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Abstract

Seismic sensors deployed in land acquisition record wavefields that are strongly distorted
by near-surface heterogeneity, which introduces trace-specific, frequency-dependent phase
perturbations that persist even after advanced time processing. These distortions are more
pronounced for dense single sensor acquisition, where individual sensor coupling, local
site conditions, and receiver-level near-surface variability drive phase behavior that differs
from one sensor to the next. Conventional processing relies primarily on surface-consistent
deconvolution, which targets long- to mid-wavelength phase variability under the highly
simplified assumption of surface consistency, equalizing large-scale trends and taming
variability through overdetermination across many sensors. However, this approximation
is inherently unable to correct localized, non-surface-consistent phase distortions, and
its effectiveness further degrades when such effects dominate, as is often the case for
modern high-density single-sensor data. A separate and equally important limitation is
that conventional workflows provide no direct, quantitative per sensor measure of phase
reliability, that is, trace-to-trace phase coherence. Phase quality is therefore assessed only
indirectly, typically through amplitude behavior or visual inspection, leaving residual
phase disorder largely undiagnosed. We introduce phase variance as a seismic quality-
control attribute for seismic sensor-recorded data, by treating seismic phases as circular
random variables and analyzing local trace ensembles using circular statistics. This data-
driven measure quantifies localized phase dispersion without phase unwrapping, enabling
analysis of local phase trends and sensor-to-sensor fluctuations without global assumptions
or wavelet models. Phase variance provides frequency-by-frequency classification of the
data, ranging from coherent signal behavior to fully randomized, noise-dominated phase.
Synthetic tests confirm that phase variance reliably captures imposed phase perturbations
and their frequency dependence. Application of phase variance analysis to field prestack
land data shows that conventional processing reduces phase variability primarily in the
low-to-intermediate frequency range and struggles within the noise cone, while the highest
and lowest frequencies often show little improvement in phase coherence. Phase variance
operates automatically over the full prestack volume, from shallow to deep, and frequency
by frequency, providing a consistent, human-independent metric for defining effective
bandwidth based on phase coherence and supporting phase-sensitive workflows such as
AVO, migration, and full-waveform inversion.

Keywords: seismic sensors; seismic acquisition; seismic processing; phase variability

1. Introduction
Modern seismic acquisition is increasingly built around dense networks of point-

receiver sensors, including single component geophones, autonomous nodal systems, and
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distributed acoustic sensing (DAS) arrays, that sample the recorded wavefield with far
greater spatial density than legacy source and receiver arrays used in conventional seismic
acquisition [1,2].

Seismic wavefields recorded by these sensors are inevitably distorted by near-surface
heterogeneity and small-scale elastic contrasts. These perturbations scatter energy and
introduce complex, frequency-dependent distortions of amplitude and phase [3]. In land
seismic processing, such effects have traditionally been mitigated through the extensive
use of source and receiver arrays during acquisition [4], followed by surface-consistent
processing methods. Surface-consistent deconvolution and residual statics model the data
using operators assigned separately to sources and receivers, implicitly assuming that
near-surface distortions repeat in a predictable manner across traces [5,6]. Randomness
is accommodated only in a limited sense, typically through trace-dependent static time
shifts parameterized by one operator per source and one per receiver. These methods were
deliberately designed to limit the number of degrees of freedom and overdetermine the esti-
mation problem, enabling robust first-order corrections for statics and coupling, but without
being grounded in a physical model of wave propagation through heterogeneous media.

Cary and Nagarajappa [7,8] explicitly demonstrated that surface-consistent decon-
volution can leave substantial residual phase errors and proposed additional surface-
consistent phase corrections coupled with residual statics estimation. However, the un-
derlying assumption remained that phase corrections are frequency-independent and
surface-consistent. As a result, these approaches remain fundamentally unable to ad-
dress the trace-to-trace, frequency-dependent phase variability that is abundant in modern
single-sensor data. Several extensions have sought to relax strict surface consistency by
introducing non-surface-consistent, time-varying statics that allow trace-dependent pertur-
bations [9]. While these methods come closest to acknowledging the increased complexity
of near-surface effects within conventional processing, they remain fundamentally con-
strained. By construction, they address only travel-time corrections and do not account
for localized, frequency-dependent phase perturbations arising from small-scale scattering.
Consequently, the available degrees of freedom remain insufficient to represent waveform
distortions that vary continuously along the trace and differ for each source–receiver pair.

In practice, wave propagation through heterogeneous near-surface media is not sur-
face consistent. Small-scale heterogeneity induces forward scattering and interference that
generate non–surface-consistent, trace-specific phase perturbations [10]. These perturba-
tions are not purely kinematic and cannot be corrected by time shifts alone. Instead, they
modify the phase locally in time and frequency, even after advanced statics and deconvolu-
tion have been applied. As a result, residual phase disorder persists throughout prestack
gathers, revealing a fundamental gap between classical processing assumptions and the
physics of wave propagation in heterogeneous media [11,12].

Ensemble-based processing methods implicitly acknowledge the importance of phase
coherence by exploiting redundancy in multi-channel seismic data. Historically, this redun-
dancy was realized directly in acquisition through the use of source and receiver arrays,
where local stacking in the time domain improved phase coherence but simultaneously con-
ditioned phase and amplitude, a limitation perceived as detrimental to amplitude fidelity
and high-frequency preservation [13]. In seismology, phase-weighted stacks were intro-
duced to explicitly prioritize phase coherence for signal detection, reflecting the recognized
outsized importance of recovering correct phase from multi-channel recordings [14,15].
Phase-estimation and enhancement methods based on local attributes and blind decon-
volution were later proposed to stabilize phase behavior [16–18]. More recently, with the
widespread adoption of point-receiver acquisition, ensemble-based phase conditioning
has been reintroduced into reflection seismic processing through seismic time-frequency
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masking, where phase manipulation is decoupled from amplitude effects [19]. While these
methods effectively reduce incoherent phase locally, they treat phase variability primarily
as a nuisance to be suppressed and do not explicitly analyze phase as a statistical quantity
or quantify the underlying phase distributions that govern coherence loss.

