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This paper presents a method of restoring signals in terahertz spectroscopy by removing the
distortion from the observed terahertz signals. The distortion is generated by the absorption and
scattering of gas molecules and water vapor in the atmosphere during the transmission of terahertz
beams through the air from the source to the spectrometer. Such atmospheric degradation causes
spurious spectral dips and peaks in the terahertz spectrum, which often obscure the spectral peaks
specific to the material of interest. This fact makes it challenging to measure the terahertz
spectroscopic signatures of objects in a humid air environment, even at a short distance of
approximately 1 m. A terahertz signal restoration filter based on a nonlinear artificial neural network
model effectively removes noisy absorption peaks in terahertz spectra caused by atmospheric
degradation. © 2008 American Institute of Physics. �DOI: 10.1063/1.2931946�

I. INTRODUCTION

The terahertz region of the electromagnetic spectrum,
which lies between the microwave and the far infrared, has
recently attracted a great deal of attention.1–6 Since the typi-
cal frequencies of molecular motion of many chemicals of
interest are within the terahertz region, terahertz spectros-
copy can provide information that is unavailable in conven-
tional spectroscopy. In particular, terahertz spectroscopy has
great potential for detecting various chemical or biological
agents through the identification of unique spectral absorp-
tion patterns of the material, often in the frequency range of
0.1–3.5 THz. In addition, terahertz beams can penetrate most
nonmetallic materials, such as paper, textiles, and wood pan-
els. Terahertz radiation does not cause harmful ionization
effects unlike x rays or �-rays because of their low photon
energy. Such advantages have greatly promoted terahertz
technology for the detection of concealed weapons or explo-
sives, with no health and damage concerns for both operators
and targets.5–7 Despite these advantages, however, terahertz
spectroscopy in real-world applications has not yet been re-
alized, partly due to technical challenges such as rapid at-
tenuation of terahertz signals in the atmosphere and spurious
peaks in the spectra produced mainly by water vapor, oxy-
gen, and carbon dioxide. These molecules create several ab-
sorption bands or frequency bands of high attenuation. The
atmospheric degradation of the terahertz signal makes it dif-
ficult to identify material-specific signatures in the terahertz
spectra.

Signal restoration8 refers to a deconvolution process to
recover the original signal from the observed signal distorted
by a degradation process and the noise in the transmission
path. The objective of terahertz signal restoration is to re-
move the effects of atmospheric degradation from spectro-
scopic measurements. Terahertz signal restoration is particu-
larly important when the measurement is to be made to

identify an object from a distance in humid open air. Many
signal restoration schemes assume that the system function
of the degradation process is known or estimated by linear,
time-invariant models whose parameters can be found using
a set of observed input-output data. The identification pro-
cess then selects a model structure, computes the best model
in the structure based on the information in the data, and
evaluates the properties of the model. Since atmospheric
degradation of terahertz radiation is highly nonlinear and
time varying in nature, the dynamic characteristics of an un-
derlying atmospheric degradation process require a nonlin-
ear, adaptive estimation model.

This paper presents a signal restoration technique based
on an artificial neural network model to remove spurious
peaks in the terahertz spectra degraded by the atmosphere.
Artificial neural networks,9 inspired by the ability of the hu-
man brain to learn from observations and to generalize by
abstraction, offer a model-free approximation of highly com-
plex input-output characteristics of an underlying atmo-
spheric degradation process. Neural networks are trained to
learn any arbitrary, nonlinear input-output relationship from
a set of training data. It has been proven that multilayer
feed-forward artificial neural networks with one hidden layer
can approximate any multivariable function to any desired
degree of accuracy.10 The training process involves adjust-
ment of the network internal connections or weights in order
to minimize the estimation error over a set of examples.
Trained neural networks are used as signal restoration filters
to restore terahertz signals from atmospheric degradation.

