (Table 1).
The wetland ecosystem classification scheme we developed is tailored to map the Tidmarsh
wetland complex but is designed to be adaptable for classifying similar wetland ecosystems.

Table 1. Ecosystem classification scheme used for identifying plant communities at Tidmarsh wetland
complex (Massachusetts, USA), including brief descriptions and corresponding source literature.

Land-Cover Category Plant Community Types Description of Plant Communities Reference

Terrestrial systems North Atlantic coastal plain
heathlands and grasslands

Vegetation includes annual grasses with a mixture of
perennial shrubs and herbaceous plants. The soil is

well drained and nutrient poor.
Anderson et al. [51];

NatureServe [50]
Laurentian–Acadian northern

coastal pine–oak forests

Mixed forests and woodlands dominated by white
pine, red oak, and hemlock in varying proportions.
Forest stands are characterized by closed-canopy

vegetation. Soils have low to moderate moisture levels.

Open-water lentic
systems

Warm-to-cool,
oligo-mesotrophic

(acidic) ponds
(hereafter, oligo-

mesotrophic pond)

These are moderate-depth (2.5 m) and -sized (0.17 km2)
lakes and ponds where warm-to-cool, moderately

oxygenated water is present year-round. Water
alkalinity is low, supporting biota-tolerant acidic

waters, and these water bodies may support beds of
submerged aquatic vegetation. Very acidic water

bodies can be highly colored due to high dissolved
organic carbon and organic acid content.

Anderson et al. [51];
Federal Geographic Data

Committee [52];
Olivero-Sheldon and

Anderson [53]

Open-water lotic
systems—rivers and

streams

Low gradient, cool,
headwaters, creeks, small
streams and small rivers

(hereafter headwaters and
small rivers)

Slow-moving headwaters, creeks, and small rivers and
streams that flow through marshlands. These small
streams of moderate to low gradient occur on flat or
gentle slopes (<100 km2). The waters may have high
turbidity and low oxygen levels. Stream channels are
dominated by glide–pool and ripple–dune systems
with runs interspersed by pools. Stream substrates

consisted of sand and silt. Can have high
channel sinuosity.

Wetlands
Laurentian–Acadian wet
meadow–shrub swamp

(hereafter, shrub swamps)

A shrub-dominated swamp or wet meadow on mineral
soils. These wetlands are often found closer to lakes,

ponds, or streams, and can be part of a larger wetland
complex. A patchwork of shrub and herb dominance,
including some soft-stemmed plants and non-woody

plants, characterize these wetlands while trees are
generally absent or thinly scattered. Standing water

may only be limited to certain parts of the year. Federal Geographic Data
Committee [52];

McGarigal et al. [54]

Laurentian–Acadian
freshwater marsh

(hereafter, freshwater
marshes)

Dominated by emergent or submergent herbaceous
vegetation and associated with flat or shallow basins
associated with lakes, ponds, slow-moving streams,
and seepage slopes. These species tolerate sustained
inundations but do not persist throughout the winter.

Trees are absent although scattered shrubs often
account for <25% of the wetland surface. The presence

of standing water can be relatively longer.
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Table 1. Cont.

Land-Cover Category Plant Community Types Description of Plant Communities Reference

North-Central Appalachian
large river floodplain

(hereafter, floodplains)

A mosaic of wetland complexes and upland vegetation
that is characteristic of floodplain forests. Usually

occurs on broad floodplains of medium to large rivers
with a lower channel gradient. Many of the wetland

areas are flooded during each spring.

Fens around ponds, and other
lentic systems

(hereafter, fens)

Peat-forming wetlands receive an abundant flux of
nutrients from sources other than precipitation, such as
upslope mineral soil drainages. Soil and water are less
acidic compared to other wetlands. The high nutrient
levels support diverse plant and animal communities.

Often covered by grass, sedges, rushes,
and wildflowers.

Federal Geographic Data
Committee [52]

Cranberry bogs

Legacy of the historical, commercial scale cranberry
farming, cranberry bogs are not actively managed. The
dominant vegetation includes cranberry mats with a
variety of herbaceous and/or graminoid species that

can tolerate water-logged conditions. These bogs
underlay peat and sand layers and remain connected

to irrigation ditches.

MA Department of
Environmental
Protection [57]

Modified land-
cover types Hiking trails and farm roads Includes roads, trails, parking areas, etc. McGarigal et al. [54]

Open, bare grounds Areas with little to no natural vegetation cover

The terrestrial category in our classification scheme includes both ‘North Atlantic
coastal plain heathlands and grasslands’ (hereafter, grasslands) and ‘Laurentian–Acadian
northern coastal pine–oak forest’ (hereafter, pine—oak forests). The lentic system includes
open-water bodies with little to no flow with greater concentrations of dissolved organic
carbon, lower nutrient concentrations, and moderate water depths. The nutrient levels in
lentic systems support abundant plant and algae growth. The lotic system includes small
streams and rivers that are highly sinuous, laden with fine substrates such as sand and silt,
and have low-to-moderate gradients. The wetlands are characterized by both saturated
soil and hydrophytes. Our classification scheme defines five wetland plant communities,
including cranberry bogs, a legacy of commercial farming characterized by dense cranberry
mats. Other wetland communities include swamps, marshes, floodplains, and fens. Shrub
swamps are dominated by shrubs on mineral soils, while freshwater marshes support
herbaceous vegetation. Floodplains, associated with rivers, feature a mosaic of wetland
and upland vegetation, including woody plants. Fens are peat-forming wetlands with high
nutrient concentrations, typically found near lentic systems. Due to spectral similarities
and sparse vegetation, we grouped hiking trails, farm roads, and bare ground as a single
modified land-cover category (i.e., modified land-cover types), as they do not represent
natural vegetation communities. In total, our wetland ecosystem classification scheme
includes eight plant communities and one land-cover type (Table 1).

