
Frontiers in Water 01 frontiersin.org

New metrics for characterizing 
and comparing soil moisture 
dynamics across depths and 
locations

Menberu B. Meles 1*, Scott Raulerson 2, Benjamin Rau 3, 
Mashrekur Rahman 1 and C. Rhett Jackson 2

1USDA, ARS, Sustainable Agricultural Water Systems Unit, Davis, CA, United States, 2Warnell School of 
Forestry and Natural Resources, University of Georgia, Athens, GA, United States, 3Timber and 
Watershed Laboratory, USDA Forest Service, Northern Research Station, Parsons, WV, United States

Soil moisture dynamics play a crucial role in hydrological and agroecological pro-
cesses, yet currently, there are few viable statistical procedures readily available to 
compare soil moisture time series data from multiple locations or soil horizons. 
We introduce three novel soil moisture time series signatures to characterize 
and compare soil moisture dynamics across depths and locations: (1) recession 
slope, (2) slope reversal frequency, and (3) soil moisture flashiness index. We cal-
culated two recession slopes, one between saturation and field capacity and a 
second between field capacity and wilting point. We applied these metrics to in-
situ soil moisture data taken at different depths and locations within five experi-
mental watersheds across the United States varying in climate and vegetation. 
Results show that recession slopes generally decrease with depth, with surface 
layers exhibiting 2–3 times steeper recessions than deeper layers. Slope reversal 
frequency and flashiness also decrease with depth, reflecting the damping of 
wetting fronts. Flashiness was strongly tied to climate and showed inter-annual 
variability. These signatures effectively capture the integrated effects of climate, 
soil properties, and landscape position on soil moisture dynamics. Our findings 
demonstrate the potential of these metrics for improving landscape character-
ization, drought prediction, and understanding of hydrological and ecological 
processes across diverse environments.
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Highlights

	 •	 New soil moisture signatures capture rate of moisture loss, slope reversals, and flashiness.
	 •	 The signatures exhibited significant variability across space, time, and depth.
	 •	� The metrics quantify depth-dependent damping of soil moisture dynamics and reveal 

strong climatic controls on flashiness.
	 •	� The signatures effectively integrate effects of morphology, soil, climate, and land cover on 

moisture variability.
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1 Introduction

Soil moisture is a critical driver of hydrological and agroecological 
processes, influencing runoff generation, primary production, drought 
susceptibility, and biogeochemical cycling (Western et al., 2004; 
Vereecken et al., 2008; Seneviratne et al., 2010). Understanding and 
predicting soil moisture dynamics across landscapes is crucial for 
water resource management, agricultural planning, and ecosystem 
assessment (Robinson et al., 2008; Famiglietti et al., 2008). However, 
characterizing soil moisture variability remains challenging due to 
the complex interactions between climate, soil properties, topogra-
phy, and vegetation (Wilson et al., 2004; Famiglietti et al., 2008; Crow 
et al., 2012; Kathuria et al., 2019).

Traditional approaches to characterizing soil moisture variability 
have focused on spatial patterns of mean moisture content or total 
storage (Robinson et al., 2008; Fern’andez-Long et al., 2021; Brocca et 
al., 2007; Vereecken et al., 2014). Other methods for characterizing 
soil moisture rely on topographic indices, such as the Topographic 
Wetness Index (Sörensen et al., 2006) or its variants (Kopeckỳ et al., 
2021; Riihimäki et al., 2021; Meles et al., 2020; Radu-la et al., 2018; 
Larson et al., 2022). While useful, these approaches have limited pre-
dictive capability due to oversimplified assumptions and coarse input 
data (Grabs et al., 2009; Meles et al., 2020; Buchanan et al., 2014).

Recent studies have begun to explore the temporal dynamics of 
soil moisture to better understand landscape-scale hydrological pro-
cesses (Grayson et al., 1997; Corradini, 2014; Penna et al., 2013; Kim, 
2016; Mittelbach and Seneviratne, 2012). Most of these efforts have 
focused on event-based responses or seasonal patterns, rather than 
characterizing the overall behavior of soil moisture time series. Some 
recent studies have attempted to derive hydrological signatures from 
soil moisture data (Branger and McMillan, 2020; Araki et al., 2022; 
Addor et al., 2018), but there remains a need for metrics that can 
effectively capture the complex dynamics of soil moisture across dif-
ferent depths and locations.

The temporal variability of soil moisture plays a crucial role in 
various ecological and hydrological processes. For instance, 
Entekhabi et al. (1996) demonstrated the importance of soil moisture 
dynamics in land-atmosphere feedback mechanisms and regional 
climate regulation. This work has been further developed by 
Seneviratne et al. (2010) and Koster et al. (2004), who highlighted the 
role of soil moisture in climate variability and predictability. Kim 
(2009) and Famiglietti et al. (2008) emphasized the influence of soil 
moisture temporal dynamics on vegetation-soil interactions, transpi-
ration, and drainage processes. Soil moisture dynamics are a key 
driver of wildfire ignition and spread (Holden et al., 2025), and have 
been intrinsically linked to multiple other ecosystem functions in 
diverse geographical and climatic conditions (Löffler, 2007; Xu et al., 
2022; Collison et al., 2013; Hamerlynck et al., 2012).

