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Super-Resolution Multilayer Structure Analysis via
Depth Adaptive Compressed Sensing for

Terahertz Subsurface Imaging
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Abstract— Super-resolution subsurface imaging based on
sparse regularization is presented in assuming the tera-
hertz (THz) band multilayer structure analysis. The THz wave
subsurface imaging with µ-scale spatial resolution and pene-
tration depth are promising for several applications, such as
nondestructive testing and chemical/biomedical compound analy-
ses. The sparse regularization-based compressed sensing (CS)
approach has considerable potential to provide super-resolution
subsurface imaging in a time-of-flight estimation. However,
using optical lens-based measurements, e.g., THz time-domain
spectroscopic (THz-TDS) systems, a depth resolution is highly
dependent on the depth of each layer, which becomes more
critical in the out-of-focus case. This study demonstrated that
the above depth-dependence could be solved by using an appro-
priate depth-dependent reference signal, by using the THz-TDS
measured data.

Index Terms— Compressed sensing (CS), multilayer structure
analysis, super-resolution depth imaging, terahertz time-domain
spectroscopic (THz-TDS) system.

I. INTRODUCTION

TERAHERTZ (THz) 3-D subsurface imaging systems
provide a distinguished feature, i.e., it balances the

high spatial resolution and millimeter-level penetration depth,
which is not possible when using optical or lower frequency
electromagnetic waves, e.g., microwave or millimeter wave
bands. Several applications arise from focusing on these
advantages, such as nondestructive subsurface inspection of
dielectric materials [1], [2], security screening gates in airports
or railway stations [3], or other THz or subcentimeter radar
system [4]–[6]. For the above applications, super-resolution
multilayer structural analysis is one of the most emerging
techniques, including for use for thickness estimation of thin
films, or quality control of glass-fiber-reinforced materials [7].
In most THz subsurface imaging systems, the time-of-flight
profile should be accurately extracted, where the number of
reflection pulses should be decomposed from the measured
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Fig. 1. Reflection responses from multilayer structure. (a) Observation model.
(b) Time-series reflection responses.

data [8]. The THz reflections from multilayer structure are
approximately modeled as a linear mixture of reflection pulses
from each layer, and the traditional subsurface imaging sys-
tem can estimate the depth direction by exploiting the time
of flight (TOF) of each reflection pulse [8]. However, the
traditional Fourier transform-based pulse decomposition has
an inherent problem in that the depth resolution is strictly
limited by the frequency bandwidth, and then, a number of
super-resolution decomposition schemes have been developed
to attain a sufficient depth resolution with available bandwidth.

As one of the most promising schemes for overcoming the
limitation of the depth resolution, the sparse regularization
scheme, e.g., the compressed sensing (CS) algorithm, was
developed [9]. The original CS or other super-resolution
approaches are based on the assumption that a reflection wave-
form from each layer is invariant for the depth of the layer.
And several studies have demonstrated that the CS scheme for
subsurface imaging provides a super-resolution performance
for THz-band waves [10], [11]. Nonetheless, this study first
demonstrated that the waveform of the reflection response
from each layer deforms from a reference signal, which is
usually measured at a specific depth, especially in the case
when the object layer is located on the out-of-focal surface of
a dielectric lens, such as in THz-time-domain spectroscopic
(THz-TDS) systems, the part of which has been reported
in [12]. In addition, this study shows that this waveform defor-
mation results in a nonnegligible degradation of the depth res-
olution and causes unnecessary responses due to the sidelobe
effect. To extract the maximum performance of the CS-based
signal decomposition, namely aiming at super-resolution sub-
surface imaging, we newly introduced a waveform com-
pensation of the reference signal in the CS algorithm and
validated its effectiveness using THz-TDS measurement data
by assuming three thin dielectric multilayered objects.
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Fig. 2. PET and PVC layers located at different depths. (a) 15 mm (Case 1).
(b) 25 mm (Case 2). (c) 31 mm (Case 3). (a) Case 1. (b) Case 2. (c) Case 3.

Fig. 3. Experimental setup with THz-TDS in measuring reflection responses
from metallic plate PET and PVC layers located at different depths.

TABLE I

BANDWIDTH AND DEPTH RESOLUTION AT EACH CASE

II. SYSTEM MODEL

Fig. 1 shows the observation model and reflection responses
from the multilayered object. Considering a waveform defor-
mation for each layer response, the measured signal, y(t), can
be expressed as

y(t) =
N∑

i=1

si (t) ∗ δ(t − τi) + n(t) (1)

where si (t) is the reflection waveform from the i th layer, N
denotes the total number of reflection responses, δ(t) denotes
Dirac’s delta function, and τi denotes the time of delay from
the i th layer. n(t) denotes the signal noise. Of note, multiple
reflections in each layer are not considered, for simplicity,
which is almost negligible compared with the direct reflection
strength, especially in the case when the dielectric contrast for
each boundary is not high.