2.3. Field Data Collection

We generated 300 points using a stratified random sampling approach in Tidmarsh
with ArcGIS V10.6 (Environmental Systems Research Institute, Redlands, CA, USA), aiming
to allocate ~25 point locations per plant community. On 23–24 May 2019, we conducted field
data collections, using a Garmin Montana 650t (Garmin Ltd., Olathe, KS, USA) to locate each
point location, and categorized accessible locations according to our classification scheme
(Table 1). We visually inspected each point location in situ for predominant vegetation type
and substrate characteristics. In addition, we conducted expert-guided validation using
high-resolution imagery (e.g., Google–ESRI mosaics) to visually confirm and annotate
additional samples for underrepresented plant community types. While this approach
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improves spatial representation, we recognize that visual interpretation of remotely sensed
imagery cannot fully replace systematic field-based observations. For aquatic and wetland
land-cover types, we also assessed water depth and size to assign each location to its
respective plant community (Table 2). Due to physical constraints (e.g., unpassable streams
and rugged terrain), we were unable to access 32 locations, so we used 268 point locations
to study the phenology of plant communities for mapping.

Table 2. Number of ground-reference points created for each plant community and land-cover
type and later field-assessed at the Tidmarsh wetland complex using the wetland ecosystem
classification scheme.

Plant Communities and Land-Cover Types Number of Ground-Reference Locations

Grasslands 19
Pine–oak forests 95

Oligo-mesotrophic ponds 7
Fens 25

Headwaters and small rivers 17
Shrub swamps 19

Freshwater marshes 30
Floodplains 9

Cranberry bogs 27
Hiking trails and farm roads 10

Open, bare grounds 10

Total 268

2.4. Remote Sensing Data Acquisition and Processing

We used Sentinel-2 imagery to estimate the phenology of plant communities at Tid-
marsh to map plant communities. To characterize plant phenology, we leveraged Google
Earth Engine and Sentinel-2 Level-2A imagery (WRS path 011, row 031) acquired between
January and December 2019 [58,59]. To minimize spectral anomalies, we only used cloud-
free, atmospherically corrected surface reflectance images, which led to the exclusion of
data from July, August, and October. To ensure temporal alignment with the 2019 ground
survey data, we did not substitute 2019 satellite imagery with data from preceding or subse-
quent years, as such substitutions could introduce inconsistencies between field-observed
vegetation conditions and satellite-derived indices. Nevertheless, field observations and
prior ecological studies in this region indicated that plant communities typically maintain
active growth throughout July and into August [49]. NDVI time series were developed
using four spectral bands—red (620–700 nm), green (520–570 nm), blue (450–495 nm), and
near-infrared (NIR, 700–1000 nm)—at a 10 m spatial resolution. The 3 m resolution Plan-
etScope imagery, collected daily at nadir, was used for the same period as Sentinel imagery
to assess the benefits of finer spatial resolution. The 16-bit PlanetScope imagery consists of
four spectral bands—red, green, blue (visible spectrum), and NIR. The PlanetScope Ortho
tile imagery was radiometrically corrected, orthorectified, and projected to the Universal
Transverse Mercator coordinate system to ensure spatial accuracy.

Our classification approach incorporated a range of vegetation, water, and landscape
indices to enhance mapping accuracy (Table 3). For vegetation assessment, we utilized
the NDVI, a standardized index that combines the red and near-infrared (NIR) bands to
quantify greenness and relative biomass across the landscape [60]. The NDVI is well suited
for differentiating freshwater wetland plant communities, as it captures variations in vegeta-
tion structure, density, and species composition [61]. Freshwater wetlands typically exhibit
greater NDVI values due to denser, broad-leaved, and more productive vegetation [62].
To address atmospheric effects and variations in illumination, we applied the visible at-
mospherically resistant index (VARI). Additionally, we used the modified soil-adjusted
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vegetation index (MSAVI) to minimize the influence of bare soil [24,63]. Since wetland
ecosystems are frequently inundated or saturated by surface or groundwater, we calculated
the normalized difference water index (NDWI) using green and NIR bands to monitor
surface water dynamics [64]. To account for the effects of topography on water distribution
and vegetation composition, we derived hydrological variables such as flow accumulation,
flow direction, and the topographic wetness index (TWI) from a high-resolution (3 m)
digital elevation model [65,66]. Additional predictors included the Tasseled Cap Transfor-
mation, which highlights vegetation and soil properties to differentiate plant communities
based on spectral reflectance [67]. The chlorophyll green index (ClGRN), sensitive to
chlorophyll content, provided insights into vegetation health [63], while the modified trian-
gular vegetation index (MTVI2) enhanced vegetation sensitivity, particularly in areas with
dense canopies [68]. The topographic wetness index (TWI) was used to model moisture
distribution, a critical factor in shaping vegetation patterns [69]. Lastly, flow direction
(FlowDir) and flow accumulation (FlowAccum) were incorporated to capture hydrolog-
ical patterns influencing vegetation distribution, particularly in floodplain and wetland
ecosystems [65,67]. Together, these predictors provided a comprehensive framework for
understanding vegetation dynamics, improving classification accuracy, and capturing key
environmental and ecological characteristics of the restored wetland landscape.

Table 3. List of vegetation and landscape indices used as potential predictor variables in Random
Forest classification models. Indices were derived from combinations of individual bands (blue,
green, red, and near-infrared) and digital elevation models (DEMs), also used as predictors in the
classification model.

