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Efficient Deconvolution of Ground-Penetrating
Radar Data

Cedric Schmelzbach and Emanuel Huber

Abstract—The time (vertical) resolution enhancement of
ground-penetrating radar (GPR) data by deconvolution is a long-
standing problem due to the mixed-phase characteristics of the
source wavelet. Several approaches have been proposed, which
take the mixed-phase nature of the GPR source wavelet into
account. However, most of these schemes are usually labori-
ous and/or computationally intensive and have not yet found
widespread use. Here, we propose a simple and fast approach to
GPR deconvolution that requires only a minimal user input. First,
a trace-by-trace minimum-phase (spiking) deconvolution is ap-
plied to remove the minimum-phase part of the mixed-phase GPR
wavelet. Then, a global phase rotation is applied to maximize the
sparseness (kurtosis) of the minimum-phase deconvolved data to
correct for phase distortions that remain after the minimum-phase
deconvolution. Applications of this scheme to synthetic and field
data demonstrate that a significant improvement in image quality
can be achieved, leading to deconvolved data that are a closer rep-
resentation of the underlying reflectivity structure than the input
or minimum-phase deconvolved data. Synthetic-data tests indicate
that, because of the temporal and spatial correlation inherent in
the GPR data due to the frequency- and wavenumber-bandlimited
nature of the GPR source wavelet and the reflectivity structure, a
significant number of samples are required for a reliable sparse-
ness (kurtosis) estimate and stable phase rotation. This observa-
tion calls into question the blithe application of kurtosis-based
methods within short time windows such as that for time-variant
deconvolution.

Index Terms—Deconvolution, ground-penetrating radar (GPR),
inverse filtering, signal processing.

I. INTRODUCTION

SURFACE-based ground-penetrating radar (GPR) reflection
imaging is a well-established tool for high-resolution sub-

surface investigation (e.g., [1]–[9]). The detailed stratigraphic
interpretation of GPR reflection images critically depends on
the accuracy and optimized temporal resolution of the record-
ings. Unprocessed GPR data can only provide a distorted
image of the subsurface because of the suboptimal shape of
the wavelet embedded in the data (e.g., [10]). This embedded
wavelet is not an ideal delta function spike but is modified by
the transmitter-pulse shape (e.g., [11] and [12]), the antenna-
to-ground-coupling (e.g., [13]), and the filtering effect of the
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Earth. All of these factors introduce amplitude distortions and
time delays relative to the Earth’s true reflectivity structure
(impulse response).

Convolution is a linear mathematical operation that is widely
used to model wave propagation in 1-D Earth models (e.g., [14]
and [15]). In the time domain, convolution can be illustrated
with the superposition principle; given an arbitrary time series
of spikes with different amplitudes and occurrence times rep-
resenting, for example, the Earth’s reflectivity structure and a
wavelet, a convolved trace (model of the GPR trace) can be
obtained by shifting a replica of the wavelet to the occurrence
time of a spike, scaling it by the amplitude of the spike,
and adding it to the output trace. Closely spaced spikes may
lead to overlapping (interfering) waveforms. Deconvolution is
the inverse operation of convolution and aims at recovering
from the convolved trace the spike series given the wavelet.
Under noise-free conditions, the spike series can be recovered
perfectly, which means that also interference patterns due to
closely spaced spikes will be perfectly resolved. Noise, how-
ever, affects deconvolution in that only a frequency-bandlimited
version of the spike series can be recovered.

Deconvolution is an inverse-filtering technique used to in-
crease the temporal (vertical) resolution of reflection data by
removing the embedded wavelet (all deleterious filtering ef-
fects described previously) and recovering an estimate of the
underlying reflectivity series [14]. Deconvolution is widely
considered to be a key step in seismic reflection processing for
resolution enhancement (e.g., [15]). Inverse filtering may be
carried out as statistical deconvolution (spiking and predic-
tive deconvolution; e.g., [14]–[16]), deterministic, wavelet, or
signature deconvolution (e.g., [17] and [18]), or blind decon-
volution (e.g., [19]). In contrast to seismic exploration, only
a few reports of successful GPR data deconvolution have
been published to date using standard deconvolution techniques
(e.g., [20]–[22]), deterministic deconvolution employing esti-
mates of the emitted or embedded wavelet [23]–[30], or blind-
deconvolution approaches (e.g., [31]–[34]). The lack of reliable
deconvolution procedures for GPR data is unsatisfactory be-
cause the image accuracy and temporal resolution of many GPR
data sets could be further improved.