Despite decades of advances in noise attenuation and imaging, and long-standing
recognition of the critical role of phase coherence, seismic processing still lacks a routine,
quantitative, and objective measure of phase reliability. In practice, phase quality is assessed
indirectly through visual inspection, stack response, or amplitude-based attributes, relying
on ad-hoc heuristics and human judgment rather than a standardized metric that isolates
phase behavior or captures its frequency-dependent variability. This limitation is most evi-
dent in land environments with strong near-surface heterogeneity, where pronounced phase
variability persists despite careful conventional processing [12]. The problem becomes
acute in desert environments such as the Middle East, where near-surface heterogeneity
is strong [20,21], and reaches its extreme in highly scattering media such as basalts and
crystalline rocks, where seismic imaging is often restricted to very low frequencies [22].

Recent work has reframed near-surface scattering as a multiplicative process that ran-
domizes seismic phase, giving rise to speckle-like behavior in seismic wavefields [12,20,22].
Analogous phenomena are well documented in optics and acoustics, where volumetric
scatterers produce frequency-dependent phase fluctuations and coherence loss that are
best described statistically [23–25]. In seismic data, forward scattering on meter-scale
heterogeneity generates multiple near-ballistic arrivals whose interference leads to rapid,
trace-to-trace phase variations. These phase perturbations often dominate waveform degra-
dation and increase with frequency, driving the wavefield toward a speckle regime in
which individual traces appear chaotic, yet ensemble statistics remain stable and physi-
cally meaningful.

Modern land seismic acquisition is characterized by dense spatial sampling with point
receivers rather than source-receiver arrays. While this increases spatial resolution and
preserves high-frequency information, it also makes small-scale near-surface heterogeneity
and trace-to-trace phase variability far more apparent within localized, densely sampled
ensembles. Because single-sensor records carry lower per-trace signal-to-noise ratio than
legacy array recording, evaluating phase variability directly at the sensor level becomes
essential rather than optional for acquisition systems built on point receivers. In such
settings, propagation through heterogeneous near-surface media renders the observed
seismic phase effectively random from trace to trace.

This study adopts an explicitly stochastic viewpoint. For any single, fixed source–rec-
eiver ray path, the response is indeed fully deterministic and repeatable: firing the same
deterministic source through the same near-surface volume produces the same waveform.
However, near-surface heterogeneity varies spatially at a scale finer than receiver spacing
and is not resolved or known in practice. Each trace in an ensemble corresponds to a
different source-receiver ray path, which threads a different, effectively uncharacterized
configuration of near-surface scatterers. As a result, the phase distortion accumulated along
each path differs from one trace to the next, even though every individual path is governed
by fully deterministic wave physics.

Importantly, seismic phase is inherently circular rather than linear and must be treated
accordingly. We introduce an ensemble-based framework that models seismic phase as
a circular random variable and applies circular statistics to quantify phase variability
within prestack gathers. While Rohatgi et al. [22] introduced circular statistics as a tool for
characterizing seismic phases, that work does not provide an in-depth treatment of the
underlying algorithm, nor does it include validation, verification, or justification of the
parameters involved. The present study addresses these gaps directly, providing a detailed
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algorithmic formulation, synthetic validation of the attribute’s recovery accuracy, and a
systematic analysis of estimator stability with respect to ensemble size.

We define circular variance as phase-variance attribute that summarizes frequency-
dependent phase disorder. By shifting from single-trace phase estimates to ensemble
phase distributions, the proposed framework provides a physically grounded measure
of scattering-induced phase noise and establishes a transparent link among near-surface
heterogeneity, phase disorder, and seismic coherence.

2. Phase Behavior and Statistics in Seismic Data Analysis
To motivate a statistical description of seismic phase, we start with controlled exam-

ples that show how phase coherence changes within local trace ensembles. Rather than
interpreting phase trace by trace, we treat the phases at each frequency as a sample drawn
from an underlying distribution and track how that distribution evolves as noise increases.
We therefore analyze a sequence of cases spanning the full range of signal-to-noise ratios
(SNR), anchored by two end members, a pure signal reference and a pure noise reference
(Figure 1). These idealized limits provide intuition for the behavior encountered in real
prestack gathers and establish a baseline for interpreting phase variability in more complex
settings. Figure 1 organizes the sequence from fully coherent to fully randomized phase
behavior. In the noise-free limit (SNR → ∞), phases are aligned across traces, and the phase
distribution is maximally concentrated. As noise is introduced, phase alignment degrades
and the distribution broadens. In the opposite limit (SNR →−∞), the phases are uniformly
distributed on [−π, π], indicating complete loss of coherence. The following subsections
describe these three regimes in detail and use them to motivate circular statistical measures
of phase direction and dispersion.

2.1. Signal Only (SNR = ∞)

We begin with the noise-free reference case. Here the time-domain traces are perfectly
repeatable within the local ensemble (Figure 1a), and the frequency-domain phases are
coherently aligned across traces at all frequencies (Figure 1b). To describe this behavior
statistically, we examine the distribution of phase values across the ensemble at each
frequency, rather than individual phase spectra.

For a multichannel dataset with N traces, define the set of phases at frequency ω as

Θ(ω) = {θ1(ω), θ2(ω), . . . , θN(ω)}. (1)

In the absence of noise, all phases are identical, θ1(ω) = θ2(ω) = θN(ω) = θ0(ω), so
the phase distribution collapses to a single value, which defines the lower bound of phase
variability. This collapse is illustrated at 17 Hz and 52 Hz in Figure 1d and 1f, respectively,
where phases are tightly concentrated, and the circular variance is zero (V = 0.00). This
limiting case provides a baseline against which phase perturbations from additive noise
and scattering-induced multiplicative distortions can be quantified.

2.2. Noise Only (SNR = −∞)

At the opposite extreme, we consider the noise-only limit, which defines the upper
bound of phase variability (Figure 1g). With no coherent signal present, the frequency-
domain phases are random and show no alignment across traces (Figure 1h). For a local
ensemble of N traces, the phase set at frequency ω is again given by Equation (1), but the
phases are now mutually uncorrelated across channels. As illustrated in Figure 1i,k, the
phases form a uniform circular distribution over [−π, π] at all frequencies,

θk ∼ U(−π, π), k = 1, 2, . . . , N. (2)
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This case corresponds to a complete loss of phase coherence, with circular variance
equal to one. Ref. [23] showed that when a wavefield is modeled as a superposition of
many independent scatterers with random phases, the resulting phase of the complex field
is uniformly distributed on the circle. In the seismic context, ref. [10] observed the same
limiting behavior within a random multiplicative (speckle) framework, confirming that the
noise-only end member exhibits uniform phase statistics.