Verrot and Destouni (2016) emphasized the importance of long-
term soil moisture time series in evaluating land surface hydrologic 
models. This has been complemented by studies on the use of soil 
moisture data in improving streamflow forecasts (Koster et al., 2010) 
and climate predictions (Seneviratne et al., 2013). Drydown analysis 
characterizes soil moisture loss between rainfall events as an expo-
nential decay process, capturing post-wetting persistence and 
memory (Shellito et al., 2016; McColl et al., 2017; Tso et al., 2023; 
Araki et al., 2022). It represents the full drying period and integrates 
drainage and atmospheric demand into a single decay timescale (τ), 
without requiring explicit identification of field capacity. Most 

applications focus on near-surface soil moisture (~5 cm), where the 
lag between rainfall and peak response is small, allowing precipita-
tion timing to define drydown onset. At greater depths, however, this 
lag becomes more variable, complicating precipitation-based event 
identification. Tso et al. (2023) addressed this by adopting a soil-
moisture-only approach identifying consecutive periods of mono-
tonically decreasing soil moisture independent of rainfall applied to 
depth-integrated COSMOS-UK observations (0–80 cm, surface-
weighted). Extending drydown analysis to depth-resolved and 
remotely sensed datasets offers new opportunities to study soil mois-
ture dynamics across scales, though challenges remain in reconciling 
these with in situ observations (e.g., Crow et al., 2012; Mohanty et al., 
2017; Araki et al., 2022). The recession slope framework introduced 
here follows a similar soil-moisture-only philosophy, enabling depth-
resolved drying characterization across contrasting soils and 
landscapes.

Despite these advancements, a gap remains in our ability to 
quantitatively compare soil moisture behavior across sites, depths, 
and landscape positions, highlighting the need for metrics by which 
to characterize soil moisture time series. Current methods often fail 
to capture the integrated effects of various biotic and abiotic factors 
that control soil moisture dynamics (Vereecken et al., 2014; 
Robinson et al., 2008; Mohanty et al., 2017). Simple summary statis-
tics, such as mean or total volumetric soil water content, are gener-
ally insufficient for interpreting complex hydrologic processes at 
hillslope and catchment scales, due to high temporal variability and 
the non-stationary nature of most systems. These limitations hinder 
our understanding of how soil moisture responds to climate vari-
ability and land-use changes across diverse environments 
(Famiglietti et al., 2008; Teuling et al., 2007; Mimeau et al., 2021). 
Despite these advancements, a gap remains in our ability to quanti-
tatively compare soil moisture behavior across sites, depths, and 
landscape positions, highlighting the need for robust metrics to 
characterize soil moisture time series.

In this study, we propose three novel soil moisture time series 
signatures that integrate the complex interactions of biotic and abi-
otic factors controlling soil moisture dynamics:

	1	 Recession slope: The rate of soil moisture loss between rain-
fall events

	2	 Slope reversal frequency: The number of times soil moisture 
content increases to a peak and then decreases over a given 
time period

	3	 Soil matrix flashiness index: A measure of the frequency and 
rapidity of short-term changes in soil moisture content

These signatures build upon concepts from stream hydrology 
(e.g., recession analysis and flashiness indices) (Brutsaert, 2008; 
Baker et al., 2004) but are adapted to the unique characteristics of soil 
moisture time series in such a way they provide complementary and 
non-redundant characterizations of soil moisture dynamics. By ana-
lyzing these signatures across depths and locations, we aim to provide 
new insights into the factors controlling soil moisture dynamics and 
their implications for hydrological and ecological processes.

The objectives of this study are to:

	1	 Define and calculate the proposed soil moisture time series 
signatures using in-situ data from five experimental water-
sheds across the United States.
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	2	 Compare these signatures across various depths (0–10, 25–30, 
35–45, and 50–60 cm) and locations to evaluate soil moisture 
dynamics between rainfall events.

	3	 Assess the relationships between the new signatures and soil 
properties, such as porosity, to better understand the physical 
controls on soil moisture behavior.

By introducing these new metrics, we aim to provide research-
ers and practitioners with quantitative tools for comparing soil 
moisture behavior across sites, soil types, depths, and landscape 
positions. These signatures have the potential to improve our 
understanding of drought sensitivity (Sheffield et al., 2012; 
AghaKouchak et al., 2015), water use efficiency (Hatfield et al., 
2001; Molden et al., 2010), and ecosystem functioning 
(Rodr’ıguez-Iturbe and Porporato, 2007; D’Odorico et al., 2010) 
across diverse environ- ments. Furthermore, they may enhance 
our ability to predict hydrological responses to climate change 
(Seneviratne et al., 2013), land-use modifications (Robinson et al., 
2008; Penna et al., 2013), and even improve our understanding of 
human-drought interactions (Rahman et al., 2024), thereby sup-
porting more effective water resource management and conserva-
tion strategies.

This research builds upon recent efforts to derive meaningful 
hydrological signatures from soil moisture data (Araki et al., 2022; 
Branger and McMillan, 2020; Shellito et al., 2016; McColl et al., 
2017) and extends these approaches to capture the full complexity 
of soil moisture dynamics across different spatial and temporal 
scales. By providing a comprehensive analysis of soil moisture time 
series characteristics, our study contributes to the growing body of 
research aimed at improving landscape characterization and 
hydrological process understanding (Carra˜o et al., 2016; Kim, 
2016; Verrot and Destouni, 2016; Vereecken et al., 2014; Robinson 
et al., 2008).