II. TERAHERTZ SPECTROSCOPY

Our time-domain terahertz spectrometer consists of a
femtosecond laser, a photoconductive terahertz wave emitter,
and an electro-optic �EO� detector.1,4,11–14 Figure 1 shows an
optical layout of the spectrometer used in this experiment,
which is adopted from the technique of Wu et al.11 The laser
source is a compact mode-locked fiber laser �IMRA femtolitea�Electronic mail: skong@temple.edu.
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780� that emits approximately 100 fs laser pulses with a
center wavelength of 780 nm, a repetition rate of 48 MHz,
and an average power of 30 mW. The terahertz emitter is a
photoconductive switch fabricated on a low-temperature-
grown GaAs chip and modulated by the amplified reference
signal of a lock-in amplifier. The modulation amplitude and
frequency are typically 200 V and 9.5 kHz, respectively. The
average power of our terahertz beam is estimated to be about
a few microwatts. The terahertz pulses, generated by the
emitter, are focused onto a sample by a pair of off-axis para-
bolic mirrors. The terahertz beams, transmitted through or
reflected by the sample, are then sent to an EO detector by
another pair of parabolic mirrors. The terahertz path length
from the terahertz emitter to the ZnTe EO crystal is about 1
m. The EO detector consists of a ZnTe crystal, a quarter
wave plate, a Wollaston prism, and a pair of photodiodes.11

The probe beam, aligned by a pellicle beam splitter, travels
collinearly with the terahertz beam through the ZnTe EO
crystal. Due to the EO effect of the ZnTe crystal, the tera-
hertz field results in a polarization change of the probe beam
while it travels through the ZnTe crystal. The Wollaston
prism separates the vertical-polarization and horizontal-
polarization components of the probe beam. These vertical
and horizontal components are sent to the photodetector pair,
which produces the differential photocurrents. Since the po-
larization of the probe beam is initially set to 45°, the vertical
and horizontal components are the same when the terahertz
field is zero. Hence, there is no differential photocurrent. The
difference between the electric currents from the photodiode
pair is measured by a digital signal processing �DSP� lock-in
amplifier �Stanford Research Systems SR-830� and a desktop
computer.

III. MODELING OF THE TERAHERTZ
SIGNAL-DEGRADATION PROCESS

A. Terahertz signal degradation by atmospheric
attenuation and scattering

Terahertz beams traveling through the ambient atmo-
sphere are absorbed and scattered by the molecules of atmo-
spheric gases as well as pollutants. The degree of absorption
and scattering depends on the size, shape, and dielectric con-
stant of the atmospheric gases. The absorption and scattering
rates vary as a function of the frequency of the electromag-
netic beam.15 In addition, the rotational motions of most

molecules resonate at terahertz frequencies, which result in
well-defined absorption spectra. Atmospheric constituents,
such as oxygen, water vapor, and carbon dioxide, interact
with terahertz signals. They not only attenuate the signal, but
they also generate a number of absorption lines within the
terahertz frequency band.2,3 Such effects are observed in our
experimental results. Figure 2�a� shows time-domain wave-
forms of our terahertz signals measured at room temperature
of 65 °F in two humidity conditions: a low-humidity setting
at approximately 5% relative humidity �RH� and an open-air

FIG. 1. �Color online� A schematic diagram of the
time-domain terahertz spectrometer.

FIG. 2. �Color online� The effects of atmospheric degradation in terahertz
spectroscopy signals: �a� time waveforms and �b� Fourier spectra.
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environment at 60% RH. A low-humidity environment was
created by filling the measurement chamber of the terahertz
spectrometer with dry nitrogen �N2� gas. While terahertz
time-domain waveforms measured in dry nitrogen gas show
a smooth tail after exhibiting a few sharp peaks in the spec-
trum, the waveform measured in the open-air environment
reveals an attenuated main peak with a slight time delay and
strong fluctuations in the tail, indicating signal attenuation
and interference by water and air molecules. Indeed, as
shown in Fig. 2�b�, the terahertz signal taken in a dry nitro-
gen environment reveals a smooth spectrum, whereas the
Fourier spectrum of the signal obtained in an open-air envi-
ronment exhibits several strong absorption bands, such as
those at 1.1 and 1.7 THz, which are indicative of water vapor
absorption. In order to obtain clean, undistorted spectra, tera-
hertz spectroscopic measurements must be carried out in
low-humidity environments. The measurements in the field,
however, are compromised by the environmental conditions.

