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Highlights

What are the main findings?

• Temporary floodplain ponds (TFPs) occupied more than 32% of the floodplain surface
shortly after spring flood recession and stored over 250 L m−2 of surface water.

• Integrating TerraSAR-X SAR data with Sentinel-2 multispectral imagery improved
vegetation classification accuracy from 64.5% to 81.7% and enabled detection of fine-
scale vegetation mosaics associated with TFPs.

What are the implications of the main findings?

• TFP depth was the strongest predictor of plant community distribution, acting as a
fine-scale hydrological filter within the floodplain.

• Changes in TFP persistence may shift the balance between moisture-dependent com-
munities and communities associated with better-drained conditions.

Abstract

Temporary floodplain ponds (TFPs) are short-lived water bodies forming in microtopo-
graphic depressions after flood recession and represent an important but poorly quantified
component of floodplain hydrology. This study investigated the spatial and temporal
dynamics of TFPs and their relationship with vegetation patterns in the natural floodplain
of the Biebrza River, Poland. High-resolution TerraSAR-X data and Sentinel-2 multispec-
tral imagery were combined with field-based vegetation surveys and statistical modeling.
Threshold-based SAR classification showed that TFPs occupied more than 32% of the flood-
plain surface shortly after spring flood recession and stored, on average, over 250 L m−2 of
surface water, but disappeared within one month. Random Forest classification demon-
strated that combining SAR and multispectral data improved overall vegetation mapping
accuracy from 64.5% to 81.7% (Kappa from 0.574 to 0.780). A global chi-square test revealed
a strong association between vegetation patterns and TFP occurrence (χ2 = 224.9, p < 0.001,
Cramér’s V = 0.40). Multinomial logistic regression identified TFP depth as the strongest
predictor of plant community distribution. Rorippo-Agrostietum, Caricetum gracilis and Glyc-
erietum maximae increased with TFP depth, whereas Alopecuretum pratensis and Phalaridetum
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arundinaceae declined. These results show that TFPs act as a fine-scale hydrological filter
structuring floodplain vegetation mosaics and that SAR–optical data fusion is effective for
detecting these transient habitat patterns.

Keywords: temporary floodplain ponds; floodplain vegetation; SAR and multispectral
integration; vegetation mosaic; hydrological niche differentiation

1. Introduction
Surface water retention plays a fundamental role in regulating ecosystem functioning

in river valleys by controlling soil moisture dynamics, nutrient cycling and the spatial distri-
bution of biological communities. Floodplain ecosystems are characterized by pronounced
habitat heterogeneity, largely driven by periodic inundation and subsequent drainage,
which together shape vegetation patterns and sustain high levels of biodiversity. Although
flooding has long been recognized as a key driver of floodplain processes [1,2], the ecologi-
cal consequences of the fine-scale spatial mosaic of residual surface water persisting after
flood recession remain insufficiently explored.

The spatial mosaic of floodplain habitats is not created solely by large flood events but
also by numerous small-scale inundation pulses associated with flood dynamics. These
processes generate a highly heterogeneous hydrological landscape in which areas of tem-
porary water retention coexist with rapidly draining surfaces [3,4]. Such variability in
inundation patterns contributes to the structural complexity of floodplains and underpins
the coexistence of diverse biological communities.

In this study, we focus on temporary floodplain ponds (TFPs)—small, temporary water
bodies that persist in microtopographic depressions following spring floods. These features
remain hydrologically connected to the river channel only temporarily and persist until
water drains, evaporates, or infiltrates into the soil. In operational terms, TFPs were defined
here as spatially coherent, stagnant water bodies formed in local topographic depressions
following the spring flood, separated from the main river channel after floodwater recession,
and absent from the pre-flood SAR image. Permanent water bodies, channels, oxbow lakes,
and small spatially scattered water detections were excluded from this category. TFPs
represent a common but transient component of floodplain hydrology and are comparable
to other temporary wetland systems described in the literature, including temporary
ponds [5], post-flood ephemeral wetlands [6], and vernal pools [7]. Despite differences in
geomorphological context, these systems share several ecological characteristics, including
periodic hydroperiods, high environmental variability, absence of permanent aquatic fauna,
and strong importance for biodiversity and landscape water retention.

The ecological significance of such temporary aquatic habitats has been widely doc-
umented across taxonomic groups. Spatial and temporal variability in flooding patterns
strongly influences insect abundance [8], aquatic macroinvertebrate communities [9,10],
amphibian breeding habitats [6], fish recruitment in intermittent rivers [11,12], and even
vertebrate activity patterns in terrestrial landscapes [7]. These findings highlight the role of
temporary floodplain water bodies as biodiversity hotspots and ecological refugia during
transitional hydrological phases.

