Master’'s Thesis

Investigation and Optimisation of THz
Simulants for Explosives and lllegal
Drugs

An Investigation of Simulant Improvements for TNT and MDMA
by Constrained Optimisation of Powders in the THz Spectral Range



AALBORG UNIVERSITY

DENMARK

Title
Investigation and Optimisation of THz Simulants
for Explosives and lllegal Drugs

Student
Carsten Pagaard Hansen

Student Email
carhan21 @ student . aau . dk

Supervisor
Esben Pilgaard Skovsen

University
Aalborg University

Faculty
Faculty of Engineering and Science

Department
Department of Materials and Production

Major
Master’'s Programme
in Physics

Term
Spring Semester

Semester
Fourth Semester

ECTS Credits
30

Number of Pages
40

Number of Appendices

2

Date of Submission
29'th of May 2026

(N ANV

Carsten Pagaard Hansen



Preface

This master’s thesis is the result of my work supervised by associate professor Esben Pilgaard Skovsen
at Aalborg University. The work was carried out during the Spring semester of 2026 from the beginning
of February to the end of May in my fourth semester of a master’'s programme in physics as to ful ll
the requirements of a master’s degree in physics.

Data processing of absorbance spectra and constrained optimisation of absorbance spectra have been
performed in the programming software Pythorl , and data processing of terahertz time domain
spectroscopy measurements has been performed in the programming software MATLARB

I inform in accordance with the rules for Department of Materials and Production that generative Al
has not been utilised in this master’s thesis.

| want to express my gratitude to my supervisor for introducing me to the eld of terahertz
time domain spectroscopy prior to my work on this master’'s thesis and for making it possible for
me to write it. | am grateful for your guidance during my work on this master’s thesis. | also want
to express my gratitude to my family for supporting me throughout my work on this master’s thesis.

| am grateful for your understanding of my absence when this master’s thesis took the most of my time.

Carsten Pagaard Hansen
Aalborg, Denmark
29'th of May 2026



Abstract

This master's thesis nds relevant materials with the purpose of nding possible simulants for the
explosive TNT and illegal drug MDMA as well as optimising mixtures of ingredients of possible
simulants. Multiple ingredients of various types are found, and they are subject to form linear
combinations of absorbance spectra. Linear combinations of TNT, the explosive PETN, MDMA,
and the illegal drug cocaine are presented with di erent ingredients used. Linear combinations that
result from both unconstrained minimisation of the residuals as well as constrained minimisation of
the objective function developed and used in this master’s thesis together with the methodology of
minimising it are presented. Optimised simulants for TNT and MDMA are found, and ingredients
among the pharmaceuticals are concluded to be better simulants for TNT and MDMA. This is
compared with simulants resulting from linear combinations of ingredients restricted to sugars, arti cial
sweeteners, and amino acids, and the weighted crossorrelation coe cient is used as a measure of
spectral similarity between the di erent simulants. It is found in general that simulants resulting from
the inclusion of pharmaceuticals have a higher degree of spectral similarity. Mixing ratios derived in
theory for TNT and MDMA are validated in experiment, and well agreement between theory and
experiment is concluded taking all uncertainties into account.



Dansk Resune (Danish Summary)

Denne kandidatafhandling nder relevante materialer med det forral at nde mulige simulanter for
targets, der er sprngsto et TNT og det ulovlige narkotikum MDMA samt at optimere blandinger

af ingredienser for mulige simulanter. Flere ingredienser af forskellige typer ndes, og de benyttes
til at danne linearkombinationer af absorbansspektre. Alle absorbansspektre databehandles, adan
at blandinger kan optimeres numerisk. Dette gres ved hjest at benytte seks ingredienser per
target, hvor ingredienserne v Iges, adan at de har relevante, spektrale karakteristika i forhold til
targets. Optimeringen foregr ved at optimere koe cienter i linearkombinationer, der svarer til
blandingsforhold af ingredienser, og koe cienterne optimeres ved at evaluere en objektfunktion p
residualvektoren mellem kurven fremkommet ved henholdsvis linearkombinationen og target. Det vises
generelt, at objektfunktionen favoriserer spektrale karakteristika af absorbansspektre p bekostning af
en for gelse af residualer. Dette vises ved at sammenligne den spektrale lighed givet af den v gtede
krydskorrelationskoe cient i forskellige frekvensvinduer. Det vises, at det er uhensigtsm ssigt at
minimere residualer, hvis ingredienser har d relevante, spektrale karakteristika i forhold til target.
Det vises oga, at det bliver mere tilstr kkeligt at minimere residualer, hvis ingredienser har mange
relevante, spektrale karakteristika i forhold til target. Linearkombinationer for TNT, spr ngsto et
PETN, MDMA og det ulovlige narkotikum kokain prsenteres med forskellige ingredienser.
Linearkombinationer, der fremkommer af ubegr nset minimering af residualer og begr nset
minimering af objektfunktionen, pr senteres, og optimerede simulanter for TNT og MDMA ndes,
hvor ingredienser blandt de farmaceutiske ingredienser konkluderes til at vre bedre simulanter
for TNT og MDMA. Dette er sammenlignet med simulanter fremkommet ved linearkombinationer
af ingredienser restringeret til sukkersto er, kunstige s desto er og aminosyrer, og den v gtede
krydskorrelationskoe cient benyttes som ral for den spektrale lighed mellem de forskellige simulanter.
Det ndes generelt, at simulanter fremkommet ved inklusion af farmaceutiske ingredienser har en st rre
grad af spektral lighed. Blandingsforhold for kunstige s desto er og aminosyrer udledt teoretisk for
TNT og MDMA valideres eksperimentelt ved at blande ingredienserne sammen og trykke dem til
piller, hvorefter spektroskopi udf res p pillerne med terahertz tidsdom ne  spektroskopi. Udm rket
overensstemmelse konkluderes mellem teori og eksperiment taget alle usikkerheder for den teoretiske
og eksperimentelle metode i betragtning.
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1 Introduction

1.1 State of the Art and Delimitation

The peculiar nature of light has led scientists to investigate what light is, and how it interacts with
matter. In classical physics, one views light as oscillating electric and magnetic elds, satisfying
Maxwell's equations. In quantum physics, one views light as photons, localised in space. Through the
history, scientists have found ways to generate light of di erent frequencies. Discovery after discovery,
di erent ranges of frequencies of light have been granted a place on the electromagnetic (EM) spectrum.
Since the 1980’s, scientists have managed to bridge the gap in the EM spectrum [1], formerly known
as the terahertz gab [2], presently known as the terahertz region. This great achievement has been
possible by utilising technologies from the two regions of the EM spectrum; the electronics region and
photonics region.

The terahertz region was di cult to access historically. In the electronics region, generation of
light can be achieved by generating oscillating currents, which generate EM waves, and detection of
light can be achieved by using EM waves to drive a measurable current [1]. However, it is challenging
to fabricate and use electronic devices for THz systems that operate above a few 100 gigahertz [3], and
they cannot oscillate fast enough to detect high frequencies [1]. In the photonics region, generation
of light can be achieved by photon emission, resulting from the relaxation between energy levels,
and detection of light can be achieved by semiconductors that change their conductivity as a result
of incoming EM waves [1]. However, terahertz photons have energies comparable to or below the
thermal energy at room temperature [1], so any signal measured resulting from relaxation of electrons
in quantum systems is buried in noise. Fortunately, it has since the 1980's been possible to detect and
generate terahertz radiation, for instance by virtue of photoconductive emitters and detectors, and
this gives rise to various applications. Mobile charge carriers re ect and absorb terahertz waves, so
terahertz waves can be utilised to measure mobile charge carriers. Thus, terahertz waves can be utilised
to measure conductivity, and 2D materials such as graphene has been investigated by terahertz waves
[4]. Additionally, terahertz metamaterials, which are arti cial materials composed of sub wavelength
structures, can be utilised to improve the sensitivity of detection by terahertz waves [11]. Of interest
in this master’s thesis, there are security applications of terahertz waves. Terahertz photons have
excitation energies similar to the excitation energy of rotational transitions in molecules [5], and this
gives rise to characterisation of materials in the terahertz region. Because of this, many materials
exhibit spectral features in the terahertz range due to the intramolecular vibrational modes of the
molecules that the materials consist of, and thus terahertz spectroscopy can be utilised to characterise
materials [8]. Additionally, certain materials are transparent in the terahertz range, where terahertz
waves transmits though many non metallic and non polar materials [1]. This includes some clothing
and packaging [4]. Terahertz photons have a lower photon energy than, for example Xrays, so
terahertz waves are safe for humans at low intensities [1], and thus terahertz spectroscopy can also be
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employed for security screening.

Many explosives and illegal drugs exhibit spectral features in the terahertz range, and this serves
as a motivation for making simulants for such materials. A simulant is a material, which mimics the
spectral features of a target. A requirement is that a simulant should not be dangerous, illegal, or
toxic. It is also desirable for a simulant to be usable in a public environment and be reusable [6],
such that simulants can be used to test and calibrate equipment for security screening. Because it is
dangerous to handle explosives in the laboratory, it is of interest to optimise mixtures of ingredients,
such that a possible simulant for an explosive or illegal drug can be used instead of handling such
materials.

1.2 Objective and Outline of the Master's Thesis

The objective of this master’s thesis is to nd relevant materials with the purpose of nding possible
simulants for the explosive TNT and illegal drug MDMA as well as optimising mixtures of ingredients
to form possible simulants for TNT and MDMA.

This master’s thesis initiates by presenting and deriving the theoretical framework necessary to
arrive at the results in this master’s thesis. Then, the methods and results of the theoretical work and
experimental work are presented. Lastly, the results are discussed.
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Prior to theoretically optimising possible simulants for TNT, PETN, MDMA, and cocaine as well as
experimentally validating theoretical results, the prerequisite theory to do so will be presented and
derived.

2.1 Terahertz Physics

THz waves are EM waves E1y; ; B 1hz ) with frequencies of the order of 1 THz = 10'2 Hz in the THz
region. The de ned range of the THz region varies in the literature, but it is often de ned to range
from 100 GHz = 0:1 THz to 10 THz for non ultrabroadband THz pulses [7], where THz pulses are
THz waves that only contain one or few cycles of oscillation [1], and the THz region is positioned
between microwaves and far infrared light in the EM spectrum [7] as illustrated in Figure 2.1.

Electronics — <— Photonics
kHz  MHz GHz PHz EHz ZHz
4 4 4 4 ¢ 4 ‘ > Frequency (Hz)
10° 10° 10° 10 10 10%
Radio Micro IR UV X-—rays y—rays
VIS
Figure 2.1 lllustration of the EM spectrum including frequencies associated to radio waves (Radio),

microwaves (Micro), THz waves, infrared light (IR), visible light (VIS), ultraviolet light (UV), X rays,
and gamma rays ( rays) [5, 1]. The THz region is illustrated in grey, ranging from 10'* Hz to 10%3
Hz, and separating the electronics region and photonics region of the EM spectrum.

A frequency of 1 THz corresponds to an oscillation period of 1 ps, an angular frequency of 6:28
THz, a wavelength of 300 m, a wavenumber of 333 cm 1 an angular wavenumber of 209
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cm 1, a photon energy of 4:14 meV, and an absolute temperature of 48 K [2]:

=1 THz;
1

=1 ps;
1 =2 6:28 THz;
= 300 m;

k= 1 333cm 1
k="~ 209cm
E=h 4:14 meV:

T= E 48 K:
B
THz pulses can be generated by photoconductive emitters [1], which are dipole emitters [4].
Photoconductive emitters consist of two metallic electrodes positioned on a semiconductor substrate,
which is an undoped semiconductor with high resistivity [4], such that there is a gap between the
electrodes [1]. To generate THz pulses, a large DC eld is applied across the gap resulting from a
biased DC voltage [4]. Here, an ultrashort femtosecond laser pulse focused on the gap [4] can generate
photocarriers in the gap resulting from the DC eld in conjunction with a rapid change in carrier
density [8] provided that the photon energy of the femtosecond laser pulse is larger than the bandgap
energy of the semiconductor [4]. This excites electrons from the valence band to the conduction band,
creating electron hole pairs [8], and this increases the conductivity of the semiconductor [4]. This
in conjunction with the applied DC eld results in a rapid varying photocurrent of the order of
femtoseconds, which generates divergent dipole radiation with picosecond duration [4], which is the
THz pulses.