Figure 1. Illustration of how phase behavior within local trace ensembles evolves from perfectly
coherent to fully randomized as noise increases, and contrasts additive and multiplicative phase
perturbations. Pure signal (SNR = ∞, panels (a–f)): (a) time-domain traces are repeatable, (b) phases
are aligned across traces, (c,e) circular phase plots at 17 Hz and 52 Hz collapse to a single direction
(d,f), and the corresponding linear histograms show zero dispersion, giving circular variance V = 0.00.
Noise only (SNR = −∞, panels (g–l)): (g) time-domain traces are random, (h) phases are uncorrelated,
(i,k) circular phase plots are uniform at both frequencies, and (j,l) linear histograms are flat, giving
V = 1.00. Additive noise (SNR = −5 dB, panels (m–r)): (o,q) partial coherence remains but phase
distributions broaden, (p,r) linear histograms at 52 Hz appear bimodal due to phase wrapping,
with moderate dispersion (V ≈ 0.27). Multiplicative noise representative of scattering (panels (s–x)):
((u), V = 0.06) phase variability becomes frequency dependent, with relatively stable low-frequency
phases and ((w), V = 0.50) strongly dispersed high-frequency phases, consistent with a transition
toward speckle-like behavior.

2.3. Noisy Signal (−∞ < SNR < ∞)

Most seismic data lie between the two end members and therefore contain both coher-
ent reflections and noise. In this intermediate regime, reflection events are contaminated by
either additive noise (Figure 1m) or multiplicative distortions associated with scattering
(Figure 1s), so phase coherence is partially preserved but systematically perturbed, leading
to broadened phase distributions within local ensembles.
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As a conceptual model, we write the phase of the kth trace at frequency ω as

θk(ω) = θ0(ω) + δk(ω), k = 1, 2, . . . , N, (3)

where θo(ω) denotes the unperturbed signal phase and δk(ω) is a symmetric random
perturbation. As noise increases, the dispersion of { θk(ω)} around θo(ω) grows and the
distribution broadens. To reproduce phase behavior observed in challenging land data,
we adopt the multiplicative noise model of Bakulin et al. [10,20], which captures the key
feature that scattering-induced phase perturbations increase with frequency; accordingly,
phase distributions remain compact at low frequencies but broaden substantially at higher
frequencies (Figure 1v,x).

A practical complication is that seismic phase is wrapped to [−π, π], which makes
linear summaries and linear histograms misleading, for example, through apparent bi-
modality caused purely by wrapping (Figure 1r,x). Although phase unwrapping is common
in radar, InSAR, and optical interferometry [26], unwrapping becomes unstable in noisy or
incoherent regions [27] and is problematic for seismic traces [28]. These issues motivate
treating seismic phase as circular data and analyzing it with circular statistics [22,29,30].
Circular statistics operate directly on wrapped phases, avoid boundary artifacts at −π and
π, and provide robust measures of mean phase direction and dispersion, forming the basis
for the phase-variance attributes introduced next.

3. Circular Statistics for Seismic Signal Phase Analysis
3.1. Circular Mean: Measure of Mean Phase Direction

For an ensemble of seismic traces, the complex spectra can be normalized to unit
magnitude so that only phase information is retained, independent of amplitude. This
normalization ensures that phase statistics are not biased by variations in signal strength
across traces. Figure 2 illustrates this procedure: noisy complex spectra (Figure 2a) are
represented in the complex plane and then projected onto the unit circle (Figure 2b),
preserving phase while removing amplitude effects.

At a given frequency ω, the phase of each trace is represented as a unit phasor

eiθ1 (ω), eiθ2 (ω), . . . eiθN (ω), (4)

where for a complex signal Xk (ω), θk(ω) = arg[Xk (ω)] is the phase of the kth trace and N
is the number of traces in the local ensemble.

The preferred phase direction is characterized by the circular mean θ(ω), defined
as the direction of the resultant vector formed by summing the unit phasors. At a fixed
frequency, the cosine and sine components are averaged as:

C(ω) =
1
N

N

∑
i=1

cosθi(ω) , S(ω) =
1
N

N

∑
i=1

sinθi(ω). (5)

The length of the mean resultant vector is

R(ω) =
(

C2
(ω) + S2

(ω)
) 1

2 , (6)

and the circular mean direction is given by

θ (ω) = atan2
(
S(ω), C(ω)

)
. (7)
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The mean direction is undefined when R(ω) = 0, corresponding to a uniform phase
distribution with no preferred direction.

It is important to emphasize that the circular mean θ is not equivalent to the arithmetic
average (θ1 + θ2 + · · ·+ θN)/N. Instead, it represents the direction of the geometric vector
sum of the unit phasors and correctly accounts for the periodic nature of phase. This
distinction is critical when analyzing wrapped seismic phases, particularly in the presence
of noise.

Figure 2. Phase vector representation at 52 Hz for a local ensemble of 500 traces with additive
noise (SNR = −10 dB). Panel (a) shows complex phase vectors with their original amplitudes, where
amplitude variability obscures the dominant phase direction. Panel (b) shows the same vectors after
normalization to the unit circle, removing amplitude effects and revealing a well-defined mean phase
direction that can be robustly characterized using circular statistics.