Standard spiking and predictive deconvolution are based on
the assumption that the embedded wavelet is minimum phase
(i.e., the energy distribution of the wavelet is as much front-
loaded as possible for the given amplitude spectrum and the
restriction of causality). However, GPR antennas usually radi-
ate mixed-phase wavelets with maximum amplitudes roughly
in the center of the wavelet [5]. This discrepancy in energy
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distribution (phase characteristics) is likely responsible for the
often poor performance reported for standard deconvolution
applied to GPR data [28].

In contrast to standard deconvolution approaches, blind-
deconvolution techniques involve less restrictive assumptions
or none at all about the wavelet phase spectrum (e.g., [35]).
Rather, the deconvolution process is constrained by introducing
additional assumptions on the reflectivity series itself. For
example, the reflectivity series may be assumed to be sparse,
which means that the reflectivity series has a higher probability
of extreme values compared to a Gaussian (normal) distribu-
tion. Kurtosis is a statistical measure to describe the probability
distribution of a real-valued random variable; high kurtosis
values are found for distributions that are more tail-loaded
(sparser; more extreme values) than a Gaussian distribution.
Non-Gaussian distributions of (seismic) reflection coefficients
have been observed for a wide range of rock sequences [36].
The assumption of a sparse reflection coefficient distribution
likely also holds for the electromagnetic case and hence may be
used in the context of GPR deconvolution.

In reflection seismology, several deconvolution and data
enhancement approaches based on maximizing the kurtosis
of the deconvolution output have been presented (e.g., [19],
[37]–[42]). For example, [30] applied the time-varying phase-
correction technique of [41] to GPR data, which had been
previously deconvolved deterministically with an estimated
reference wavelet.

Here, we present a GPR deconvolution technique that re-
quires only a minimal user input yet allows for an effective
inverse filtering (deconvolution) of mixed-phase GPR data.
We begin by demonstrating that a mixed-phase GPR wavelet
can be decomposed into its uniquely determined minimum-
phase equivalent and an all-pass filter. An all-pass filter is a
pure phase-shift filter with unit amplitude spectrum. It passes
the amplitude spectrum unaltered but changes the phase spec-
trum by applying frequency-dependent delays (e.g., [14]). We
then show that, in most cases, the phase spectrum of the all-
pass component can be approximated by a linear function
corresponding to a time shift and a phase rotation term. This
lends itself to a simple and efficient deconvolution approach
for GPR data. Using a standard spiking deconvolution, the
minimum-phase equivalent of the embedded GPR can readily
be estimated from the reflection data and be removed. Then,
in an automatic search for the sparsest possible solution, the
phase rotation angle is sought, which maximizes the kurtosis of
the deconvolution output and corrects for any remaining phase
distortion. Finally, we demonstrate the efficacy of our scheme
for a realistic synthetic 2-D finite-difference data set and a field
data set.

II. METHODOLOGY

A. Theory

We assume that a GPR trace x(t) represents the convolution
of a reflectivity series r(t) with a stationary wavelet w(t) plus
some noise n(t) (e.g., [14])

x(t) = r(t) ∗ w(t) + n(t) (1)

where ∗ denotes convolution and t represents time. For further
analysis, we assume that n(t) and r(t) are uncorrelated and that
the variance of n(t) is much smaller than the variance of r(t),
and therefore, we ignore n(t).

A mixed-phase wavelet w(t) can be decomposed into a
minimum-phase wavelet m(t) convolved with a causal disper-
sive all-pass filter p(t) (canonical representation of a wavelet;
[14], [43], [44])

w(t) = m(t) ∗ p(t). (2)

We can therefore view m(t) as the minimum-phase equivalent
of w(t). In the frequency domain, the canonical represen-
tation is

|W (f)| eiφw(f) = |M(f)| eiφm(f) |P (f)| eiφp(f) (3)

where f denotes frequency and |W (f)|, |M(f)|, and |P (f)|,
and φw(f), φm(f), and φp(f) are the amplitude and phase
spectra of w(t), m(t), and p(t). |P (f)| is unity, and |W (f)|
is equal to |M(f)|. The action of p(t) is contained exclusively
in the phase spectrum φp(f).