THz pulses can be detected by photoconductive receivers, and they are similar to photoconductive
emitters [1]. Here, an ultrashort laser pulse is synchronised with a THz pulse, and they are focused on
the gap of the photoconductive receiver [1]. The laser pulse excites electrorhole pairs in the gap, and
the THz pulse creates a bias voltage across the gap to accelerate the generated photocarriers across
the gap [7]. Because of this, the gap need not be externally biased by a DC voltage because the gap
is biased by the electric eld of the THz pulse [4], which is referred to as the THz eld Ety,. The
photocarrier generation in the gap increases the conductivity of the semiconductor [4], and this induces
a photocurrent across the gap [1], which can be measured, and this photocurrent is proportional to
the THz eld [4].

It is thus possible to generate and detect THz pulses, and this allows for the implementation of THz
pulses to be utilised in spectroscopy. Thus, transmission spectroscopy is investigated subsequently.



2 Theory

2.2 Transmission Spectroscopy of Powder Samples

The speedv, where O<v ¢, and wherec is the vacuum speed of light, of light in a medium depends
both on the medium and on the frequency! > 0 of light, and this is quanti ed by the refractive index

| N
n() v (2.1)
of the medium, wherev(! ) is the speed of light with the frequency! . Some of the energy of light can
get absorbed in a medium, so one should in general consider the refractive index given by Equation
(2.1) as the real part of the complex refractive index [9]

(1) = Refa(t )]+ iimln( )] = n(1)+ i,

where n(! ) is the frequency dependent refractive index given by Equation (2.1), and where (!) is
the frequency dependent absorption coe cient [9]. Thus, the real part of 1 signi es the dispersion
of light with the frequency ! in accordance with Equation (2.1), and the imaginary part of i signi es
the absorption of the energy of light with the frequency! .

A dierence in refractive index of a sample compared to that of its environment yields a time
delay t = t(nsample), Which is a function of the refractive index nsampie = R€(RAsampie) > 1 of the
sample, of the THz pulses through the sample [10]. If a sample with the thicknesgsample is embedded
in an environment with the refractive index neny = Re(Reny), Where Ngample > Nenv 1, and where
Re(Reny) Im(Reny), then the time teny of a THz pulse to propagate the distancedsampe in the

environment is equal to
_ dsample _ dsample _ nenvdsample_

tenv = = = ;
Venv C=Nenv c

and the time tsample Of @ THZz pulse to propagate the same distance in the sample is equal to

t o = d:sample _ dsample _ r"sampledsample,
sample — - - = )
P Vsample  C=Nsample c
and so ( d
_ (Nsample  Nenv)Usample .
t  tsample tenv = : (2.2)

c

A di erence in refractive index also yields that the THz pulses attenuate after entering the sample [10].
This is due to re ections of the THz pulses o the sample boundaries, internal Fabry Rerot re ections

of the THz pulses [9], and the sample absorbing some of the energy of the THz pulses. This is observed
in the THz TD spectrum, where the THz peaks shift in time and decrease in amplitude relative to
a measurement of the environment. The THz peaks shift in time due to a time delay and due to
re ections; that is, due to a change in the real part of the complex refractive index. The THz peaks
decrease in amplitude due to attenuation; that is, due to a change in both the real and imaginary parts
of the complex refractive index. Thus, it is in general impossible to distinguish between the amplitude
decrease originating from a change in the real or imaginary part. Fortunately, internal Fabry Rerot

re ections are observed as temporally shifted THz peaks in the THz TD spectrum [7], so internal
Fabry Rerot re ections can be separated from the THz TD spectrum by windowing [9] the THz
peaks. Thus, the THz peaks shifting in time can be considered a manifestation of only a change in
the real part, and the THz peaks decreasing in amplitude can be considered a manifestation of only a
change in the imaginary part, and thus it should be possible to determine the real and imaginary parts
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by analysing the THz TD spectrum given a measurement of the sample thickness and a measurement
of the sample and environment, respectively.

A powder sample is a sample consisting of a powder, and a powder sample may consist of a mixture
of a powder of interest and a matrix powder [9], which is a powder serving as a binder of the powder
sample. Baseline, reference, and sample measurements are in general required for spectral analysis of
such powder samples [9] as illustrated in Figure 2.2.

env

(1) (ETHZ,ina \(ETHzJ)asca
7
BTHZ,iIl) BTHz,base>
env ref
2) (ETmin, s >(ETHZ,ref7
Briiin) B, ref)
env sample
(3) (ETHZ,HU > > ><ETHZ,saInple7
BTHZ,in) BTHZ,sample)
>d
0 donv.l d(\n\',l + dsampl(\ d(\n\',l + dsamplo + d(\n\',?
Figure 2.2 lllustration of a baseline measurement (1), reference measurement (2), and sample

measurement (3) [9] of an incident THz pulse Ethz,in ; B THzin ) Propagating in the environment with
the refractive index neny towards a reference sample with the complex refractive indexiz and with
the thickness dref = dsample @and powder sample with the complex refractive indexnsampie and with
the thickness dsampie resulting in the baseline THz pulse €1Hzpase; B THzbase), reference THz pulse
(ETHz,ref s BTHz ref ), @and sample THz pulse €tz sample ; B THz,sample ) Propagating in the environment.

A baseline measurement is a measurement of the environment in the absence of any powder sample,
a reference measurement is a measurement of a powder sample consisting of a matrix powder, and
a sample measurement is a measurement of a powder sample consisting of a mixture of a powder of
interest and a matrix powder [9].

If the objective is to analyse a powder sample with respect to a powder of interest, then baseline,
reference, and sample measurements are required, such that the optical properties of the matrix
powder can be accounted for [9], as the powder sample is a mixture of the powder of interest and
matrix powder. If the objective is to analyse a powder sample with respect to its mixture, then only
baseline and sample measurements are required.

THz pulses interacting with a powder sample have to be analysed to gather spectral information
about it. A con guration of THz elds interacting with two di erent media is illustrated in Figure
2.3 with the exception of re ections, as internal Fabry Rerot re ections can be separated from the
THz TD spectrum provided a great di erence in refractive index or decent thickness of the powder
sample, such that internal Fabry Rerot re ections can be temporally well separated according to
Equation (2.2).
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J
ETHz,in E%@Tz,t,p Eglé)Hz,t,p

Lo [ L

. . . R \ d
' ' ' ‘ >
0 di71 dm + dj d’i,l + dj + di,g

Figure 2.3  Simpli ed illustration of an incident THz eld Etnzin propagating in the medium i
with the refractive index n; in the direction of K; at normal incidence towards a mediumj with the
complex refractive indexn; and with the thickness d; resulting in a transmitted and propagated THz

eld E%Z p Propagating in the mediumi.

The objective is now to analyse THz elds at di erent positions in Figure 2.3.
A general THz eld Etyz, = EThz (! ), which is a function of the frequency! , can be expressed as

Ethz () = Eqnz (! )Q?;

where h i
Ethz (1) = Re[Emiz (! )] =Re jEqy  (1)je ) ; (2.3)

and whereR” is the =2 rotation of R. 0
The incident THz eld magnitude Etpzin = KETHzin K2 PE THz,in ; ETHzin | Can be expressed as

Ethzin (! ) = Re[Etnzin (! )]

by virtue of the rst equality in Equation (2.3).

The transmitted and propagated THz eld magnitude EgH)Z tp = kE%ﬂz pk2 in the medium j is
the result of Etyzin being propagated the distanced;.1 in the medium i in accordance with Figure
2.3 resulting in the phase shiftk;d;.1 = In jdi.1=c governed by the propagation factore'™ i%:1=C The
propagated THz eld is then being transmitted through the rst boundary separating the medium i
and the mediumj resulting in the complex transmission coe cient tj = 2n;=(n; + ;) [11] governing

transmission from the mediumi to the medium j and then being propagated the distanced; in the

medium j in accordance with Figure 2.3 resulting in the phase shiftkjd; = ! rjdj=c governed by the
propagation factor €' %=, Thus, E?H)Z p €an be expressed as
() () " ! = AGLE !
Etizp (1) = Re[EF, 1p (1 )] = Re Epizin (1 )€ 1917 (1)e! m(Id=e . (2.4)
The transmitted and propagated THz eld magnitude E%}IZ tp = kE%LZ pK2 in the medium i is the

result of E%)'Z tp being transmitted through the second boundary separating the mediumj and the
medium i resulting in the complex transmission coe cient tj; and then being propagated the distance
di:2 in the medium i in accordance with Figure 2.3 resulting in the phase shiftk%., governed by the
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propagation factor k™2, Thus, E{) p can be expressed as
(i) h (i) | h () ik9(! )d |
Efzap(! ) =Re Eql.p(1) =Re Eq, .., ()G (1)eki%2 (2.5)

By employing the second equality in Equation (2.4), E?,}IZ p Can be expressed as

_ h _ _ _ [
E Y op(1) =Re Empzin (1) 192708 (1) M ()d =gy, (1)t )z (2.6)

and thus
Ef (1) = Erzn (1 )& 19250 (1 )& m () =gy (1) kit )2 (2.7)

by comparing the rst equality in Equation (2.5) with Equation (2.6).

Equation (2.7) is the result of interest, which reveals that a complex THz eld magnitude of a
transmitted and propagated THz eld through a sample in the same medium as an incident THz
eld can be determined by knowledge of the complex THz eld magnitude of the incident THz eld,
propagation factors, and complex transmission coe cients.

With the baseline and sample measurements considered in Figure 2.2, employing Equation (2.7)
for such measurements yields the complex THz eld magnitudes of the baseline and sample THz elds

B e () EThzpase(!)

= Etuzin ([ )ei!n env (denv,1 + dsample + denv,2 )=C
= ETHzin ([ )ei!n env (denv,1 + dsample )=Ceik env (! )denv,2

ETHZ in (| )ei!n env (denv,1 + d):Ceik env (! )denv,2 -

(env)
ETHz,sampIe (! ) E-THz,sampIe (! )
= BrHzin (| )ei!n env denv,1 =Ct-env sample(! )ei! Asample (! )dsample :Crsample env(! )eik 9w (1 Ydenv.2

i'n eny denv,1 =C i /(! )d= k3 (1)d .
ETHzin (! )E7 ™™ " ony sample(! )€ ¢) Ctéample,env(! )e env (1) env,2 -

respectively, wherekeny = In eny=c is the wavenumber of the incident THz pulse, and Wherekgm, is
the wavenumber of the sample THz pulse. It is readily observed that the dependence of the incident
THz eld vanishes provided the ratio ETnz,sample =ETHz,base [9], Which is equal to

EThz,sample (! ) it [R(1) nenvld=cgi kg (1) Kenv (! )]denv -

= tenv,sample(! ) tsample,env(! )€
E'THz,base(! )

If a powder sample is weakly absorbing with minor scattering, such that Rey  Im(n), then the

phase shift of the THz eld due to transmission through the boundaries of the powder sample is

much smaller than that due to propagation in the powder sample, and so the complex transmission

coe cients teny,sample; fsample,env C@N be approximated by their real parts teny,sample; tsample,env [9], and

thus

E'THz,sampIe (! )
ETHz,base(! )

tenv sample(! )tsample env(! )ei! () nenV]d:Cei [kgnV(! ) e (! )]denV,Z

- [n4”e:V';((!l ))]2e (1)d=2! (1) Neny 0=k (1) Kens (1 )deniz -
env .
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Additionally, & ke () ke (!)ldewz 1 ynder this assumption, and this yields that

ETHz,sample (! ) 4nenvn(! ) . (1 )d=2g! In(!) NenJd=c. (2.8)
EThzpase(!)  [Menv + n(1)]

ETHz,sample =ETHz,base IS @ complex function relating transmissions of THz elds, so it is de ned as the
complex transfer function [4] T = T(! ), where [9]
T'(! ) ETHz,sampIe(! )

E'THz,base(! )
jETHz,sampIe (! )]el sampie ()
JETHz,base (! )Jel base (*)
— jETHz,sampIe(! )J
jETHz,base(! )J
j T, (2.9)

ei[ sample (! ) base(! )]

and where the modulusjTj and the phase of the complex transfer function are equal to

j.r.(! )J — j[.E'THz,sampIe(! )J!
JETHz,base(! )J

()= sample(! ) base(! );
respectively. Comparing the moduli of Equations (2.8) and (2.9) yields that

Anenvn(!) (1)d=2.

iITM)i= m ;

and thus the absorption coe cient is equal to [9]

Anenn(!)