3.2. Circular Variance: Measure of Phase Variability

While the mean direction characterizes the central tendency of seismic phases within
an ensemble, it is equally important to quantify how tightly the phases cluster around
that direction. This variability is measured by the mean resultant length R (Equation (6)),
which takes values between 0 and 1. Values of R close to 1 indicate strong phase coherence,
whereas values near 0 indicate highly dispersed, incoherent phases,

0 ≤ R(ω) ≤ 1. (8)

Although the mean resultant length is the fundamental quantity in circular statistics,
it is often more intuitive, particularly by analogy with linear statistics, to express phase
variability in terms of circular variance, defined as

V(ω) = 1 − R(ω) (9)

where, 0 ≤ V(ω) ≤ 1.
In the ideal signal-only case, all phase vectors are aligned and point in the same direc-

tion, yielding R(ω) = 1 and V(ω) = 0, corresponding to perfect phase coherence (Figure 3a).
In contrast, when the data consist solely of noise, phase vectors are uniformly distributed
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around the unit circle, resulting in R(ω) ≈ 0 and V(ω) ≈ 1, indicating maximal phase
variability (Figure 3b). Most realistic seismic situations lie between these two extremes. For
example, with moderate additive noise at −5 dB, the phase vectors retain a preferred direc-
tion but exhibit noticeable dispersion, producing R(ω) ≈ 0.73 and V(ω) ≈ 0.27 (Figure 3c).
Under stronger or frequency-dependent phase perturbations, such as those associated with
multiplicative noise, the phase vectors spread further and the circular variance increases
accordingly, reaching values around V(ω) ≈ 0.5 (Figure 3d).

Figure 3. Normalized phase vector representation at 52 Hz for an ensemble of 10,000 traces illustrating
increasing phase variability. (a) Ideal signal case with no noise, where all phase vectors are aligned,
giving a mean resultant length R = 1 and zero circular variance V = 0. (b) Pure noise case, where
phase vectors are uniformly distributed around the circle, yielding R = 0 and maximum variance
V = 1. (c) Intermediate case with additive noise at −5 dB, where phases retain a preferred direction
defined by the circular mean but exhibit moderate dispersion, quantified by V = 0.27, with the black
arrow indicating the mean resultant length (1 − V). (d) Case with additional frequency-dependent
phase perturbations representative of multiplicative noise, showing stronger dispersion and increased
variance V = 0.50.

Although circular statistics provide a general framework for analyzing wrapped seis-
mic phases, no specific parametric distribution is required to compute the mean direction
or circular variance.

In this study, the von Mises distribution is introduced as a convenient conceptual
model, as it is the circular analogue of the normal distribution, providing an intuitive
interpretation of phase clustering, dispersion, and a well-defined center of gravity when a
single dominant signal event is present within the analysis window.
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However, our analysis does not depend on the von Mises assumption. Instead, we
primarily use the circular variance V(ω), which is defined directly from the mean resultant
length and can be estimated nonparametrically from phase ensembles. Circular variance is a
robust, model-free observable that remains stable under strong noise contamination, avoids
phase-unwrapping ambiguities, and can be computed consistently across frequencies,
offsets, and processing stages, making it well suited as a practical QC and diagnostic metric
for seismic phase behavior.

3.3. The von Mises Distribution

The von Mises distribution, introduced by [31] as the circular analogue of the normal
distribution, has been widely used to model directional or wrapped data. It has found
broad application in acoustics, optical interferometry, and InSAR, where phase is inherently
periodic and must be analyzed without unwrapping [27,32–34]. In these fields, von Mises
models are commonly used to represent phase variability, reconstruct phase information,
and analyze noisy or wrapped phase measurements in a probabilistically consistent manner.
In seismology, ref. [35] applied von Mises distributions to model uncertainty in circular
phase spectra of surface-wave dispersion, while [22] used circular statistics to quantify
phase coherence within local seismic ensembles.

This distribution is parameterized by the mean direction θ and the concentration
parameter κ. Its probability density function given as:

f
(
θ; θ, κ

)
=

1
2π I0(κ)

eκcos (θ−θ), (10)

where I0 denotes the modified Bessel function of the first kind and order zero, defined as

I0(κ) =
1

2π

2π∫
0

eκcosθdθ. (11)

The function I0 also admits the power series expansion

I0(κ) =
∞

∑
r=0

1

(r!)2

(κ

2

)2r
. (12)

The von Mises distribution is unimodal and symmetric about its mean direction. When
κ = 0, it reduces to the uniform distribution on [−π, π], corresponding to completely random
phases. As κ increases, the distribution becomes increasingly concentrated around θ and
approaches a normal distribution in shape, while preserving phase periodicity. Figure 4a
illustrates this behavior for a fixed mean direction of 2.2 radians and increasing κ, showing
the transition from nearly uniform to strongly clustered phase distributions.

The concentration parameter κ can be estimated from the mean resultant length R
using standard approximations [36],

κ =


2R + R3 + 5R5

6 , R < 0.53
−0.4 + 1.39R + 0.43

1−R
, 0.53 ≤ R < 0.85

1
3R−4R2+R3 , R ≥ 0.85

(13)

Circular variance V and the von Mises concentration parameter κ both describe
the dispersion of phase vectors around the mean direction, but from complementary
perspectives. Circular variance is defined directly from the mean resultant length V = 1 − R
and provides a bounded, geometrically intuitive measure of phase variability, where values
near zero indicate strong phase coherence and values near one indicate incoherent or

https://doi.org/10.3390/s26185815

https://doi.org/10.3390/s26185815


Sensors 2026, 26, 5815 10 of 21

noise-dominated behavior. In contrast, κ is specific to the von Mises model and quantifies
the strength of clustering in an unbounded manner, ranging from zero to infinity. As a
result, κ can be more sensitive to noise and may fluctuate strongly between neighboring
ensembles, particularly at low coherence. When the von Mises model is assumed, however,
V and κ are uniquely related through R and can be converted analytically or numerically, as
illustrated in Figure 4b. For clarity, Table 1 summarizes the key circular statistical quantities
used in this study and their physical interpretation.

Figure 4. (a) Histograms of synthetic phases sampled from von Mises distributions with fixed circular
mean θ = 2.2. For low concentration (κ = 0.1), the distribution is nearly uniform with high variance.
As κ increases to 2 (red), the variance decreases and phases begin to cluster around the mean. For
higher concentration (κ = 10), phases are strongly concentrated along the mean, and the variance
reduces further to 0.05. (b) Relationship between circular variance and concentration parameter
κ. This plot illustrates the nonlinear mapping between circular variance (V) and the von Mises
concentration parameter (κ), derived numerically via the mean resultant length R. As κ increases, V
decreases rapidly, indicating tighter phase clustering. The curve highlights that at low variance (high
coherence), small changes in V correspond to large swings in κ, underscoring why V is often more
stable and interpretable in noisy seismic data.

