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Abstract

Signal processing techniques may be used to improve the speed, resolution and noise robustness of pulsed terahertz (T-ray) imaging
systems. Such systems have a wide range of applications and much recent interest has focussed on several promising biomedical fields. There
are a number of significant challenges to be overcome before a commercial biomedical terahertz system can be realised. Recent research is
focussed on the implementation of a high speed, compact and portable T-ray imaging system. This system will draw heavily on MOEMS
technology. One of the major stages in the development of such a system is the design of efficient software algorithms to perform signal
recognition and imaging operations in real time.

This paper considers a number of signal processing techniques suitable for de-noising and extracting information from the data obtained in
a terahertz pulse imaging system. Two main de-noising techniques are considered. Wavelet de-noising and Wiener deconvolution algorithms
are applied to the terahertz responses of biological samples including Spanish Serrano ham and an oak leaf. © 2001 Elsevier Science Ltd. All
rights reserved.
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1. Introduction

Signal processing for pulsed terahertz systems is a
relatively unexplored field that promises to make a signifi-
cant contribution to the speed and accuracy of modern T-ray
systems. This paper explores a number of different signal
processing methods applied to the data recorded from an all-
optical terahertz pulse imaging system. The different
approaches are compared both theoretically and practically
and their relative benefits discussed.

Terahertz radiation has a number of unique characteris-
tics, which give rise to a large number of potential applica-
tions in very diverse fields. Non-polar, dry substances, such
as cardboard and plastics, are transparent to terahertz
radiation; T-rays can therefore be used for integrated circuit
and packaging inspection and quality control [1]. Water and
other polar liquids absorb strongly, thus opening applica-
tions in moisture analysis [2]. Many molecules have
characteristic rotational spectra in the terahertz regime and
T-ray systems have been used for gas sensing and analysis
[3]. Terahertz radiation also has significant advantages for
imaging applications, especially biomedical imaging.
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Historically biomedical imaging has relied on visible
imaging and microwave (RF) imaging. Visible imaging is
limited by Rayleigh scattering, which is inversely propor-
tional to the fourth power of the wavelength. This scattering
causes attenuation and blurring of the image [4]. Microwave
imaging operates at much longer wavelengths but is limited
to resolutions of the order of 1 cm. Terahertz radiation
represents an ideal trade-off. Its wavelength is long enough
to prevent drastic Rayleigh scattering yet short enough to
retain submillimetre resolution. As an added advantage
terahertz radiation is non-ionising and thus represents a
totally non-invasive diagnostic technique [5].

Modern terahertz systems suffer limitations in terms of
resolution, accuracy and speed. Much current research is
focussed on overcoming these obstacles by improving the
system hardware. This paper describes research aiming to
address these issues from a different perspective — through
the use of digital signal processing.

There are several sources of noise in terahertz systems,
due to both systematic and random errors. One method to
reduce errors due to noise is to average subsequent measure-
ments for the same sample, however this drastically
increases the time required to perform the measurement.
Signal processing potentially offers an improved solution
to the noise problem.

Wavelets are of critical interest in this research as they
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possess a range of extremely attractive properties for this
application. This paper includes an evaluation of the quality
of wavelet de-noising of terahertz waveforms and a compar-
ison of the different wavelet bases with respect to the bio-
sensor application.

Another significant source of errors and ambiguity in
terahertz systems is the system hardware itself. The signal
obtained for a sample is a result of the far-infrared proper-
ties of the sample (which are of critical interest) and the
properties and non-idealities of the system itself, these
include electrical and optical reflections for system compo-
nents and numerous other effects [6]. In order to accurately
analyse the results it is vital that the sample signal charac-
teristics be isolated from the system characteristics. This is
generally performed by the process of deconvolution. The
standard deconvolution process is extremely sensitive to noise
and can result in considerable errors when noise is present.
Improved methods of deconvolution, which can optimally
deconvolve a noisy signal, are a major subject of this paper.