JT()jNeny + n(!)]? (2.10)

(!):Sln

Comparing the phases of Equations (2.8) and (2.9) yields that

(1y= L) nentd.

c

and thus the refractive index of a powder sample is equal to [9]

(!)e

n(!)= i

* Neny: (2.11)

The absorption coe cient is related to the intensity | of light, the incident intensity lo ljo > O
of light, and the thickness d of a powder sample as

1(1)=1o(1)e )9 (2.12)

and the absorbanceA is related to the same via the Lambert Beer law as [12]

A(l)= logg II(—I) ="(!)cd; (2.13)

o(')
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where "(! ) is the molar attenuation coe cient [12] of a powder sample, and wherec = n=V is the
molar concentration of a powder sample, where is the amount a powder sample, and wher&/ > 0 is
the volume of a powder sample [13]. Combining Equations (2.12) and (2.13) yields that the absorbance
is related to the absorption coe cient as

A()= (1 )dlogy(e): (2.14)

If two powder samples of thicknessesl;; d> > 0 have the same molar attenuation coe cient and molar
concentration, then the absorbancesA; and A, of the two powder samples are equal to

A(t)="(1)cdy;
Ax() = "(!)cdy;
and thus the absorbances are related as
d;

Aq(t) = EZAZ(! ):

If two powder samples of molar concentrationsc;; c; > 0 have the same molar attenuation coe cient
and thickness, then the absorbances of the two powder samples are equal to

Al(! )= "(! )Cld;
Az(t)="(")ced;

and thus the absorbances are related as
C1
Ai(t)= —Ax(!):
C2
If individual powder materials, referred to as constituents, are mixed into a powder sample, then the

molar concentration ¢; of the i’th constituent is equal to

-
IVE

The mass fractionw; of the i'th constituent is de ned as [13]

m;
Miot

Wi (2.15)
where m; is the mass of thei’'th constituent, and where mi,t > 0 is the total mass of all constituents
and thus the mass of the powder sample. The amounh; of the i’th constituent is thus equal to

_ Mi _ WiMget |

ni_l\/Ti Mi

where M > 0 is the molar mass of thei’'th constituent, and this yields that

_ WiMge=Mi _ Wi (ot |
. = =

\% M; ’

where ¢ > 0 is the total mass density of all constituents and thus the mass density of the powder
sample. Thus, if two powder samples of molar concentrationsc;;c, > 0 have the same molar

10
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attenuation coe cient and thickness, then the absorbances of the two powder samples are equal

to
Ag(l) = (! )I\\//IVl tot ;
Az(! ): (! )I\\’/IVZ tot ;

and thus the absorbances are related as
W1
Ai(1)= —A(1):
1(M) W, 2(1)

It is readily observed that the determination of the absorbance given by Equation (2.14) requires
knowledge of the absorption coe cient, which in turn requires knowledge of the refractive index. The
refractive index depends on the phase of the complex transfer function, which in turn depends on
the phases of the complex THz eld magnitudes of the baseline and sample THz elds. However,
the complex THz eld magnitudes of the baseline and sample THz elds depend on the absorption
coe cient and refractive index, so they cannot be utilised to determine the absorption coe cient and
refractive index. Instead, such information is gathered from the detection of THz elds in the time
domain by means of THz TDS, leading to spectral information about the absorption coe cient and
refractive index as previously described. However, THz elds need be complex and be in the frequency
domain by this methodology, which seems as an impediment. Fortunately, this can be accomplished
by means of Fourier analysis.
The absorption coe cient and refractive index can be determined provided knowledge of the

modulus and phase of the complex transfer function, and this originates from the fact that THz elds

that is, their amplitudes and phases are simultaneously detected in THz TDS, so this allows for
the determination of the absorption coe cient and refractive index, as Equations (2.10) and (2.11)
then constitute a system of two equations of two unknowns. If intensities of THz elds are detected,
as in THz Fourier transform infrared spectroscopy [14], then phase information is unavailable because
| /' EthzEqy,, SO only the absorption coe cient can be determined by virtue of Equation (2.12),
and so additional information is required to determine the refractive index. Kramers Kronig (K K)
relations relate the real and imaginary parts of complex and causal response functions,=n+ic= 2!
in this case, so one of K K relations can be utilised to determine n = Re(n) given =2! Im(n)=c

From the methodology described above, absorbance spectra of dierent powders can be obtained.
Absorbance is an additive quantity provided no reaction of constituents [15], and thus mixing powders
amounts to adding their absorbances at every frequency, and thus it amounts to adding their absorbance
spectra. Thus, one may in general consider a linear combination of absorbance spectra provided
that this is well de ned. Scalar multiplication of absorbance spectra is well de ned according to
Beer’'s law, the second equality in Equation (2.13), provided that scalars are nonnegative and that
constituents have low molar concentrations, such that absorbance is linear in molar concentration
[15]. Then, scalar multiplication amounts to a change in molar concentration. Addition of absorbance
spectra is well de ned, if the absorbance spectra are constructed, such that the 'th absorbance value
of all absorbance spectra corresponds to th¢'th frequency value, such that there is a well de ned
mapping between all frequency values and absorbance values. These frequency valugs2 R for

11
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i 2[1;n] N can be arranged in a frequency vectot 2 R", such that
D=ty oantal™s (2.16)

and the associated absorbance valuedj 2 R for the i'th absorbance spectrum fori 2 [1;N] N,
whereN 2, can be arranged in an absorbance vectoh = A(! ) 2 R", such that

A1) =TAI( 1) At 2)i 5 AR (U n)]7: (2.17)

Thus, a linear combination of the form

X
GiAi(!)
i=1

for non negative coe cients C;j 2 R* [f Og is well de ned. The constraint

can be de ned, such that the coe cients become mixing ratios and thus mass fractions in accordance
with Equation (2.15). Thus, the linear combination becomes

X X
wiAi(!); wi =1:

i=1 i=1
It is of interest to mix powders with known absorbance spectra, such that the mixture results in a
powder sample with a simulant spectrumS = S(! ;wy;wy; i wWn) :\':1 wiAi(! ) 2 R", which
resembles a target spectrumT = T(! ) 2 R", which is a known absorbance spectrum, leading to
unknown mixing ratios to be determined. If S(! ;wq;wo;wy)  T(1) R(! ;wy;wopiiwy) 2
R", where R(! ;wy;wo;::;;wy ) is de ned as the residual vector of the simulant spectrum and target
spectrum, then it is favourable that R(! ; wy;wy;:::;wy ) vanishes, and thus the mixing ratios need to
satisfy that

argmin  R(! ;Wi wz; i wy)
(wWi;w2;wy )2RN

(W1; Wo; i W)

= argmin  [S(! ;wiwinwy)  T(1)]
(wi;wa;iiwy )2RN " ”
X
= argmin wiAi(t) T()
(wiswaiinwn )2RN g

in the sense that the mixing ratios correspond to the arguments oR (! ; w1; Wo; :::; wy ), which minimise
the elements of R(! ;wq;wsy;::;;wyn ), which are the residuals of the simulant spectrum and target
spectrum.

The mixing ratios need be determined, such that the mixture results in a powder sample with
a simulant spectrum, which resembles a target spectrum. To quantify this similarity, measures of
spectral similarity are a necessity.

12
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2.3 Measures of Spectral Similarity

The Pearson Correlation Coe cient (PCC) r 2 [ 1;1] R is a measure of the dependence [16] of the
two variables X;Y with the values xj;y; 2 Rfori 2 [1;n] N, where [16]

Cov(X;Y)

Y= P vy

(2.18)

Cov(X;Y) = (1=n) P L, (X EXD(yi E[Y]) 2 R is the covariance betweenX;Y with the
expectation valuesE[X ];E[Y] 2 R, and Var(X) = Cov( X;X );Var(Y) = Cov(Y;Y) 2 R* are the
variances of X;Y , respectively [16]. More precisely, the PCC is a measure of the linear relationship
between two variables, and it is often utilised in statistics to measure the linear relationship between
a response variable and associated explanatory variables. However, the notion of correlation extends
beyond statistics. J. A. Hageman et al. (2000) [17] have investigated the notion of the PCC on spectra
as a measure of spectral similarity. This requires that the PCC is well de ned when comparing
spectra. It is observed in Equation (2.18) that a shift or scaling of values does not change the absolute
value of the PCC because

fan (CY) = B Cov(X cY) _ o Cov(X;Y)  _ Y ):
Var(X  c)Var(Y) Var(X )Var(Y)
Fecaing( Y ) = P Cov( cX;Y) __ cCov(X;Y) XY )

Var( cX)Var(Y) c2Var(X )Var(Y) -

for a non vanishing constant c 2 RnfOg. This yields that the absolute value of the PCC is not a
measure of spectral similarity because ifr = 1, then the two spectra are horizontally mirrored,
making them dissimilar. It is favourable that r = 1, and this yields that maximising r, or equivalently
minimising 1  r, is favourable.

However, the PCC does not take frequency shifts into account. Two spectra can be identical,
but shifted, and this results in a lower PCC. R. de Gelder et al. (2001) [18] have investigated
cross correlation functions, which take frequency shifts into account. This leads to the Weighted
Cross correlation Coe cient (WCC). Here, two spectra are shifted in frequency with respect to each
other, and a cross correlation function C = C(r) of the form [6]

Crs(r) = Ti(t)Si+r(hjswawo; i wy)
j=1

is determined, wherer 2 R is a frequency shift. The auto correlation functions [18]

xo
Crr(r)= T )T+ ()
j=1
xo
Css(r) = Si (VW W WD) S (s W Wo; i W)
j=1

are also determined. To penalise frequency shifts larger than a speci ed threshold2 R, a triangular
weight function W = W (r) of the form

W(r)=1 Jﬂ jri<®
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is multiplied with the cross correlation function and auto correlation functions, and this yields that
the weighted cross correlation coe cient C}NS 2[0;1] Risequalto

P.
r= ~ Crs(nW(r)

Crr (WD) - - Ces(NW ()

r=

after summation over all r and normalisation. [18]

The PCC and WCC are measures of spectral similarity, and they can be maximised to increase
the spectral similarity between two spectra. Additionally, the residuals between two spectra can

be minimised to increase the spectral similarity between the two spectra. However, a study of the
residual vector and its orientation in a nite dimensional inner product space has not been possible
to encounter in the literature, and this will be subsequently investigated.

2.4 Constrained Optimisation of Absorbance Spectra

Before investigating the residual vector and its orientation, the notions of LP norms andLP metrics
will be introduced.
The LP norm, wherep 2 N, of a vectorv =[vy;Vvo;::;;va]” 2 R" is de ned as [19]
0 19
X
kvk, @ jyjPA

i=1

If p=2, then one arrives at the L2 norm, which is the Euclidean norm, where
v

g Sp—
kvky = vj2 = hv:vi; (2.19)
j=1
and the square of theL2 norm is thus equal to
X
kvki = v?= hv;vi: (2.20)

i=1

A function generating a distance between two pointsx;y 2 R", wherex =[Xq;X2; ::;;Xn]”, and where
y =[y1;¥2;:5¥n]”, is de ned as a metric onR" [19], and the LP metric is de ned as [19]
O l ]_:p

X
db(x;y) @ jxi yiPA = kx  yky (2.21)
j=1

LP norms andLP metrics can be employed in optimisation problems.