2 Materials and methods

2.1 Study sites and data collection

This study utilized in-situ soil moisture data from five experimen-
tal watersheds across the United States, representing a diverse range 
of climatic, topographic, and ecological conditions (Figure 1). Table 1 
summarizes the key characteristics of the soil moisture datasets used 
in this study. A persistent challenge in multi-site soil moisture analysis 
is that data collection protocols vary substantially across observational 
networks, as reflected in Table 1. Measurement depths, sensor types, 
temporal resolution, and record duration all differ across the five sites, 
and such non-uniformity is likely to remain a practical reality in soil 
moisture research for the foreseeable future as a challenge for regional 
to large-scale analyses.

To enable structured cross-site comparison, observation depths 
were grouped into four approximate categories: surface (~5 cm), shal-
low (~25–30 cm), intermediate (~45 cm), and deep (~50–60 cm). This 
classification enables consistent interpretation across sites while 
retaining the ability to account for site-specific characteristics where 
necessary. Additionally, known sensor-specific limitations such as the 
thermal lag associated with heat dissipation sensors at Oklahoma 
Mesonet sites may affect the computed signatures. Together, these fac-
tors underscore the importance of site-aware interpretation when 
analyzing multi-site soil moisture data. A detailed description of the 
study sites, each providing unique insights into soil moisture dynam-
ics under varying environmental conditions, is provided below.

2.1.1 Little Washita experimental watershed

Located in southwestern Oklahoma (34.957o N, −97.935o W), 
this 610 km2 watershed is characterized by rolling topography (mean 
slope ~2%) with land cover dominated by rangeland and cropland 

FIGURE 1

Map of CONUS showing locations of study sites: (1) Little Washita, (2) Oklahoma MESONET, (3) Walnut Gulch, (4) Coweeta, and (5) Ohio Hills.
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(Cosh et al., 2006). The site experiences a sub-humid continental cli-
mate with average annual precipitation of 760 mm and an average 
annual temperature of 16 °C (Starks et al., 2014a, 2014b). Soil tex-
tures vary from fine sand to silty loam, with moisture monitoring 
utilizing automated electromagnetic sensors (e.g., Stevens Water 
Hydra Probes) at multiple depths to capture profile-scale dynamics 
(Cosh et al., 2006; Starks et al., 2014a, 2014b). The area is character-
ized by complex pedon stratigraphy, including clay-rich argillic hori-
zons that significantly influences drainage and moisture retention 
(Wilson et al., 2004; Heathman et al., 2003). Vegetation is grassland 
and rangeland with mixed agricultural and isolated forest areas.

2.1.2 Walnut Gulch experimental watershed

Situated near Tombstone, Arizona (31.72o N, −110.35o W), this 
150 km2 semi-arid watershed with average annual precipitation of 
312–350 mm, an average annual temperature of 17.7 °C. And with 
elevation ranging from 1,200 to 1950 m (Moran et al., 2008). The 
study focused on the Lucky Hills and Kendall sub-basins, each less 
than 0.1 km2. Soils are predominantly characterized by alluvial sandy 
with slopes 2–3% in Kendall and are dominated by loamy sand mixed 
with stones with 4–9% slopes in Lucky Hills (Heilman et al., 2008). 
Vegetation varies from shrub-dominated (Lucky Hills) to grass-dom-
inated (Kendall).

2.1.3 Oklahoma Mesonet

This network comprises over 115 automated stations covering 
approximately 181,000 km2 in the US state of Oklahoma (McPherson 
et al., 2007). For this study, we selected 30 locations based on the 
exhibited soil moisture dynamics. The network spans various climate 
and vegetation zones within Oklahoma. The sites have significant 
precipitation gradient ranging from 430 mm to 1,420 mm and tem-
perature range from 13.3–16.7 °C. The Oklahoma Mesonet primarily 
uses Campbell Scientific 229-L (CSI 229-L) heat dissipation sensors 
(HDS) to monitor soil moisture across its network (Illston et al., 2008; 
Scott et al., 2013). These sensors are valued for their durability and 
wide measurement range for soil matric potential—the capillary force 
required to retain water in soil (Basara and Crawford, 2000; Illston et 
al., 2008). Because HDS infer moisture from the thermal response of 
a porous ceramic element to a heat pulse, they exhibit a known physi-
cal and thermal lag, particularly during rapid wetting events (Basara 
and Crawford, 2000; Cook, 2016).

2.1.4 Coweeta hydrologic laboratory

Located in the Appalachian oak section of the Mesophytic forest 
region (35.058o N, −83.435o W), this site provided data from 15 

stations (Dyer, 2009). The humid subtropical climate supports high 
annual precipitation ranging from 1800 mm in lower elevation to 
2,300 mm in higher elevation and mean annual temperature ≈ 12.5–
13 °C. Elevation ranges from 685 m to ~1,600 m with generally steep 
slope above 30%. Monitoring at the site primarily utilizing time-
domain reflectometry (TDR) sensors and tensiometers to measure 
soil water potential and moisture content (Hales and Miniat, 2017). 
Pedon descriptions indicate deep, well-drained soils with loamy to 
sandy loam textures, high hydraulic conductivity, and thick organic 
O-horizons (USDA NRCS, 2019). These pedon-specific infiltration 
capacities and highly weathered saprolite layers are essential for mod-
eling the watershed’s rapid response to storm events (Hewlett and 
Hibbert, 1963).