This paper describes the software algorithms under
development for a T-ray imaging system. Section 2 provides
an overview of the hardware, the sources and characteristics
of noise in the system and the current state of the art in
signal processing for such systems. Section 4 defines the
signal processing problem from a mathematical view point
to formalise the setting for the following discussion. Section
5 discusses the application of wavelet de-noising to the
problem and addresses the question of choosing an ideal
wavelet family to maximise the performance of the
de-noising algorithm. Section 6 considers the problem of
deconvolving the T-ray data. It presents the formulation of
an ideal filter (in the sense of the mean square error) to
deconvolve the sample response in the presence of noise.
The deconvolution problem is addressed in the frequency
domain, by the means of the Wiener filter. The penultimate
section, Section 7 gives a visual comparison of the effects of
the processing algorithms, and finally Section 8 summarises
this work and presents an overview of the future work
planned in this developing field.

2. Modern T-ray systems

The technique of terahertz pulse imaging has been used
for over 10 yr [7] in a wide range of applications, from
measuring optical constants of semi-conductors [8], gas
sensing [9] to moisture analysis [2] and beyond [5]. It is a
powerful technique with enormous potential [10]. Its
potential is a result of several characteristics that distinguish
it from competing technologies. These include the unique
properties displayed by many substances in the terahertz
frequency range, the broadband nature of the emitted
radiation and the coherent detection technique, which
allows amplitude, and phase information to be obtained.

Terahertz systems have been proposed for a number of
biomedical applications including the detection of tooth

cavities [11], and burn severity diagnosis [5]. One of the
most potentially significant biomedical applications is in the
detection of skin cancers such as malignant melanoma and
basal cell carcinoma. The incidence of these cancers
continues to escalate and in the advanced stages there is
no curative therapy available [12], early detection is there-
fore of prime importance. Currently most dermatologists
rely on a visual assessment of the patient for diagnosis.
This diagnosis is not straightforward and results in a large
number of cases being treated inappropriately or
inadequately. Hence, there is considerable interest in the
development of a non-invasive technique to improve
clinician’s diagnostic accuracy. Recently researchers have
investigated the use of white light reflectance spectroscopy
for this purpose [13]. They have found significant
differences in the spectra for malignant and benign lesions,
which would allow automated diagnosis. These studies have
focussed on calculating metrics such as the tissue haemo-
globin concentration, water concentration and haemoglobin
oxygen saturation [14]. A similar system based on the
principle of terahertz time-domain spectroscopy has the
potential to perform the same task with the added advantages
of reduced Rayleigh scattering and finer frequency resolution.
We present experimental results analysing biological samples
with terahertz radiation. Ideally this system will be implemen-
ted using MOEMSs technology to allow a portable system to be
developed and research is being conducted in this field [15].

It is only recently that attention has been given to improv-
ing the performance of T-ray systems through the use of
signal processing techniques. The major goal of most
experiments involves the determination of the complex,
frequency-dependent refractive index of the substance
under test. In the vast majority of cases, this has been calcu-
lated using the following simple procedure. The time-
domain terahertz pulse is measured using the system
shown in Fig. 1 without a sample in place. This signal is
referred to as the system response. The sample is then added
to the system and the terahertz pulse measured again. The
Fourier transforms of these two signals are found and then
the ratio of the transforms yields the complex transmission
coefficient of the sample as a function of frequency [16,17].
Taking the ratio in the frequency domain performs the
deconvolution of the signal and serves to isolate the sample
dependent characteristics. Subsequent processing is then
application dependent. For dielectric and semiconductor
characterisation the refractive index can be derived from
the transmission coefficients [18], whereas for gas sensing
applications the transmission frequency response is
analysed to identify absorption spectra corresponding to
specific molecular resonances. Signal processing techniques
such as linear predictive coding (LPC) have been employed
to improve the sensitivity in gas sensing and chemical
recognition applications [6,9].