Given (1), the deconvolution objective is to compute an
inverse filter f(t) that converts w(t) into a spike at the origin
δ(t) = f(t) ∗ w(t), where δ(t) is 1 for t = 0 and 0 for t �= 0.
Employing (2), the inverse filter for the mixed-phase deconvo-
lution is

fmixed(t) = w−1(t) = m−1(t) ∗ p−1(t). (4)

Note that m−1(t) is minimum-phase and causal but p−1(t)
is purely noncausal (p−1(t) is a time-reversed version of the
causal p(t) mirrored at t = 0).

B. Implementation

The canonical representation of a wavelet [(2) and (3)] has
been used to estimate mixed-phase wavelets [33], [45]–[48].
These schemes differ in the way the individual components
are found, but all use computationally expensive schemes to
find the mixed-phase wavelet. Here, we demonstrate that the
representation of φp(f) as a linear function is a sufficiently
good approximation for wavelet estimation and deconvolution
of GPR data. The components of φp(f) can then be found by
an automatic search and involve minimal user input.

By taking advantage of the canonical decomposition of a
mixed-phase wavelet, the estimation of w−1(t) (4) can be
carried out in two steps. First, m−1(t) is estimated from a
recorded data trace x(t) by, for example, solving the normal
equations using the autocorrelation function (ACF) of x(t). In
principle, this procedure corresponds to applying a standard
minimum-phase spiking deconvolution (e.g., [15]), requiring
as user input the determination of an estimation time window
and the definition of the inverse filter length. Once m−1(t) is
computed, m(t) is found by solving a second time the normal
equations using the ACF of m−1(t).

Second, p−1(t) has to be estimated (4), which involves
determining the phase spectrum φp(f) (3). Here, we assume
that φp(f) can be approximated by a linear function

φp(f) = φrot + bf. (5)
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Fig. 1. Processing scheme for GPR deconvolution. The elementary deconvo-
lution steps are shown in light-gray boxes, and optional pre- and postprocessing
steps are shown in white boxes.

The intercept φrot corresponds to a phase rotation, whereas
the slope b relates to a time shift τ = b/(2πf). Applying a
fixed (constant) phase rotation changes the shape of a wavelet.
For example, φrot = 90◦ converts a symmetric wavelet into an
antisymmetric wavelet, whereas φrot = 180◦ corresponds to a
polarity change. A phase rotation is conveniently applied to
a trace x(t) by employing the Hilbert transform of the trace
H(x(t))

xrot(t) = x(t) cos(φrot)−H (x(t)) sin(φrot). (6)

In order to find the optimum φopt
rot , we apply a suite of phase

shifts to the data after inverse minimum-phase filtering and seek
the sparsest possible output. Thereby, it is sufficient to scan the
rotation angle range from 0◦–180◦. We use the kurtosis k to
measure the sparseness (e.g., [38] and [49])

k =
1
n

∑n
j=1(xj − x)4

(
1
n

∑n
j=1(xj − x)2

)2 (7)

where x is the mean of all samples and j denotes the sample
index. The kurtosis is a statistical measure to describe the
shape of a distribution. A Gaussian distribution has a kurtosis
value of 3; distributions with more extreme values than the
Gaussian distribution have higher kurtosis values. Once φopt

rot is
found, an estimate of w(t) can be obtained by applying a phase
shift of −φopt

rot to m(t). A remaining time shift τ will delay
the deconvolved output relative to the underlying reflectivity
structure. Borehole information can, for example, be used to
correct for this delay. However, we deem the delay τ for most
GPR applications as unimportant because the interpretation of
GPR images is usually done in time relative to the first arrivals
(air/ground wave). The processing flow for applying the GPR
deconvolution scheme proposed here is summarized in Fig. 1.

Fig. 2. Synthetic data example. (a) Input and estimated mixed-phase GPR
wavelet. (b) Estimated minimum-phase equivalent of the input wavelet shown
in (a). (c) Amplitude spectrum of the all-pass filter and minimum-phase
equivalent shown in (b). (d) Phase spectrum of the true all-pass filter plotted
together with the estimated linear model for the all-pass phase spectrum.