14



2 Theory

Ideally, one may minimise the residuals of the residual vector:
Minimise
(wWawa;iiwy )2RN
X
R swiwesiwn) = WiAi(t) T()
i=1
subject to

0O wi 18i2[LN]:

A solution to this minimisation problem can be realised provided an in nite amount of absorbance
spectra, such that R(! ;wq;wsy;::;;wy ) vanishes. This is not possible in practice because one works
with a nite amount of absorbance spectra and thus a nite amount of variation, so R (! ;wq;wsz; i wy )
never vanishes in practice. Additionally, mixing ratios, such that every residual attains its minimum,
cannot be determined in practice because the'th residual R; depends on all mixing ratios. Speci cally,

Rj (! wiwa;iwn ) = X wiAj (1) Titg):
i=1

This can be partly remedied by observing that it is favourable that R; (! j; wy; wz; :::; wy ) vanishes for
all j, which yields that R(! ;wq;wy;::;;wy) vanishes, and by utilising that the LP norm of a vector
vanishes, if and only if the vector is the null vector. Thus, one may minimise theL? norm of the
residual vector, and since the quadratic function is a strictly increasing function onR* [f Og, then
one may minimise the square of theL? norm KR (! ;wx; Wo; :::;WN)k§ 2 R of the residual vector in
accordance with Equation (2.20):

Minimise

KR(! ;waswo;iwn)ks = RE(j W Wo; i wiy)
j=1
subject to
0 wi 18i2[LN]:

A solution to this minimisation problem can be realised in practice whenR (! ; wq;Ws;:::; wy ) does not
vanish. However, the minimum of the L2 norm of the residual vector is not unique, if
R(! ;wi;wo;:;;wy) does not vanish. This is because any permutation of a set of residuals in
R(! ;wq;Wy;:;wy ) results in the sameL? norm, but the residual vector alters its orientation under
permutation, and this a ects the spectral shape of the simulant curve. Thus, minimisation of the
L2 norm of the residual vector is necessary, but not sucient, and so one should minimise the
L2 norm of the residual vector in the most favourable direction. WhenR (! ;w1; ws;::;; Wy ) does not
vanish, it is most favourable that

X
Rj (1 we;wo; i wh) = wiA; (') T(tj)=C
i=1
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=]
for a frequency independent constantC 2 R for all j. Sj(!j;wi;wa;inwh) = 1oy WiAj (1)) 2 R,
and this yields that
Si(tjswpwasinwn) = C+ Ti(!)

for all j, which yields that
S(! swiwpiwh) =[G G CP + T )=CILLun1P +T() C1+T(); (2.22)

and thus
R(' ;wi;wo;iiwy) = CL: (2.23)

Thus, Equation (2.23) results in a simulant spectrum and target spectrum only diering by a
frequency independent vector C1 2 R" in accordance with Equation (2.22), which yields that the
simulant curve and target curve have the same spectral shape. Thus, the most favourable orientation of
the residual vector is in the direction along the normalised one vectoft = (1 =k1k,)1 = (1 P n)l12 R",
and thus the most favourable residual vector is the residual vector resulting from orthogonal projection
onto 1. Itis therefore natural to de ne the residual vector in a nite  dimensional inner product space
(R";+; ;h; i) equipped with the inner product between nite dimensional vectors.

The most favourable orientation of the residual vector is in the direction along 1, and thus it
is most favourable to orthogonally project the residual vector onto the span off in (R";+: ;h; i).
Speci cally,

S sparfctjc2Rg:

S is a one dimensional subspace embedded inR";+; ;h; i), and this gives rise to two orthogonal
projections of the residual vector as illustrated in Figure 2.4.

(Rn7+7'7<'7'>) SL
R
Rs.

> S
1 Rs

Figure 2.4  Simpli ed illustration of the residual vector and its orthogonal projections Rg 2
S;Rg> 2 S7? onto the one dimensional subspaces; S’ embedded in R";+; ;h; i).
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The orthogonal projection of the residual vector onto S is equal to

R (! ;wl;wZ;:::;WN);iii\
H: 4i

hR(! ;wa;wy; snwy); 2id

X

Rs(! ;wi;wo;iiswy) =

Ry (15w wa; i wy) e
j=1
1 X
S Rilwgiweiinwe)l
j=1

-‘?n—\

h R(hw g wo;iiwy )il

and this yields that the orthogonal projection of the residual vector onto the orthogonal complement
of S is equal to

Rg2 (T ;wrwp;iiswn) = RO ;wrwpsiiswy ) Rs(!swa;wa;iiwy)

R( ;wi;wo;iiwy) h RO, w g wo;iiwy )il

A metric on (R";+; ;h; i), which measures the orthogonal distance between the residual vector and
S, is a measure of the orientation of the residual vector in the direction along® given a constant
L2 norm of the residual vector, and thisL? metric on (R";+; ;h; i) is equal to

d3 (R(! ;Wa; Wo; 5wy ); S)

KRg» (1w wo; i wy ke

KR (! ;wy;wo;iwy) h R(Gw 1 wy; i wy )i lks

in accordance with Equation (2.21). It is the orthogonal distance between the residual vector and
S normalised with the L? norm of the residual vector, which is a measure of the orientation of the
residual vector in the direction along 1 given a variable L2 norm of the residual vector, and this

normalised L2 metric on (R";+; ;h; i) is equal to

d3 (R(! ;Wi wz; ;Wi ); S)

KR (! ;wa;wo; i wn )ke
_ kR swyywaswy) h R(LGw g wa; i wy )ilks
- KR(! ;w1 wa; 25wy Ko '

02 norm (R(! Wi Wo; 5wy ); S) =

It is readily observed that O k Rg> (! ;wr;wy; i wy )k k R(! ;wi;wo; i, wy )k by the
Pythagorean theorem, see Figure 2.4, and this yields that O dg;norm(R(! TW1,Wo, iwn ) S) L.
Additionally, d2..om(R(! ;w1 wa; 5wy ); S) 2 R decreases, if the orientation of the residual vector
becomes more favourable, and thus one may minimise the normalisdd® metric on (R";+; ;h; i).
The normalised L2 metric on (R";+; ;h; i) is equivalent to

D
? jn=1 R ('j;wi;wo; i wn) h R(GwW 15wy i wy )i]?
danorm (R(! 3 W1 Wa; 5w )5 S) = G p——
j=1 R waswa; i w)
s p

' jn=1 [Rj (' ;l\:/>v1;W2;:::;WN) h R(,w ;wy; i wy )i]?
(o R W wa; iz w )
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in accordance with Equation (2.19), and since the square root function is a strictly increasing function,
then one may minimise the square of thd_? norm of the residual vector in conjunction with the square
of the normalisedL? metric on (R";+; ;h; i):
Minimise
(wy;wa;inwy )2RN
X
KR (! ;Wi Wo; i w )K3 = Rjz(! iy W1 Wo, i WN ),
j=1

P .
jnzl [Rj(!; ;W1 Wa; snwn) h ROGW 13 wa; s wy )i

A3enorm ) (R (! Wi Wo; i wy ); S) = ]
( 2,n0rm) ( ( W1; W2 WN) ) J_n:1 Rjz(!j;Wl;WZ;:::;WN)

subject to
0O wi 18i2[LN]:

Before a solution to this minimisation problem can be realised, data of absorbance spectra have to be
processed.

2.5 Data Processing

2.5.1 Linear Interpolation and Extrapolation

If N data points are sampled, which is often the case in practice, then values between the data points
are unknown. If such values need be estimated, then a possibility is to t a real valued and continuous
function f = f (x) to a subset of the set of the data pointsf (x;;y;) 2 R?ji 2 [1;N] Ng to generate
the points (x;f (x)) 2 R2. This is the methodology of interpolation [20], and the methodology of linear
interpolation is to estimate values between the data points by tting linear polynomials to a subset of
the data points to generate the points [20].

A linear polynomial y = y(x t) parametrised by what is referred to as the linear interpolation
parametert 2 [0;1] R andgivenbyy(x t) = Ax(t)+ B for unknown coe cients A;B 2 R de ned on
xi:xi+1] [vi;vi+1] R? and intersecting the two data points (xi;Vi); (Xi+1;Yi+1) 2 R? is illustrated
in Figure 2.5.
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Yi+1 1 °

(2, y(2))(t)

yi' o L

. . \
. ' X

7
Z; Lit1

Figure 2.5 Illustration of a set of four data points f(x;;y;) 2 R?ji 2 [1;4] Ng (black dots) and a
linearly interpolated point ( x;y(x))(t) = ( x(t);y(x t)) 2 [xi;xi+1] [vi;Vi+1] R? (grey dot) between
the i’th data point ( x;;yi) and the i + 1'th data point ( Xj+1;Yi+1) in the Cartesian (x;y) coordinate
system.

The linear polynomial can be uniquely determined, as this constitutes a system of two equations of
two unknowns. Speci cally,

( y(x 0) y(xi)=yi=Axi+B;
y(x 1)  y(Xi+1) = Vis1 = AXiyg + B:

Solving this system leads to the coe cients

A= JirL Y ;
Xi+1  Xj

B = XiH¥i XiVie,
Xi+1  Xj

and this yields that

Xi+1Yi  XiYi+1 _ Xj+1 X(t)yi+X(t) Xi

yix 1= Hx(t)+ Xi+1  Xj - Xi+1  Xj Xi+1 Xiyi+l: (2.24)
Utilising the boundary conditions
x(0) = xi; x(1) = xi+1; y(x 0)=yi; y(x 1)=yiu
yields that Equation (2.24) can be inverted, such that
y(t x)=[1 t)lyi + t(X)yi+r = tX)(Yier Vi) + Vis (2.25)
X X
t(x) = m (2.26)

Equations (2.25) and (2.26) can be employed to linearly interpolate an unknown valuey(t x) 2 R
given t(x) 2 R de ned by a known value x 2 R to linearly interpolate a point ( X;y(x))(t).
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The methodology of extrapolation is to estimate values outside the range of data points, and this

reveals that extrapolation is a more di cult task than interpolation. This is because interpolation

is a method, which utilises the structure of a subset of data points and thus results in interpolated

values, which follow the structure, see Figure 2.5. However, extrapolation lacks on utilising the

structure because it is a method, which estimates values outside the range of data points. Thus, any
extrapolation method should, to some extend, depend on the structure, and this can be accomplished
by de ning the i'th extrapolated values Xexira:i; Yextra:i 2 R to be of the forms

Xextra:i  Xi 1 i) Xili  Xi  Xi 2 X 1 (2.27)
Yextra;ii Yi 1 i Yili  Yi Yi2 Vi1 (2.28)
for index dependent parameters ;; i 2 R, where the upper sign in is chosen, if values need be

extrapolated before the data point with the lowest x value, and where the lower sign is chosen, if
values need be extrapolated after the data point with the highestx value.
If values before the data point with the lowest x value need be extrapolated for a subset of data
points, which follow a strictly increasing structure in the sense thaty; <y; for all i <j , and where
Yi= Xj increases as increases, then Equations (2.27) and (2.28) can be modi ed, such that

Xextraii  Xi+1 Xi, Xi  Xi+2  Xj+1;

Yextra;i  Yi+1 Yis Yi  Yi+2  VYi+1:
If =0, then the extrapolated values have the samey value given byy;.1 for any choseni because

Yextra:i = Yi+1,
Yextra;i 1= Yextra;i = Yi+1,

Yextra;i 2 = VYextra;i 1= Yextra;i = Yi+1,

due to recursion, and thus they do not satisfy that Yexyraii < Yextra;j forall i <j . If0 < < 1,
then the change iny values of the extrapolated values decreases as the values of the extrapolated
values decrease becausey; decreases after each iteration, and thus the extrapolated values satisfy
that Yextraii < Yextra; for all i <j , and that y;= x; increases ad increases. If = 1, then the
extrapolated values follow a straight line because a prefactor of unity of X;; y; does not change
the change inx values andy values due to recursion, and thus y;= X; is constant for all i. Thus,
the extrapolated values do not satisfy that y;= X; increases as increases. If > 1, then the
change iny values of the extrapolated values increases as the values of the extrapolated values
decrease because y; increases after each iteration, and thus the extrapolated values do not satisfy
that y;j= X; increases as increases. Thus, the value of need be chosen, such that & < 1, and
such that the set of extrapolated values resemble the structure of the subset of data points.

2.5.2 Savitzky Golay Filtering

Filters can be applied to noisy data to smooth it out while preserving most of the structure of the
noisy data. Like interpolation, functions can be tted to a subset of data points, and the subset is here
de ned as a window. In interpolation, functions are tted to a subset of data points to estimate values
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between the data points. In ltering, functions are iteratively tted to data points in shifted windows

to estimate one value in every window, and these values collectively form data, which is smoothed out
and preserves most of the structure of the noisy data. Savitzky Golay (S G) ltering is a ltering
method, where polynomials are tted to data points [20].