One of the significant problems posed by the above
processing is the inherent noisiness of the deconvolution
process. The simple ratio deconvolution amplifies any
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Fig. 1. Simplified hardware schematic used for terahertz time-domain spectroscopy.

high frequency noise in the signal [19]. One method of
countering this problem is through the application of a
pre-processing filter. Wavelet de-noising filters have been
suggested due to their pulse-like nature [6,20]. Another
approach to this problem is the Wiener filter [6] which
performs system deconvolution and also performs optimal
noise cancellation in the mean-square error sense. Both of
these ideas are analysed in this paper.

Fig. 1 provides a simplified schematic of the hardware
used for terahertz pulse imaging. This system has been
described many times in the literature [7,21,22], however,
a brief overview is warranted here to identify the major
components and the potential sources of noise.

The basic system components consist of a femtosecond
laser, a variable delay line, an optically gated THz transmit-
ter and detector and an analogue to digital converter. The
THz transmitter emits an oscillatory pulse of broad band-
width radiation with the bulk of the power between
500 GHz and 2 THz. This pulse is then transmitted through
the sample under test and detected using the gated THz
detector. By analysing the detected pulse with and without
the sample in place the far infrared response of the sample
can be determined. An example of the detected pulse with-
out a sample in place is shown in Fig. 5a. The insertion of an
oak leaf sample results in a slight attenuation and phase
delay of the pulse as seen in Fig. 5b. A lock-in amplifier
(LTA) may be used to digitise the signal and provides a
significant improvement in signal to noise ratio. In one
particular example the LIA provided an increase in SNR
of up to 100 times at the expense of acquisition speed
[22]. Fig. 2 shows the effect of the LIA time constant on
the measurement noise by presenting the response of an
Australian $100 note measured with two different time
constants. The improvement in SNR with increasing LIA
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Fig. 2. Terahertz responses of an Australian $100 note obtained with differ-
ent LIA time constants. (a) was measured with a short time constant of
1 ms. (b) was measured with a time constant of 100 ms. The pixel shown
corresponds to the ink of the O digit in the upper right corner of the note.
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time constant is evident. Fig. 3 shows an optical image of
the $100 note used to generate the two responses.

Fig. 3. Standard optical image of an Australian $100 note.

There are a large number of noise sources in terahertz
systems. The relative intensity of these sources varies
depending upon the particular set up and sample under
test, but it is generally found that the emitter noise domi-
nates all other noise contributions. This noise is a result of
random intensity fluctuations in the ultrafast laser and has
been quite extensively studied [23,24]. Other major sources
of random error are Johnson and shot noise in the THz
detector [25] as well as thermal background radiation in the
THz regime. The coherent nature of T-ray systems allow them
to achieve impressive performance despite very high relative
noise magnitudes. The noise is incoherent and adds randomly

y-axis{mm)
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Fig. 4. Raw image of an insect on an oak leaf obtained by terahertz time-
domain spectroscopy. The image is produced by taking the Fourier trans-
form of the response for each pixel and plotting the maximum of the Fourier
coefficients.
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Fig. 5. Sampled terahertz pulses after transmission through various
substances: (a) air, (b) oak leaf, and (c) an insect.

for successive gating pulses while the signal is coherent and
scales linearly with the number of gating pulses [7].

In addition to these random errors there are several poten-
tial systematic errors in the system. These include parasitic
reflections of the THz beam from system components, phase
errors due to delay line misalignment and absorption and
dispersion of water vapour [3].

To investigate the relative benefits of different signal
processing methods a standard set of real T-ray data was
used. It consists of a 100 X 100 pixel image of an oak leaf
with an insect sitting on the side of the leaf as shown in
Fig. 4. The image has a spatial resolution of approximately
I mm. For each pixel the time response of the terahertz
pulse was recorded over 12ps (107'%s) at an effective
sample rate of 25 terasamples/s. Examples of these
responses for each of the three distinct media (leaf, insect
and free air) are shown in Fig. 5.