TFPs act as fine-scale hydrological filters that influence plant community assembly by
extending soil saturation beyond the flood peak. River valleys are continually reshaped by
periodic shallow inundation, generating spatial gradients in moisture availability that drive
transformations in vegetation structure. While most floodplain plant species exhibit some
degree of flood tolerance, their adaptive strategies differ markedly, resulting in distinct
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community responses to prolonged surface water retention. Consequently, the persistence
of TFPs is expected to favor moisture-dependent assemblages while limiting communities
adapted to rapidly draining conditions [3,13].

The formation and persistence of TFPs are governed by microrelief, soil properties,
vegetation structure and hydraulic connectivity between the river channel and the flood-
plain. Organic soils typical of lowland valleys slow infiltration, promoting the retention of
shallow surface water, while dense sedge- and grass-dominated vegetation reduces flow
velocity and enhances local water accumulation. Together, these factors create fine-scale
moisture gradients that produce a mosaic of habitats fundamental to the functioning of
floodplain ecosystems and to species dependent on spring water availability [3,13].

The ecological role of TFPs is becoming increasingly important under ongoing climate
change and hydrological alteration. Reduced snow cover, earlier flood recession and more
frequent droughts shorten the duration of post-flood surface water retention, causing
soils to dry more rapidly and limiting the period of saturated conditions critical for many
floodplain processes. Changes in inundation regimes may also arise from river regulation
and water management structures, which can modify flood timing, duration and spatial
extent of wetland vegetation [13]. Such hydrological shifts may ultimately alter vegetation
composition and habitat structure across floodplain landscapes.

Despite their ecological importance, TFPs remain challenging to quantify due to their
short hydroperiod and high spatial heterogeneity. Conventional field-based approaches
provide limited spatial coverage, while many remote sensing studies of floodplains fo-
cus on peak inundation rather than post-flood surface water dynamics. As a result, the
spatial linkage between temporary post-flood ponds and vegetation community patterns
remains insufficiently resolved at ecologically meaningful scales, representing a persistent
knowledge gap in floodplain ecology [14–16].

Recent advances in remote sensing provide new opportunities to address this chal-
lenge. Temporary wetland habitats can be detected using multispectral satellite imagery,
synthetic aperture radar (SAR) data, LiDAR-derived elevation models, and topographic
indices [14]. Multi-temporal remote sensing approaches are particularly important for
capturing dynamic wetland systems with short hydroperiods [16]. Recent developments
combining satellite time series with machine learning and deep learning models further
improve the detection of land–water transitions and wetland vegetation dynamics [15].

Synthetic Aperture Radar (SAR) is particularly well suited for monitoring floodplain
hydrology [17] because it can detect shallow surface water beneath sparse or flattened veg-
etation and operates independently of cloud cover and solar illumination [14,18]. However,
radar backscatter alone has limited capability to discriminate vegetation communities with
similar structural properties [19]. Optical imagery in the visible and near-infrared range
complements SAR by capturing phenological and biochemical differences among plant
communities. The integration of SAR and optical data therefore provides a synergistic ap-
proach that links hydrological sensitivity to surface water with multispectral discrimination
of vegetation.

The aim of this study was to investigate the spatial and temporal dynamics of tempo-
rary floodplain ponds (TFPs) and their relationship with vegetation patterns in a natural
river valley. Specifically, we addressed three research questions:

1. How extensive are temporary floodplain ponds within the valley and how does their
spatial extent change during the post-flood period?

2. Can remote sensing data be used to identify the vegetation mosaic associated with
temporary floodplain ponds?

3. How does the depth of temporary floodplain ponds influence the distribution of
plant communities?
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Because the aim of the study was to relate plant community distribution to fine-
scale post-flood hydrological conditions rather than to reconstruct seasonal vegetation
dynamics, field-based vegetation surveys were used as the primary source of community
identification, while SAR-derived information on post-flood surface water and optical
satellite imagery provided the spatial framework for quantifying early-season hydrological
heterogeneity and evaluating its ecological implications for vegetation patterns in a natural
floodplain ecosystem.

2. Materials and Methods
2.1. Study Area

The Biebrza River is in the northeastern part of Poland (Figure 1) and is one of
the few large rivers in Europe that has not been transformed by human activity. Its
riverbed remains unregulated, causing the river to form extensive floodplains in early
spring. These floodplains create a unique mosaic of ecosystems that serve as habitats for
many endangered plant and animal species.

Figure 1. Location of the research area and sites of remote sensing and botanical data acquisition.