Fig. 3. Kurtosis values plotted against the rotation angle from a sequential
application of phase rotations to the minimum-phase equivalent shown in
Fig. 2(b). The maximum kurtosis value is found for a rotation angle of 122◦.

III. SYNTHETIC DATA EXAMPLE: MIXED-PHASE

WAVELET ESTIMATION

In the following, we demonstrate the application of the
wavelet estimation and deconvolution procedure based on the
canonical model and employing a linear phase model on a
simple but realistic GPR wavelet. The goal is to reconstruct the
wavelet shown in Fig. 2(a) by applying the workflow outlined
previously (Fig. 1). The minimum-phase equivalent was found
by solving the normal equations twice [Fig. 2(b)]. A sequential
application of phase rotations to the minimum-phase equivalent
[Fig. 2(b)] revealed that a phase shift of 122◦ yielded the highest
kurtosis value (Fig. 3). The resultant estimated mixed-phase
wavelet after phase rotation very closely matches the input
waveform [red line in Fig. 2(a)].

In order to verify that a simple phase rotation is a suffi-
cient representation of the all-pass filter, we estimated the true
all-pass filter by dividing the Fourier spectrum of the input
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Fig. 4. Physical parameter models for the 2-D finite-difference modeling.
(a) Dielectric permittivity (εr) model. (b) Electrical conductivity (σ) model.

wavelet by the Fourier spectrum of the minimum-phase equiv-
alent. The amplitude and phase spectra of the all-pass filter
are displayed in Fig. 2(c) and (d), respectively. The amplitude
spectrum of the all-pass filter is flat, as expected over the signal
bandwidth of ∼20–120 MHz [Fig. 2(c)]. The phase spectrum
closely matches a linear function of frequency: φ(f) = −58◦ +
(−24

◦

MHz )f [Fig. 2(d)]. The intercept of −58◦ corresponds,
after correcting for the cyclic nature of the phase spectrum,
to 122◦ as found by the kurtosis maximization. The slope
(−24 ◦/MHz) corresponds to a time shift, which has to be
defined by the user.

The observation that a short-duration mixed-phase wavelet
can be decomposed into its minimum-phase equivalent and
an all-pass filter with a simple linear phase spectrum is likely
applicable to other GPR cases because short-duration wavelets
are produced by many pulsed GPR transmitters (e.g., [11]
and [12]). Short pulses have a broad and smooth amplitude
spectrum and consequently also a simple and smooth phase
spectrum.

IV. REALISTIC 2-D SYNTHETIC DATA EXAMPLE

Electromagnetic wave propagation depends not only on the
medium dielectric permittivity (εr) distribution, which pri-
marily controls the wave speed and reflectivity, but also on
the medium electrical conductivity (σ) distribution. The con-
ductivity σ and its changes in the subsurface are responsible
for attenuation and complex reflection coefficients (e.g., [5]),
which can affect the stationarity of the input traces. However,
the convolutional model [(1)] underlying the deconvolution
scheme requires that the wavelet is stationary.

We tested our GPR deconvolution technique on realistic syn-
thetic data by generating noise-free GPR recordings employ-
ing a 2-D finite-difference time-domain solution of Maxwell’s
equations [50]. Fig. 4(a) and (b) displays the sections of εr and
σ models, respectively, that simulate a realistic water-saturated
sand aquifer represented by a layered background with stochas-
tic fine-scale structures superimposed. The stochastic variations
are defined by von Kármán autocovariance functions [51], [52]
with horizontal and vertical correlation lengths of 20 and 1 m,
respectively, leading to predominantly horizontal stratification

(e.g., [53]). The εr and σ values range from 10.3 to 15.5
and from 0.8 to 2.5 mS/m, with average values of 12.7 and
1.5 mS/m, respectively, which we consider realistic for satu-
rated clay-free sediments.