3. Definitions and notation

The signals considered here, f(k), k €0,...,N — 1, are
real-valued, finite, discrete-time functions defined on R
The inner product of two sequences f and g is written

N-1
(f.9)= > flgk). (1
k=0
The dyadic, discrete wavelet transform of a sequence f
with respect to the mother wavelet ¢ is given by

N-—1 _ m
d,' = WJ(m,n) = # Z f(k)ll’(%) = <f» ¢’m,n>'
k=0

@)

The Fourier transform of a sequence f(k) is denoted by
F(w) and is given by

N-1 )
F(w)= ) flk)e '™ 3)
k=0

The discrete convolution between two sequences f and g
is the sequence f * g given by

N-1
(f*o) = Z flkg(l — k). 4
k=0

4. Problem definition

We consider the problem of determining the complex,
frequency-dependent transmission coefficients for a given
sample, whether that be a gas, a semiconductor, a leaf or
human tissue. Fig. 6 shows the system and signals we are
considering.

Let x(k) be the measured terahertz response for free air
pixel, i

x(k) = f(k) + n;(k),

where f(k) is the input signal generated by the terahertz
emitter and »,(k) is Gaussian white noise.

Similarly let y(k) be the terahertz response obtained for a
pixel, j, containing the sample under test

y(k) # g(k) + ni(k), k=0,...,N—1, (6)
where g(k) the output of the unknown system when f(k) is

applied and n;(k) is Gaussian white noise. Then we model
the response of the sample as a linear, time-invariant system

k=0,.,N—1, 5)

gk) = f(k) = h(k), @)
y(k) = f(k) * h(k) + n;(k), ®)
yk) == (x(k) — n;(k)) * h(k) + n;(k), €)

where h(k) is the impulse response of the sample under test.

The goal then is to design an algorithm to optimally
determine h(k) and H(w) of the sample in the mean square
error sense, given the noisy measured signals x(k) and y(k).
It should be noted that this analysis is a simplification of the
problem to aid tractability. In practice the measured sample
response is determined by the non-linear responses of the
sample, the THz emitter and the detector.

5. Wavelet de-noising
5.1. General wavelet theory

If f(k) and g(k) can be estimated from the noisy observa-
tions the problem can be simply solved from Eq. (7). Wave-
let de-noising represents a promising method in this regard.
The theory of the wavelet transform has existed for many
years in a number of forms. In the late 1980s Stéphane
Mallat unified the various theories and coined the term:
‘the Wavelet Representation’ [26]. Since then wavelets
have found application in a wide range of fields as a result
of their attractive and efficient properties.

Discrete wavelet methods are extremely efficient and
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Fig. 6. Block diagram illustrating the elements necessary to define the problem. (a) shows the cases where the sample is not present, (b) shows the case when

the sample is included.

computationally inexpensive. The fast discrete wavelet
transform (DWT) allows wavelet coefficients to be calcu-
lated with a computational complexity of Q(N).

Wavelets have been shown to be particularly useful in the
analysis of non-stationary signals and in image processing.
This is because the wavelets, which form the basis functions
for the transform, are localised in both time and frequency.
This is in contrast to the Fourier transform, which uses
infinite sinusoids as the basis functions.

The time—frequency localisation of the wavelet basis
functions make the wavelet transform a more efficient
representation of pulsed functions such as terahertz pulses.
This allows for more effective de-noising, compression and
statistical estimation than Fourier analysis. In fact, it has
been shown that wavelet bases are optimal for representing
functions containing singularities [27]. The goal of the
wavelet transform in our context is to allow the measured
signal to be separated into coherent structure and incoherent
noise.

Wavelet shrinkage de-noising is widely used for this
purpose. Donoho [28] defined the process of soft threshold-
ing in the wavelet domain and proved that it was optimal in
the mean square error sense. Soft thresholding is performed
via the following procedure:

1. Determine the wavelet coefficients, d;, by taking the
wavelet transform (Eq. (2)).
2. Calculate the threshold value, T

T = 0y/2 log.N (10)

where o is the noise level and N is the number of
samples.