The study was conducted in the central basin of the Biebrza River, along an approxi-
mately 5 km stretch between the town of Goniądz and the Osowiec Fortress. The central
basin of the Biebrza is a vast area of peatlands surrounded by sandy dunes shaped by
aeolian processes. It is characterized by the lowest water retention due to an extensive
system of drainage canals. As a result, a gradient of plant habitats can be observed, rang-
ing from wet meadows (Alopecurion pratensis All.), through marshy sedge communities
(Magnocaricion elatae All.), to reed vegetation (Phalaridetum arundinaceae Ass.). The studied
section of the Biebrza River valley is heterogeneous in terms of soils and hydrological condi-
tions. Among the hydrogenic soils occurring are peat, peaty-mucky, peaty-gley, muck and
muck-gley soils. These soils develop under prolonged or periodic high groundwater levels
or regular flooding and shape hydrological processes of water retention and infiltration,
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influencing distribution pattern of the floodplain vegetation [20]. Groundwater levels in
the study area show high temporal variability, with frequent periods of water occurring
at or above the ground surface. Long-term monitoring indicated a decreasing trend in
groundwater levels, reflected by progressively fewer and shorter episodes of groundwater
rising above the surface [21].

2.2. Vegetation Surveys

Within the study area, 230 research points were initially randomly generated inside
the data acquisition boundary to represent the range of vegetation types occurring in
the valley. Sampling locations were distributed across the entire floodplain to capture
variability in inundation conditions. Phytosociological surveys were conducted in two
field campaigns, in May and July 2015. This sampling design was adopted to match the
phenology of the studied plant communities and to ensure ecological correspondence with
the remotely sensed data. Communities associated with shallow post-flood inundation,
especially Rorippo-Agrostietum, were most reliably identified in May, shortly after flood
recession, whereas meadow communities were more clearly distinguishable in July, when
their floristic composition was fully developed. The vegetation surveys were carried out
in homogeneous patches using the Braun-Blanquet method [22] within plots of 2 × 2 m.
For each plot, a complete list of vascular plant species was recorded. Each plot was
subsequently assigned to one of 24 syntaxonomic units according to the classification of
Matuszkiewicz [23]. To focus the analysis on the dominant vegetation patterns of the
floodplain, rare vegetation types representing less than 10% of the total area were excluded
from further analyses. As a result, 200 research points belonging to six dominant plant
community types (Table 1) were retained, representing more than 90% of all recorded
vegetation patches in the study area (Figure 1). Each research point was georeferenced
using GPS with an accuracy of ±0.1 m, and all data were recorded in a GIS environment to
enable spatial integration with radar and multispectral imagery.

Table 1. Distinguished plant communities with corresponding numbers of research points.

Plant Community Description Number of Research Points

Alopecuretum pratensis [Alo]
Highly productive meadows dominated by Alopecurus
pratensis that mainly occur in the floodplains of large
lowland rivers as well as in broad floodplains

26

Caricetum gracilis [Car]

Marsh-type vegetation is dominated by the tall sedge
Carex gracilis in shallow, eutrophic wetlands such as in the
littoral zones of fishponds, water reservoirs, oxbows,
alluvial pools, fish storage ponds, riverbanks, ditches and
shallow depressions in meadows

52

Glycerietum maximae [Gly]
Marsh-type vegetation is dominated by Glyceria maxima, a
1–2 m tall grass, occurs in shallow water in eutrophic to
hypertrophic wetlands

55

Nupharo-Nymphaeetum [Num]

Water vegetation type dominated by Nuphar lutea, which
usually has large leaves that float on the water surface, but
in flowing or deep still water, it produces only
submerged leaves

16

Phalaridetum arundinaceae [Pha]

Vegetation with dense stands of Phalaris arundinacea,
occurring in complexes of marsh vegetation in lowland
river floodplains and in the littoral zones of still
water bodies

29

Rorippo-Agrostietum [Ror]
Vegetation dominated by Rorippa amphibia, occurs in
oxbows, alluvial pools, ditches, channels on fluvial
sediment accumulations and in lentic sections of rivers

22
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2.3. Radar and Multispectral Data

Radar data were obtained from TerraSAR-X platform operating in Staring Spotlight
mode in a descending orbit, providing high spatial resolution (0.54 m) essential for detect-
ing small-scale inundation features. Single-polarization HH and VV data were acquired
alternately: HH to improve separability between open water, flooded vegetation, and
dry surfaces, and VV, due to its higher sensitivity to surface roughness, to improve dis-
crimination among vegetation types. In total, 9 radar scenes were acquired during the
first half of 2015 (from March to July), covering the pre-flood, flood, flood-recession, and
early summer phases. Flood extent and temporary floodplain pond (TFP) dynamics were
delineated using SAR scenes from March, April, and May 2015, which captured the onset,
peak, and recession of the spring flood. The analyses focused on the flood recession period
because this is the hydrological phase when floodwaters retreat from the floodplain and
shallow water remains in local depressions, forming temporary floodplain ponds. All SAR
images were acquired as multi-look detected Enhanced Ellipsoid Correction (EEC) products
to ensure geometric terrain correction suitable for further integration with optical data.
Multispectral imagery from Sentinel-2A (B2, B3, B4, B8) was acquired in July to capture
vegetation during its maximum seasonal development and was resampled to match the
radar spatial resolution.