2.1.5 Ohio Hills

Situated in the Ohio Allegheny Plateau, USA (39.27o N, −81.96o 
W), the Ohi Hills site is characterized by moderate relief with eleva-
tion range from 675 to 980 m. The climate is humid continental, with 
average annual precipitation of 1,006 mm and an average annual tem-
perature of 11 °C (Dyer, 2006, 2009). The watershed is predominantly 
forested and specifically characterized by temperate deciduous 
(mesophytic) forest cover. Average hillslope gradients range between 
5 and 6%. Soils developed under these forested conditions exhibit 
increasing clay content with depth, resulting in reduced macroporos-
ity and lower saturated hydraulic conductivity in subsoil horizons. 
Consequently, topographic control on soil moisture decreases with 
depth, reflecting stronger vertical impedance to flow and enhanced 
subsurface water retention in deeper layers.

2.2 Data preprocessing and quality control

Raw soil moisture data were subjected to quality control proce-
dures to remove erroneous readings and fill data gaps. We applied the 
following steps:

	1	 Removal of physically implausible values (e.g., volumetric 
water content > porosity or < 0)

	2	 Identification and removal of outliers using the Interquartile 
Range (IQR) method

	3	 Gap-filling for short periods (less than 12 h) using linear 
interpolation

	4	 Data were homogenized to a common temporal resolution 
(hourly) across all sites, as most observations were already 
available at this timestep. This standardization also helps 
reduce high-frequency sensor noise, such as the amplified 
short-term variability observed in the Oklahoma Mesonet 
dataset.

TABLE 1  Characteristics of sub-daily in-situ soil moisture datasets from five experimental watersheds.

Site Number of 
locations

Measurement
depths (cm)

Data duration 
(years)

Sensor type Climate 
classification

Little Washita 29 5, 25, 45 25 Stevens Hydra Probe Sub-humid continental

Oklahoma MESONET 30 5, 25, 60 21 CSI 229-L heat-dissipation Various

Walnut Gulch 12 5, 30, 50 3 ECH2O EC-5 Semi-arid

Coweeta 15 30, 60 6 Campbell Scientific CS615 EC Humid subtropical

Ohio Hills 18 60 8 ECH2O EC-5 Humid continental
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	5	 The soil moisture observations were converted to volumetric 
soil moisture content across the study sites. For example, soil 
matric potential measurements from the Oklahoma Mesonet 
data were converted to volumetric soil moisture content using 
the method described by Illston et al. (2008).

The hourly homogenization was adopted based on the temporal 
resolution of the available data and the broader objective of under-
standing site properties across depth. Gap filling was applied only to 
short gaps—specifically, those shorter than 12 consecutive hours and 
was limited to portions of the time series with near-complete records 
and minimal missing data. Periods characterized by longer or more 
frequent gaps were excluded entirely from signature computation 
rather than being filled (e.g., segments of the Walnut Gulch dataset) 
to minimize the artificial smoothed interpolated segments.

2.3 Soil moisture time series signatures

We developed three novel soil moisture time series signatures to 
characterize the dynamic behavior of soil moisture. Although all 
three signatures characterize aspects of soil moisture temporal 
dynamics, they capture fundamentally different and complementary 
dimensions of system behavior (Figure 2).

2.3.1 Recession slope

The recession slope quantifies the rate of soil moisture loss 
between rainfall events, approximated linearly with a breakpoint at 
field capacity, and reflects the integrated influence of soil physical 
properties (e.g., texture, porosity, hydraulic conductivity), geomor-
phic setting (e.g., slope position, contributing area, subsurface con-
nectivity), and atmospheric demand (e.g., evapotranspiration, vapor 

pressure deficit). As such, it captures the full spectrum of factors that 
regulate how quickly a soil profile drains and dries following a wetting 
event. The workflow analyzes hourly soil-moisture time-series data to 
quantify wetting and drying dynamics between rainfall events. The 
data are first smoothed using a rolling average to reduce high-fre-
quency noise. Peak-detection algorithms are then applied to identify 
local maxima corresponding to post-rainfall soil-moisture peaks and 
the preceding local minima as the water content approaches the wilt-
ing point representing pre-event baseline conditions.

For each valley–peak pair, characteristic time intervals are 
defined, including the total event duration, the rapid wetting period, 
and the post-event recession period. Soil-moisture thresholds corre-
sponding to saturation, field capacity (fc), and wilting point (wp) are 
used to quantify moisture gains and losses during these phases.

Saturation and wilting point thresholds were defined empirically 
for each soil moisture time series, with additional guidance from 
pedon data. Saturation was approximated as the 95th and 5th percen-
tile (or, in some cases, the 90th and 10th percentile) of observed volu-
metric water content, reflecting the upper and lower envelope of 
moisture states achieved at each location and depth. This choice 
accounts for variability under near saturated and dry conditions but 
requires careful consideration to ensure consistency across sites. Site-
specific flexibility, especially in wilting point estimation, was necessary 
because many time series, particularly deeper depths or wetter sites 
rarely reach true residual moisture conditions, making fixed lower 
percentiles unreliable.