3. Threshold the wavelet coefficients by moving them all
towards zero by the threshold amount

d—T ifd=T
di=1d+T ifd=-T (11)
0 iflgl<T

4. Perform the inverse wavelet transform to recover the
time domain signal.

More advanced algorithms have been proposed for
de-noising and signal analysis. These include wavelet

packets [29], matching pursuits [30] and many others.
However, this study focuses solely on the simple de-noising
procedure outlined above.

Mittleman [6] first suggested the use of the wavelet
transform for terahertz processing and showed that the
wavelet transform is an efficient representation of the THz
pulses. This paper examines this idea in detail and quantifies
the benefits offered by the wavelet de-noising technique.

5.2. Choosing a wavelet family

A large number of wavelet bases have been developed for
different applications. Some examples of these wavelets are
shown in Fig. 7. Fig. 8 shows the wavelet coefficients for the
leaf T-ray response when decomposed using the example
wavelet bases. These wavelets each exhibit different proper-
ties and the following discussion addresses the question of
determining the ideal mother wavelet for representing and
de-noising the T-ray data shown in Fig. 5.

The goal of wavelet de-noising is to approximate the
noiseless function with as few non-zero wavelet coefficients
as possible. The wavelet family ¢ should therefore be
chosen to produce a maximum number of wavelet coeffi-
cients that are close to zero. The main properties of the
wavelet that will affect this are its regularity, the number
of vanishing moments and the compactness of its support
[31].
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Fig. 7. Examples of different wavelet basis functions, i: (a) Daubechies
(order 12), (b) Symlet (order 12), (c) Meyer, and (d) Haar (Daubechies
order 1).
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Fig. 8. Example of wavelet coefficients for a T-ray response using different
wavelet basis functions: (a) Daubechies order 12, (b) Symlet order 12,
(c) Meyer, and (d) Haar (Daubechies order 1).

A wavelet ¢ has p vanishing moments if

+ 00
J t“p(ndt=0  for0 =k <p. (12)
Thus ¢ is orthogonal to any polynomial of degree p — 1.
If the signal to be transformed, f, is regular and can be
approximated over a small interval by a Taylor polynomial
of degree k and if k < p, then the wavelet is orthogonal to
this polynomial and the wavelet coefficients will be small
for fine scales (high-resolution), thus for smooth functions a
wavelet with a higher number of vanishing moments will
represent the function with fewer large coefficients.

The size of support of a wavelet ¢ refers to the range over
which ¢ has non-zero values, that is, it is a measure of the
temporal localisation of the wavelet. The wider the support
of the wavelet the more large amplitude coefficients are
generated by peaks in the input signal f, this is a particular
problem if the signal has many isolated singularities.

To reduce the number of large amplitude coefficients we
must reduce the support size and increase the number of
vanishing moments of . However, it can be shown [31]
that if s has p vanishing moments then its support is at least
2p — 1. Therefore some trade off must be made. Daubechies
wavelets are optimal in this regard as they offer the
minimum support for a given number of vanishing moments
[32].

The regularity of ¢ has a limited effect on thresholding
efficiency. Its main importance is in the field of image
processing where irregular wavelets can result in obvious
discontinuous artefacts in the processed image. Other
properties that distinguish between wavelets are their
symmetry and orthogonality.

We limit this investigation to orthogonal, dyadic wavelet
transforms due to the very fast algorithms available for their
calculation, however many applications such as speech
processing require non-dyadic wavelet processing to
accurately represent subtle changes in scale and delay

[33]. Non-dyadic wavelet processing techniques, such as
the Over-Complete Wavelet Transform, represents an
open area for future research.

5.3. Experimental determination of the optimal wavelet

Experiments were performed to determine which wavelet
performed best in de-noising noisy T-ray data. Three typical
THz pulses were considered corresponding to a pixel within
each of the distinct media shown in Fig. 4, the free air, the
oak leaf and the insect. The following experimental
procedure was then adopted:

1. White, Gaussian noise was added to the THz pulses such
that the signal to noise ratio (SNR) was 3 dB.

2. The soft wavelet de-noising procedure described in
Section 5.1 was applied to the noisy pulse using a
given wavelet, .