Consider N equidistant data points (Xx;;y;) 2 R? for j 2 [;N] N, where t + 1 data points
(xi;yi) 2 R?fori 2 [ n;n] Z are positioned in a window of the length 2 + 1, where n 2 N[f Og,
and wherex; = xg+ i X, where x 2 R [21, 20]. Thei'th x value x; is positioned at the indexi,
and i = 0 corresponds to the central position in every window. Thus,x values positioned ati = 0
correspond tox values centred in every window [21]. Following the methodology of SG lItering,
the objective isto tareal valued and continuous polynomialP = P (x) of the degreeD < 2n +1 of

the form
o

P(x)=  axX (2.29)

k=0
to the data points in every window [20]. Since the data points are equidistantx values are speci ed
by their indices without loss of generality. Additionally, Equation (2.29) holds for all x 2 R, and thus

k=0

holds for all i. A least squares t of the polynomial to the data points in every window is de ned
[20], and thus the polynomial coe cients need to satisfy that [22]

(ag;as;:;ap) = arg min ky Aaks;
(ag;a1;:ap )2RP+L o
where A 2 R@D) (D*D) js the design matrix with the matrix elements Ay = i* 2 R [20],
where a = [ag;ai;:;ap]” 2 RP*! is the polynomial coe cient vector, and where y =

[y niiny 1Yo ya;inynl” 2 R2'*1 s the vector ofy values. Thus, the polynomial coe cients need
be determined, such that [22]

@ 2
—k Aaks5 = 0;
@’ 2%

and this leads to the normal equations [20]

a= (A~

>
=

) 'A%y
provided that é>é is non singular [22]. This yields that the zeroth row of a is of the form

X
dp = Gyi:
i= n
It is de ned that values are estimated at the central position in every window, and thus the estimated
values are equal toP [0] = ag in every window. This yields that the coe cients ¢ 2 R in

X0
P[O] = GYi (2.30)

1= n

need be determined. However, this is one equation withr2+ 1 unknowns, so the coe cients cannot
be uniquely determined from Equation (2.30). Fortunately, it is observed that ¢; corresponds to the
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zeroth row of a, if y := ej, where g; is the canonical basis vector with the vector element of unity at
the i’th row, and this yields that ¢ is equal to [20]

%
6=f(A"A) 'ATeigo= f(A”A) *gui® (2:31)
k=0

Thus, ¢ can be determined by virtue of Equation (2.31) for alli, and then P[0] can be determined by
virtue of Equation (2.30) in every window to smooth out the set of the data points f (x;;y;) 2 R%jj 2
[L;N] Ng.

2.5.3 Fourier Analysis and Windowing

A real valued, 2P periodic, pointwise continuous, and Riemann integrable functionfop = fop(t)
in the time domain de ned on the closed and non empty interval [ P;P] R fort 2 [ P;P]can
be represented by a series expansion in the basis set of functiohg” ©P g for n 2 Z orthogonal on
[ P;P], and the series expansion is an in nite series of the form [23]

fzp(t) — & e int=P :

n=1
wheree; = € |, and where the negative sign convention for the exponent is used. This is a complex
Fourier series off,p with the complex Fourier coe cients feng as the expansion coe cients [23].
By employing the orthogonality of fe"=P g on [ P;P], the complex Fourier coe cients can be
determined by inner products in function space off ,p with the basis functions, and so by employing
that M=P ;e N=P j =2p _ on [ P;P], the n'th complex Fourier coe cient ~c, becomes

Zp

Hop(t); =P i _ 1 int=P 1.
7 pgnt=pP @ INt=P | T op o fop (t)e" dt;
and thus 2 ) Z, | |
fop(t) = —  fop(s)e"SP dse MEP . (2.32)
n=1 2P P

fop is 2P periodic by construction with countably in nite and discrete Fourier frequencies, where
the n’'th discrete Fourier frequency!, = n=P,andso !, =1, !y = =P . Thus, Equation
(2.32) readily becomes

fop(t) = 5 . fap(s)e' "Sdse " nt= > fp(s)e "Sdse 't 1,
n=1 P n=1 P
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This can be converted to a Riemann integral by letting !, ! 0, which amounts to letting P ! 1
and thus

F(t)  lim fap (1)
% Zp

PiL 2 p
Z, 21

1
5
|

fop(s)e' "Sdse "t 1,

1 . .
— f(s)e's dse " d!
2 71 1
171 P it
— e ™ d
5, e
A transformation T of the form

Z,,

Tf g(s)="(s)= (DK (s;t) dt
t1

is an integral transform from the t domain to the s domain with the kernel K [23] characterising
the integral transform, and so Z,

)= f(t)e' dt
1

is an integral transform from the t domain (time domain) to the ! domain (frequency domain) with
the kernel K'(I;t ) = €'t . This leads to the Fourier Transform (FT) pair fFf fgF If f’\gg given by
Z 1 ) 1 z 1 )
Fffg(!) f()= ) f@)e't d; F Hfgt)= f(t) = > 0 )e " dr (2.33)

where Ff f g is the FT of f = f (t), where F 1ff\g is the Inverse FT (IFT) of f = f(! ), and where
the FT operators satisfy that F fFf f gg= f [23]. Thus, the FT can be utilised to transform a real
signal thatis, a real valued function generating the signal of real numbersf (t) 2 R represented
by f from the time domain to a complex spectrum that is, a complex valued function generating
the spectrum  of complex numbersf(! ) 2 C represented byf" in the frequency domain and vice
versa.

However, f (t) present in the FT is a closed form expressed and continuous function, and so it
contains an in nite amount of information, but one works with discrete data in practice because
detectors only sample a nite amount of data in a nite amount of time [23]. Thus, data points, as
oppose to numbers in the continuum, should be considered for spectral analysis. If the record length
[23] is 2 for a real, discrete, and sampled signal represented biy = f [ty] of N 1 equidistant data
points tx for k 2 [O;N 1] N[f Og, then the k'th data point tx = k t, where t = ty4s1 tx =
2P=N is the sampling interval [20]. If f [tx] is assumed to beN periodic, then there is a countably
in nite number of Fourier frequencies given by ! , = n =P , and thus f’\(! ) in Equation (2.33) can be
approximated by a Riemann sum as [20]

X 1 _ X 1 _
(! n) flide' "t t= flle2™N =] ¢
k=0 k=0
and thus
X1 o
fin]=  fke2mN (2.34)
k=0
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where! , := n, and wherety := k to simplify notation. It is readily observed that f[n kN]= fIn]
for any k°2 Z, so it suces to consider n 2 [O;N 1] N[f Og without loss of generality, and so
Equation (2.34) can be inverted to yield f [k] by employing that = |\_,' €21 ¢ i2nk=N" = N, [24].
Speci cally,

X 1 X 1K 1
f’\[n]e i2nk=N _ fl'j]eiZ nj=N e i2 nk=N
n=0 n=0 j=0
X1 X1
— f[J] ei2nj=N e i2 nk=N
j=0 n=0
K 1

= fHIN j = fKIN;
j=0
and thus 1
f[k] — i f’\[n]e i2 nk=N :
N n=0

This leads to the Discrete Fourier Transform (DFT) pair ff; f'g given by

K 1 , K 1 _
f’\[n] — f [k]eIZ nk=N . f [k] - Ni f’\[n]e i2 nk=N :
k=0 n=0

Thus, the DFT can be utilised to transform a real and discrete signal of real numbersf [k] 2 R
represented byf from the time domain to a complex and discrete spectrum of complex numbers
fIn] 2 C represented byf" in the frequency domain and vice versa.

However, the DFT requires computations of O(N?) because it is numerically computed by two
nested andN point for loops, each iterating overn and k, so the DFT becomes computationally
ine cient for large values of N, which is often the case in practice, and so an algorithm becomes
a necessity. The Fast Fourier Transform (FFT) is such an algorithm [25], and the FFT requires
computations of O[N log,(N )] [25], so the FFT becomes computationally e cient for large values of
N compared to that of the DFT.

As previously described, an assumption for the DFT, and therefore the FFT, is that a signal to
be Fourier transformed is periodic. However, this is often not the case for a signal sampled in practice.
Additionally, Fourier transforming such a signal leads to artefacts in the FFT spectrum [9] due to
discontinuities when periodically extending the signal, and this artefactually results in high frequency
components in the FFT spectrum. These artefacts can be minimised by multiplying a signal with a
window function, which is a symmetric function that decreases to zero away from its maximum [9].
This yields that the windowed signal can be periodically extended with reduced discontinuities, and
this minimises artefacts in the FFT spectrum. Such a window function is the Tukey window function
Wrukey = Wrukey [t] With the parameter 2 [0;1] R and length 2 2 R in the time domain, where
[26]

8

% 1 jt] ;
Wrykey [t] = §f1+cos[ (jtj )=(1 ) lg=2; it :

- 0 else
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3 Methods and Results

3.1 Theory

Before employing the methodology described above to optimise simulant spectra, target spectra need
be chosen. As described previously, it is of practical importance to nd decent simulants for explosives
and illegal drugs, and thus four target materials are chosen of these types of materials; two explosives
and two illegal drugs.

To be able to optimise simulant spectra for the target spectra of those materials, it is crucial to nd
accurate absorption or absorbance spectra of those materials. References [27, 28, 29, 30, 31] provide
absorption spectra of explosives. In particular, Reference [27] provides absorption spectra of the
common explosives 2,4,6trinitrotoluene (TNT) and pentaerythritol tetranitrate (PETN), which are
the explosives considered. References [32, 3] provide absorption spectra of illegal drugs. In particular,
Reference [32] provides absorption spectra of the common illegal drugs ecstacy (MDMA) and cocaine,
which are the illegal drugs considered.

The target materials are summarised in Table 3.1.

H Name  Material Matrix Weight Percent (Wwt%) Thickness (mm) H

TNT Explosive PE 125 0:75
PETN Explosive PE 125 0:75
MDMA lllegal drug PTFE 19.5 0.36
Cocaine lllegal drug 100 0.36

Table 3.1: Table of the target materials TNT, PETN, MDMA, and cocaine and their pellet
characteristics [27].

After having considered the target materials, possible simulants, which are referred to as mixture
materials, need be considered. Reference [33] provides absorbance spectra of sugars and arti cial
sweeteners, and Databases [34, 35, 36] provides absorbance spectra of sugars, vitamins, arti cial
sweeteners, DNA components, amino acids, and pharmaceuticals. All mixture materials are chosen,
such that they exhibit spectral features in common with one or more of the target materials considered.
27 mixture materials are considered, and they are fructose (fruc), sucrose (suc), acesulfame K (ace),
aspartame (asp), saccharin (sac), L cysteine (L cys), L glutamic acid (L glu), L leucine (L leu),

DL arginine (DL arg), DL cysteine (DL cys), DL aspartic acid (DL asp), DL histidine
(DL his), DL proline (DL pro), 4 acetamidobenzoid acid (4 ace), barium sulfate (bar), celecoxib
(cel), chloramphenicol (chloramph), diazoxide (dia), D penicillamine (D pen), L dehydroascorbic
acid (L deh), losartan (los), pipemidic acid (pip), bifonazole (bif), haloperidol (hal), 4 biphenylacetic
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acid (4 biph), chlorpropamide (chlorprop), and 4 isopropyl 3 methylphenol (4 iso), and they are
summarised in Table 3.2.

H Name Material Matrix Weight Percent (wt%) Thickness (mm) H
Fruc Saccharide PTFE 10 1
Suc Saccharide PTFE 10 1
Ace Arti cial sweetener PTFE 10 1
Asp Arti cial sweetener PTFE 10 1
Sac Arti cial sweetener PTFE 10 1

L cys Amino acid PE 3.5 1.5
L glu Amino acid PE 4 1.5
L leu Amino acid PE 20 1.5
DL arg Amino acid PE 3 1.5
DL cys Amino acid PE 3.5 1.5
DL asp Amino acid PE 5 1.5
DL his Amino acid PE 5 1.5
DL pro Amino acid PE 5 1.5
4 ace Pharmaceutical PE 10 1.5
Bar Pharmaceutical PE 10 1.5
Cel Pharmaceutical PE 10 1.5
Chloramph Pharmaceutical PE 10 1.5
Dia Pharmaceutical PE 10 1.5
D pen Pharmaceutical PE 10 1.5
L deh Pharmaceutical PE 10 1.5
Los Pharmaceutical PE 10 1.5
Pip Pharmaceutical PE 10 1.5
Bif Pharmaceutical PE 15 1.5
Hal Pharmaceutical PE 15 1.5
4 biph Pharmaceutical PE 20 1.5
Chlorprop Pharmaceutical PE 25 1.5
4 iso Pharmaceutical PE 30 1.5

Table 3.2: Table of the mixture materials and their pellet characteristics [33, 34].
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The mixture materials relevant for the respective target materials are summarised in Tables 3.3, 3.4,
3.5, and 3.6.