We calculated a surface reflection 100-MHz GPR data set
collected over the εr and σ models by moving a pair of transmit-
ter and receiver antennas separated by 1 m in 0.1-m increments.
The emitted source signal was a truncated Ricker wavelet with
a central (peak) frequency of 100 MHz. Data preprocessing
involved muting the highly energetic air and ground waves, and
scaling the amplitudes by applying a spherical-spreading cor-
rection and an exponential-gain function. An enlarged portion
of the scaled data is shown in Fig. 5(a). The estimation of the
spiking-deconvolution operator m−1(t) requires a time window
that is long enough to allow for a stable estimation of the
spectral properties of the operator from data. This time window
should primarily contain signals (reflections). It is therefore
necessary to exclude noise-dominated parts of the GPR section
such as the air/ground waves and late times dominated by
random noise. Because the penetration depth of GPR is limited
and recording times may be short, we suggest combining the
data within signal windows of several adjacent traces into one
“supertrace” for a stable operator estimation but still applying
the operator to the central trace only. For the synthetic example
discussed here, we selected a time window ranging from 50 to
300 ns for the estimation of m−1(t) and combined 11 adjacent
traces for stabilizing the filter estimation.

A comparison of the input data after minimum-phase (spik-
ing) deconvolution [Fig. 5(b)] with the bandlimited reflectivity
section (reflectivity derived from the εr model and bandpass
filtered to the same frequency content as the deconvolution
output) shows that minimum-phase deconvolution improves
the resolution (sharpness) of the data. However, the data are
contaminated by a residual phase error that is clearly visible
when comparing, for example, the subhorizontal reflection at
∼130 ns between Fig. 5(b) and (d). Also, a trace-to-trace
comparison of the minimum-phase deconvolved data with the
bandlimited reflectivity shown in Fig. 6(b) illustrates the re-
maining phase error in the minimum-phase deconvolved data.

A reliable estimation of the kurtosis requires a large number
of samples (e.g., [33] and [38]). We therefore estimate one
global residual phase correction for all traces within the signal
window (50–300 ns). The GPR deconvolution output after
50–250 MHz bandpass filtering and a phase rotation of 92◦

of the minimum-phase deconvolution output is displayed in
Fig. 5(c). The deconvolved data were shifted in time to match
the bandlimited reflectivity section. A comparison of the GPR
deconvolution output [Fig. 5(c)] with the bandlimited reflec-
tivity [Fig. 5(d)] and with the input data [Fig. 5(a)] highlights
that GPR deconvolution significantly increased the vertical
resolution and resulted in a section that more closely represents
the underlying reflectivity structure. The averaged normalized
cross-correlation between all collocated traces of the bandlim-
ited reflectivity section and 1) the input data, 2) the minimum-
phase deconvolved section, and 3) the GPR deconvolved
section is on average −0.05, 0.61, and 0.76, respectively. These
similarity values illustrate that GPR deconvolution improved
to the fit of the processed data to the bandlimited reflectivity.
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Fig. 5. (a) Synthetic data generated using a 2-D finite-difference modeling scheme from the physical parameter models shown in Fig. 4 after amplitude scaling.
(b) Minimum-phase (spiking) deconvolution of (a). (c) GPR deconvolution of (a). (d) Bandlimited reflectivity computed from the dielectric permittivity model
shown in Fig. 4(a).

Fig. 6. Traces extracted at 25-m distance from the synthetic data shown in Fig. 5. (a) Bandlimited reflectivity, input data, and inputted data trace shifted to match
the bandlimited reflectivity. (b) Bandlimited reflectivity and minimum-phase (spiking) deconvolution output. (c) Bandlimited reflectivity and GPR deconvolution
output.

Note that the lower correlation value of the minimum-phase
deconvolved traces compared to the GPR deconvolved traces
is solely due to the remaining phase error after minimum-phase
deconvolution.

These observations are confirmed by the trace-to-trace com-
parison displayed in Fig. 6; the deconvolved trace extracted
from Fig. 5(c) matches the bandlimited reflectivity closer than
the input data (e.g., at 125 and 175 ns). Note that the black
line in Fig. 6(a) represents the trace extracted from the input
trace data [Fig. 5(a)], whereas the red line corresponds to the
input data shifted to match the bandlimited reflectivity (blue
line) to facilitate the comparison. Furthermore, the average of
all estimated mixed-phase wavelets matches the emitted source
wavelet (first derivative of the injected source current) very well
(Fig. 7).

Fig. 7. Emitted wavelet (first derivative of the injected source current in
the finite-difference simulation) and average of all estimated minimum-phase
equivalents and mixed-phase wavelets.
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Fig. 8. Application of the GPR deconvolution to a 100-MHz field data set. (a) Data after amplitude scaling. Black box marks zoomed-in portion shown in (b).
(c) GPR deconvolution of (a). Black box marks the zoomed-in portion shown in (d). The black circle in (b) and (d) marks an example area of increased resolution.