3. The resultant SNR was measured by comparing the
de-noised pulse with the original pulse. The SNR was
calculated using the following formula

N-1

> ak)?

SNR(dB) = 10 log| —=° , (13)
> lat) = b1
k=0

where a(k) was the original terahertz signal and b(k) was
the final signal after noise has been added and wavelet
de-noising performed.

4. This procedure was repeated 100 times to consider
multiple realisations of the noise. The resultant SNR
values were averaged to yield the average SNR for the
given wavelet, .

This procedure was then repeated using Daubechies,
Meyer, Symlet and Coiflet wavelets. Within each wavelet
family, varying wavelet orders were also tested. The order
of the wavelet, NV, is of particular concern to this discussion
as it determines both the number of vanishing moments and
the support length for the wavelet. Table 1 shows the prop-
erties of the wavelets considered here. More details on the
wavelet properties can be found in the literature [31,32].

Table 2 provides a summary of the results of the tests. The
results indicate that the wavelet de-noising procedure was
very successful in de-noising the terahertz pulses, providing
an improvement in SNR ranging from 5 to 10 dB. A typical
result of the de-noising process is shown for the leaf
terahertz response in Fig. 9. All of the wavelets tested
provided similar results however by averaging the results
over each wavelet family the families could be ranked in
order of decreasing quality to yield: Coiflet, Symlet, Daube-
chies and Meyer. For each wavelet, family the variation of
de-noised SNR with order was analysed. It was found that
for each family there was an ideal order, N* for which the
de-noised SNR was maximised. For orders N << N* the SNR
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Table 1

Comparison of the major properties of the wavelets considered in this study

Characteristic Wavelet

Meyer Daubechies Coiflet Symlet
Regularity Infinite Low, increases with N Increases with N Increases with N
Support length Infinite 2N — 1 6N — 1 2N — 1
Symmetric Yes No Nearly Nearly
# of vanishing moments 0 N 2N N
Orthogonal Yes Yes Yes Yes

dropped off rapidly and for higher orders N > N* the
de-noised SNR dropped off more gradually in a complex
fashion approximating an exponential decay overlaid with
an oscillatory function. An example of this response is
shown in Fig. 10 for the Daubechies family. The ideal
order for each wavelet was also found and is shown in
Table 3.

6. Deconvolution

This section considers the problem of estimating the
impulse and frequency response of the sample under test
from the measured data, as formulated in Section 4.

6.1. The Wiener filter

The Wiener filter is the classic filter used for noise reduc-
tion [19]. Given a signal s(k) corrupted by noise n(k), we
desire to filter the resulting signal to yield y(k) as close as

Table 2

Experimentally determined SNR for T-ray pulses de-noised with different
wavelets of varying order. White noise was added to the original signals
such that the signal to noise ratio was 3 dB before the de-noising process
was applied

Wavelet family Order De-Noised SNR (dB)
Free air Leaf Insect
Daubechies 1 8.4 7.9 10.1
5 11.2 11.9 13.3
10 11.6 11.0 12.1
15 10.8 10.5 10.8
20 10.4 104 12.1
25 9.5 8.4 11.3
Coiflet 1 10.6 10.5 11.5
2 11.7 114 11.4
3 12.0 11.7 11.4
4 12.5 12.1 13.3
5 12.0 12.1 124
Symlet 1 9.1 8.3 10.0
5 10.9 11.7 13.2
10 11.9 12.0 11.7
15 10.6 114 12.1
20 10.7 11.4 12.2
25 10.6 10.5 13.7
Meyer Undef 11.4 11.8 13.9

possible to s(k). If we assume that the signal and noise are
ergodic, random variables of known power spectral densi-
ties (PSD), and further that the noise is uncorrelated with the
signal, the optimal filter in the sense of mean square error is
given by
Py(w)

Py(w) + Py(w)’
where H (w) is the frequency response of the filter, and
Py(w) and P,(w) are the PSDs of the signal and the noise,
respectively. These are estimated using the direct period-
ogram method [34] whereby

Ho(w) = (14)

N-1

L X(@)= Y x(mye ", (15)

1
Py(w) = N X (w)
n=0

where N is the number of samples, x(n) is the input
sequence.