Utilized Indices Description of Spectral Indices Used Reference

Tasseled cap greenness (TCI GREEN) The TCI transforms spectral data into three composite
indices—brightness, greenness, and wetness—capturing soil

reflectance, vegetation vigor, and surface moisture, respectively.
Kauth and Thomas [67]Tasseled cap brightness (TCI BRIGHT)

Tasseled cap wetness (TCI WET)

Normalized difference vegetation index
(NDVI)

The NDVI assesses vegetation greenness and health and is
calculated from red and near-infrared (NIR) reflectance values. Rouse et al. [60]

Green normalized difference vegetation index
(GrnNDVI)

The GrnNDVI is an indicator of photosynthetic activity and
used to assess plant canopy conditions. Gitelson et al. [63]

Normalized difference water index (NDWI)

The NDWI is effective at delineating open water bodies and
suppressing vegetation and soil noise. It enhances the presence
of open water bodies by using the difference between NIR and

green light reflectance.

McFeeters [64]

Modified soil-adjusted vegetation index
(MSAVI)

The MSAVI is a vegetation index designed to minimize soil
brightness influences in areas with sparse vegetation cover. Huete [70]; Qi et al. [24]

Chlorophyll green (ClGRN)

The CIGRN is a vegetation index that leverages reflectance in
the green band to estimate chlorophyll content in plants,

indicating plant health, photosynthetic activity, and
nitrogen content.

Gitelson and Merzlyak [63]

Visual atmospheric resistance index (VARI)
The VARI enhances vegetation detection in the visible spectrum

by reducing the impact of atmospheric interference and
variable illumination.

Gitelson et al. [71]

Modified triangular vegetation index (MTVI2) The MTVI2 estimates chlorophyll content in plant canopies,
with minimal sensitivity to variations in leaf area index. Haboudane et al. [68]

Topographic wetness index (TWI) The TWI quantifies how local terrain influences the direction
and accumulation of surface runoff. Iverson et al. [69]

Flow direction (FlowDir) This measure determines the direction of water flow across a
raster surface.

Jenson and Domingue [65];
Tarboton et al. [66]

Flow accumulation (FlowAccum)

FlowAccum shows how much water flows into each cell in a
landscape, based on elevation. It adds up how many upstream

cells drain into each location, helping identify areas where
water collects and forms streams.
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2.5. Phenology for Identifying Time Periods for Imagery Acquisition and Modifying Wetland
Ecosystem Classification Scheme

The Enhanced Vegetation Index (EVI) is often more effective than the NDVI in veg-
etation mapping due to its ability to reduce background contamination and avoid satu-
ration [72]. However, in saturated peat-based wetland substrates, the NDVI effectively
tracks early successional vegetation by capturing chlorophyll in wetland plant species [73].
Organic peat’s low, stable red–NIR reflectance minimizes soil-induced spectral noise, while
waterlogged conditions reduce soil moisture variability, enhancing the NDVI’s ability to
resolve chlorophyll-driven greenness during restoration. Furthermore, the NDVI’s strong
correlation with photosynthetic vegetation cover in peatlands make it an ideal index to
assess post-restoration vegetation recovery [74]. Thus, we opted to use the NDVI for our
analysis. We extracted monthly NDVI time-series values for 268 point locations represent-
ing all plant communities at Tidmarsh, as identified by our ecosystem classification scheme.
Subsequently, we used boxplots to assess seasonal and intra-annual variations in NDVI
values, comparing both within and between plant communities. Using these boxplots, we
expUsing these boxplots, we explored the phenology of plant communities to understand
their growth patterns (i.e., green up, maturity, and dormancy) and subsequently for statisti-
cal analysis for selecting the time periods when communities were phenologically most
distinct from each other. This approach allowed us to identify suitable time periods for
acquiring imagery.

We removed outliers in monthly NDVI values for each plant community using the
interquartile range criterion (IQR), excluding points that fell outside 1.5 × IQR from the
upper quartile and below the lower quartile. This step minimized within-community
variability, enhancing spectral purity for subsequent statistical analysis and mapping, while
simultaneously increasing spectral distinction between plant communities. We performed
a Kruskal–Wallis (KW) test to assess differences in NDVI values among plant commu-
nities across the year. This is a rank-transformed non-parametric test used to quantify
significant differences between three or more groups [75]. To identify specific pairwise
differences between plant communities, we applied a Nemenyi post hoc test, which adjusts
p-values for multiple pairwise comparisons [76]. The Nemenyi test is a non-parametric
statistical procedure based on the studentized range distribution, which is particularly
effective for unreplicated blocked designs and was used here for pairwise comparisons
of plant community differences in our monthly imagery. For each monthly dataset, we
merged communities that did not show significant spectral differences in our ecosystem
classification scheme. This method ensured that each classification only represented distinct
community types, reducing spectral variability within plant communities and enhancing
spectral differentiation between them. Subsequently, we combined imagery from the iden-
tified seasons to assess the effectiveness of using multi-seasonal imagery for improving
classification accuracy.