V. FIELD DATA APPLICATION

We applied our GPR deconvolution procedure to a 100-MHz
GPR field data set collected over the Tagliamento braid-plain
in Northern Italy. The fluvial sediments at the study site consist
primarily of gravel and coarse sand. The data were recorded by
moving a pair of antennas separated by 1 m along a 100-m-long
profile at 25-cm trace spacing (391 traces, 32 stacks, and 0.8-ns
sampling interval). Initial processing included interpolating
the clipped airwave/ground wave amplitudes, removing the dc
shift of each trace, time-zero corrections, spherical-spreading
corrections, “de-wow” by high-pass frequency filtering
(20–400-MHz passband), and exponential-gain scaling (e.g.,
[54]). The scaled data show a substantial penetrating depth
of around 200 ns (∼10 m depth for a velocity of 0.1 m/s)
and an overall high signal-to-noise ratio indicating a favorable
environment for GPR imaging [Fig. 8(a)].

For the estimation of the deconvolution operators, we fo-
cused on a signal time window ranging from 32 to 112 ns. The
window starts just below the air/ground wave, and its length
is a tradeoff between maximizing the length and excluding
late times, when signals may be affected by absorption and
noise. As in the synthetic-data example, m−1(t) was applied
trace-by-trace but estimated based on the data from a time-
space window including neighboring traces. Parameter testing
showed that combining 11 traces helps in stabilizing the estima-
tion of the 35-sample (27.2 ns) spiking-deconvolution operator
m−1(t) (see Fig. 9(a) for the minimum-phase equivalent). A
rotation angle of 134◦ provided the highest possible kurtosis
value for all traces within the entire signal window. After
deconvolution, filtering with a 15–175-MHz passband and
scaling each trace by its rms value completed the processing
[Fig. 8(c)].

Fig. 9. GPR wavelets estimated from the field data [Fig. 8(a)]. (a) Minimum-
phase equivalent estimated for each trace plotted in blue; the average of all
estimates is superimposed in red. (b) Mixed-phase wavelet estimated for each
trace plotted in blue; the average of all estimates is superimposed in red.

Fig. 10. RMS amplitude spectra of the input section [Fig. 8(a)] and decon-
volved section [Fig. 8(b)].

Deconvolution removed the mixed-phase wavelets displayed
in Fig. 9(b) from the input data and thereby balanced the
amplitude spectrum [Fig. 10]. Compared to the input data
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Fig. 11. (a) Normalized kurtosis estimates as a function of increasing sample number for the deconvolved field data [see Fig. 8(c)], model of bandlimited
reflectivity (see Fig. 5), and randomized version of the bandlimited reflectivity. Kurtosis values normalized by the corresponding value for 39’100 samples.
(b) Phase estimate corresponding to the maximum kurtosis estimate shown in (a).

[Fig. 8(a) and (b)], the deconvolved section [Fig. 8(c) and (d)]
shows a significantly improved vertical resolution, and the visi-
bility of interfering events has increased. Note, for example, the
improved interpretability and increased amount of discernible
details of the fluvial sediments.

VI. DISCUSSION

GPR signals may undergo changes in wavelet shape when
propagating through the underground due to, for example,
frequency-dependent attenuation and velocity dispersion. Sig-
nificant changes in the wavelet shape may violate the station-
arity assumption underlying the convolutional model (1) and
hence lead to suboptimal deconvolution results. Time-variant
deconvolution techniques have been proposed to compensate
for time-dependent wavelet changes (e.g., [30]). If kurtosis
maximization is used for the deconvolution operator design,
such as when applying the time-varying phase-correction tech-
nique of [41] or [30], kurtosis values may have to be estimated
for short time windows or small numbers of samples.

To test the robustness of the kurtosis estimation and resultant
phase correction as a function of the number of data samples,
we performed the kurtosis maximization and phase-correction
procedure outlined previously on data sets with increasing
numbers of samples. We started by estimating the optimum
phase rotation angle and corresponding kurtosis value for the
first trace of the deconvolved field data set and selected the
trace portion within the same signal time window as used
before, which is 100 samples (80 ns) long. We then analyzed
progressively more neighboring traces (combining the traces
into one “super-trace”) and re-estimated the phase and kurtosis
values.