H Name Material Matrix Weight Percent (wt%) Thickness (mm) H
Ace Arti cial sweetener PTFE 10 1
Sac Arti cial sweetener PTFE 10 1

L cys Amino acid PE 3.5 1.5
L leu Amino acid PE 20 1.5
DL arg Amino acid PE 3 1.5
DL pro Amino acid PE 5 1.5
4 ace Pharmaceutical PE 10 1.5
Bar Pharmaceutical PE 10 1.5
Cel Pharmaceutical PE 10 1.5

L deh Pharmaceutical PE 10 1.5
Hal Pharmaceutical PE 15 1.5
Chlorprop Pharmaceutical PE 25 1.5

Table 3.3: Subset of Table 3.2 consisting of the mixture materials with spectral features in common
with TNT.

H Name Material Matrix Weight Percent (wt%) Thickness (mm) H
Suc Saccharide PTFE 10 1
Sac Arti cial sweetener PTFE 10 1
DL arg Amino acid PE 3 1.5
DL cys Amino acid PE 3.5 1.5
DL his Amino acid PE 5 1.5
DL pro Amino acid PE 5 1.5
D pen Pharmaceutical PE 10 1.5
L deh Pharmaceutical PE 10 1.5

Bif Pharmaceutical PE 15 1.5
4 biph Pharmaceutical PE 20 1.5

Table 3.4: Subset of Table 3.2 consisting of the mixture materials with spectral features in common
with PETN.
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H Name Material Matrix Weight Percent (wt%) Thickness (mm) H
Ace Arti cial sweetener PTFE 10 1
Asp Arti cial sweetener PTFE 10 1
Sac Arti cial sweetener PTFE 10 1

L cys Amino acid PE 3.5 1.5
L glu Amino acid PE 4 1.5
L leu Amino acid PE 20 1.5
4 ace Pharmaceutical PE 10 1.5
Bar Pharmaceutical PE 10 1.5
Chloramph Pharmaceutical PE 10 1.5
Los Pharmaceutical PE 10 1.5
Pip Pharmaceutical PE 10 1.5
Chlorprop Pharmaceutical PE 25 1.5

Table 3.5: Subset of Table 3.2 consisting of the mixture materials with spectral features in common
with MDMA.

H Name Material Matrix Weight Percent (wt%) Thickness (mm) H
Fruc Saccharide PTFE 10 1
Asp Arti cial sweetener PTFE 10 1

L leu Amino acid PE 20 1.5
DL arg Amino acid PE 3 1.5
DL asp Amino acid PE 5 1.5
DL his Amino acid PE 5 1.5
4 ace Pharmaceutical PE 10 1.5
Dia Pharmaceutical PE 10 1.5

4 iso Pharmaceutical PE 30 1.5

Table 3.6: Subset of Table 3.2 consisting of the mixture materials with spectral features in common
with cocaine.

Having all mixture materials and target materials considered, data has to be extracted from the
absorption and absorbance spectra given by the articles and databases, and this is done by virtue
of data extraction software. Data is extracted manually to increase accuracy. Following this, any
absorbance spectrum containing noise need be Itered in accordance with the methodology described
in Section 2.5. If absorbance spectra are too noisy, then data is extracted in a narrower frequency
window. Additionally, in order to utilise the methodology described in Section 2.4, the extracted and
ltered data need be interpolated onto a frequency axis in accordance with Equation (2.16). This
frequency axis is chosen to range from 500 GHz to 2.5 THz with a total of 100 equidistant frequencies.
It has also been necessary to extrapolate values to 500 GHz following the methodology of Section 2.5.
Appendix B provides Python" code for data processing of the target materials. Data processing of
the mixture materials follows analogously.

The following gures contain plots of the processed and normalised absorbance spectra of the
target materials and mixture materials, and the unprocessed absorption and absorbance spectra of
the target materials and mixture materials are included in Appendix A.
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Figure 3.4  Normalised absorbance spectra of the processed data of the pharmaceuticals dce, bar,
cel, chloramph, dia, D pen, L deh, las, pip, bif, hal, 4 biph, chlorprop, and 4 iso.

Absorbance spectra can now be optimised following the methodology described in Section 2.4.

The absorbance spectra for optimisation are divided into two groups: One group where the type
of ingredient is restricted, such that the group only contains materials, which are sugars, arti cial
sweeteners, and amino acids, and one group where the type of ingredient is unrestricted, such that the
group contains materials, which are sugars, arti cial sweeteners, amino acids, and pharmaceuticals.
Following the methodology described in Section 2.4, the square of the normalisdd? metric, which is
referred to as the objective function, need be minimised for a given linear combination. A maximum
number of six ingredients are considered in every linear combination, and Beer’s law is assumed to
hold, such that the absorbance spectra can be scaled to their 100 wt% concentrations. Additionally,
a scaling using Beer's law is done to correct for the di erent pellet thicknesses of the ingredients.
Numerically, the ingredients are held xed, while there is iterated over di erent coe cients. To get
an intuitive interpretation for a coe cient in the case, where only one ingredient is signi cant in a
linear combination, the set of coe cient values is de ned to range from zero to unity. This choice
also makes intuitive sense because a coe cient value of unity does not change any absorbance curve,
which means that it has a 100 wt% concentration, but this is also true due to the Beer's law scaling
of the absorbance spectra. There is one coe cient per absorbance spectrum in a linear combination
in accordance with the methodology described in Section 2.2, and they are all iterated over in nested
for loops.

To initiate the process of nding the optimal linear combination, a crude partition of the coe cient
interval containing the coe cients is used in the rst iteration. Here, the coe cient interval ranges
from zero to unity with a total number of 11 coe cients that is, the coe cients 0 :0;0:1;:::; 1.0

and this provides crude candidates for coe cients. The number of coe cients is increased, and
the coe cient interval is reduced after every iteration to increase the accuracy of the coe cients. If
coe cients keep having a value of zero after multiple iterations, where the precision level has increased,
then they are set to zero. These steps are repeated until a decent precision level has been reached
and until the coe cients and the value of the objective function stabilises. However, it is evident
that the value of the objective function can also be minimised by simply introducing larger residuals,
such that the denominator in the expression for CI;,norm)2 increases. For the objective function to
converge, a bound is de ned, and the bound is de ned to be the variance of the smalledt? norm
of the residual vector. Thus, this bound need be determined, and so the square of the? norm of
the residual vector need be minimised. This minimisation process is analogous to minimisation of
the objective function. When changes of theL? norm of the residual vector and objective function
are of O(10 8) and O(10 ), respectively, then the minimisation process stops, and convergence is
considered reached. Finally, the coe cients need be changed to mass fractions, and this is done by
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normalising all coe cients by the sum of the coe cients. Appendix B includes Python " code for the
optimisation of the unrestricted simulant curves.
Figure 3.5 shows plots of the restricted and unrestricted simulant curves of the normalised targets.

Figure 3.5 Plots of restricted simulant curves (left) and unrestricted simulant curves (right) of the
targets TNT, PETN, MDMA, and cocaine. The grey curves are normalised targets, the black curves
are the simulant curves resulting from the minimisation of the objective function, and the grey dashed
curves are the simulant curves resulting from minimisation of the residuals.

The values of the minimisedL? norm of the residual vector and minimised square root of the objective
function are summarised in the following tables.
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kR ka d"Zp,norm

TNT 1.071 | 1:044=1.869 0:5581
PETN 0.8447| 0:7896=1:609 0:4904
MDMA 0.9739| 0:9718-2:423 0:9596
Cocaine | 0.9644 | 0:9513-2:363 0:4026

Table 3.7: Table of values of the minimisedL? norm of the residual vector and minimised square
root of the objective function for the restricted simulant curves.

kR k2 d;,norm

TNT 0.6526| 0:6025-1:584 0:3804
PETN 0.7255| 0:4999-1:.039 0:4810
MDMA 0.8126| 0:8091=0:9909 0:8164
Cocaine | 0.9303

Table 3.8: Table of values of the minimisedL? norm of the residual vector and minimised square
root of the objective function for the unrestricted simulant curves.

3.2 Experimentation

In order to validate the coe cients and thus the mixing ratios derived from the methodology described
in Section 2.4, linear combinations need be made, and pellets need be fabricated according to the
mixing ratios.

The targets considered are TNT and MDMA, and linear combinations are simulated as plotted in
Figure 3.6.

Figure 3.6  The linear combinations simulating TNT and MDMA, respectively. The black curves
are the simulant curves, and the grey curves are the normalised target curves.

The powders considered are asp, DLpro, L leu, L cys, and PE. Asp and DL pro have purities
of 98 % and 99 %, respectively, and they are purchased from Thermo Fisher Scientic. Lleu and
L -cys have purities of 98 % and 995 %, respectively, and they are purchased from Aldrich
together with PE.

The method is as follows. Speci ¢ masses of the powders need be used, and they need be weighed.
The patrticle size of the powders need be small enough to reduce porosity of the pellets and to reduce
scattering. If the particle size of the powders are small enough, the powders are mixed, and they need
be well mixed to reduce inhomogeneities in the mixture. Then, the mixture need be compressed into
a solid pellet. After having compressed the mixture into a solid pellet, absorbance spectra can be
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determined by virtue of spectroscopy of the pellet.

A total mass of 2 g was chosen for the pellets with the inclusion of PE, and a mass ratio (active
ingredients:PE) of 1:9 was chosen. The masses of the active ingredients were derived from the
mixing ratios of the linear combination simulating TNT and MDMA, respectively, see Figure 3.6,
by multiplying the mixing ratios by 0.2 g. Together with the requirement that the mass fraction was
chosen to be 1:9, the total mass of the active ingredients needed to be 0.2 g, and the mass of PE
needed to be 1.8 g. Thus, the masses of the active ingredients were calculated to be equal to

m_ ey =0:1184 g
MpL pro =0:0816 g
Masp = 0:0126 g
mL ¢ys =0:1874 g
mpe =1:8 @

The particle size of L leu and L cys were considered too big for compressing into a pellet, so they
were milled using a pestle and mortar. After reaching the desired particle size, the active ingredients
together with PE were weighed using a Mettler AE50 weight with a precision of 0.1 mg. After weighing,
the active ingredients were held in a plastic pipe for mixing, and they were mixed with a spatula. Static
electricity was generated due to the small powder particles combined with friction when mixing, and
this was reduced by grounding onto a table. After thorough mixing, the mixture was compressed into
a solid pellet using a hydraulic press from Struers Scienti ¢ Instruments under a pressure of 2000
kg. This procedure was repeated for active ingredients simulating TNT and MDMA, resulting in two
pellets to be measured and analysed spectroscopically. Additionally, a reference pellet of PE were
fabricated with a mass of 2 g. All pellets were fabricated with a thickness of 4.5 mm.

The two pellets were measured by virtue of terahertz time domain spectroscopy, and the
spectrometer was a TeraSmart spectrometer from Menlo Systems. The measurements were made
in transmission. Reference measurements are required, and a reference measurement in air and a
reference measurement with a PE pellet were measured. Together with the measurements of the
pellets, the measured THz elds were windowed using a Tukey window function with = 0:1 and
Fourier transformed in accordance with the methodology described in Section 2.5 leading to the
absorption coe cient. The experimental absorbance spectra of the pellets normalised with a reference
measurement of air are plotted in Figure 3.7 with the theoretical and normalised absorbance spectra
as reference.

Figure 3.7  Plots of the experimental absorbance spectra of the pellets simulating TNT and MDMA,
respectively (black) and the theoretical and normalised absorbance spectra simulating TNT and
MDMA (grey). The experimental absorbance spectra have been vertically shifted for clarity.
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There are at least two approaches when optimising linear combinations of absorbance spectra. One
may construct a relatively large database of absorbance spectra and iterate over both coe cients and
ingredients, forming linear combinations before them being evaluated against an objective function.
This approach is chosen by N. Greenall et al. (2017) [6], where they have employed a genetic algorithm
to optimise simulants for the explosive semtex H. In essence, they randomly choose absorbance spectra
from a database of 16 absorbance spectra to form linear combinations before evaluating the linear
combinations against the WCC described in Section 2.3 as their objective function. The 16 absorbance
spectra consist of sugars, amino acids, and pharmaceuticals, and they nd viable simulants, where the
solutions mainly consist of pharmaceuticals. Another approach is restricting to a reduced number of
well chosen ingredients and then only iterate over the coe cients.