2.6. Classification Algorithm and Evaluation of Performance

We employed the RF machine learning algorithm to assess the effectiveness of multi-
season satellite imagery in conjunction with a modified ecosystem classification scheme for
mapping wetland plant communities. To evaluate the influence of spatial resolution on
classification accuracy, we independently analyzed PlanetScope (3 m) and Sentinel-2 (10 m)
imagery within our modeling framework. These datasets were not integrated using data
fusion techniques, nor were they resampled to a common spatial resolution. This approach
allowed us to isolate and compare the performance of each sensor in capturing fine-scale
vegetation heterogeneity without introducing potential artifacts from resampling or fusion
processes. RF is an ensemble learning method for classification and regression, designed
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to improve predictive accuracy and reduce overfitting. It constructs multiple decision
trees using randomized subsets of both training samples (i.e., 268 ground-referenced point
locations) and candidate variables (Table 3). Each classification tree is built from boot-
strapped samples, employing binary partitioning to optimize class separation. RF mitigates
overfitting by aggregating predictions across trees and estimating the out-of-bag error from
data excluded during bootstrap. It also quantifies variable importance based on reductions
in classification error [77]. RF is well suited for high-dimensional datasets, incorporates in-
ternal cross-validation, and calculates metrics for feature importance [78]. The RF algorithm
is particularly effective for handling imbalanced training datasets, as its ensemble-based
structure and majority-vote mechanism help reduce bias toward overrepresented plant-
community types while preserving predictive performance across underrepresented classes.
We optimized key RF parameters, including the number of trees, maximum depth of trees,
and minimum samples required to be split to balance model complexity and accuracy.
Cross-validation was used to assess model performance and prevent overfitting, with final
parameters selected based on classification accuracy and out-of-bag error. To develop a
parsimonious model, we applied the model improvement ratio function to identify the
most informative predictor variables (Table 3) [79]. We assessed the significance of the
final RF model using 1000 permutations and validated it with 30% of the overall dataset.
Variable importance metrics were used to identify the top-performing predictors in the
final fitted models.

We evaluated both the original and modified ecosystem classification schemes, as well
as the contributions of high-resolution and multi-season imagery in plant community map-
ping using the RF algorithm. Accuracy assessments included the overall accuracy, user’s
and producer’s accuracy, and kappa coefficient. The overall accuracy represents the propor-
tion of correctly classified pixels relative to all ground-reference locations. The Kappa coef-
ficient quantifies classification agreement beyond chance by comparing the Tidmarsh map
to ground-reference data. Producer’s accuracy measures how well each plant community
was correctly classified by dividing correctly classified pixels by the total ground-reference
points for that community. User’s accuracy reflects classification reliability by dividing
correctly classified pixels by the total classified pixels for the same community.

3. Results
3.1. Phenological Variations in Plant Communities

Plant communities showed substantial phenological variations seasonally (Tables 4 and 5).
The phenological distinctiveness often improved during either the growing season (April–
June) or the transition between growing and dormant seasons (September–October)
(Figure 2). While NDVI values exhibit the greatest divergence between pine–oak forests and
wetland plant communities from July to August—both in amplitude and peak—differences
among wetland plant community types during this period remain subtle. This suggests
that while July–August may be optimal for distinguishing forests from wetlands, it is less
effective for differentiating among wetland plant communities.

Cranberry bogs emerged as the most phenologically distinctive plant community in
both growing (i.e., April–June; p < 0.05) and dormant (i.e., December–March) seasons,
except for the floodplains (p = 0.84) in February, and both floodplains (p = 0.56) and pine–
oak forests (p = 0.24) in April (Table 5). The NDVI values of cranberry bogs remained
above 0.5 throughout the year and were higher than other plant communities during the
dormant season (Figure 2, Table 5). By late June, cranberry bogs were distinguishable
from both floodplains and pine–oak forests (p < 0.05), but by September, they remained
distinct only from pine–oak forests (p < 0.05). Freshwater marshes and shrub swamps
were phenologically distinct from pine–oak forests throughout the year (p < 0.05) except
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in February (p = 0.24) and were distinguishable from floodplains (p < 0.05) between June
and November. The phenological distinction of floodplains from other plant communities
was most evident in June and September (p < 0.05) (Figure 3, Table 5). Pine–oak forests
were phenologically distinct from grasslands, meso-oligotrophic ponds, and headwaters
(p < 0.05) from March to September. Floodplains and pine–oak forests showed NDVI values
above 0.5, with low variation between May and September. Grasslands, meso-oligotrophic
ponds, and open/bare grounds showed the greatest NDVI variation during the same period.
Throughout the year, oligo-mesotrophic ponds and fens were indistinguishable from most
plant communities (Table 5). The NDVI values of pine–oak forests, freshwater marshes,
and cranberry bogs peaked during June through September, with low within-community
NDVI variation (Figure 3). Freshwater marshes showed the lowest NDVI values and
pine–oak forests the highest, clearly differentiating them from the other plant communities.
Cranberry bogs and freshwater marshes exhibited distinct NDVI values for most of the year
but became indistinguishable from June to August due to substantial overlap. However,
the lack of imagery for July to August from both Sentinel and PlanetScope sensors limits
the ability to draw definitive conclusions.

Table 4. The modified wetland ecosystem classification schemes developed using phenology at
Tidmarsh wetland complex. Plant communities that showed low seasonal phenology variation
were combined.

Wetland Ecosystem Classification Scheme
Modified Classification Scheme

Growing Season Transitional Season

1 Grasslands Grasslands Upland–wetland mixed, transient systems
(combination of classes 1, 2, and 6–8)2 Pine–oak forests Pine–oak forests

3 Oligo-mesotrophic ponds Oligo-mesotrophic ponds and fens Oligo-mesotrophic ponds and fens
4 Fens
5 Headwaters and small rivers Headwaters and small rivers Headwaters and small rivers
6 Shrub swamps Shrub swamps and freshwater

marshes7 Freshwater marshes
8 Floodplains Floodplains
9 Cranberry bogs Cranberry bogs Cranberry bogs
10 Hiking trails and farm roads Modified Modified
11 Open, bare grounds

Figure 2. The NDVI-derived phenology of cranberry bogs, freshwater marsh, and pine–oak forest
varied seasonally, peaking from June to September. A loess function was applied to smoothen
the curves.
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Table 5. The growing season (April–June) classification scheme (excluding modified land-cover type)
for the month of April at the Tidmarsh wetland ecosystem complex. Values represent the post hoc
test statistic and statistical significance (alpha = 0.05) is given in parentheses.