III. CS-BASED SUBSURFACE IMAGING

The CS algorithm is very promising for higher resolu-
tion subsurface imaging beyond the limitation of Fourier
transform-based signal decomposition, namely cross correla-
tion. Sparse regularization in reconstructing a depth profile is
well established, because it is expressed as a number of delta
functions as in (1). However, in the traditional CS approach,
the measured signal should be expressed as

y(t) =
N∑

i=1

sref(t) ∗ δ(t − τi ) + n(t) (2)

where sref (t) is the assumed reference signal, which is mostly
given by the transmitted signal, namely, it assumes that each

Fig. 4. Reflection responses from a metallic plate located as different depths.
(a) Temporal responses after time-shift compensation. (b) Frequency spectrum.
Blue denotes that at 15 mm depth s15 mm

ref (t). Red denotes that at 25 mm depth
s25 mm

ref (t). Green denotes that at 31 mm depth s31 mm
ref (t).

reflection pulse si (t) is invariant to the depth of the reflection
layer. Under this assumption, (2) can be represented as

y = Ax + n (3)

where y and x denote the discrete form of y(t) and x(t),
respectively. x(t) is defined as a time-of-flight profile, which
can be converted to a depth profile in the assumption of
multilayered object using the relative permittivity of each
layer. A is given by the observation matrix, which is composed
of the time-series response of the assumed reference signals
as (4), as shown at the bottom of the next page.

Here, it is a well-established assumption that an object
function x, namely, a depth profile has a sparse distribution in
(2). Then, the l1 norm regularization is applied to the following
optimization problem as:

x̂ = arg min
x

(|| y − Ax||22 + λ||x||1) (5)

where λ denotes the regularization coefficient, and || ∗ ||m
denotes the lm norm. Many algorithms exist to solve the
above optimization problem; here, we use the convex opti-
mization (CVX) code written by MATLAB. Note that the
number of the layer as N is not required in the above CS
process. If each reflection waveform si (t) is independent for
a depth of the target, a normal CS algorithm in (5) is valid,
however, in a lens focusing measurement e.g., the THz-TDS
system, si (t) depends on the depth or the dielectric property
of each layer, as denoted in (1), and is not identical to the
reference signal sref(t) in most cases. Thus, the above wave-
form mismatching causes an inaccuracy or lower resolution for
subsurface imaging during the CS processing. One solution
is that we prepare a number of reference signal models in
prior, such as reflection responses from objects with different
depths, and apply an appropriate reference signal according to
the depth of the layer.

IV. EXPERIMENTAL VALIDATION

A. Measurement Setup

The experimental measurement setup is shown in Fig. 2
for the THz-TDS system, which was provided by Spectra
Design Co. Ltd. The center frequency and bandwidth of
the transmitted pulse are 0.131 and 0.121 THz, respectively.
The dielectric convex lens, which plays the role of both
the transmitter and receiver has a focal length of 25 mm.
Fig. 3 shows the experimental setup for measuring the reflec-
tion responses from the metallic plates, where the reflection
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Fig. 5. Depth images obtained by the THz-TDS raw data and the CS with different the reference signals in (4). (b), (f), and (j) CS outputs using s15 mm
ref (t).

(c), (g), and (k) CS outputs using s25 mm
ref (t). (d), (h), and (l) CS outputs using s31 mm

ref (t)). Gray scale denotes the signal strength. (a) Case 1, Raw. (b) Case 1,
s15 mm

ref (t). (c) Case 1, s25 mm
ref (t). (d) Case 1, s31 mm

ref (t). (e) Case 2, Raw. (f) Case 2, s15 mm
ref (t). (g) Case 2, s25 mm

ref (t). (h) Case 2, s31 mm
ref (t). (i) Case 3, Raw.