Table 1. Summary of key circular statistical attributes used for ensemble-based seismic phase analysis.

Attribute Symbol Range Interpretation

Circular mean θ [−π, π] Mean (central) phase direction

Mean resultant length R [0, 1] Degree of phase alignment (clustering strength)

Circular variance V = 1 − R [0, 1] Phase dispersion or incoherence

Concentration (von Mises) κ [0, ∞) Phase clustering strength (inverse dispersion)

4. Quantifying Phase Variability in Seismic Data
Although phase statistics are estimated directly from the data, without fitting any spe-

cific parametric distribution, the von Mises distribution remains an important interpretive
reference. When a single coherent reflection dominates a local ensemble, the phase distri-
bution is expected to be unimodal, with the mean direction representing the signal phase
and the dispersion reflecting noise. This provides a simple and intuitive signal–plus–noise
picture in circular phase space.

Real seismic data are more complex. Noise can itself be partially coherent, such as
ground roll, guided waves, or other organized wave modes, and multiple signals may
interfere or cross within the same analysis window. In such cases, phase distributions may
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broaden asymmetrically or become multimodal. This behavior does not merely indicate
stronger noise, but rather the absence of a single dominant signal phase. Importantly, the
apparent phase distribution may depend on the number of traces in the ensemble: small
local ensembles can appear unstable or noisy, whereas larger ensembles tend to reveal more
stable phase structure. Even under these conditions, the unimodal von Mises case remains
a useful reference state, providing a baseline for distinguishing signal-dominated behavior
from mixed or incoherent phase regimes.

Building on this conceptual framework, we demonstrate how circular variance can
be used as a quantitative quality-control attribute for seismic phase. Circular variance
measures the spread of phase distributions within a local ensemble. Because seismic phase
variability depends on both offset and frequency, these statistics must be computed locally
using sliding windows over ensembles of traces. This approach enables objective tracking
of phase variability across a seismic gather and provides a means to assess the impact of
processing steps.

The workflow for computing circular variance is summarized as follows. Each local
time-space window is analyzed in the frequency domain using the following procedure.

1. Each trace xk(t) within the window is transformed to the frequency domain,
Xk(ω) = F{xk(t)} =| Xk(ω) | eiθk(ω), where | Xk(ω) | is the spectral amplitude
and θk(ω) the spectral phase.

2. To isolate phase information, each spectrum is normalized to unit magnitude,
∼
Xk(ω) = Xk(ω)

|Xk(ω)| = eiθk(ω). The set {
∼
Xk(ω)}N

k=1. thus forms a phase ensemble at
frequency ω.

3. Phase dispersion within the local ensemble is quantified using the circular variance,
V(ω) = 1− | 1

N ∑N
k=1 eiθk(ω) |, where V(ω) ∈ [0, 1].

4. The phase variance V(ω) is assigned to the center of the analysis window and mapped
across time and frequency.

The ensemble size N is chosen to ensure statistically stable and interpretable estimates,
as discussed in Appendix A. To assess the reliability of this metric, we first apply it to a
controlled synthetic example. This allows us to demonstrate how circular variance responds
to known phase perturbations, providing a benchmark before extending the method to
more complex field data.

4.1. Synthetic Example with Phase Perturbations

The choice of ensemble size is dictated by the role of the analysis and is kept consistent
between synthetic tests and field applications. In high-noise conditions, larger ensembles
are required to see through noise and obtain statistically stable estimates, whereas in low-
noise settings smaller ensembles may suffice. Accordingly, large ensembles of 10,000 traces
analyzed using 2000-trace sliding windows are employed to obtain statistically stable
estimates of circular variance when it is used as a diagnostic and QC attribute. This
ensures that the measured phase variability reflects the imposed perturbations rather than
sampling noise.

To investigate the variability of seismic phase within an ensemble, we designed a
controlled synthetic experiment. Phase perturbations were introduced by drawing random
realizations from a von Mises distribution, consistent with the conceptual model described
earlier. For each trace, a circular variance V was prescribed and systematically varied across
the ensemble to impose laterally varying phase noise. Figure 5a illustrates the imposed
variation in phase perturbations as a function of trace number. The variance decreases from
left to right, mimicking a realistic acquisition scenario in which near-offset traces fall within
a noise cone characterized by stronger phase perturbations, while far-offset traces exhibit
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increasingly coherent reflection behavior. The resulting synthetic seismic section is shown
in Figure 5b.

Figure 5. Quantifying phase perturbations in a controlled synthetic example. Panel (a) shows the
prescribed circular variance varying smoothly with trace index, representing decreasing phase per-
turbations from near to far offsets. Panel (b) displays the corresponding ensemble of 10,000 synthetic
traces, with strong phase distortion at near offsets and increasingly coherent reflections at far offsets.
Panel (c) shows the phase ensemble in the frequency domain after amplitude normalization. Panel
(d) presents the phase-variance map computed using 2000-trace sliding windows, illustrating the
spatial and spectral evolution of phase variability across the gather. Panels (e,f) show phase distribu-
tions from representative near-offset and far-offset windows at 17 Hz, with circular variance values
of 0.86 and 0.32, respectively, highlighting the contrast between noise-dominated and more coherent
phase behavior. Panel (g) compares the imposed and estimated phase variance as a function of trace
index, demonstrating close agreement and validating the reliability of circular variance as a measure
of seismic phase perturbations.