Months Cranberry Bogs

Oligo-
Mesotrophic
Ponds and

Fens

Shrub
Swamps and
Freshwater

Marshes

Headwaters and
Small Rivers Grasslands Floodplains

April

Oligo-mesotrophic
ponds and fens

9.58
(0.00 ****) - - - - -

Shrub swamps and
freshwater marshes

10.88
(0.00 ****)

0.79
(1.00) - - - -

Headwaters and
small rivers

7.13
(0.00 ****)

1.37
(0.98)

0.88
(1.00) - - -

Grasslands 8.74
(0.00 ****)

0.37
(1.00)

0.31
(1.00)

0.99
(1.00) - -

Floodplains 3.01
(0.40)

4.15
(0.07)

4.01
(0.09)

2.78
(0.50)

3.75
(0.14) -

Pine–Oak Forests 3.70
(0.15)

7.96
(0.00 ****)

9.71
(0.00 ****)

5.23
(0.01 *)

7.00
(0.00 ****)

0.94
(1.00)

September

Cranberry bogs Oligo-mesotrophic ponds
and fens

Headwaters and
small rivers

Upland–wetland mixed,
transient systems

Oligo-mesotrophic
ponds and fens

2.15
(0.55) - - -

Headwaters and
small rivers

1.79
(0.71)

0.80
(1.00) - -

Upland–wetland
mixed, transient

systems

1.67
(0.76)

3.44
(0.11)

3.85
(0.05 *) -

**** p < 0.0001; * 0.0001 < p < 0.05.

Figure 3. Boxplots of normalized difference vegetation index (NDVI) for plant communities with
outliers at Tidmarsh wetland complex, showing seasonal variation in phenology. The open circles
indicate the outliers.

3.2. Modification of Wetland Ecosystem Classification Schemes

Two distinct phenological patterns emerged at Tidmarsh, coinciding with growing and
transitional seasons. Many plant communities during the growing season showed lower
NDVI variability within groups (i.e., higher spectral similarity) and higher between groups
(i.e., higher spectral distinction between plant communities) compared to the dormant
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season. These outcomes led to the modification of the wetland ecosystem classification
scheme representing the growing (April–June) and transitional (September–November)
seasons (Table 4). In the modified classification schemes, we merged plant communities
that did not show any statistically significant difference in NDVI values. For April, the
NDVI values of oligo-mesotrophic ponds showed no significant differences from either
freshwater marsh (H(2) = 0.48, p = 1.00) or shrub swamps (H(2) = 1.13, p = 0.99), nor did
we observe any significant differences between freshwater marshes and shrub swamps
(H(2) = 1.88, p = 0.97) (Table 5). Plant communities that showed no statistically significant
phenological differences were combined, resulting in seven plant communities and one
land-cover type for the growing season, and four plant communities plus one land-cover
type for the transitional season (Table 4).

3.3. Performance of Classification Schemes and High-Resolution, Multi-Season Imagery
in Mapping

Overall accuracy improved as the plant communities were modified for both the Sen-
tinel and PlanetScope imagery (Table 6 and Figure 4). The accuracy of mapping outcomes
from the original and growing-season classification schemes with the Sentinel imagery
outperformed those produced with PlanetScope imagery. In contrast, the mapping accu-
racy from the transitional-season classification scheme with the PlanetScope imagery was
slightly higher than that of Sentinel.

Table 6. Comparisons of classification accuracy (CA) and kappa (κ) estimates from the Random
Forest algorithm of both original and modified wetland ecosystem classification schemes applied to
Sentinel and PlanetScope imagery. * Combined model includes both April and September imagery.

Sentinel Imagery PlanetScope Imagery

Total plant communities 11 8 5 11 8 5

CA κ CA κ CA κ CA κ CA κ CA κ
April 0.58 0.46 0.66 0.53 0.74 0.43 0.52 0.39 0.6 0.47 0.79 0.42

September 0.59 0.49 0.68 0.59 0.74 0.46 0.6 0.48 0.66 0.57 0.82 0.52
Combined * 0.64 0.54 0.70 0.6 0.77 0.51 0.58 0.47 0.68 0.57 0.8 0.457

Across the multi-season imagery, we found that the combination of both April and
September predictor variables resulted in the highest accuracy for all classification schemes
(64–77%). The accuracy of mapped plant communities varied across classification schemes
and seasons. There was a general improvement in plant-community-level accuracy when
April and September Sentinel imagery were combined (Figure 5), with a few exceptions.
For example, floodplains in both the original and growing-season classification produced
the highest accuracy with the September imagery (Figure 5a,b). For oligo-mesotrophic
ponds, the highest classification accuracy was from the April imagery for the original
classification scheme (Figure 5a).

The top-performing predictor variables in the modified classification schemes with
Sentinel imagery included the DEM, near-infrared band, tasseled cap wetness index, red
band, and mSAVI (Figure 6i). The DEM accounts for topographic influences on reflectance,
while the near-infrared and red bands are sensitive to vegetation and land-cover changes.
The tasseled cap wetness index and mSAVI highlight vegetation health and soil moisture,
crucial for identifying vegetation types. For the cranberry bog plant community, the April
NDVI was a top predictor (Figure 6a), reflecting early-season vegetation greenness. For
modified land cover, the September NDVI was the most important (Figure 6c), likely
due to seasonal contrasts between urban and non-urban areas. In the floodplain plant
community, the DEM was the most important predictor (Figure 6g), underlining its role
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in distinguishing plant communities along topographically diverse floodplains. Other
predictors contributed minimally in this case, emphasizing the dominance of topography
in shaping vegetation structure.