(j) Case 3, s15 mm
ref (t). (k) Case 3, s25 mm

ref (t). (l) Case 3, s31 mm
ref (t).

response illuminated by the transmitter is recorded to the
receiver by a beam splitter mirror. Fig. 4 shows the time
and frequency reflection responses of the reference signal
sref (t), each of which is a reflection response from a large
metallic plate, located at three different depths of 15 mm
(Case 1), 25 mm (Case2, focal depth), and 31 mm (Case
3). This figure demonstrated that the reflection waveforms
are significantly dependent on the depth of the metallic plate,
especially for their effective bandwidths (pulsewidth). Table
I shows the effective bandwidth and the theoretical depth
resolution (proportional to reciprocal of the bandwidth) for
each case, and quantitatively shows that the range resolutions
at the out-of-focus cases (Case 1 and 3) considerably degrades
due to lower bandwidth, and could not offer the desired depth
resolution assuming the on-focus case. Note that, this reference
signal model does not consider a dispersion effect, which
would occur in materials like polyethylene terephthalate (PET)
or polyvinyl chloride (PVC), however, we confirmed that these
dispersion effects were not dominant in a reflection response,
and the above reference model would be valid in most cases.

B. Results and Discussions

Here, we assume a dielectric object with two thin lay-
ers at different depths as shown in Fig. 2, where the first
layer is lossy PET with a 2.779 relative permittivity and a

0.5 mm thickness, and the second one is hard PVC with
a 1.0 mm thickness. Note that, the thickness of PET is
smaller than the theoretical depth resolution in Case 1 and
3, and a super-resolution property is required to decompose
the reflection responses from each layer. The THz lens are
scanned along the x-axis for 7.5 mm � x � 24.5 mm with an
equal spacing, where the number of total observation points
are 70. We employed the reflection responses from the metallic
plate as three different “reference signals” defined as s15 mm

ref (t),
s25 mm

ref (t)(t), and s31 mm
ref (t) for Case 1, 2, and 3, respectively,

which are illustrated in Fig. 4. The left column in Fig. 5
shows the measured raw data from THz-TDS for each case
and demonstrates that each layer could not be clearly separated
due to the lower depth resolution, especially in Cases 1 and 3.
On the contrary, Fig. 5 shows the outputs of the CS filter using
different reference signals. Note that, λ = 5 ×103 in (5) is set
at all cases. As shown in this figure, if a reference signal with
different depth is adapted, namely, off-diagonal components of
Fig. 5, there are unnecessary responses outside the actual layer
boundaries, which is caused by a range-sidelobe effect due to
a waveform mismatch between the reference and reflection
responses. On the other hand, if the reference signal is set to
that obtained at the corresponding depth, namely, on-diagonal
components of Fig. 5, the CS offers a super-resolution depth
profile by suppressing an unnecessary sidelobe. Note that, the

A ≡

⎛
⎜⎜⎜⎝

sref (K ), sref(K − 1), . . . , sref (0), 0, 0, . . . , 0,
0, sref (K ), . . . , sref(1), sref (0), 0, . . . , 0,

. . .

0, 0, . . . , 0, sref (K ), sref (K − 1), . . . , sref(0),

⎞
⎟⎟⎟⎠. (4)

Authorized licensed use limited to: UNIVERSITY OF ELECTRO COMMUNICATIONS. Downloaded on June 18,2025 at 09:30:06 UTC from IEEE Xplore.  Restrictions apply. 



6001105 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 19, 2022

Fig. 6. Reconstruction responses as a function of time. Black solid line:
Original profile [CS output at Case 2 with s25 mm

ref (t)]. Blue solid lines denote
raw data by THz-TDS. Red solid line denotes the CS output. (a) Case 1 with
s15 mm

ref (t). (b) Case 1 with s25 mm
ref (t). (c) Case 1 with s31 mm

ref (t). (d) Case 2 with
s15 mm

ref (t). (e) Case 2 with s25 mm
ref (t). (f) Case 2 with s31 mm

ref (t). (g) Case 3
with s15 mm

ref (t). (h) Case 3 with s25 mm
ref (t). (i) Case 3 with s31 mm

ref (t).

TABLE II

COMPARISONS FOR NRMSE AT EACH CASE USING DIFFERENT

REFERENCE SIGNALS USING λ = 5 × 103

depth amount in the vertical axis in Fig. 5 is calculated from
the time-of-flight using the relative permittivity of the vacuum,
that is, 1. Then, the measured thickness is larger than the
actual thickness of PET as 0.5 mm, however, using the relative
permittivity of PET as 2.779, the measured thickness of the
PET is estimated as 0.833 mm, which is almost identical to
those estimated in Fig. 5.