It is important with a decent amount of absorbance spectra to include the variation needed to
form a viable simulant, but having too many ingredients may result in possible solutions that may
not converge [6]. Only two to four out of the 16 ingredients in Reference [6] end up as ingredients
in their linear combinations. Therefore, this master's thesis investigates the approach, where the
number of ingredients are reduced, but well chosen, such that they all exhibit spectral features of
the targets. Additionally, this master’s thesis investigates the behaviour of the residual vector itself.
The reason for this lies in the fact that it is observed that even though ingredients may contribute
with relevant spectral features, they may be neglected when only minimising the residuals. It is
often found that this results in an averaging across the target curve. In Figure 3.5, it is observed,
especially for the restricted linear combinations of TNT, MDMA, and cocaine, that the simulant
curves corresponding to the minimum of the residuals are averaged. It is also observed in Figure 3.5
that this e ect is reduced for the unrestricted linear combinations. A possible explanation for this
behaviour is that making a linear combination of ingredients that have less relevant spectral features
results in a less favourable orientation of the residual vector when minimising the residuals, and thus
(dé”norm)z(R(! TW1;Wo;inwn ) S) 1, which yields that lR(!;w 1;wo; i wy )i 0 for non vanishing
residuals, and this leads to an averaging across the target in the sense that the mean of the residuals
are close to zero. The results of Figure 3.5 shows that this averaging can be reduced by choosing
ingredients with more relevant spectral features. Another way to reduce this averaging with relatively
few ingredients is to increase the residuals, which may correspond to a more favourable orientation of
the residual vector. This observation is the reason for the theoretical framework derived in Section 2.4.
It is clearly observed in Figure 3.5 that spectral features arise when minimising the objective function
compared to minimising the residuals. The residuals are also wellbehaved under the minimisation
of the objective function as Figure 4.1 illustrates.
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Figure 4.1  Plots of the unrestricted simulants for TNT and MDMA (left) and the respective residual
plots (right). The grey dashed curves on the left plots are simulants corresponding to the minimum of
the residuals. The dotted and horizontal lines on the residual plots indicate the means of the residuals.

It is evident from Figure 4.1 that the mean of the residuals shift away from zero when the objective
function is minimised in contrast to when the residuals are minimised, and due to the de ned bound of
the objective function, the residuals are not more spread out even though the residuals have increased.

In general, all simulant curves resemble their targets when minimising the objective function
compared to minimising the residuals. One discrepancy, however, is the simulant curve for cocaine
(unrestricted). This only shows one simulant curve, and this simulant curve results from the
minimisation of the residuals. This is due to the bound. It has not been possible to generate a
residual vector with a variance less than or equal to the variance of the residual vector with the
smallest L2 norm. In this sense, minimising the objective function is equivalent to minimising the
residuals. Additionally, there is a doublet in the absorbance spectrum of PETN at 2:1 THz,
which are localised features, and this can give rise to an increase in variance around the localised
features, which is also observed. The objective function is minimised, such that the variance is also
minimised to remedy this, and this provides the best result. In general, some shifted features arise
when minimising the objective function, and an explanation to this is that the absorbance spectra in
the linear combinations are not completely independent. This is the case because, for example, two
of the ingredients can share one or more features.

The simulant curves in Figure 3.5 resulting from minimisation of the objective function resemble
their targets better with the unrestricted ingredients compared to that of the restricted ingredients.
To show that this is indeed the case, the WCCs of the restricted and unrestricted simulant curves for
TNT and MDMA resulting from minimisation of the objective function are shown in the following
table, where a threshold of” = 40:4 GHz has been utilised.
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4 Discussion

Restricted Unrestricted
TNT 0.039 0.018
MDMA 0.016 0.0059

Table 4.1: Table of the WCCs of the restricted and unrestricted simulants for TNT and MDMA
corresponding to Figure 3.5. The values are 1 CW.

This agrees with what is expected, and the same trend follows for PETN and cocaine. This shows that
the inclusion of speci ¢ pharmaceutical ingredients leads to better simulants for TNT and MDMA.
Additionally, the following tables show the WCCs of the unrestricted simulant curves for TNT and
MDMA resulting from minimisation of the residuals and objective function.

Table 4.2:

[0.5, 2.5] THz [2, 2.3] THz
TNT, res. 0.011 0.0023
TNT, obj. 0.018 0.00099

Table of the WCCs of the unrestricted simulants for TNT. TNT, res.
curve resulting from minimisation of the residuals, and TNT, obj.

from minimisation of the objective function. The values are 1 CW.

Table 4.3:

[0.5, 2.5] THz [1.15, 1.85] THz
MDMA, res. 0.0057 0.0037
MDMA, obj. 0.0059 0.0034

is the simulant

is the simulant curve resulting

Table of the WCCs of the unrestricted simulants for MDMA. MDMA, res. is the

simulant curve resulting from minimisation of the residuals, and MDMA, obj. is the simulant curve
resulting from minimisation of the objective function. The values are 1 CW.

These tables show that the WCC decreases when considering the full frequency window, but they
also show that the WCC increases when considering narrower frequency windows, where peaks are
positioned, and this shows that minimisation of the objective function tends to favour spectral features

at the expense of increased residuals. This is also observed in Figure 3.5.

When considering the experimental results, some agreement is observed between the theoretical and
experimental curves. Especially at certain peaks in the theoretical curves, and the general shape
is conserved. Deviations are also observed. Especially for the simulant curve for MDMA, where the
experimental curve does not capture the rapid variations of the theoretical curve. The deviations can be
explained by the fact that the absorbance spectra used in the optimisation process are approximations.
It is an approximation to extract data points, to interpolate, to extrapolate, and to lter. The data
extraction itself and interpolation are not considered to be poor approximations, but extrapolation is
an approximation, and Itering absorbance spectra with noise can lead to artefacts, where one may
think that peaks arise when they are manifestations due to Itering. Additionally, there has been a
limit to how much the absorbance spectra could be ltered because it was observed that peaks could
shift by 15 GHz. This is not a large shift, but it is considered to be too large to include in the
processed absorbance spectra. A requirement for using the & lIter is to have equidistant data
points, but data points are extracted manually, and thus they are not equidistant. However, they are
attempted to be evenly extracted, and it is observed when Itering the unprocessed absorbance spectra
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4 Discussion

that it is a good approximation to assume that the extracted data points are equidistant. Finally,
there are also uncertainties in scaling the absorbance spectra by using Beer’'s law because most of the
absorbance spectra were low in concentration, and thus a larger scaling is required, but this obviously
leads to an approximation. A possible explanation to why the experimental curve is more precise for
TNT than that for MDMA is that the processed absorbance spectra of L leu and DL pro resemble
their true absorbance spectra more than that for L cys. Finally, absorbance spectra gathered from
Reference [33] and Database [34] dier in the sense that the absorbance spectra in Reference [33]
do not contain absorption from the matrix material, whereas absorbance spectra in Database [34]
contain absorption of the matrix material, and this is in essence problematic when combining such
absorbance spectra into a linear combination. However, this is not considered to be an explanation
for the deviations observed.

There are also uncertainties in fabricating the pellets. The masses of the ingredients need be
precise, but there was observed a mass loss due to static electricity and when the mixture were poured
into the hydraulic press. Additionally, it is crucial to mix the ingredients well together, and this
is dicult in practice. Finally, THz = TDS measurement are sensitive, and because the absorbance
spectra used in the linear combinations were measured elsewhere, in di erent conditions, then the
absorbance spectra in the linear combinations may di er from what would be measured with the
spectrometer used in this master’s thesis.

39



5 Conclusion and Outlook

This master’s thesis has found and investigated di erent types of ingredients as possible mixture
materials for simulants of the di erent target materials TNT, PETN, MDMA, and cocaine. Some
results in this master’s thesis agree with previous literature, but it is shown that it is possible to change
the orientation of the residual vector in a constrained optimisation method in order to favour spectral
features of simulant curves, and this may be relevant in cases, where the number of ingredients are
limited, or if a simulant need be made for a target material, which has more distinct spectral features
than conventional ingredients. Additionally, simulants for TNT and MDMA have been optimised, and

it is in general found for the targets considered in this master’s thesis that pharmaceutical ingredients
are important in making possible simulants for such targets, which is also indicated in some literature.
Finally, mixing ratios have been validated experimentally for TNT and MDMA, and agreements are
observed. The deviations are partly considered to arise from the data processing of the absorbance
spectra and partly due to uncertainties when fabricating the pellets.
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Appendix A

Absorption and Absorbance Spectra

A.1 Explosives and lllegal Drugs

Figure A.1  Absorption spectra of the unprocessed data of TNT, PETN, MDMA, and cocaine. The
absorption spectrum of MDMA is multiplied by a factor of two [32].
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A Absorption and Absorbance Spectra

A.2 Sugars, Amino Acids, and Pharmaceuticals

Figure A.2  Absorbance spectra of the unprocessed data of the sugars fruc, suc, ace, asp, and sac
(black). The absorbance spectra of the processed data of the sugars (grey) are plotted for comparison
and vertically shifted for clarity.
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A Absorption and Absorbance Spectra

Figure A.3  Absorbance spectra of the unprocessed data of the amino acids lcys, L glu, L leu,
DL arg, DL cys, DL asp, DL his, and DL pro (grey). The absorbance spectra of the processed
data of the amino acids (black) are plotted for comparison.
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A Absorption and Absorbance Spectra
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A Absorption and Absorbance Spectra

Figure A.4  Absorbance spectra of the unprocessed data of the pharmaceuticals 4ce, bar, cel,
chloramph, dia, D pen, L deh, las, pip, bif, hal, 4 biph, chlorprop, and 4 iso (grey). The
absorbance spectra of the processed data of the pharmaceuticals (black) are plotted for comparison.
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Appendix B

Python ' Code

B.1 Data Processing

B.1.1 TNT

import numpy as np
import pandas as pd

df 1
df_2

freq = df_1['freq’].to_string(index = False)
freq = freq.replace(',', ‘-I)
freq = [float(i) for i in freq.split()]

pd.read_csv(r'C:\Users\carsten\Desktop\tnt_i.csv', delimiter
pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv")

freq_equid = df_2['freq_equid'].to_string(index = False)

freq_equid = freq_equid.replace(’,’, '.")
freq_equid = [float(i) for i in freq_equid.split()]

absorp_coef = df_1['absorp_coef'].to_string(index =
absorp_coef absorp_coef.replace(',’, ".")
absorp_coef [float(i) for i in absorp_coef.split()]

absorb = [i * 0.075 * np.logl0(np.e) for i in absorp_coef]

val_imput = 46

ind_1
ind_2

(l
(

for i in range(2 * val_imput + 1):
ifi % 2==1

ind_1.append(i)
ind_2.append(i)

for i in ind_1:

False)

freq_i = (1 / 2) * (freq[i] - freq[i - 1]) + freq[i - 1]

freq.insert(i, freq_i)

for i in ind_2:

absorb_i = (1 / 2) * (absorb[i] - absorb[i - 1]) + absorb[i - 1]

absorb.insert(i, absorb_i)
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B Python" Code

absorb_interp = []

absorb_interp.append(absorb[0])

for i in range(1, len(freq_equid) - 1):
for j in range(len(freq)):

if freq_equid[i] < freq[j]:

t = (freq_equid[i] - freq[j - 1]) / (freq[j] - freq[j - 1])

absorb_t = t * (absorb[j] - absorb[j - 1]) + absorb[j - 1]

absorb_interp.append(absorb_t)
if freq[j] > freq[j - 1]: break
absorb_interp.append(absorb[len(absorb) - 1])

np.savetxt('tnt_f.csv', absorb_interp, fmt = '%.8f")

B.1.2 PETN

import numpy as np
import pandas as pd

df_1
df_2

pd.read_csv(r'C:\Users\carsten\Desktop\petn_i.csv', delimiter
pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv")

freq = df_1['freq’].to_string(index = False)
freq = freq.replace(',', ‘-I)
freq = [float(i) for i in freq.split()]

freq_equid = df_2['freq_equid'].to_string(index = False)
freq_equid = freq_equid.replace(’,’, '.")
freq_equid [float(i) for i in freq_equid.split()]

absorp_coef = df_1['absorp_coef'].to_string(index = False)
absorp_coef = absorp_coef.replace(’,’, '.")
absorp_coef [float(i) for i in absorp_coef.split()]

absorb = [i * 0.075 * np.logl0(np.e) for i in absorp_coef]
val_imput_1 = 47

ind_1 =[]
ind 2 = |

for i in range(2 * val_imput_1 + 1):
if i % 2 == 1.

