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Abstract

To classify spectroscopic measurements it is neces-
sary to have comparable methods of evaluation. In
Terahertz (THz) time-domain spectroscopy, as a new
technology, neither the presentation of the data nor the
peak detection is standardized yet. We propose a pro-
cedure for automatic peak extraction in THz spectra of
chemical compounds. After preprocessing in the time-
domain, we use a variance based algorithm for deter-
mining the valid frequency region. We furthermore pro-
pose a baseline correction using simulated THz spec-
tra. We illustrate how this procedure works on the ex-
ample of hyperspectral THz measurements of six chem-
ical compounds. Subsequently we propose to use un-
supervised classification on the thus processed data to
robustly detect the characteristic peaks of a compound.

1. Introduction

In pharmaceutical quality control, technologies are
necessary that identify different chemical compounds.
This identification should be performed in a non inva-
sive way. The Terahertz (THz) technology is a useful
tool in that aim because in these wavelengths chemical
compounds have characteristic absorption spectra while
most packaging materials such as carton, plastics, and
ceramics are not absorbing [3].

There are databases that contain the characteristic
spectral expression of many chemical compounds in the
infrared range [2]. As an emerging technique most THz
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spectra are not comparably characterized yet. There are
databases such as [7] but the quality and method of ac-
quisition declaredly differ. For most specific applica-
tions this is a problem. Particularly to address the prob-
lem of comparability, we propose a procedure to de-
tect peaks in THz measurements of solids acquired by
time-domain spectroscopy. On a set of six hyperspectral
imaging measurements of chemical compounds, this
procedure will be presented here.

We especially propose a method to determine the
Dynamic Range (DR) of spectra based on standard peak
detection. Furthermore, we propose a method for base-
line correction. In spite of the normalization with a ref-
erence measurement, most transmittance spectra do not
have a constant baseline which makes the classification
of peaks difficult. We simulate the basic shape of the
spectra and propose to use this to create such a constant
baseline.

After selecting peak candidates for each compounds
we propose to use unsupervised learning, more par-
ticularly hierarchical clustering, to determine which of
these are actual peaks. Using this method helps building
comparable THz databases.

2. Data

The chemical compounds measured are Para-
Aminobenzoic Acid (PABA), Acetyl Salicylic Acid,
Salicylic Acid, Tartaric Acid, Glucose, and Lactose.
The measurements are taken by THz time-domain spec-
troscopy. This technology is based on pulsed THz sys-
tems where time-domain signals (pulses) are recorded
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[9]. Our samples are 36 pixel images of pressed pellets
of the agents that are measured in transmission. The
low resolution (~ 1mm) is due to the broadness of the
focused laser beam [11].

These hyperspectral images contain a whole signal
in each pixel. To analyze them, the signals have to
be transformed into the frequency domain and then be
preprocessed such that characteristic peaks can be de-
tected. We will visualize the proposed procedure for
normalization and peak detection on the example of a
PABA measurement throughout this paper. The same
procedure was applied on the other measurements anal-
ogously. For these, only the results shall be presented at
the end.

3. Preprocessing

All physical data can be corrupted by the environ-
ment’s and the sample’s conditions. These conditions
have to be treated by preprocessing. Firstly, we will
consider distortions within the time-domain. Secondly,
we will introduce a method to automatically determine
the DR of the measurement and perform a baseline cor-
rection within the frequency domain.
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Figure 1. Sample and reference in the
time- (I) and the frequency-domain (r).

3.1. Calculation of Transmittance

The acquired data consists of time-domain pulses.
The left hand side of Fig. 1 shows a sample and a
reference pulse of the named PABA measurement. By
using windowing functions, echo pulse can be filtered
away [10]. The signals are then transformed into the
frequency domain as seen on the right hand side of Fig.
1. The reference pulse and the noise floor are used to
normalize the spectrum and get rid of dominant envi-
ronmental effects [6]. Fig 2 shows an example for the
normalized transmittance spectra. They are the basis for
further data analysis.
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Figure 2. Normalized transmittance.

3.2. Dynamic Range Determination

The DR of a spectrum is usually determined by ei-
ther taking a separate noise-floor measurement or by
extracting it from the reference measurement [4]. Using
the noise-floor as the indicator assumes only the system
noise to be a relevant noise source. Neither the sam-
ple’s thickness nor additional pulses are considered. We
therefore propose a different approach.

The peaks in THz spectra of solids are rather broad
(~ 100 Gigahertz). With this information we com-
bine finding the DR with finding the peaks. We es-
timate the derivative by simply using Der(x(n))
z(n — 1) — z(n). Depending on the quality of the spec-
trum, prior smoothing is advisable. For our DR detec-
tion we use the fact that when approaching the noise
floor the spectra get noisy and the number of extrema
increases. The DR ends as soon as the frequency of
peaks is consistently higher than 100 GHz. Thereby we
get an individually appropriate estimation of the valid
frequency region of each spectrum, furthermore we get
candidates for the peak positions. The DR is used in the
next step for the so called baseline correction.