The process of deconvolution involves dividing by the
system frequency response. If this process is followed by
a Wiener filter it is referred to as Wiener deconvolution.
Fig. 11 illustrates this process.

The transfer function of the deconvolution filter G(w) is
given by

Gy = Hol@ _ ()P
F@)  |Fw)P(w) + Py(w)

(16)
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Fig. 9. Results of wavelet de-noising the T-ray response for a leaf: (a) shows
the original response before noise was added, (b) shows the response in (a)
with noise added such that the SNR was 3 dB, (c) shows the response in (b)
after wavelet de-noising was performed using the Coiflet order 4 wavelet.
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Fig. 10. Variation in de-noised SNR vs wavelet order N. A noisy terahertz
pulse was de-noised with Daubechies wavelets of order N. For each N the
resultant SNR was measured and is shown above.

6.2. Experimental deconvolution

The Wiener filter described above was applied to
terahertz data obtained by imaging a 0.6 mm thick slice of
Spanish ham (‘Jamon Serrano’). The data was obtained
using the setup shown in Fig. 1 using a Hurricane laser
from Spectral Physics, with a pulse repetition rate of
1 kHz, a pulse duration of 130 fs and a wavelength of
800 nm. The output power of the Hurricane laser was
tuned to maximise the intensity of the resultant THz
radiation. The pump power was measured with an optical
chopper and a LIA and found to be optimal at 100 mW. Two
sections of the ham were considered, one was an area with a
high concentration of fat, the other was a meaty area with a
low fat concentration, the frequency spectra for these two
samples are shown in Fig. 12. Wiener deconvolution was
applied to each of these samples, for this purpose the Fourier
transform of the free air T-ray pulse x(k) was used as F(w),
the sample T-ray response y(k) was used to determine P (w)
and Gaussian white noise was added to both sequences such
that the SNR of each sequence was 3 dB. This was done to
illustrate the performance of the filter in the presence of a
large amount of noise.

Wiener deconvolution has been illustrated previously for
gas responses [6], the response of simple gas mixtures to
terahertz radiation is relatively simple and can be accurately
predicted, however the responses shown here are much
more complicated as the response of biological tissue results
from numerous inter-molecule interactions. The data shown

Table 3
Experimentally determined ideal order for each wavelet family

Wavelet family Ideal order

Free air Leaf Insect
Daubechies 7 8 8
Coiflet 4 5
Symlet 6 7 11

here is representative of the problem encountered when
analysing human tissue.

Fig. 13 shows the results of Wiener deconvolution
applied to the ham responses. It can be seen that the fat is
relatively transparent to terahertz radiation so the decon-
volved response is quite flat (up to 3 THz) whilst the meat
has a complex terahertz response, deconvolution therefore
makes the task of distinguishing between the two samples
easier. It remains to develop classification metrics to allow
the benefits of this method to be further analysed.

7. Comparison of techniques

To conclude this paper we give a visual comparison of the
processing techniques discussed within this paper. We
consider the original image shown in Fig. 4 with noise
added to each response such that the SNR was 3 dB. This
is shown in Fig. 14(b). The rest of the figure shows the result
of wavelet de-noising, Wiener deconvolution and the
combination of the two techniques on the image quality.
The wavelet de-noising was performed using the procedure
described in Section 5 using a Coiflet wavelet of order 4.
The Wiener deconvolution was performed as described in
Section 6 using the average free air pixel response as the
system response. In all cases the image was produced by
taking the Fourier transform of the processed T-ray pulses
and plotting the magnitude of the Fourier coefficient
corresponding to a frequency of 1 THz. This is an arbitrary
scheme that produces good quality images. It can be seen
that wavelet de-noising provides a marked improvement in
image quality whilst deconvolution appears to offer little,
however deconvolution promises greater benefits when
classification algorithms are developed.