Field capacity was identified separately for each time series (i.e., 
by location and depth) using a combination of approaches informed 
by site characteristics and available pedon information. It is defined as 
the inflection point on the soil-moisture recession curve, marking the 
transition from rapid gravitational drainage to slower, retention-con-
trolled moisture loss. Specifically, field capacity was determined as the 
point of maximum curvature change along the recession limb, consis-
tent with its physical definition as the moisture content at which 

FIGURE 2

The proposed soil moisture signatures that integrated the various factors affecting soil moisture dynamics: (a) The soil moisture recession slopes 
between the rainfall events, (b) the soil matrix flashiness index, and (c) the cumulative soil moisture slope reversal frequency.
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gravitational drainage becomes negligible relative to capillary reten-
tion forces. Identification relied on visual inspection, which, although 
time-consuming, provides robust interpretation; however, we 
acknowledge that this approach introduces some site- and depth-
specific subjectivity, particularly where recession curves are gradual 
or noisy.

To characterize soil hydraulic behavior, two recession slopes are 
calculated:

	

−
− =

∆
, ,sm sm

1 sat t fc tSlope
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Where smsat, smfc, and smwp represent soil moisture at saturation, 
field capacity, and wilting point, respectively, and ∆t is the time differ-
ence between corresponding soil moisture values. Slope-1 (Equation 1) 
represents the rapid drainage of gravitational water immediately fol-
lowing saturation, while Slope-2 (Equation 2) characterizes slower 
moisture loss governed by drainage and evapotranspiration processes. 
Comparisons across depths, events, and locations indicate that steeper 
slopes correspond to faster moisture redistribution, whereas gentler 
slopes reflect stronger soil water retention.

In contrast to the exponential drydown framework (Shellito et al., 
2016; McColl et al., 2017), which represents the post-rainfall drying 
period using a single decay curve and associated timescale (τ), the 
Slope-1 and Slope-2 approach explicitly distinguishes between gravi-
tational drainage above field capacity and retention-controlled mois-
ture loss at lower moisture states. This separation captures temporal 
variability in soil moisture dynamics and reflects the combined influ-
ence of both dynamic (e.g., atmospheric demand) and static (e.g., soil 
properties) controls.

2.3.2 Slope reversal frequency

Slope Reversal Frequency (SRF) quantifies the number of wet-
ting–drying transitions in volumetric soil moisture, defined as 
increases to a local peak followed by decreases that fall below the 
wilting-point threshold, normalized by the total analysis period:

	
=
NreversalSRF

T 	
(3)

Where Nreversals is the number of slope reversals and T is the total 
time period in days. Higher SRF values indicate more frequent wet-
ting–drying cycles.

The SRF (Equation 3) quantifies the number of discrete wetting-
drying transitions that exceed a defined threshold (e.g., wilting point), 
providing a dynamic complement to the Slope-1 and Slope-2 metrics. 
Specifically, it reflects the interaction between precipitation frequency 
and intensity and the soil’s ability to transition between rapid drainage 
(Slope-1-dominated) and slower, retention-controlled drying (Slope-
2-dominated) regimes. Environments with frequent rainfall and well-
drained soils tend to exhibit high reversal frequencies due to repeated 
switching between these regimes. In contrast, arid and semi-arid 
regions, where rainfall events are infrequent, show fewer reversals 
regardless of soil properties. Similarly, soils with limited drainage 

capacity or those sustained by persistent moisture inputs tend to 
remain within a single regime for longer periods, resulting in fewer 
reversals even under frequent precipitation. In this sense, SRF serves 
as a single metric that integrates climatic forcing with vadose zone 
response, linking the timing of wetting-drying transitions to the pro-
cess-based insights provided by the Slope-1/Slope-2 framework.

2.3.3 Soil matrix flashiness index

The Soil Matrix Flashiness Index (SMFI; Equation 4) quantifies 
short-term variability in soil-moisture storage by measuring the 
cumulative magnitude of successive changes in soil moisture relative 
to total moisture content. Unlike slope reversal frequency, which relies 
on threshold crossings or discrete event identification, SMFI captures 
continuous variability in the soil moisture signal, regardless of whether 
a full wetting–drying cycle occurs. Slope reversal frequency counts 
how often the soil moisture system is reset by rainfall, whereas flashi-
ness measures the aggregate intensity of all fluctuations, including 
minor oscillations that do not reach saturation or drop to the wilting 
point. We adapted the Richards-Baker Flashiness Index (Baker et al., 
2004) for soil moisture time series:
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Where qt is the soil moisture content at time t, and n is the number 
of observations. Higher R values indicate more rapid soil-moisture 
fluctuations, while lower values indicate more stable, buffered soil-
moisture conditions.

Figure 2 illustrates these three soil moisture signatures and how 
they capture different aspects of soil moisture dynamics. Together, 
they provide complementary and non-redundant characterizations of 
soil moisture dynamics: the rate of moisture loss, the frequency of 
threshold-crossing cycles, and the cumulative energy of continuous 
fluctuations.