Radar data were first used to identify areas of local ponding formed after the flood. For
this purpose, HH-polarized SAR scenes were used to enhance contrast between water and
non-water surfaces. A histogram-based thresholding approach was applied to delineate
shallow surface water retention areas (Figure 2), as thresholding of SAR backscatter is
a widely used and efficient approach for flood-water mapping because water typically
exhibits lower backscatter intensity than surrounding land surfaces [24]. In our study,
backscatter values were transformed to the decibel scale using 10·log10 (σ0), and pixels
with values below a threshold of 10 dB were classified as water. The threshold was selected
based on the separation of low-backscatter water pixels from surrounding land surfaces in
the SAR backscatter histograms and subsequently verified using field observations and
visual interpretation of the scenes.

Figure 2. Raster histograms for SAR scenes (preflood, right after flood, during summer).

The volume of water retained in local ponding areas was estimated using SAR-derived
water extent combined with a LiDAR-based digital elevation model (DEM). LiDAR data
were obtained from publicly available database, GUGiK [25], and characterized by a point
density of approximately 4 points in 1 m2, which resulted in a spatial resolution of 0.5 m
for the derived DEM. The elevation model was generated from the classified point cloud
using the k-nearest neighbors (k-NN) interpolation method. Because LiDAR does not
reliably measure water depth directly, the DEM was used to reconstruct the ground surface
underlying the inundated areas rather than the water surface itself. For each mapped
inundation patch, water depth was estimated relative to the local terrain represented by
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the DEM, and water volume was then calculated by multiplying the estimated mean water
depth by the mapped surface-water extent.

Multitemporal SAR and multispectral imagery were used in plant community clas-
sification. We created 4 m buffers around each vegetation research point and generated
sample points for all raster pixels falling within each buffer. This buffer size was selected
to ensure that the extracted pixels represented a locally homogeneous vegetation patch
around each field observation, while also providing a sufficient number of raster cells for
stable classifier training and reducing the effect of small positional mismatch between field
observations and remote sensing data. Next, we generated sample points for each pixel
within the buffer area. These sample points were then used to train a pixel-based classifier
for plant community classification. To predict plant community classes, we fitted Random
Forest models. The dataset was split into training (70%) and testing (30%) subsets. A 5-fold
cross-validation strategy was applied to the training data to assess classifier accuracy and to
optimize the number of randomly selected predictors (the model’s tuning parameter). The
testing dataset was used to compute the confusion matrix and the Kappa index. The plant
community classification was performed on raster data resampled to the spatial resolution
of the TerraSAR-X imagery. Accordingly, both the multispectral inputs and the derived
classification products represent vegetation patterns at the scale of the radar-based analysis
rather than at the scale of individual microhabitats.

Classification performance was evaluated using sensitivity, specificity, and overall
accuracy. Sensitivity was defined as the proportion of correctly identified pixels belonging
to a given plant community (true positives), specificity as the proportion of correctly
identified pixels not belonging to that community (true negatives), and accuracy as the
proportion of all correctly classified pixels. We examined the impact of data type on
classification accuracy by applying the same modeling strategy using only SAR data and a
fusion of SAR and multispectral imagery. Raster processing and machine learning model
training were performed in R (version 4.5.2.) using terra [26] and caret [27] packages.

2.4. Statistical Analysis

To examine the relationship between TFPs and the occurrence of the studied plant
communities, we first conducted an exploratory chi-square analysis. Within the study
area, 1451 random points were generated, to which plant community types derived from
Random Forest classification and the presence of TFPs identified from SAR thresholding
were assigned. A global chi-square test was used to assess overall association between
vegetation types and pond presence, followed by community-specific chi-square tests
(2 × 2 contingency tables) to evaluate individual community responses. Effect sizes were
quantified using Cramér’s V.

To quantify the relative importance of hydrological and topographic drivers and to
account for their combined effects, we subsequently applied multinomial logistic regression.
Plant community type was used as the categorical response variable, with Alopecuretum
pratensis selected as the reference class. Predictor variables included post-flood water depth,
elevation derived from the digital elevation model, local slope, distance to the main river
channel, and distance to oxbow lakes. For locations without surface water, post-flood water
depth was set to zero, allowing depth to represent both water presence and magnitude of
surface retention.

Model significance was evaluated using likelihood ratio tests by comparing the full
model with reduced models excluding individual predictors. Odds ratios (OR) and 95%
confidence intervals (CI) were calculated to quantify community-specific responses relative
to the reference class. Model predictions were further explored by generating probability
curves along gradients of individual predictors while holding remaining variables constant
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at their median values, enabling visualization of hydrological niche differentiation among
plant communities.

All statistical analyses were performed in R (version 4.5.2.) using the nnet [28], stats,
and rcompanion [29] packages.