Figure 4. Maps of plant communities and land-cover types at the Tidmarsh wetland ecosystem
complex based on the original (11 plant communities) and modified wetland classification schemes for
the growing (8 plant communities) and transitional (5 plant communities) seasons using Sentinel (a–c)
and PlanetScope imagery (d–f) with the Random Forest algorithm.
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Figure 5. Plant-community-level accuracies for different season imagery for Sentinel imagery (note
‘Combined’ is April and September) and (a) the original and modified wetland ecosystem classifi-
cation schemes for (b) the growing and (c) the transitional seasons. CB = cranberry bogs, F = fens,
HT = hiking trails, FM = freshwater marshes, SS = shrub swamp, HR = headwaters and small rivers,
G = grasslands, FL = floodplains, POF = pine–oak forests, OG = open, bare ground, OMP = oligo-
mesotrophic ponds, BU = modified, and UWM = upland–wetland matrix.

Figure 6. Permutation importance of predictor variables for (a–h) each plant community within the
growing season classification scheme and (i) all communities combined, and (j) mean decrease in
Gini for all communities combined. The importance was derived from 1000 permutations of the final
fitted Random Forest model. Predictor variables in brown are statistically significant (p < 0.05).
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4. Discussion
Mapping dynamic ecosystems, particularly in northern latitudes, requires integrating

phenological knowledge of plant communities to optimize the timing of satellite image
acquisition and adapt existing classification schemes. The increasing availability of high-
resolution satellite imagery—such as Sentinel and PlanetScope series imagery—offers un-
precedented opportunities to capture vegetation phenology, thereby enhancing the accuracy
of plant community classification and mapping [80,81]. Despite its relevance, phenology
remains underutilized in many remote sensing-based classification frameworks, which
typically rely on spectral separability alone, without incorporating ecological function or
management priorities [82]. In contrast, our classification approach explicitly integrates
ecological relevance by aligning spectral data with ecological classification frameworks.
Each plant community we mapped corresponds to a distinct ecological unit of conservation
or management interest. This approach ensures that our remote sensing methodology
aligns with ecological priorities, where categories are selected based on both environmental
management goals and the spectral features required for automated detection. By combin-
ing spectral separability with ecological functionality, we develop a classification that not
only distinguishes plant community types based on spectral data but also informs practical
applications such as habitat restoration, biodiversity monitoring, habitat conservation, and
management strategies. Our results highlight the importance of accounting for phenolog-
ical variation across seasons when modifying ecosystem classification schemes. This is
especially critical in dynamic ecosystems where spectral characteristics vary temporally,
and capturing intra-annual variation is key to ecological relevance.

Limitations of ground-reference data in phenology-based mapping of plant communities: While
our study demonstrates the utility of phenology in mapping temperate freshwater wetland
plant communities, the reliability of phenological metrics is limited by the availability of
ground-reference points. In particular, comparing NDVI values across plant communities
was potentially affected by insufficient ground-reference samples for some groups. For
example, despite initially selecting 300 random ground-reference points across Tidmarsh,
inaccessibility led to the exclusion of 32 locations, resulting in as few as 7 usable points for
some plant communities (e.g., oligo-mesotrophic ponds). The phenology of some plant
communities in our study was based on a limited number of ground-reference points,
which could have hindered capturing seasonal growth variations within and between plant
communities [83]. Given the inherent spatial heterogeneity of plant communities—driven
by differences in age structure and species composition—[84,85] adequate sampling is
essential to draw robust phenological inference. Our findings emphasize the need for
additional spatial and seasonal coverage of in situ data to enable statistically reliable
estimates of plant community phenology.

Impact of ground-reference data imbalance on mapping accuracy: Data imbalance across
plant communities negatively affected classification accuracy, particularly in those with
fewer than the expected ~25 reference points per plant community (e.g., swamps, eutrophic
ponds, and headwater systems). The findings of Collins et al. [86] suggest that character-
istics of training data—such as the number of points, sample balance across land-cover
types, and geographic distribution of samples—are critical considerations when developing
land-cover maps using machine learning models. While the RF models are relatively robust
to small training datasets, unbalanced training data can lead to over- or under-estimation
of rare plant communities. To address this, future classification efforts should aim for a bal-
anced design, ensuring sufficient ground-reference points for all communities—particularly
for those that are rare or spatially dispersed. A careful design of balanced ground-reference
data with sufficient representation for each plant community type has been suggested to
develop machine learning models [87] to avoid classification bias and inflated accuracy as-
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sessments from RF [88]. This aligns with the findings from Cerrejón et al. [16], who suggest
that habitat size and specificity and the phenological features of rare plants influence the
performance of remote sensing-based detection. Additionally, multi-season field campaigns
aligned with growing and transitional phenological windows are recommended to capture
ephemeral or seasonally distinct communities, which were likely underrepresented in our
growing-season-only dataset. In this study, we collected ground-reference data only during
the growing season, which could have omitted ephemeral plant communities (i.e., those
that emerge during seasonal transitions), mischaracterized their phenological patterns,
and affected mapping outcomes. Alternatively, mapping efforts could be improved by
combining multi-season remote sensing imagery, as we demonstrated through this case
study [89].