We also show the results of wavelet de-noising applied to
the Australian $100 note measurements shown earlier.
Fig. 15 shows the results of de-noising the signal measured

8 (k) wik) x(k)
Fw) VR

p(lu Hy(w)

y (k) z (k)

n(k) I

Gw)

Fig. 11. Block diagram illustrating the process of Wiener deconvolution. G(w) represents the Wiener deconvolution filter. It consists of a deconvolution filter,

followed by a Wiener filter.
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Fig. 12. Frequency spectrum of the responses for two pixels on a piece of
Spanish ham (‘Jamon Serrano’): (a) shows a fatty area, while (b) shows a
meaty area.
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Fig. 13. Frequency spectrum of ham T-ray pulses after Wiener deconvolu-
tion: (a) shows the fatty pixel, and (b) shows the meat pixel.

with a small time constant (1ms) using a Coiflet order 4
wavelet. It can be seen that the noise is significantly
reduced; the SNR was improved from 7 to 8.5 dB. This
technique therefore has the potential to allow effective
systems to be constructed without the LIA, this would
reduce the hardware complexity and, if the slow stepper
motor that typically provides the optical delay is replaced
by a scanning optical delay line, promises to dramatically

(b)

increase the acquisition speed of the system. To illustrate
this point, the algorithms required to generate Fig. 14(c)
took less than 2 min running on a SPARC Ultra 60 processor
at 500 MHz, utilising 512 MB of RAM. This is an order of
magnitude faster than the data acquisition process which
used a LIA time constant of 100 ms and took over 10 min.
Wavelet de-noising also increases the power of the THz
imaging technique in measuring samples that have higher
attenuation and correspondingly higher relative noise levels.
This is of particular benefit to biomedical applications
where the attenuation is typically high.

8. Conclusions

This article has investigated the performance of signal
processing techniques in analysing terahertz pulses obtained
after transmission through biological samples. In particular,
the techniques of wavelet de-noising and Wiener decon-
volution were analysed.

Soft wavelet de-noising was found to be well suited for
this application, achieving up to 10 dB improvement in SNR
when applied to waveforms with initial SNRs of 3 dB. An
experimental investigation was performed to determine the
ideal wavelet family and order for the de-noising applica-
tion. The results of this experiment are not decisive but a
number of useful conclusions were able to be drawn. Four
wavelet families were compared and their performance,
although similar could be ranked in order of success to
yield Coiflet, Symlet, Daubechies and Meyer ordered by
decreasing average resultant SNR. The order of wavelets
within the families were also compared, where the order
determines both the number of vanishing moments and
the support width of the wavelet. The ideal order for each
wavelet family was identified.

Wiener filtering was also applied to the problem of
recovering the response of the sample from noisy data.
The results of this analysis and the improvement in visual
quality of T-ray images were discussed.

This is a dynamic field of research and much work
remains. In particular signal processing strategies must be
adapted to deal with 1/f noise originating from the ultrafast
laser, and chirped, single shot terahertz responses [35,36].
Many other signal processing techniques hold potential

Fig. 14. A comparison of T-ray images before and after various processing stages: (a) represents the original noiseless image (b) shows the same image after
noise was added. (c) shows the noisy image after wavelet de-noising, (d) shows the noisy image after Wiener deconvolution and (e) shows the noisy image

after wavelet de-noising followed by Wiener deconvolution.
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Fig. 15. Tllustration of wavelet de-noising of genuine noisy data: (a) shows the terahertz response of an Australian $100 note measured with a LIA time
constant of 100 ms. (b) shows a noisy version of the same signal, measured with a LIA time constant of 1 ms. (c) shows the result of wavelet de-noising applied

to the signal in (b).

notably adaptive signal processing, and techniques adapted
from speech recognition applications.

Ultimately these techniques, including wavelet
de-noising and Wiener deconvolution must be evaluated
against a classification criterion, and algorithms must be
developed to accurately classify samples based on their
terahertz responses.
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