3 Results

3.1 Moisture recession slopes

Computed recession slopes exhibited substantial variability across 
depths, locations, and sites (Figures 3–5). Across all datasets, recession 
slopes calculated between saturation and field capacity (Slope-1) con-
sistently exceed slopes calculated between field capacity and wilting 
point (Slope-2) and is in the range of a factor of two to three. This 
shows the gravity-drainage vs. retention-controlled dynamic that 
explains the two slopes.

Both recession slopes generally decreased with depth (Figure 3; 
Table 2), with the shallowest observation depths (5–10 cm) exhibiting 
the largest magnitudes and greatest variability (Table 2). Deeper layers 
(50–60 cm) showed gentler and more consistent recession behavior, 
while intermediate depths (25–45 cm) displayed transitional patterns 
with site-specific deviations from monotonic depth trends. For exam-
ple, at Walnut Gulch and the Oklahoma Mesonet, recession slopes at 
50–60 cm were comparable to or greater than those at 25–30 cm. At 
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Walnut Gulch, this pattern is likely related to high aridity, whereas at 
Oklahoma Mesonet sites the heat dissipation sensor method has 
known limitations in capturing short-term soil-moisture dynamics 
following rainfall events. Oklahoma Mesonet sites also showed rela-
tively high recession slopes with stronger correspondence between 
Slope-1 and Slope-2.

Across sites (Figures 4, 5), humid locations (e.g., Coweeta) exhib-
ited broader distributions of recession slopes, whereas semi-arid sites 
(e.g., Walnut Gulch) showed narrower ranges (see Table 2). Within 
individual sites, recession slopes varied among locations (Figure 5b), 
indicating substantial spatial heterogeneity in soil-moisture loss 
behavior under similar climatic forcing. This pattern is illustrated at 
the Kendall site, where locations on the northeastern side of the water-
shed, characterized by alluvial sandy soils and grass cover, exhibited 
greater variability and steeper recession slopes than those at the Lucky 
Hills site, which is dominated by loamy sand with stones and brush 
cover. These differences in computed slope values highlight the com-
bined influence of vegetation cover, soil type, and topographic setting.

3.2 Slope reversal frequency

Slope reversal frequency generally decreased with depth across 
most sites (Figures 6c,d), with surface layers exhibiting the highest 
frequency of wetting–drying transitions. Deeper layers showed fewer 
reversals and smoother temporal behavior, reflecting the damping and 
merging of wetting fronts with depth, consistent with observations by 
McColl et al. (2017).

Across locations, slope reversal frequency varied with site and 
depth but scaled consistently with saturated volumetric water content. 
Sites with higher maximum soil moisture tended to exhibit higher 
reversal frequencies, particularly in surface layers (Figures 6c,d). At 
Walnut Gulch (Figure 6a), strong contrasts were observed between 
shallow and deeper layers, with minimal reversal activity below the 
surface due to high temperatures and evaporative demand. Under 
these conditions, soil moisture in surface layers is rapidly lost to evap-
oration (e.g., Seneviratne et al., 2010; Goodrich et al., 2008), limiting 
moisture recharge to deeper layers under low rainfall and dry anteced-
ent conditions.

Temporal aggregation of reversal counts (Figures 6a,b) showed 
greater variability at shallow depths and more stable behavior at depth, 
depending on the presence of restrictive layers and textural contrasts. 
These depth-dependent patterns were consistent across sites with 
multi-depth measurements (e.g., McColl et al., 2017).

The strength of the depth dependence varied between locations at 
Little Washita (Figures 6a,b) and between Little Washita and Walnut 
Gulch (Figures 6c,d), likely reflecting differences in precipitation 
regimes and atmospheric evaporative demand (Seneviratne et 
al., 2010).

Soils with higher porosity, approximated by maximum volumetric 
water content and typically associated with higher hydraulic conduc-
tivity, tended to exhibit higher slope reversal frequencies (Figures 6c,d), 
consistent with the role of soil texture in controlling soil-moisture 
dynamics (McColl et al., 2017).

3.3 Soil matrix flashiness

The adapted Richards–Baker flashiness index exhibited clear 
depth dependence, with the highest values occurring near the surface 
and decreasing with depth (Figure 7). Surface layers also showed 
greater interannual variability in flashiness compared to deeper layers.

Flashiness varied across sites, with Little Washita exhibiting pro-
nounced interannual variability and Walnut Gulch showing relatively 
stable values across years. Across locations, flashiness generally 
decreased with increasing saturated volumetric water content (poros-
ity), with less conductive soils tending to exhibit higher flashiness 
values (e.g., Garcıa et al., 2014). Reduced downward water movement 
due to evaporation further contributed to decreasing flashiness 
with depth.

Interannual variability in flashiness was substantial at Little 
Washita but minimal at Walnut Gulch (Figure 7), likely reflecting 
differences in the level of dynamics in the land use/cover condition 
and climatic conditions, consistent with the role of climate-driven 
variability in surface soil moisture dynamics reported by Seneviratne 
et al. (2010). The index was computed at daily resolution across all 
sites; comparisons are internally consistent but should be inter-
preted cautiously relative to values derived at other temporal 
resolutions.

4 Discussion and conclusion

The soil moisture signatures developed in this study: recession 
slopes, slope reversal frequency, and the soil moisture flashiness 
index provide quantifiable and reproducible metrics for comparing 
soil moisture dynamics across depths, sites, and landscape positions. 