Effectiveness of multi-resolution imagery for mapping plant community: Contrary to expecta-
tions, Sentinel imagery (10/20 m) outperformed high-resolution imagery (e.g., PlanetScope
and WorldView) in overall and community-level classification accuracy for both a single
(April and September) and combined months in our study [90–92]. While high spatial
resolution theoretically offers better feature discrimination, the limited spectral bands of
PlanetScope constrained its ability to differentiate spectrally similar communities. Aggre-
gating PlanetScope data to Sentinel resolution for comparison introduces spatial averaging,
which may lead to information loss, potentially reducing the ability to capture fine-scale
variations. Advances in data fusion techniques—such as pan-sharpening, multi-source
feature extraction, and ensemble classification—now allow researchers to combine spatial
and spectral advantages across sensors [93]. For instance, fusing PlanetScope’s spatial
resolution with Sentinel-2’s spectral depth can enhance class separability, especially in struc-
turally complex environments like wetlands [94,95]. However, challenges in computational
efficiency and accuracy persist, especially with large, multi-temporal datasets, highlighting
the need for continued innovation in hierarchical fusion techniques. Spectral reflectance
between some of the plant communities (e.g., swamps, marshes, headwaters, and ponds)
at Tidmarsh was so subtle that high spatial resolution (3 m) alone was insufficient to differ-
entiate them. Combining Sentinel imagery from two time-steps (i.e., April and September)
improved the contrast between spectrally similar plant communities and hence yielded the
highest overall and community-level accuracies. Similarly to our study, Vuolo et al. [96]
reported that single-date imagery was suboptimal compared to multi-temporal imagery in
reaching greater accuracy in crop type classification. Remote sensing imagery with higher
spectral resolution could help realize the potential of high spatial resolution as well. For
instance, panchromatic imagery can be used to improve the spatial resolution of multi-
spectral imagery while retaining the spectral fidelity of original multispectral data during
pixel-level fusion [97]. For example, a fusion of Sentinel and PlanetScope imagery for a
single time-step may complement the spatial resolution of PlanetScope with the spectral res-
olution of Sentinel, improving on the spectral contrast between plant communities [98,99].
Likewise, hyperspectral sensors enhance the discrimination of spectrally similar plant
communities by capturing narrow-band spectral variability often missed by multispectral
sensors, thereby further refining habitat mapping and supporting the estimation of biophys-
ical properties [27,100]. A large part of our study area has undergone ecological restoration,
leading to major changes in habitat structure and vegetation composition, which may
have limited the effectiveness of multispectral imagery [49,101,102]. At finer spatial scales,
detecting and mapping post-restoration plant communities remain challenging, where the
combined use of optical and active remote sensing may offer promising solutions [101,103].

Topographic influence on wetland mapping: Elevation emerged as a key predictor in our
classification models, despite the relatively flat terrain of the Tidmarsh site. This find-
ing aligns with Zhu et al. [104], who suggest incorporating a DEM, and its derivatives
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(e.g., aspect and slope) enhance differentiation among spectrally similar plant communities
for improved mapping performance. Topographic variation affects surface reflectance in
mountainous regions [105,106], impacting NDVI and phenology estimates. Although Tid-
marsh lacks dramatic elevation gradients, subtle topographic variation influences surface
hydrology and plant zonation, likely improving NDVI-based phenological detection. Our
observations are consistent with studies from Evans and Cushman [107] and Räsänen and
Virtanen [40], which highlight the role of climatic and topographic predictors in improving
the performance of RF-based classification. Furthermore, LiDAR-derived topographic and
vegetation structural metrics (e.g., canopy height, basal area, and aboveground biomass)
could augment classification accuracy by characterizing vertical complexity and water
retention features critical in wetlands [35,108,109]. In the northern temperate latitudes, the
growing season coincides with summer rainstorms; therefore, we were unable to obtain
cloud-free imagery for the months of July, August, and October. Compared to optical
remote sensing (i.e., Sentinel and PlanetScope imagery), LiDAR data collected during the
growing seasons can provide a reliable alternative when optical imagery acquisition is
limited due to atmospheric conditions—as occurred in our study during July, August, and
October [110].

Role of multi-season imagery in plant community classification: Our study uniquely differ-
entiates wetland vegetation into distinct plant communities, an approach often bypassed in
regional-scale classification systems where wetlands are treated as a homogeneous land-
cover type [30,111]. However, this granularity often comes at the cost of lower classification
accuracy, particularly when seasonal variation is not explicitly modeled. Integrating multi-
season imagery—particularly from the early growing and transitional seasons—enabled us
to overcome limitations associated with within-season variability [97,112]. For example,
cranberry bogs were more prominent and readily distinguishable from other plant commu-
nities during the transitional season, while pine–oak forests, shrub swamps, freshwater
marshes, and floodplains became phenologically distinct during the growing season [5].
This seasonal specificity supports the selection of optimal mapping windows, early summer
and just before the dormant season, in contrast to conventional approaches that rely on
the peak summer imagery for mapping. As demonstrated in our results and supported
by Vuolo et al. [96], multi-temporal imagery significantly outperforms single-date imagery
for classifying vegetation types. As seasons transition, certain plant communities either
converge or diverge in their biophysical attributes (i.e., aboveground biomass, rooting
depth, and chlorophyll content) and consequently in their spectral signatures [113,114].
Other studies have corroborated the importance of late-season (outside the growing season)
and multi-season imagery to identify plant communities; however, these were limited to
the identification of a single plant community type [9]. Due to senescence and reduced
surface water availability during the transitional season, phenological variation among
plant communities (e.g., grasslands, pine–oak forests, freshwater swamps, shrub swamps,
and floodplains) was minimal. As a result, these communities were merged into upland–
wetland mixed transient plant communities. Following a similar approach, Singh et al. [35]
used intra-annual phenology to detect and map the invasion of Chinese privet (Ligustrum
sinense) in urban forests. We combined phenological insights with multi-temporal imagery
that accounts for intra-annual and seasonal variations to detect and map rare or ephemeral
plant communities [115].