B. Modeling of the atmospheric degradation
process

The observed signal in terahertz spectroscopic measure-
ments can be modeled as the output of an atmospheric deg-
radation process in the presence of external noise for an input
signal generated from a terahertz emitter. Let the atmo-
spheric degradation process be a nonlinear system with a
characteristic function H. Then, the observed terahertz signal
can be represented by the model

u�t� = H�r�t�� + ��t� , �1�

where u�t� denotes the observed degraded terahertz signal,
r�t� is the original undistorted terahertz signal, and ��t� de-
notes the additive external noise, which is assumed to be
zero mean and white Gaussian. Figure 3 shows a restoration
process of terahertz signals from atmospheric degradation.

A signal restoration filter G takes the degraded signal
u�t� as an input and produces an output x�t� that closely
approximates the original signal r�t�,

x�t� = G�u�t�� . �2�

Many signal restoration schemes assume that the degradation
process H is known or estimated by a linear time-invariant
model. Then, an approach to recover the signal r�t� is to find
the inverse operator such that

x�t� = H−1�u�t�� . �3�

In terahertz spectroscopic measurement, since the atmo-
spheric degradation process is highly nonlinear and complex,
closed-form mathematical models for such an inverse pro-
cess may not be readily available. Even if the inverse of the
degradation process can be approximated, the result of signal
restoration will not be satisfactory due to the noise. Alterna-

tively, one can develop parametrized nonlinear network mod-
els for characterizing the input-output relationship of an at-
mospheric degradation process.

The objective of terahertz signal restoration is to find a
restored signal x�t� that is a faithful reproduction of the origi-
nal signal r�t� measured in low-humidity conditions. In this
paper, the absorbance is used as a metric to determine if the
restored signal x�t� is sufficiently close to the reference sig-
nal r�t� measured in a low-humidity condition. The absor-
bance of a signal x�t� with respect to a reference signal can
be defined as

Absorbance = − log10�Asample
2

Aref
2 � , �4�

where Asample and Aref denote the magnitude Fourier spectra
of the sample and the reference signal, respectively.

IV. TERAHERTZ SIGNAL RESTORATION USING
ARTIFICIAL NEURAL NETWORKS

Terahertz signal restoration filters can be made by em-
ploying parametrized nonlinear models, such as artificial
neural networks. Artificial neural networks offer a model-
free approach to the estimation of input-output characteris-
tics of underlying nonlinear systems. Instead of theoretical
analysis and development for a new model, the neural net-
work tailors itself to the training data. The purpose of neural
network modeling is to develop a parametrized nonlinear
model,

x = fNN�u,w� , �5�

that characterizes an unknown restoration process G� �
through a set of observed input-output data pairs. The tera-
hertz signal restoration filter finds an undistorted signal x�t�
from the degraded signal u�t�. Here, u denotes a vector of an
input signal and w is a parameter vector of the internal con-
nections of the network. In this paper, a multilayer feedfor-
ward neural network model16 is used as a terahertz signal
restoration filter, with an input layer of �2m+1� nodes and a
single output node in the output layer. An input vector u
consists of �2m+1� delay-line elements of an input terahertz
signal in a noncausal fashion,

u = �u�t − mI�, . . . ,u�t�, . . . ,u�t + mI��T, �6�

where I denotes the interval between adjacent discrete data
samples. The neural network was trained to determine the
terahertz signal restoration filter characteristic function G� �
from training data pairs �u j ,dj�, where dj denotes the desired
output for a given input u j. The output of each layer is com-
puted by a nonlinear activation function of a weighted sum
of inputs from the previous layer,

yj�t� = g� �
k=−m

m

wjku�t − kI� + wj0� , �7�

where g denotes a nonlinear activation function, such as
logistic-sigmoid and radial-basis functions. The output neu-
ron has a linear activation function.