FIGURE 3

The distribution of slope 1 (x-axis) and slope 2 (y-axis) for all sites, 
locations, and depths of soil moisture time series. Soil moisture loss 
rate at the surface is steeper and highly variable. The scatter plot 
colors represents depth of in-situ soil moisture observations from 
shallow (blue) to deeper depths (yellow).
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These signatures are computationally simple and rely solely on soil 
moisture time series, yet they capture systematic variability associated 
with hydrologic forcing and subsurface filtering processes. What we 
found regarding variability in soil moisture measurements was not 
surprising. The point is that these metrics can quantify the variability 
in important aspects of soil moisture dynamics.

Differences between recession slopes above and below field capac-
ity reflect distinct moisture regimes within the soil profile. Steeper 
recession slopes between saturation and field capacity are consistent 

with gravity-dominated drainage and higher effective hydraulic con-
ductivity under wet conditions, whereas gentler slopes below field 
capacity reflect reduced hydraulic connectivity and increasing control 
by soil water retention. The systematic decrease in recession slope 
magnitude with depth indicates attenuation of vertical drainage and 
reduced exposure to atmospheric demand, consistent with previous 
findings highlighting the influence of climate on soil moisture dynam-
ics (McColl et al., 2017; Seneviratne et al., 2010). Deviations from 
monotonic depth trends at individual sites likely reflect soil profile 

FIGURE 4

Frequency distribution of soil moisture loss rates (slopes) at different observation depths across all study sites: (a) 5 cm (note: no data available for 
Coweeta and Ohio Hills), (b) 25–30 cm, (c) 40–45 cm (data from Little Washita only), and (d) 50–60 cm. The in-set figure shows the distribution for 
slope 2 (field capacity to wilting point). Note that the x-axis scales differ substantially. Both slope-1 & slope-2 at 45 cm depth data represent Little 
Washita site only.
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FIGURE 5

The distribution of slope 2 soil moisture recession rates across all locations and depths (a) Little Washita, (b) Walnut Gulch, (c) Ohio Hills, (d) OK 
Mesonet, and (e) Coweeta, NC. The whisker plot represents computed slope 2, while each panel represents different observation depths. Note Y-axis is 
given in log scales.

https://doi.org/10.3389/frwa.2026.1840091
https://www.frontiersin.org/journals/Water
https://www.frontiersin.org


Meles et al.� 10.3389/frwa.2026.1840091

Frontiers in Water 10 frontiersin.org

FIGURE 6

Cumulative slope reversal frequency at selected locations in Little Washita experimental watershed (a,b). (c,d) Illustrate the distribution of the slope 
reversal frequency (number of reversals per year) with respect to the saturated volumetric water content for Little Washita (c) and Walnut Gulch (d).

structure, hydraulic layering, or subsurface connectivity rather than 
climate alone.

Across sites, climate exerted a dominant first-order control on the 
magnitude and variability of all three signatures, particularly when con-
trasting humid and semi-arid environments. For example, high soil 
moisture loss rates at Walnut Gulch are consistent with its arid climate 
and high evaporative demand, whereas elevated loss rates at the steep, 
forested Coweeta site may reflect well-drained soils and topographic 
influences (Figures 8a,b). These patterns align with established relation-
ships between topography, soil properties, and soil moisture dynamics 
(Famiglietti et al., 2008). At the same time, within-site variability in the 
signatures indicates that soil properties, vegetation cover, and landscape 
position modulate local soil moisture responses.

Slope reversal frequency captures temporal variability in soil 
moisture trajectories. Higher reversal frequencies near the surface are 
consistent with frequent wetting and drying cycles driven by precipi-
tation inputs and evaporative losses, while decreasing reversal fre-
quency with depth reflects damping of wetting fronts and integration 
of multiple surface events into smoother subsurface responses 
(Figure 8c). The association between reversal frequency and saturated 
volumetric water content suggests that storage capacity influences 
sensitivity to transient forcing. However, without explicit event attri-
bution, reversals represent integrated system responses rather than 
discrete hydrological processes.

Flashiness reflects the cumulative magnitude of short-term soil 
moisture fluctuations and its behavior across climate regimes and 

TABLE 2  Summary of median recession slope values with interquartile range (IQR) by site and depth.

Site Depth Slope-1 (sat to fc) Slope-2 (fc to wpt)

Median IQR Median IQR

Little Washita ~5 cm 0.0192 0.0087 0.0089 0.0037

~25–30 cm 0.0123 0.0122 0.0027 0.0025

~45 cm 0.0083 0.0062 0.0030 0.0024

Oklahoma Mesonet ~5 cm 0.0209 0.0125 0.0150 0.0098

~25–30 cm 0.0076 0.0044 0.0060 0.0037

~50–60 cm 0.0058 0.0031 0.0039 0.0032

Walnut Gulch ~5 cm 0.0293 0.0243 0.0055 0.0052

~25–30 cm 0.0068 0.0083 0.0013 0.0014

~50–60 cm 0.0046 0.0056 0.0025 0.0016

Coweeta ~25–30 cm 0.0381 0.0579 0.0063 0.0055

~50–60 cm 0.0227 0.0264 0.0029 0.0023

Ohio Hills ~50–60 cm 0.0164 0.0248 0.0026 0.0025
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across time further supports its utility as a diagnostic signature. 
Elevated surface flashiness is consistent with rapid wetting during 
precipitation events followed by rapid drying due to evaporation and 
near-surface drainage, whereas reduced flashiness at depth indicates 
progressive filtering of high-frequency signals within the soil profile. 
Interannual variability in flashiness differed across sites, highlighting 
the role of climatic variability in shaping near-surface soil moisture 
dynamics. For example, Little Washita, with its sub-humid continen-
tal climate and seasonally variable precipitation, exhibited 