The baseline signal was generated using a Klauder wavelet, defined as the autocorrela-
tion of a vibroseis sweep commonly employed in land seismic surveys. This wavelet served
as a clean reference, from which an ensemble of 10,000 identical traces was constructed. In
the frequency domain, the unperturbed signal at channel k and frequency ω is given by

Xk(ω) = A0(ω)eiθ0(ω), (14)

where A0 (ω) denotes the true amplitude spectrum and θ0(ω) the corresponding true phase.
Phase distortions were then introduced by applying spatially dependent perturbations,
such that the perturbed signal becomes

Xk(ω) = A0(ω)ei{θ0(ω)+θk
′(ω)}, (15)

where θ′k(ω) represents the imposed perturbation.
Within each window, amplitudes were normalized to isolate phase effects, ensuring

that the computed statistics reflect phase variability alone. The resulting phase ensemble
in the frequency domain is shown in Figure 5c. Sliding the window across the ensemble
allows phase distributions to be evaluated as a function of offset and frequency. Repre-
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sentative phase distributions extracted from near-offset and far-offset windows are shown
in Figure 5e and 5f, respectively. These distributions illustrate the transition from highly
dispersed phases at near offsets to more concentrated phase behavior at far offsets. For
example, at 17 Hz the near-offset window yields a circular variance of 0.86, indicating
strong phase variability, whereas the far-offset window produces a lower value of 0.32,
reflecting greater phase stability.

The circular variance computed within each window is assigned to the window center
before advancing to the next position. Repeating this procedure produces a new seismic
attribute, referred to here as phase variance. The resulting phase-variance map (Figure 5d)
captures the spatial and spectral evolution of phase variability across the synthetic gather.
As expected, phase variance is highest at near offsets and decreases steadily toward far
offsets, consistent with the imposed perturbations. Because the perturbations in this test
were identical across frequencies, the frequency dependence of the phase-variance map
is uniform. The framework naturally extends to cases where phase noise varies with
frequency, although the present example focuses on spatial variability for clarity.

The average phase variance across all traces (Figure 5g) shows close agreement be-
tween the imposed and recovered values, confirming that circular variance reliably quanti-
fies phase perturbations in a controlled setting. These synthetic results demonstrate that
circular variance provides a robust and interpretable measure of seismic phase variability.
Having validated that V(ω) accurately recovers known phase perturbations in synthetic
data, we now apply it as a QC observable to field seismic gathers to diagnose where phase
becomes unreliable.

The synthetic validation presented here focuses on establishing and validating the
phase-variance metric itself. Before assessing its behavior under a broader range of realistic
geophysical scenarios, it is necessary to demonstrate that the estimator can reliably recover
a known, imposed phase perturbation under controlled conditions.

4.2. Monitoring Phase Variance in Field Data

Monitoring phase variability is critical in seismic processing because it directly controls
imaging, inversion, and attribute analysis. Despite its importance, conventional workflows
provide few tools for quantifying phase variability or tracking phase noise in a systematic
way. As a result, phase distortions caused by near-surface effects, scattering, or processing
artifacts may persist and propagate through the workflow without being explicitly diag-
nosed. Phase variance provides a practical phase quality-control attribute that allows phase
behavior to be evaluated objectively as a function of offset and frequency.

To illustrate this capability, we analyze two prestack seismic gathers extracted from a
3D CMP supergather, one before and one after conventional time processing. A 300-ms time
window containing a deep reflection event was selected. Phase statistics were computed
using a sliding-window approach with local ensembles of 2000 traces across a total of
10,000 traces. The gathers shown in Figure 6a,b are displayed after normal moveout
correction and statics. The conventional time-processing sequence included linear noise
attenuation, refraction statics, random noise removal, two passes of surface-consistent
deconvolution, post-deconvolution noise attenuation targeting linear, random, and burst
noise, merge-phase and static matching, surface-consistent scaling, velocity analysis, and
residual statics correction.

Phase variance as a function of offset at 14 Hz. Together these panels show that phase
variance provides a direct, operational measure of where seismic phase becomes reliable
after processing, beyond what can be inferred from visual inspection or amplitude alone.

The effect of processing on seismic phase stability can be examined by inspecting
phase distributions within local time–frequency windows. At 16 Hz in a mid-offset local
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window, the pre-processed data exhibit a broad and weakly organized phase distribution,
indicative of substantial phase variability (Figure 6c). After conventional processing, the
same window shows noticeably tighter phase clustering (Figure 6d), with circular variance
decreasing from 0.81 to 0.59. This reduction reflects improved phase coherence at that
frequency and offset and demonstrates how phase variance provides a quantitative measure
of processing impact on seismic phase behavior in field data.

Figure 6. Phase-based quality control on prestack land data before and after conventional time
processing. (a,b) Seismic gathers after NMO and statics, with near offsets inside the noise cone and
far offsets marked for reference. Visual continuity improves after processing, but this alone does not
quantify phase reliability. (c,d) Corresponding phase ensembles illustrate how processing narrows
the phase spread: local phase distributions at mid offsets and 16 Hz show strong phase disorder
before processing (V = 0.81) and tighter clustering after processing (V = 0.59), indicating improved
but still imperfect phase coherence. (e,f) Frequency–offset maps of circular variance reveal where
processing is effective: phase variability is reduced mainly at mid to far offsets and lower frequencies,
while near offsets and higher frequencies remain noise dominated. (g) Phase variance as a function of
offset at 14 Hz for the unprocessed (solid) and processed (dashed) land seismic data. The processing
substantially reduces phase variance at this frequency.
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To generalize these observations, we computed circular variance across all frequencies
and offsets using overlapping sliding time windows (Figure 6e,f). Although reflectors ap-
pear visually clearer after conventional processing, the phase-variance maps reveal a more
nuanced picture. At higher frequencies, circular variance remains close to one, indicating
that phase behavior is still dominated by distortions despite apparent amplitude enhance-
ment. The spatial distribution of variance highlights systematic trends. Near offsets, which
fall within the noise cone, exhibit consistently high phase variance, while mid to far offsets
show progressively lower variance. For example, at 14 Hz (Figure 6g), the unprocessed
near-offset data yield a variance of 0.93, characteristic of noise-dominated phase behavior,
whereas mid to far offsets decrease to about 0.71, indicating partial coherence. After pro-
cessing, these same offsets show a marked reduction in variance to approximately 0.4 at far
offsets, quantitatively confirming that conventional processing improves phase coherence
primarily at lower frequencies and away from the noise cone.

This trend is consistent with stack-based signal-to-noise ratio estimates (Figure 7a).
Prestack SNR improves from roughly −22 dB to −12 dB after processing, reflecting substan-
tial suppression of random noise. However, SNR averages energy over the full frequency
band and therefore masks important broadband behavior. In contrast, phase variance
isolates phase variability directly and reveals that improvements are confined to a limited
frequency range.