The training process of a neural network involves the
adjustment of internal connections or weights of the network

FIG. 3. �Color online� Restoration process for degraded terahertz signals.
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to minimize the estimation error over a set of training
samples. If the training data for a neural network are general
enough, spanning the entire ranges of process parameters, the
resulting model will capture the complexity of the process,
including nonlinearities and parameter cross couplings over
the same ranges. The network can be refined at any time with
the addition of new training data. Figure 4 shows the training
process of the restoration filter based on a multilayer feed-
forward neural network model using the back-propagation
algorithm. The back-propagation training algorithm, based
on a gradient descent search, determines the parameters of a
multilayer feed-forward neural network model by minimiz-
ing the sum of errors E�w� between the desired output and
the actual output,

E�w� =
1

2�
j

�dj − yj�2. �8�

Here, yj denotes the actual neural network output and dj is
the corresponding desired output. The connection weights
preceding each output node are updated according to

wij�t + 1� = wij�t� + �� jui, �9�

where � is a correction gain and � j is the correction factor
computed from the derivative of the sum of errors E�w�.
Small values of correction gain result in slow training con-
vergence speed, while large correction gain values increase
convergence speed but with possible convergence instability.
The network repeats the calculation of output values for all
the input data in the training data set, compares them to the
desired output values, and readjusts the network parameters
of the back-propagation learning algorithm. This iterative
tuning cycle is repeated until a calculated output converges
sufficiently close to the desired output or until an iteration
limit is reached. With large error tolerance, the network
yields inaccurate network mappings, while with small error
tolerance, the network requires considerably more training
iterations. In network weight adjustment, the error measure
tends to decrease as the network is refined by training itera-
tions. The trained network is evaluated using the data that
have not been used for training.

V. EXPERIMENTAL RESULTS

Several terahertz spectroscopic measurements were
made in two different conditions: a low-humidity environ-
ment filled with dry nitrogen gas at �5% RH and an open-

air environment at �60% RH. From these measurements, we
selected 42 data sets of which we used randomly selected 31
data sets for training the signal restoration filter. The remain-
ing 11 data sets were fed into the trained networks for evalu-
ation. In Fig. 5�a�, we compare three sets of time-domain
data: �1� the dashed line represents the data measured in a
dry nitrogen environment, �2� the dotted line represents the
data in an open-air environment, and �3� the solid line rep-
resents the open-air data restored by our signal processing
filter. Our signal restoration technique effectively removes
the ringing fluctuation associated with water absorption. The
restored data appear to be smooth and clean, similar to the
data measured in low-humidity conditions. Most of the fluc-
tuations due to water absorption are removed from the time-
domain waveform, while the attenuation and time delay of
the main peak remain the same. However, signal attenuation
and time delay do not affect the location of the material-
specific spectral peaks. This signal restoration technique sat-
isfies our initial purpose, which is to discern the characteris-
tic spectra of the object in terahertz spectroscopic
measurements in humid atmosphere. The signal restoration
effect becomes obvious in the Fourier transformed spectra.
In Fig. 5�b�, the solid line indicates the magnitude spectrum
of the restored signal from atmospheric degradation, which

FIG. 4. �Color online� Training of the terahertz restoration filter based on
artificial neural networks.

FIG. 5. �Color online� Restoration of terahertz signals degraded by atmo-
spheric propagation: �a� time waveforms and �b� Fourier spectra
magnitudes.
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tends to show noticeable absorption bands. The restored sig-
nal shows no noticeable absorption bands and appears to be
very similar to the data measured in dry nitrogen environ-
ments, except for an abrupt drop in intensity at around 1.7
THz.