3. Results
3.1. Detection and Persistence of TFPs

A pronounced spatial and temporal variability of TFPs was observed within the river
valley during the post-flood period.

Threshold-based classification of SAR imagery revealed extensive TFPs across the
floodplain following the spring flood. One week after peak water levels, TFPs occupied
more than 32% of the floodplain surface (Figure 3). In May, their extent decreased to 2.5%,
while by July, TFPs were no longer detected within the study area. The volume of retained
surface water followed a similar temporal pattern. In April, the average water volume
exceeded 250 L m−2, corresponding to approximately 2.5 million liters per hectare. In May,
the volume decreased to 20 L m−2, and by July, surface water associated with TFPs had
disappeared entirely.

 
Figure 3. Seasonal dynamics of temporary floodplain ponds (TFPs) during spring and early summer
2015, derived from HH-polarized TerraSAR-X imagery using threshold-based classification.

3.2. Classification of Wetland Plant Communities

Mapping the spatial heterogeneity of vegetation associated with TFPs requires high-
resolution spatial data capable of capturing short-lived habitat mosaics across the floodplain.
Traditional field surveys provide detailed local information but are insufficient for identi-
fying the spatial structure of vegetation patterns across the entire valley. Remote sensing
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therefore provides a necessary framework for detecting the vegetation mosaic associated
with TFPs at the landscape scale (Figure 4).

Figure 4. Spatial distribution of classified wetland plant communities across the entire study area.

Random Forest classification accuracy depends on input data type. Using multitempo-
ral SAR imagery alone resulted in an overall accuracy of 64.5%. Incorporating Sentinel-2
multispectral data increased classification performance substantially, raising overall ac-
curacy to 81.7%. The Kappa coefficient, which measures classification agreement beyond
chance, increased from 0.574 (SAR-only) to 0.780 (SAR + multispectral), indicating an
improvement in model reliability.

Classification accuracy differed among plant communities (Table 2). The addition of
multispectral imagery improved sensitivity, specificity, and overall accuracy for most vege-
tation types. The highest classification accuracies were obtained for the aquatic Nupharo-
Nymphaeetum and the reed-dominated Phalaridetum arundinaceae communities, both exceed-
ing 94% accuracy when SAR and multispectral data were combined. These communities
form relatively homogeneous spatial patches within the floodplain, which likely facilitated
their reliable identification in the classification process.

Table 2. Classification metrics.

SAR SAR + Multispectral

Plant Community Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

Alopecuretum pratensis [Alo]. 0.475 0.968 0.721 0.890 0.989 0.940
Caricetum gracilis [Car] 0.631 0.866 0.749 0.730 0.972 0.851
Glycerietum maximae [Gly] 0.711 0.813 0.762 0.826 0.887 0.857
Nupharo-Nymphaeetum [Num] 0.999 0.995 0.997 0.897 0.999 0.948
Phalaridetum arundinaceae [Pha] 0.715 0.953 0.833 0.930 0.962 0.946
Rorippo-Agrostietum [Ror] 0.340 0.980 0.660 0.629 0.973 0.801

Overall accuracy 0.645 0.817
Kappa 0.574 0.780
F1 0.643 0.819

In contrast, the lowest classification accuracy was observed for Rorippo-Agrostietum,
followed by Caricetum gracilis and Glycerietum maximae. These vegetation types are typically
associated with shallow and dynamically changing inundation zones, where vegetation
occurs in small and spatially heterogeneous patches.
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Sensitivity increased markedly for Alopecuretum pratensis and Rorippo-Agrostietum
following multispectral data integration, nearly doubling in both cases. Although Rorippo-
Agrostietum remained the most difficult class to discriminate, its accuracy improved from
66% to 80% with combined datasets.

3.3. Exploratory Association Between Vegetation and TFPs

A global chi-square test revealed a highly significant association between plant com-
munity distribution and the presence of TFPs (χ2 = 224.9, df = 4, p < 0.001), with a moderate-
to-strong effect size (Cramér’s V = 0.40), indicating non-random spatial coupling between
vegetation types and residual surface water.

Community-specific chi-square tests showed contrasting responses among vegetation
types (Table 3). Glycerietum maximae and Phalaridetum arundinaceae exhibited strong associa-
tions with pond presence (χ2 = 95.7 and 116.8, respectively; p < 0.001), while Alopecuretum
pratensis also showed a significant relationship (χ2 = 52.8, p < 0.001). Rorippo-Agrostietum
displayed a weaker but still significant association (χ2 = 14.5, p < 0.001), whereas Caricetum
gracilis showed no significant relationship with pond occurrence (p = 0.23). Effect sizes
ranged from small to moderate (Cramér’s V = 0.11–0.29), suggesting varying degrees of
hydrological affinity among communities. The Nupharo-Nymphaeetum community was not
tested because it is an aquatic community that inhabits oxbow lakes.

Table 3. Relationship between vegetation and TFPs.