3.3. Baseline Correction

In Fig. 2 one can see that the baseline of the shown
spectrum is not constant. Although it is possible to find
the peaks, this non-constant baseline makes it difficult
to determine their actual depth. For reasons of compa-
rability of different measurements it is important, how-
ever, to know the absorption at a specific peak position.
Therefore, different approaches are taken to find the ba-
sic shape of the spectrum. This can then be used for a
normalization.

One way of baseline correction used in infrared spec-
troscopy is to apply morphological opening on the spec-
tra [8]. A disadvantage of this method is that it is very
sensitive to the choice of the structuring element. In
THz spectroscopy particularly the big peaks cannot be



eliminated by this method without eliminating parts of
the basic shape, too. Another popular way to find the
basic shape is the application of a very coarse filter-
ing on the spectra [12]. We use this approach with a
Savitzky-Golay filter of degree 3 and half the number
of samples as the window width. The result can be seen
on the top level of Fig. 3. In comparison to the original
transmittance the spectrum is already situated around
one but still has a non constant baseline. Depending on
the strength of the surrounding peaks, even deep peaks
can have a transmittance around one.

We therefore propose a method that uses a basic
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Figure 3. Savitzky-Golay baseline correc-
tion (top), simulation based baseline cor-
rection (bottom) up to DR of ~ 2.5 THz

shape which is a simulation of the basic shape of a THz
spectrum. A THz pulse is generated by a polarization
transient and the signal measured is then proportional
to its second derivative [1]. By using the DR calculated
as described in 3.2, we approximate such a polarization
transient by a hyperbolic function (to be specific the hy-
perbolic tangent). The simulated spectrum’s shape is
determined by one parameter, namely the steepness of
this hyperbolic function. Starting with a good estima-
tion, we choose this parameter such that the following
distance function is minimized:
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where X is the respective simulations and S is the sam-
ple spectrum. By this distance function the values of the

simulations lying below the sample are punished harder
than the ones lying above it. In this way we get an ap-
propriate estimation of the basic shape which we now
can use for the baseline correction. An illustration of
the result is presented on the bottom plot of Fig. 3. It is
assumed that the noise dominates the information con-
tent after the DR (at ~ 2.5 THz) and therefore the spec-
trum is set to one from there on. One can see that in
combination with the information about the DR of the
spectrum a constant baseline can be achieved.

4. Peak Detection and Classification
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Figure 4. Possible PABA peaks.

We now have spectra that are preprocessed in such a
way that we know the DR of each one and know the po-
sitions and depth of possible peaks. That means every
peak candidate has a two dimensional representation by
its position and its absorption. Fig. 4 shows all candi-
dates of the 36 PABA spectra. To automatically group
them and find the relevant clusters we use an unsuper-
vised learning algorithm.

4.1. Unsupervised Classification

Out of the variety of unsupervised classification al-
gorithms [5] we use hierarchical clustering with an av-
erage linkage function. The main advantage of hierar-
chical clustering is that no initial parameters are needed.
As the number of peaks and their positions can vary a lot
within spectra of different compounds it is essential that
we do not have to determine the number of clusters or
their initial positions beforehand. On the contrary: Hi-
erarchical clustering provides us with a tree-graph that
shows clusterings of different coarseness. We then use
the coarseness that is most appropriate according to the
number of input parameters. In our case each of the
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Figure 5. Mean peak positions.

hyperspectral imaging measurements consists of 36 dif-
ferent spectra (a 6x6-pixel measurement as introduced
in section 2). We therefore determine the clustering to
be complete as soon as every cluster has less or equal
to 36 elements. We additionally cut off all clusters that
have less than seven elements because these peaks are
assumed to be noise. The result of this approach can be
seen in Fig. 5. Every cluster is represented by its mean.

5. Conclusion and Further Research

We proposed a procedure that robustly detects char-
acteristic peaks of chemical compounds when several
measurements can be used. We used a method that com-
bines finding possible peak positions with finding the
valid frequency range of each spectrum. In addition,
a baseline correction method predicated on a simula-
tion of the basic shape of THz spectra was applied. The
thus preprocessed spectra could well be used to classify
their peaks and determine which ones appear in a criti-
cally big number of them. We thereby have a methodol-
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ogy that can help build a database of peak positions of
THz spectra in a comprehensible way. Further research
should hence consist in continuing that work and mea-
suring further compounds.
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