Next, we tested the restoration filter for the restoration of
terahertz signals measured from a chemical substance in the
humid air. We measured the spectrum of a dinitrotoluene
�DNT� sample, a surrogate explosive material, in dry nitro-
gen and open-air environments. The DNT sample was pre-
pared in the form of a circular pellet with 25.4 mm diameter
and 2.98 mm thickness. The terahertz beam that was focused
on the sample was approximately 2 mm in diameter. Figure 6
shows typical time-domain waveforms and Fourier spectra of
the reference terahertz signals measured in a dry nitrogen
environment. Figure 7 shows similar measurements of the
same DNT sample in an open-air environment. A number of
signal fluctuations at higher frequencies in the time-domain
data are observed. The Fourier spectra show many spectral
dips due to the absorption of water vapor in the terahertz
range.

Figure 8 shows the absorption spectra of DNT in low-
humidity and open-air conditions at 60% RH. The absorption
spectrum of the DNT signal measured in the air contains

many spurious spectral peaks in the 1–3 THz region. There-
fore, a unique spectral peak at �2.6 THz was obscured.

A multilayer neural network model is composed of an
input layer, two hidden layers, and an output layer. The two
hidden layers have 20 and 10 nodes, respectively. The num-
ber of input nodes is 7 �m=3�, and the data interval is chosen
to be I=3. Figure 9 demonstrates the performance of the

FIG. 6. �Color online� Terahertz signals of background air and a DNT
sample measured in low-humidity conditions: �a� time waveforms and �b�
Fourier spectra.

FIG. 7. �Color online� Terahertz signals of the background air and a DNT
pellet, measured in an open–air environment at 60% humidity: �a� time
waveforms and �b� Fourier spectra.

FIG. 8. �Color online� Absorption spectra of DNT measured at low-
humidity and humid open-air conditions.
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terahertz restoration filter. The spectrum of the DNT signal
measured in the atmosphere of 60% RH is sufficiently close
to that of the reference DNT signal over the frequency range
of 0.1–3.0 THz. Most spurious spectral peaks were removed
from the spectrum of the restored signal.

VI. CONCLUSION

Terahertz spectroscopy promises an innovative sensing
technique that conventional spectroscopy may not offer since
the typical frequencies corresponding to the molecular mo-
tion of many chemicals of interest are within the terahertz
region. Terahertz beams can penetrate most nonmetallic ma-
terials and do not cause harmful ionization effects. However,
real-world applications of terahertz spectroscopy have been
limited by technical challenges, such as rapid attenuation of
terahertz signals in the atmosphere and spurious peaks in the
spectra produced mainly by water molecules, oxygen, and
carbon dioxide. These molecules create several frequency
bands of high attenuation in the terahertz range. Signal deg-
radation by the atmosphere makes it difficult to identify
unique terahertz spectral signatures of the materials even at a
short distance in a humid open-air environment. In our ex-
periments, the terahertz path length was about 1 m long and
the terahertz spectra were corrupted considerably even at
60% RH, which made it difficult to discern the characteristic
peaks of a target material such as DNT. Our signal restora-
tion technique removed the noise, restored the corrupted
spectra, and produced discernible spectra. The signal resto-

ration method presented in this paper offers a cost-effective
way of solving the spectral corruption problem. Experiments
with DNT show that the terahertz signal restoration filter
based on multilayer neural networks effectively removes
spurious peaks in the terahertz spectra caused by atmospheric
degradation. The spectral peaks of the restored signal are
consistent with the ideal spectrum of DNT measured in low-
humidity conditions. Our signal restoration technique in-
creases the signal-to-noise ratio by removing the ringing
fluctuation due to water absorption in the atmosphere. The
restored spectral peaks are free from the noise and are com-
parable to those measured in low-humidity conditions. The
current limitation in the sensing range of a terahertz spec-
trometer may not exceed a few tens of meters, even with
employing a relatively strong terahertz source that can pro-
duce a terahertz beam of a hundred microwatts. Further de-
velopment of this signal restoration technique, along with
reasonably strong terahertz sources, is expected to extend the
sensing range of a terahertz spectrometer to over a hundred
meters.
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