Plant Community χ2 p-Value Cramér’s V

Alopecuretum pratensis [Alo] 52.76 <0.001 0.199
Caricetum gracilis [Car] 1.44 0.230 0.034
Glycerietum maximae [Gly] 95.67 <0.001 0.266
Phalaridetum arundinaceae [Pha] 116.76 <0.001 0.294
Rorippo-Agrostietum [Ror] 14.49 <0.001 0.106

3.4. Hydrological Controls on Vegetation Distribution

Multinomial logistic regression (Table 4) identified TFP depth as the strongest global
predictor of plant community distribution (χ2 = 143.5, p < 0.001), followed by elevation
(χ2 = 50.7, p < 0.001) and slope (χ2 = 28.7, p < 0.001). Distance to the river channel had a
weaker but significant effect (χ2 = 10.5, p = 0.033), whereas distance to oxbow lakes was
marginal (χ2 = 9.4, p = 0.052).

Table 4. Global predictors of plant community distribution.

Predictor χ2 p-Value

TFP depth (m) 143.53 <0.001
Elevation (m ASL) 50.66 <0.001
Slope (◦) 28.66 <0.001
Distance to river (m) 10.47 0.033
Distance to nearest oxbow lake (m) 9.39 0.052

Increasing TFP depth significantly increased the probability of occurrence of Rorippo-
Agrostietum (OR = 3.10, 95% CI: 2.15–4.47), Glycerietum maximae (OR = 2.21, 95% CI:
1.67–2.93), and Caricetum gracilis (OR = 2.18, 95% CI: 1.65–2.88) relative to Alopecuretum
pratensis. In contrast, Phalaridetum arundinaceae showed no significant response to water
depth (OR = 0.87, 95% CI: 0.64–1.18) (Table 5).
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Table 5. Community-specific responses to TFP depth, elevation and slope derived from multinomial
logistic regression.

Plant Community Predictor OR 95% CI

Caricetum gracilis [Car]
TFP depth (m) 2.18 1.65–2.88
Elevation (m ASL) 0.63 0.62–0.63
Slope (◦) 1.06 0.94–1.20

Glycerietum maximae [Gly]
TFP depth (m) 2.21 1.67–2.93
Elevation (m ASL) 0.10 0.10–0.10
Slope (◦) 1.14 1.01–1.28

Phalaridetum arundinaceae [Pha]
TFP depth (m) 0.87 0.64–1.18
Elevation (m ASL) 0.15 0.15–0.15
Slope (◦) 1.21 1.08–1.36

Rorippo-Agrostietum [Ror]
TFP depth (m) 3.10 2.15–4.47
Elevation (m ASL) 0.30 0.29–0.30
Slope (◦) 1.10 0.93–1.29

Predicted probability curves showed that Rorippo-Agrostietum increased continuously
with increasing TFP depth and was nearly absent under dry conditions (Figure 5). The
probability of occurrence of Glycerietum maximae and Caricetum gracilis also increased
with increasing water depth, whereas Alopecuretum pratensis and Phalaridetum arundinaceae
decreased along the same gradient.

Figure 5. Predicted plant community occurrence along the TFP depth gradient.

The elevational gradient further differentiated plant community distribution (Figure 6).
Alopecuretum pratensis showed the highest probability at the highest elevations of the
floodplain. Caricetum gracilis also increased with elevation, although less strongly than
Alopecuretum pratensis. In contrast, Glycerietum maximae and Phalaridetum arundinaceae were
most probable at lower elevations and declined upslope. Rorippo-Agrostietum showed
low probabilities across the entire elevational range, with only minor variation along
this gradient.
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Figure 6. Predicted plant community occurrence along the floodplain elevation gradient.

4. Discussion
Our results show that temporary floodplain ponds (TFPs) constitute a transient but

ecologically important component of floodplain hydrology, exerting strong control over
vegetation patterns at fine spatial scales. Shortly after spring flood recession, TFPs occupied
more than 32% of the floodplain surface and stored on average over 250 L m−2 of surface
water but disappeared within a month. Although short-lived, these water bodies were
strongly linked to vegetation distribution, as indicated by the highly significant global
chi-square test and the moderate-to-strong effect size. This suggests that TFPs represent
a distinct post-flood hydrological phase that extends the ecological influence of flooding
beyond the flood peak itself. Similar studies conducted at broader spatial scales have
shown that seasonal surface water storage plays a major role in floodplain functioning and
in regulating hydrological exchange between rivers and wetlands, although these analyses
have usually focused on basin- or floodplain-scale storage rather than small-scale residual
ponding features [30–32].