A quantitative error analysis is investigated as follows.
Here, we assume the original depth profile is given by the
output of CS with the on-focus experimental results using an
appropriate reference signal, namely, the result in Fig. 6(e),
Case 2 using the reference signal with 25 mm depth, s25 mm

ref (t)
This is because in this case, the theoretical range resolution is
smaller than the thickness of PET object, and the amplitude
ratio between first and second response is well reconstructed
in comparing the THz-TDS raw data as in Fig. 6(e). The
normalized root mean square error (NRMSE) is defined as

NRMSE =
√∫

t∈T |strue(t) − s̃(t)|2dt∫
t∈T |strue(t)|2dt

(6)

where strue(t) and s̃(t) denote the original and reconstructed
profile, respectively. T denotes the temporal range for the
assessment, which includes the original profile, but exclude an

Fig. 7. Reconstruction responses as a function of time, using different λ
at Case 1. Line types are same as in Fig. 6. (a)–(c) CS with s15 mm

ref (t).
(d)–(f) CS with s25 mm

ref (t). (g)–(i) CS with s31 mm
ref (t). (a) λ = 102. (b) λ = 103.

(c) λ = 104. (d) λ = 102. (e) λ = 103. (f) λ = 104. (g) λ = 102. (h) λ = 103.
(i) λ = 104.

Fig. 8. Reconstruction responses as a function of time, using different λ
at Case 3. Line types and columns are same as in Fig. 7. (a) λ = 102.
(b) λ = 103. (c) λ = 104. (d) λ = 102. (e) λ = 103. (f) λ = 104. (g) λ = 102.
(h) λ = 103. (i) λ = 104.

unnecessary temporal range, and in this case, the range of T
is set to 10 ps. The NRMSEs are summarized as Table II, and
it demonstrates that the appropriate reference signal provides
the most accurate reconstruction performance, namely, the
diagonal NRMSEs offer thelowest values in this table.

Finally, the parameter dependence for λ in the CS process
is assessed as follows. We investigated the four cases as
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TABLE III

COMPARISONS FOR NRMSE AT EACH CASE USING DIFFERENT
λ IN THE CS PROCESS IN EACH CASE

λ = 105, 104, 103, and 102. Figs. 7 and 8 show the recon-
struction examples in Case 1 and 3, using different reference
signals and λ in the CS process, and demonstrated that a larger
λ could suppress the unnecessary responses, while too large λ
incurs over-suppression of second responses, which does not
correspond to the strength ratio comparing the THz-TDS raw
data. In addition, a correct selection of reference signal would
offer the most accurate performance. Table III summarizes the
NRMSEs the quantitative error comparisons using different λ
and reference signals for each case. These results demonstrated
that there is a significant parameter dependence of λ in the
reconstruction performance, but an appropriate reference sig-
nal provides the most accurate reconstruction, which is a major
point in this study. There are some approaches for determining
an appropriate λ, such as investigating the curvature of the λ
characteristic curve, and then it is our future task to implement
the algorithm in this experimental data.

V. CONCLUSION

This study first revealed that there is a significant depth
dependence on the frequency bandwidth (i.e., the depth resolu-
tion) of reflection responses from the multilayered object. The
performance of CS-based super-resolution subsurface imaging
assuming THz-TDS measurements with a lens has a definitive
advantage of high angular resolution and signal strength by
optics focusing principle. To address the depth-dependence
problem, we have introduced the depth-dependent reference
signals in the CS reconstruction scheme. This enables us to
obtain the maximum performance from this super-resolution
technique by selecting an appropriate reference signal. Experi-
mental validation using THz-TDS measurements with or with-
out focusing has quantitatively demonstrated that an appropri-
ate selection of the reference signal can substantially enhance
the accuracy and depth resolution of subsurface imaging for
multilayer structural analysis. Furthermore, we quantitatively
investigated the parameter dependence of λ. To the best of
our knowledge, this study is the first to provide a solution that
retains the inherent depth resolution of CS decomposition by
using an appropriate selection of depth-dependent reference

signals. Note that multiple scattering between layers is not
considered in this study, and the incorporation of inverse scat-
tering methods is one of the most promising solutions and; it
is included in the scope of our future work. Nonetheless, there
are some promising applications that deal with low contrast
and nondispersive multilayered objects, such as nondestruc-
tive thickness measurements or quality control of translucent
multilayered plastic materials, as discussed in [13] and [14].
This study assumes that an appropriate reference signal can be
provided for each depth, but this also limits the applicability
of this method. Some blind deconvolution algorithms, such
as independent component analysis (ICA), may alleviate the
above requirements, by simultaneously estimating the mea-
surement matrix A in (3); that is, by providing an appropriate
reference signal. However, these methods require different
conditions such as statistical independence or orthogonality
among the decomposed signals. This problem will also be
addressed in our future work.
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