For comparison, we repeated the same analysis with the
synthetic reflectivity model from the tests described earlier (see
Figs. 4 and 5). The reflectivity model was bandpass filtered
to the same frequency content as the field data, and a 100-
sample-long (80 ns; around 8 dominant periods for a dominant
frequency of 100 MHz; Fig. 10) signal window was chosen for
the analysis. Because the embedded wavelet in both the decon-

volved field data and the frequency-bandlimited reflectivity is
zero phase, the optimum phase rotation angle for both data sets
should be 0◦. The kurtosis values of the full 391-trace (39’100
samples) field data and bandlimited reflectivity are 4.6 and 9.6,
respectively.

The computed phase rotation and kurtosis values are plotted
against the number of samples in Fig. 11(a) and (b), respec-
tively. For both the field data and the bandlimited reflectivity,
the kurtosis value of the entire data set (normalized value of
1) is gradually reached with an increasing number of samples.
Kurtosis value estimation of a field data set requires a consid-
erable number of samples, 90% of the final value is reached
for around 30 000 samples, whereas only around 5 000 samples
are needed for the bandlimited reflectivity to reach close to
its final value. The evolution of the kurtosis value with the
number of samples, as well as the final value, may be strongly
influenced by the distribution of the amplitude values within
the analysis window. Prominent single reflections will dominate
the kurtosis estimation, such as the reflection at around 145 ns
in the bandlimited reflectivity (Fig. 5). The resultant field data
phase rotation values fluctuate considerably for small sample
numbers. The phase value estimates converge to a value of
around −15◦ for >25 000 samples. Note that phase rotations
with angles of <15◦ are hardly visible.

GPR sections exhibit vertical as well as lateral correlation
(e.g., [55]), which are due to the frequency-bandlimited nature
of GPR data and the spatial correlation (spatial bandlimited
nature) of the underlying reflectivity. We assessed the influence
of temporal and spatial correlation by computing the optimum
phase angle and kurtosis for the bandlimited reflectivity model
used before but selected the traces randomly. The resultant
phase and kurtosis curves show that the full-data kurtosis value
and phase angle of 0◦ are reached with a significantly lower
number of samples (around 2000 samples). The comparison
with the bandlimited reflectivity highlights the fact that a sig-
nificant number of samples (number of traces and/or record
length) are necessary for a stable kurtosis estimation due to the
bandlimited nature of the data. Furthermore, the dependence
on wavenumber and frequency band-limitation implies that the
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success of kurtosis estimation and, hence, the mixed-phase
GPR deconvolution described here depends on the frequency
bandwidth of the data and the spatial-correlation properties of
the subsurface.

VII. CONCLUSION

Casting the deconvolution problem of GPR data into a form
that incorporates the application of a trace-by-trace minimum-
phase (spiking) deconvolution followed by a global phase ro-
tation correction to maximize the kurtosis of the GPR data
enables a fast and robust resolution enhancement scheme re-
quiring only minimal user input. The key assumptions underly-
ing this scheme are as follows: 1) the signal stationarity within
the estimation time window; 2) the sparseness of the reflec-
tivity; and 3) a mixed-phase GPR wavelet can be expressed
as the convolution of a minimum-phase wavelet with an all-
pass filter that has a linear phase spectrum as a function of fre-
quency. A robust estimation of the kurtosis requires a significant
number of samples, with the data frequency bandwidth and the
spatial-correlation properties of the underground dictating the
amount.

Our GPR deconvolution approach may not only provide en-
hanced subsurface images with increased accuracy but should
also precede any quantitative interpretation of GPR reflection
amplitudes (e.g., impedance inversion and amplitude-versus-
offset analysis). Our synthetic-data and field data tests showed
that the approximation of the all-pass filter phase spectrum with
a linear function is sufficient. However, the phase spectrum
could also be approximated with other functions. The GPR
deconvolution scheme discussed here requires long time series
with stationary signals and hence may fail when applied to data
from locations with significant frequency-dependent absorption
and dispersion. Further developments could, therefore, aim at
including time-dependent deconvolution approaches such as
Gabor deconvolution. Whereas the examples presented here
deal with GPR data, the algorithm may as well be employed
to deconvolve (mixed-phase) seismic data.
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