Although the geomorphological setting of the Biebrza valley is specific, the ecolog-
ical role of TFPs identified in this study is consistent with patterns reported from other
short-hydroperiod systems. Temporary ponds and vernal pools are likewise structured by
alternating flooding and drying phases and by strong seasonal environmental variability.
Mediterranean temporary ponds support distinct plant communities whose composition
reflects hydrological conditions and habitat characteristics, which makes them useful for
wetland typology and conservation assessment [33]. Long-term work on vernal pools has
also shown that plant community composition depends strongly on appropriate hydrologi-
cal conditions, especially inundation depth and duration, and that hydrology is a necessary
foundation for maintaining characteristic vegetation [34]. Comparable mechanisms have
been reported outside Europe as well. In temporary ponds, community assembly and
disassembly track successive wet phases during inundation–desiccation cycles, indicating
that short-lived hydrological stages can structure biological communities at fine temporal
scales [35]. In arid wetlands, vegetation dynamics have been linked to water depth, inun-
dation frequency, and exceedance time [36]. Studies from large Chinese floodplain and
riparian wetlands similarly indicate that flooding depth, flooding duration, and inundation
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frequency are important predictors of vegetation zonation and landscape structure [37,38].
Taken together, these studies suggest that the TFPs documented in the Biebrza valley repre-
sent a floodplain-specific expression of a more general ecological phenomenon: transient
shallow water bodies extend wet-phase conditions beyond the main flood event and act as
fine-scale hydrological filters shaping vegetation patterns.

The ecological significance of TFPs in our study was expressed not only in their areal
extent and water volume, but also in their selective relationship with plant communities.
The results show that TFPs did not affect all communities equally. Instead, they acted
as a community-specific hydrological filter. Rorippo-Agrostietum showed the strongest
dependence on TFP depth, with probability of occurrence rising continuously along the
inundation gradient and remaining near zero under dry conditions. In contrast, Glyceri-
etum maximae and Caricetum gracilis also responded positively to TFP depth, but unlike
Rorippo-Agrostietum, they were already frequent under less inundated conditions and be-
came more probable when TFPs were present. By comparison, Alopecuretum pratensis and
Phalaridetum arundinaceae declined with increasing TFP depth, indicating that TFPs limited
their occurrence rather than promoted it. These results are consistent with earlier studies
showing that flood depth, duration and hydroperiod structure plant zonation by favoring
communities with contrasting inundation tolerances [39–41].

The predicted probability curves revealed that TFP depth and elevation jointly pro-
duced contrasting vegetation configurations within the valley, which are summarized in the
conceptual model proposed in Figure 7. Two opposing pairs of communities can be distin-
guished. The first pair consists of Alopecuretum pratensis and Phalaridetum arundinaceae, both
negatively associated with TFPs, but occupying different topographic positions. Alopecure-
tum was associated mainly with the highest parts of the floodplain, whereas Phalaridetum
occurred lower in the valley but still declined with increasing TFP depth. The second
pair consists of Caricetum gracilis and Glycerietum maximae, both positively associated with
TFPs, but occupying different elevational zones: Caricetum at relatively higher elevations
and Glycerietum in the lowest parts of the floodplain. Rorippo-Agrostietum differed from
all other communities in being weakly structured by elevation but strongly tied to local
water-filled depressions. Thus, under conditions of low TFP occurrence, the floodplain
is dominated by communities associated with relatively dry or rapidly draining habitats,
especially Alopecuretum pratensis and Phalaridetum arundinaceae, whereas under conditions
of high TFP occurrence, moisture-dependent communities such as Caricetum gracilis and
Glycerietum maximae expand, while Rorippo-Agrostietum occupies local depressions where
water accumulates. Together, these patterns support the idea of fine-scale hydrological
niche differentiation, in which subtle differences in water retention rather than broad
floodplain position determine community occurrence, consistent with previous studies
highlighting the role of small-scale hydrological heterogeneity and hydroperiod gradients
in structuring wetland and floodplain vegetation [42–44].

The strong effects of elevation and slope further emphasize the importance of micro-
topography in regulating TFP persistence. Elevation separated communities along the
main valley gradient, whereas TFP depth captured the effect of local water accumulation.
Slope was less influential than TFP depth and elevation, but still significant, indicating
that even subtle differences in local relief contribute to vegetation differentiation. This
agrees with studies demonstrating that microtopography is a fundamental organizing
structure in wetlands because it controls water table position, ponding, and the distribution
of saturated versus drained microsites [44,45]. In low-gradient floodplains, these small
differences in surface elevation can produce large ecological effects by modulating the
duration of shallow inundation and the spatial continuity of wet habitats.
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Figure 7. Conceptual model of vegetation patterns under contrasting temporary floodplain pond
(TFP) conditions.