pronounced interannual variability in flashiness, particularly in sur-
face layers. In contrast, Walnut Gulch, constrained by semi-arid con-
ditions and high evaporative demand than input rainfall, showed 
relatively stable and low flashiness values across years. These contrast-
ing patterns are consistent with the known role of climate-driven 
variability in near-surface soil moisture dynamics (Seneviratne et al., 
2010) and suggest that the adapted index responds coherently to cli-
matic forcing across diverse environments. As with reversal fre-
quency, flashiness integrates multiple interacting processes and 

FIGURE 7

Left (a,b): Interannual variation of the flashiness index (Richard-Baker) index computed at an annual scale for different depths at Little Washita and 
Walnut Gulch. Right (c,d): The distribution of flashiness index with respect to the saturated volumetric water content for Walnut Gulch (c) and Little 
Washita (d).

FIGURE 8

Site average of the soil moisture signatures for each depth. The colors indicate the sites with the x-axis showing the depths of observation time series 
and the y-axis: the computed signatures (a) slope 1, (b) slope 2, (c) slope reversal frequency, and (d) R-B flashiness index values.
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should not be interpreted as a direct proxy for individual fluxes 
(Robinson et al., 2008; Vereecken et al., 2014).

Distinct site-specific behavior was also evident. The steep, forested 
Coweeta site exhibited high variability across time, depth, and space, 
whereas limited variability at Walnut Gulch reflects the constraints 
imposed by aridity (Figure 8). Similarly, relatively low variability at the 
Oklahoma Mesonet sites likely reflects limited topographic relief and 
the characteristics of heat dissipation sensors, which are known to be 
less responsive to rapid wetting events than electromagnetic sensors 
(Datta et al., 2018; Illston et al., 2008). These results emphasize that site-
scale variability and depth-dependent behavior are more informative 
than spatial averaging when interpreting soil moisture dynamics, given 
the heterogeneity of soil properties, geomorphic settings, and cover con-
ditions (Crow et al., 2012; Mohanty et al., 2017).

Vegetation and soil effects are expressed implicitly through their 
influence on evapotranspiration, infiltration, and storage, but were not 
explicitly parameterized in this study. Consequently, interpretations 
emphasize consistency with established hydrological understanding 
rather than direct process attribution. The proposed signatures should 
therefore be viewed as diagnostic indicators that summarize integrated 
system behavior rather than mechanistic representations.

The soil-moisture signatures presented here provide a compara-
tive framework for diagnosing patterns in soil-moisture dynamics 
across depths and locations. Future research should leverage these 
metrics to disentangle the roles of static controls (e.g., soil texture, 
structure, porosity, and pedon-scale properties), temporal drivers 
(e.g., precipitation characteristics, antecedent moisture, and atmo-
spheric demand), and geomorphic context (e.g., slope position, con-
tributing area, and subsurface connectivity) in shaping soil-moisture 
behavior in space and time. Integrating these signatures with process-
based and data-driven models offers a pathway to improve represen-
tation of infiltration, redistribution, and evapotranspiration processes 
across landscapes and climatic gradients.

Future research should focus on (1) standardizing soil-moisture 
data collection to improve comparability across sites, (2) expanding 
analyses to include a broader range of climatic and physiographic 
settings, and (3) integrating consistent pedon-level information to 
facilitate scaling from point measurements to landscape characteriza-
tion. Addressing these needs will enhance the interpretability of soil-
moisture signatures and broaden their applicability across 
observational networks and modeling frameworks.

A more comprehensive understanding of the spatial and temporal 
characteristics of soil-moisture dynamics, as summarized by these signa-
tures, can contribute to improved assessment of runoff-generation 
potential, estimation of replenishable water for managed recharge, and 
interpretation of soil-moisture controls on ecosystem processes. 
Ultimately, these diagnostic metrics support land characterization and 
more informed land and water management by clarifying how climate, 
soil, and landscape position jointly shape soil-moisture behavior (Carra˜o 
et al., 2016; Kim, 2016; Vereecken et al., 2014; Verrot and Destouni, 2016).

Climate, particularly precipitation, acts as a primary discriminator 
in soil moisture dynamics by driving saturation and initiating wetting–
drying cycles. However, the magnitude and variability of the three signa-
tures reflect complex interactions among climate variables, soil 
properties, and geomorphic settings that cannot be fully disentangled 
from the current observational framework alone. Within-site variability 
underscores that local factors including soil texture, hydraulic conductiv-
ity, landscape position, and vegetation cover modulate how precipitation 
signals are transmitted, stored, and released through the soil profile. 

Quantifying the relative contributions of these interacting controls 
remains an open challenge, warranting dedicated investigation captures 
the nonlinear interactions across diverse environmental gradients.
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