Advancing phenology-informed classification frameworks: Our approach leverages multi-
temporal remote sensing to build a phenology-informed, ecologically grounded classi-
fication of freshwater wetland communities. Unlike temporal composites, which may
obscure intra-annual patterns, we incorporated discrete imagery from key phenological
stages—April (initial green-up and leaf emergence) and September (senescence)—to explic-
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itly track changes in vegetation structure, its growth cycles, and greenness. This strategy
allowed us to explicitly track changes in biophysical indicators such as canopy greenness,
surface moisture, and vegetation structure. For example, early-season imagery captured
emergent vegetation and shallow-rooted plant communities, while transitional-season data
highlighted senescence patterns. Moreover, we integrated hydrological and topographic
variables—TWI, FlowDir, and FlowAccum—to capture the spatial heterogeneity of hydro-
dynamics, improving classification performance in hydrologically complex landscapes.
This is particularly valuable in ecosystems like freshwater wetlands, where different plant
communities may occupy wetland, causing overlapping spectral characteristics but differ-
ing in growth patterns. By aligning satellite-derived indicators with ecological processes,
our strategy transcends traditional spectral classification and establishes a remote sensing
framework optimized for environmental and biodiversity monitoring, directly informing
restoration and conservation.

Our findings reaffirm the value of phenology-informed mapping for improving classi-
fication schemes in dynamic ecosystems. Similar conclusions have been drawn by various
studies using time-series imagery to capture vegetation dynamics across land-cover types
and seasons. For instance, Singh et al. [35] used time-series Landsat imagery to establish
the phenology of both invasive and native plants to determine optimal periods for satellite
image acquisition. Zhong et al. [116] employed time-series MODIS reflectance data to
analyze plant phenology for mapping soybean and corn. Similarly, Fundisi et al. [117]
combined Sentinel-2A and SPOT-6 imagery to classify 26 plant species across wet and dry
seasons, highlighting the potential of multispectral remote sensing for assessing woody
plant diversity throughout different seasons. Furthermore, Townsend and Walsh [118]
leveraged time-series Landsat TM data alongside in situ measurements to improve the
discrimination of plant communities at multiple levels, demonstrating the value of spec-
tral data over time for vegetation classification. Our study shows how the phenology of
plant communities can help modify ecosystem classification schemes and thereby improve
mapping performance. To advance phenology-informed classification of wetland plant
communities, we recommend several methodological refinements. First, establishing a min-
imum threshold of ≥25 ground-reference points per plant community or land-cover type
can ensure statistically robust characterization of phenological trajectories and improve the
reliability of community-level classifications. Second, collecting field data across multiple
seasons is essential for capturing the full range of phenological variability, particularly
for ephemeral or seasonally distinct communities that may be underrepresented in single-
season surveys. Third, the fusion of PlanetScope and Sentinel-2 imagery offers a promising
avenue for combining the high spatial resolution of PlanetScope (3 m) with the broader
spectral range of Sentinel-2, enhancing both spatial details and spectral separability. Lastly,
integrating complementary remote sensing modalities such as LiDAR or hyperspectral
data could help resolve classification ambiguities in spectrally similar communities and
improve the detection of structural, textural, and biochemical vegetation traits. Together,
these enhancements would strengthen the ecological interpretability and classification
accuracy of dynamic wetland systems. By advancing ecosystem classification schemes
through seasonal and structural insights, remote sensing can better support conservation
and ecosystem management goals in complex, dynamic landscapes.

5. Conclusions
In this study, we utilized plant community-specific phenology, derived from NDVI

time series of Sentinel imagery, to identify critical temporal periods where plant com-
munities within a temperate freshwater wetland ecosystem exhibit substantial spectral
distinction. This approach facilitated the refinement of an existing ecosystem classification
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scheme, improving the mapping of this dynamic and complex landscape. Our findings
indicated that plant communities at Tidmarsh exhibited pronounced seasonal phenological
variations, particularly during the growing (April–June) and transitional (September–
October) seasons. This underscores the importance of incorporating temporal dynamics
into ecosystem classification efforts to accurately capture the variability inherent to such
ecosystems. By merging plant communities that demonstrated statistically insignificant
NDVI differences, we successfully modified classification schemes to reflect both growing
and transitional seasons. Mapping efforts, using both the original and modified schemes in
conjunction with Sentinel and PlanetScope imagery, showed enhanced overall accuracy.
Notably, despite its lower spatial resolution, Sentinel imagery outperformed PlanetScope
imagery, suggesting that spectral resolution is a more significant factor than spatial resolu-
tion for distinguishing plant communities. While hyperspectral data effectively capture
subtle spectral variations, the integration of complementary remote sensing data—such
as LiDAR for foliage structure, thermal imagery for temperature-related physiological
processes, and radar for soil and vegetation moisture sensitivity—can significantly improve
the discrimination of plant communities, particularly when spectral differences alone are
insufficient. Our study highlights the practical value of integrating plant community-
specific phenological insights into ecosystem classification schemes, which is essential for
systematic ecological monitoring to inform management and restoration actions. Accu-
rately mapping plant communities is fundamental to monitoring biodiversity, guiding
conservation decisions, and supporting ecosystem restoration efforts. Our results caution
against the exclusive use of summer imagery, as this approach fails to capture the full
spectrum of seasonal vegetation dynamics. Therefore, we advocate for future research that
(1) incorporates additional in situ data to refine statistical inferences on plant community
phenology, (2) integrates Sentinel and PlanetScope imagery with LiDAR-derived structural
metrics to enhance classification accuracy, and (3) collects ground-reference data across
multiple seasons, preferably using drones [119], that align with modified classification
schemes. By developing a deeper understanding of plant community-specific phenology,
we can better account for the temporal variability inherent in dynamic ecosystems, thus
improving the precision of remote sensing-based mapping for both scientific inquiry and
practical management applications.
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