Amplitude spectra before and after processing (Figure 7b) show that conventional
workflows often boost high frequencies through repeated deconvolution and filtering,
giving the appearance of increased bandwidth. Amplitude-based measures alone, however,
do not capture phase stability and can therefore be misleading. Phase-variance spectra
(Figure 7c) provide a complementary and more physically meaningful perspective. By
examining phase variance as a function of frequency, averaged over offsets, it becomes
possible to define an effective frequency band in terms of phase coherence rather than am-
plitude alone. In practice, one can select a threshold variance corresponding to acceptable
phase stability for a given application. Frequencies below this threshold retain coherent
phase and are suitable for phase-sensitive workflows such as full-waveform inversion and
AVO analysis, whereas frequencies above it contribute primarily incoherent energy.

These observations suggest that seismic processing should be evaluated not only by
amplitude and SNR metrics but also by its ability to systematically reduce phase variance.
Monitoring phase variance provides a direct means to assess whether a given processing
step improves or degrades phase integrity and offers a quantitative guide for parameter
selection. Although we examine only two stages here, raw data and fully time-processed
data, the same framework can be applied step by step throughout the processing sequence.

The practical value of this distinction is not confined to a single dataset or processing
sequence. The same framework can be extended to acquisition and processing decisions
more broadly. Because phase variance is computed directly from the data, without requiring
a reference model, it can be used to compare alternative acquisition geometries, such as
different receiver-array designs, providing acquisition planners with a quantitative basis
for evaluating achievable phase-coherent bandwidth rather than relying solely on fold or
trace density.

Likewise, instead of comparing only raw and fully processed data, as demonstrated
here, the same diagnostic can be applied throughout a processing workflow to evaluate
the contribution of individual processing steps. For example, it can quantify whether
operations such as ground-roll attenuation or surface-consistent deconvolution improve
phase coherence within specific frequency bands or leave them unchanged, information
that is not directly available from conventional amplitude-based quality-control measures.
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Figure 7. Quantitative comparison of amplitude-based and phase-based quality measures before
and after processing. (a) Stack-based SNR as a function of offset shows a clear overall improvement
after processing. (b) Amplitude spectra indicate bandwidth flattening and apparent high-frequency
enhancement in the processed data. (c) Circular phase variance as a function of frequency reveals
the key limitation: phase coherence improves only at low frequencies, below about 25 Hz, while
higher frequencies show no reduction in phase variability despite increased amplitudes. This contrast
highlights that amplitude-based metrics alone can overestimate usable bandwidth, whereas phase
variance directly identifies the frequency range with coherent, reliable phase.

Finally, because the circular mean used to compute phase variance also provides a
local reference phase, it naturally enables construction of a phase-only masking operator
capable of suppressing trace-to-trace phase jitter while preserving amplitudes [37]. Such
an approach has the potential to improve prestack coherence and stack quality while
preserving the amplitude information.

Taken together, these examples demonstrate that phase variance is more than a descrip-
tive attribute. It provides a practical, physically interpretable diagnostic that can support
acquisition design, processing evaluation, and future phase-conditioning workflows.

5. Discussion
Treating seismic phase as a circular variable reframes phase variability from a difficult,

trace-level attribute into a measurable ensemble property that can be evaluated system-
atically across frequency and offset. Circular variance, here called phase variance V(ω),
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operates directly on wrapped phases and avoids the ambiguities of phase unwrapping.
Low V(ω) corresponds to tightly clustered phases and coherent phase behavior, whereas
high V(ω) indicates strong phase dispersion, which may arise from noise, scattering, inter-
fering events, or other wavefield complexity. In addition, the circular mean phase provides
a useful estimate of the underlying signal phase within an ensemble. Although not the
focus of this study, this estimate may support additional quality control of phase trends and
serve as a key ingredient in phase-enhancement approaches such as seismic time-frequency
masking [18] and phase-based filtering.

Synthetic tests confirm that V(ω) reliably recovers imposed phase variability as a
function of frequency and offset. Application to field data shows that conventional time-
domain processing primarily reduces phase variance at low frequencies and mid-to-far
offsets. At higher frequencies, phase variance often remains elevated, even when amplitude
spectra suggest apparent bandwidth extension. This discrepancy highlights a key limitation
of amplitude-based diagnostics and motivates defining an effective bandwidth in terms of
phase coherence rather than amplitude alone.

Phase variance is fundamentally a measure of trace-to-trace phase coherence for
reflection event within a selected local ensemble. It quantifies phase variability at a given
frequency but does not, by itself, identify the physical origin of the coherent energy. Low
phase variance therefore indicates the presence of a coherent arrival consistent with the
geometry of the analysis window. When the window is aligned with the moveout of a target
reflection, low phase variance indicates coherent reflection energy; if the same analysis
were instead aligned with coherent ground roll, guided waves, or another organized wave
mode, those arrivals could likewise exhibit low phase variance.

In complex data, the analysis window should therefore be centered on the reflection
event of interest and, where appropriate, follow its local moveout or dip. This minimizes
contributions from neighboring or crossing events. When several arrivals or noise mecha-
nisms overlap within the same window, the phase distribution may become asymmetric or
multimodal. In such cases, phase variance remains a useful scalar measure of the overall
phase dispersion, but it does not resolve the individual phase populations or identify their
separate physical origins.

Under low-SNR conditions, the ensemble-based formulation benefits from the density
of modern point-receiver acquisition: dense single-sensor deployments provide a suffi-
ciently large number of closely spaced traces to form statistically stable ensembles, even
within a compact spatial neighborhood. By pooling multiple traces at similar offset, phase
distortions are quantified collectively. This allows phase consistency to be characterized in
a frequency-dependent manner even when individual traces have low SNR. At frequencies
where spectral amplitudes approach the noise floor, however, phase variance should be
interpreted together with amplitude or SNR information.