The vegetation classification results also provide important ecological context. The
best discrimination was obtained for Nupharo-Nymphaeetum and Phalaridetum arundinaceae,
whereas Rorippo-Agrostietum remained the most difficult community to classify even af-
ter combining SAR and multispectral data. This pattern is ecologically meaningful. The
aquatic Nupharo-Nymphaeetum and the dense reed-dominated Phalaridetum form relatively
large, homogeneous, and spatially aggregated patches, making them easier to identify
in remotely sensed imagery. In contrast, Rorippo-Agrostietum is associated with shallow,
transient depressions and small inundation patches that readily intermix with neighboring
communities. Caricetum gracilis and Glycerietum maximae were also more difficult to dis-
tinguish than the most aggregated communities, likely because they occupy transitional
hydrological settings. These results suggest that some of the environmental conditions
controlling community formation operate at a finer spatial scale than the effective resolution
of the classification inputs and derived products. The improvement obtained after adding
Sentinel-2 data confirms that SAR and optical imagery provide complementary information,
combining sensitivity to shallow water and vegetation structure with multispectral dis-
crimination of plant communities. Similar improvements in wetland vegetation mapping
have been reported in studies integrating SAR with optical or hyperspectral data [46–48].

An important implication of these results is that changes in TFP persistence may reorga-
nize floodplain vegetation mosaics even without large shifts in overall flood extent. Because
the occurrence probabilities of the studied communities respond differently to TFP depth
and elevation, years with reduced TFP formation would be expected to favor communities
such as Alopecuretum pratensis and Phalaridetum arundinaceae, while reducing the spatial
importance of Rorippo-Agrostietum, Glycerietum maximae and, to some extent, Caricetum
gracilis. Conversely, wetter years with more persistent TFPs should promote the expan-
sion of moisture-dependent communities. This is consistent with studies showing that
flood regime components, including depth, duration and recurrence, alter not only overall
vegetation composition but also the abiotic correlates of riparian vegetation [42,49,50].

This makes TFPs particularly relevant in the context of climatic variability and chang-
ing hydrological regimes. Shorter snow cover duration, earlier flood recession and more
rapid spring drying may reduce the duration of TFPs and thus weaken their filtering role.
In such conditions, the floodplain mosaic may become more homogeneous and increas-
ingly dominated by communities associated with drier or more rapidly draining conditions.
Because our results show that even small differences in TFP depth are associated with
strong shifts in vegetation probabilities, the ecological consequences of altered post-flood
water retention may be substantial, especially in peatland river valleys where local storage
processes shape habitat diversity.
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Several limitations should be acknowledged. The analysis represents a single flooding
season, and interannual variability in flood magnitude and timing may shift both the spatial
extent of TFPs and the response of plant communities. This study prioritized field-based
vegetation surveys over temporally denser vegetation mapping because syntaxonomic
identification of floodplain plant communities requires floristic information that cannot
be derived reliably from satellite data alone. Remote sensing was therefore used not
to replace field surveys, but to extend them spatially and link community occurrence
to TFP dynamics at the floodplain scale. In addition, the analysis focused on surface
water and topographic controls, whereas groundwater dynamics, peat decomposition
stage and seed bank processes were not explicitly incorporated. Future studies combining
multi-year SAR series, repeated vegetation surveys and additional hydrological variables
would allow a more complete assessment of the long-term role of TFPs in structuring
floodplain ecosystems.

Estimates of retained water depth and volume are subject to uncertainty associated
with the accuracy of the LiDAR-derived DEM. Previous validation of ISOK airborne laser
scanning data in the Widawa River valley reported mean elevation errors ranging from
3 to 20 cm for natural surfaces, depending on surface roughness [51]. Although these values
do not constitute a direct validation of the DEM used in the present study, they indicate
the potential magnitude of elevation uncertainty. In areas covered by dense meadow
vegetation, limited penetration of laser pulses may lead to an overestimation of ground
elevation. Because water depth was estimated relative to the DEM-derived terrain surface
within inundated patches, vertical DEM errors propagate directly into depth and volume
estimates and may lead to their underestimation. Therefore, the mean water retention
exceeding 250 L/m2 should be regarded as an approximate value [52].

5. Conclusions
Temporary floodplain ponds (TFPs) were shown to be a highly dynamic component

of floodplain hydrology, occupying more than 32% of the valley surface shortly after flood
recession and storing, on average, over 250 L m−2 of surface water. Although short-lived,
these features created strong early-season hydrological heterogeneity across the floodplain.

The integration of SAR and optical imagery substantially improved vegetation map-
ping accuracy, demonstrating that remote sensing data fusion is effective for identifying
fine-scale vegetation mosaics associated with TFPs.

Our results further showed that TFP depth was a key factor shaping plant community
distribution: Rorippo-Agrostietum, Caricetum gracilis and Glycerietum maximae were positively
associated with increasing TFP depth, whereas Alopecuretum pratensis and Phalaridetum
arundinaceae declined along the same gradient.

These findings indicate that TFPs act as a fine-scale hydrological filter structuring
floodplain vegetation patterns, and that changes in their persistence may shift the balance
between moisture-dependent and better-drained plant communities.
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