Phase variance maps and spectra provide a direct way to identify where phase co-
herence improves or deteriorates after processing. For a selected application-dependent
threshold on V(ω), practitioners can delineate a phase-coherent frequency range and track
how this range changes with offset or processing stage. A similar objective-based approach
has been demonstrated for conventional seismic SNR, where minimum data-quality re-
quirements were related to specific structural and amplitude-dependent interpretation
objectives. Similarly, application-specific phase-variance thresholds could be established by
relating V(ω) to the performance requirements of the interpretation task. Such information
may be useful for phase-sensitive workflows including AVO analysis, full-waveform in-
version, and migration. Unlike visual inspection or broadband SNR metrics, V(ω) isolates
phase behavior and reveals frequency-dependent limitations that would otherwise remain
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hidden. The statistical stability of V(ω) and its dependence on ensemble size are examined
in Appendix A.

6. Conclusions
Here, we develop, validate, and demonstrate phase variance as a practical frequency-

and offset-dependent framework for diagnosing phase variability in seismic sensor-
recorded data. By treating phase as a circular variable rather than a trace-level artifact,
phase variability becomes a measurable ensemble property that can be quantified, tracked,
and used to inform acquisition and processing decisions rather than relying on visual
inspection alone. Circular variance is not merely another quality-control attribute but a
physically grounded descriptor of trace-to-trace phase coherence that characterizes phase
behavior across frequency and offset.

Our synthetic and field results show that amplitude spectra derived from the seismic
recordings can substantially overestimate usable bandwidth, since standard processing
often amplifies high-frequency amplitudes while leaving phase behavior noise-dominated.
Phase variance exposes this limitation, supporting the definition of an effective bandwidth
based on phase coherence rather than spectral amplitude alone. For seismic acquisition,
where signal fidelity at higher frequencies is increasingly demanded, this distinction has
direct implications for how recording bandwidth and sensor performance are specified
and evaluated. This motivates a broader view of how seismic data quality is assessed for
phase-sensitive applications.

We propose phase variance as a complementary prestack diagnostic for seismic data,
to be evaluated alongside amplitude spectra and SNR at acquisition and processing stages.
Tracking V(ω) through a processing sequence provides an objective way to identify where
phase integrity improves or deteriorates, to guide parameter selection, and to prevent the
propagation of phase distortions that would otherwise remain invisible. Importantly, this
diagnostic view naturally enables phase-conditioning and masking strategies driven by
explicit objectives, such as achieving a prescribed level of phase fidelity for imaging or
inversion, rather than by visual QC or amplitude-based criteria, offering a route toward
more principled acquisition design and processing workflows. Its use for downstream
applications such as AVO, migration, and inversion should be calibrated against application-
specific performance criteria.

The field demonstration presented here is based on a single dataset, representing one
geological setting, acquisition geometry, sensor type, and noise environment. While the
synthetic validation confirms that phase variance behaves as expected under controlled,
known conditions, the generality of the field-data findings, including the specific frequency
range identified as phase-coherent, should not be assumed to extend automatically to
other settings. Testing phase variance across datasets with different geology, acquisition
geometries, sensor types (e.g., 3C, DAS, nodal), and noise conditions is an important next
step toward establishing it as a general-purpose diagnostic.

More broadly, this work develops phase variance into a practical and extensible tool for
seismic phase analysis, with direct relevance to sensor array design and acquisition QC, and
potential relevance to phase-sensitive imaging and inversion. As seismic acquisition moves
toward denser sensor sampling, higher-frequency recording, and greater sensitivity to
subtle phase effects, we anticipate that phase-based diagnostics and conditioning methods
grounded in circular statistics will play an increasingly important role in assessing the
reliability of seismic data throughout the acquisition-to-inversion workflow.
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Appendix A. Effect of Ensemble Size on the Stability of Phase
Variance Estimate

Circular variance is a statistical quantity estimated from a finite ensemble of phase
samples. As such, the variance itself is a random variable whose stability depends on
the number of traces included in the ensemble. Importantly, small ensemble sizes do not
render phase-variance estimates uninterpretable; rather, they increase estimator variability
and make interpretation more sensitive to local fluctuations. Interpretable phase-variance
estimates therefore require an ensemble size appropriate to the objective of the analysis. To
assess the effect of ensemble size, we computed circular variance using densely overlapping
sliding windows (stride = 1 trace) containing 10, 100, and 1000 traces (Figure A1). For
small ensembles, the estimated variance exhibits strong local fluctuations due to limited
sampling, revealing fine-scale detail but with increased statistical scatter. As the number
of traces increases, these fluctuations are progressively suppressed, and the estimated
variance converges toward a smooth and stable trend that reflects the underlying phase
dispersion rather than estimator noise. Importantly, the large-scale trend in phase variability
is preserved across all window sizes, while increasing the ensemble size improves statistical
stability. To quantify this dispersion, we compute the RMS deviation between the estimated
and true phase variance for each window size, yielding RMSE values of 0.176, 0.055, and
0.012 for N = 10, 100, and 1000 traces, respectively. This provides a direct, data-driven
estimate of uncertainty as a function of ensemble size, complementing the qualitative trend
shown in Figure A1.

This behavior is expected and reflects the nested nature of the problem: individual
phase values are random, and circular variance is itself an estimate derived from those
random samples. Consequently, the ensemble size must be chosen based on the analysis
objective. When the goal is to resolve only the underlying trend in phase variability, large
ensembles are required, particularly when circular variance is used as a diagnostic or
quality-control attribute where stability and robustness are critical. Smaller ensembles may
be useful when emphasizing localized structure, but at the expense of increased variability
and interpretational uncertainty.

This distinction underpins the consistent use of different ensemble sizes throughout
this study and ensures that circular variance is applied appropriately to each task.
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Figure A1. Estimated circular phase variance computed using sliding windows of 10, 100, and
1000 traces. The blue curve shows the true imposed phase variance, while the black curves show
estimates obtained with different ensemble sizes. All window sizes recover the same large-scale trend
in phase variability, indicating that the underlying phase behavior is captured regardless of ensemble
size. Differences appear only in the fine-scale fluctuations: smaller ensembles exhibit higher estimator
variability, while larger ensembles yield smoother and more statistically stable variance estimates.
This demonstrates that ensemble size controls the stability of the estimate, not the inferred phase
trend itself.
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