ind_1.append(i)
ind_2.append(i)

for i in ind_1:

freq_i = (1 / 2) * (freq[i] - freq[i - 1]) + freq[i - 1]
freq.insert(i, freq_i)

for i in ind_2:

absorb_i = (1 / 2) * (absorb[i] - absorb[i - 1]) + absorb[i - 1]
absorb.insert(i, absorb_i)

val_imput_2 =5
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B Python" Code

ind_3
ind_4

for i

in

if i

for i

in

I
(

range(2 * val_imput_2 + 1):

% 2

ind_3.append(i)
ind_4.append(i)

ind_3:

freq_i =

(1 /7 2) * (freq[i] - freq[i - 1]) + freq[i - 1]
freq.insert(i, freq_i)

for i in ind_4:

absorb_i
absorb.insert(i, absorb_i)

absorb_interp

(1 / 2) * (absorb[i] - absorb[i - 1]) + absorb[i - 1]

I

absorb_interp.append(absorb[0])

for i in range(1, len(freq_equid) - 1):
for j in range(len(freq)):
if freq_equid[i] < freq[jl:

t = (freq_equid[i] - freq[j - 1]) / (freq[j] - freq[j - 1])

absorb_t = t * (absorb[j] - absorb[j - 1]) + absorb[j - 1]
absorb_interp.append(absorb_t)

if freq[j] > freq[j - 1]: break

(absorb_interp.append(absorb[len(absorb) - 1]
- 1.2 * np.abs((absorb[len(absorb) - 1]

)
np.savetxt(‘petn_f.csv', absorb_interp, fmt = '%.7f")
B.1.3 MDMA

import numpy as np
import pandas as pd

df_1
df_2

freq
freq
freq

freq_equid =
freq_equid =
freq_equid

pd.read_csv(r'C:\Users\carsten\Desktop\mdma_i.csv', delimiter
pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv")

df_1['freq'].to_string(index = False)
freq.replace(',’, ".")
[float(i) for i in freq.split()]

absorp_coef
absorp_coef
absorp_coef

absorp_coef

- absorb[len(absorb) - 2])))

df_2['freq_equid'].to_string(index = False)
freq_equid.replace(',", '.")
[float(i) for i in freq_equid.split()]

df_1['absorp_coef'].to_string(index =
absorp_coef.replace(',", ".")
[float(i) for i in absorp_coef.split()]

[i / 2 for i in absorp_coef]

False)
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53
54
55
56
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58
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absorp_coef = [i * 1000 for i in absorp_coef]

absorb = [i * 0.00036 * np.loglO(np.e) for i in absorp_coef]

val_imput_1 = 30

ind_1
ind_2

I
(l

for i in range(2 * val_imput_1 + 1):
ifi % 2 == 1.

ind_1.append(i)
ind_2.append(i)

for i in ind_1:

freq_i = (1 / 2) * (freq[i] - freq[i - 1]) +
freq.insert(i, freq_i)

for i in ind_2:

absorb_i = (1 / 2) * (absorb[i] - absorbJi
absorb.insert(i, absorb_i)

val_imput_2 = 39

ind_3
ind_4

I
I

for i in range(2 * val_imput_2 + 1):
ifi % 2 == 1.

ind_3.append(i)
ind_4.append(i)

for i in ind_3:

freq_i = (1 / 2) * (freq[i] - freq[i - 1]) +
freq.insert(i, freq_i)

for i in ind_4:

absorb_i = (1 / 2) * (absorb[i] - absorb]i
absorb.insert(i, absorb_i)

absorb_interp = []

absorb_interp.append(absorb[0])

for i in range(1, len(freq_equid) - 1):

for j in range(len(freq)):
if freq_equid[i] < freq[jl:

t = (freq_equid[i] - freq[j - 1]) /
absorb_interp.append(absorb_t)
if freq[j] > freq[j - 1]: break

absorb_interp.append(absorb[len(absorb) - 1])

np.savetxt(‘'mdma_f.csv', absorb_interp, fmt =

freq[i - 1]

- 1]) + absorb[i - 1]

freq[i - 1]

- 1]) + absorb[i - 1]

(freqljl - freqlj - 11)
absorb_t = t * (absorb[j] - absorb[j - 1]) + absorb[j - 1]

"%.7f")
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B Python" Code

B.1.4 Cocaine

import numpy as np
import pandas as pd

df_1 pd.read_csv(r'C:\Users\carsten\Desktop\cocaine_i.csv', delimiter
df_2 = pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv')

freq = df_1['freq'].to_string(index = False)
freq = freq.replace(’,", '.")
freq = [float(i) for i in freq.split()]

freq_equid = df_2['freq_equid'].to_string(index = False)
freq_equid = freq_equid.replace(’,’, '.")
freq_equid [float(i) for i in freq_equid.split()]

absorp_coef = df_1['absorp_coef'].to_string(index = False)
absorp_coef = absorp_coef.replace(’,’, '.")
absorp_coef [float(i) for i in absorp_coef.split()]

absorp_coef = [i * 1000 for i in absorp_coef]
absorb = [i * 0.00036 * np.logl0O(np.e) for i in absorp_coef]

val_extrap = 2
ind_1 = np.arange(0, val_extrap)
gamma = 0.2

for i in ind_1:

freq_i = freq[i] - 1 * np.abs(freq[i + 1] - freq[i])

freq_i -= 1 * np.abs(freq[i] - freq[0])

absorb_i = absorb[i] - gamma * np.abs(absorb[i + 1] - absorb[i])
absorb_i -= gamma * np.abs(absorb[i] - absorb[0])

freq.insert(0, freq_i)
absorb.insert(0, absorb_i)

val_imput_1 = 43

ind_2
ind_3

I
(l

for i in range(2 * val_imput_1 + 1):
ifi % 2 == 1.

ind_2.append(i)
ind_3.append(i)

for i in ind_2:

freq_i = (1 / 2) * (freq[i] - freq[i - 1]) + freq[i - 1]
freq.insert(i, freq_i)

for i in ind_3:

absorb_i = (1 / 2) * (absorb[i] - absorb[i - 1]) + absorb[i - 1]
absorb.insert(i, absorb_i)

val_imput_2 = 13
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B Python" Code

ind_4
ind_5

(l
I

for i in range(2 * val_imput_2 + 1):
ifi % 2 ==1

ind_4.append(i)
ind_5.append(i)

for i in ind_4:

freq_i = (1 / 2) * (freq[i] - freq[i - 1]) + freq[i - 1]
freq.insert(i, freq_i)

for i in ind_5:

absorb_i = (1 / 2) * (absorb[i] - absorb[i - 1]) + absorb[i - 1]

absorb.insert(i, absorb_i)

absorb_interp = []

absorb_interp.append(absorb[0])

for i in range(1, len(freq_equid) - 1):
for j in range(len(freq)):

if freq_equid[i] < freq[j]:

t = (freq_equid[i] - freq[j - 1]) / (freq[j] - freq[j - 1])
absorb_t = t * (absorb[j] - absorb[j - 1]) + absorb[j - 1]

absorb_interp.append(absorb_t)

if freq[j] > freq[j - 1]: break

absorb_interp.append(absorb[len(absorb) - 1])

np.savetxt('cocaine_f.csv', absorb_interp, fmt = '%.9f")

B.2 Optimisation

B.2.1 TNT

import time
import numpy as np
import pandas as pd

# np.set_printoptions(threshold = np.inf)

time_i =

freq_equid = pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv')

df 1 =

_4_ace
df_2 =
_4_ace
_4 _ace
_4_ace

time.time()

pd.DataFrame(freq_equid)
freq_equid = df_1['freq_equid'].tolist()
freq_equid = np.array(freq_equid)

pd.read_csv(r'C:\Users\carsten\Desktop\_4_ace_f.csv')

pd.DataFrame(_4_ace)

bar = pd

df_2['absorb'].tolist()
np.array(_4_ace)
(L / 0.1) * _4_ace

.read_csv(r'C:\Users\carsten\Desktop\bar_f.csv")
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df_3 = pd.DataFrame(bar)

bar = df_3['absorb'].tolist()

bar = np.array(bar)

bar = (1 / 0.1) * bar

cel = pd.read_csv(r'C:\Users\carsten\Desktop\cel_f.csv')

df_4 = pd.DataFrame(cel)
cel = df_4['absorb'].tolist()
cel = np.array(cel)

cel = (1 / 0.1) * cel

|_deh = pd.read_csv(r'C:\Users\carsten\Desktop\l_deh_f.csv")
df_5 = pd.DataFrame(l_deh)

|_deh = df_5['absorb'].tolist()

|_deh = np.array(l_deh)

|_deh = (1 / 0.1) * I_deh

hal = pd.read_csv(r'C:\Users\carsten\Desktop\hal_f.csv')
df_6 = pd.DataFrame(hal)

hal = df_6['absorb'].tolist()

hal = np.array(hal)

hal = (1 / 0.15) * hal

chlorprop = pd.read_csv(r'C:\Users\carsten\Desktop\chlorprop_f.csv')
df_7 = pd.DataFrame(chlorprop)

chlorprop = df_7['absorb'].tolist()

chlorprop = np.array(chlorprop)

chlorprop = chlorprop - 0.2

chlorprop = (1 / 0.25) * chlorprop

tnt = pd.read_csv(r'C:\Users\carsten\Desktop\tnt_f.csv')
df_8 = pd.DataFrame(tnt)

tnt = df_8['absorb'].tolist()

tnt np.array(tnt)

tnt = (1 / np.max(tnt)) * tnt

res_vec_1 =[]
coef_1 =[]

59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82

for ¢_1 in [O]:
for ¢c_2 in [O]:
for ¢_3 in np.linspace(0.04, 0.08, 450):
for ¢_4 in np.linspace(0.06, 0.1, 450):
for ¢_5 in np.linspace(0.24, 0.28, 450):
for ¢c_6 in [0]:

(c_1 * _4_ace

+ c_2 * bar

+ ¢_3 * cel

+ c_4 * |_deh

+ ¢_5 * hal

+ c_6 * chlorprop

if (1.583 ** 2 <= np.linalg.norm(res_vec) ** 2 <= 1.584 ** 2
and np.var(res_vec) <= 0.0036304955373993282

res_vec_1l.append(res_vec)
coef_1.append([c_1, ¢c_2, ¢ 3, c_4, c_5, c_6])

res_vec_1 = np.array(res_vec_1)
res_vec_norm = [np.linalg.norm(i) ** 2 for i in res_vec_1]
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85 res_vec_norm_sort = np.sort(res_vec_norm)

86

87 norm_sort = len(res_vec_1)

88

89 res_vec_norm_sort_trunc = []

90

91 for i in range(norm_sort):

92 res_vec_norm_sort_trunc.append(res_vec_norm_sort[i])
93

94 norm_ind_1 = []

95

96 for i in range(norm_sort):

97 norm_ind_1.append(res_vec_norm.index(res_vec_norm_sort_truncli]))
98

99 coef_2 =[]

100

101 for i in range(norm_sort):

102 coef_2.append(coef_1[norm_ind_1Ji]])

103

104 coef_2 = np.array(coef_2)

105

106 res_vec_2 = []

107

108 for i in norm_ind_1:

109 res_vec_2.append(res_vec_1Ji])

110

111 def res_vec_2(i):

112 return (coef_2[i, 0] * _4_ace

113 + coef_2[i, 1] * bar

114 coef_2[i, 2] * cel

115 coef_2[i, 3] * I_deh

116 coef_2[i, 4] * hal

117 coef_2[i, 5] * chlorprop

118 tnt

119 )

120

121 vec_elem = 100

122

123 dir_vec = np.ones(vec_elem) / np.sqrt(vec_elem)
124

125 list_obj_func = []

126

127 for i in range(norm_sort):

128

129 proj_vec = (res_vec_2(i) @ dir_vec) * dir_vec
130 orth_vec = np.array(res_vec_2(i) - proj_vec)
131 obj_func = (np.linalg.norm(orth_vec) ** 2
132 / (np.linalg.norm(res_vec_2(i)) ** 2 + 10 ** (-16))
133 )

134 list_obj_func.append(obj_func)

135

136 list_obj_func = np.array(list_obj_func)

137 list_obj_func_sort = np.sort(list_obj_func)

138 list_obj_func = list_obj_func.tolist()

139 list_obj_func_sort = list_obj_func_sort.tolist()
140

141 norm_ind_2 = []

142

143 for i in range(len(list_obj_func)):

144 norm_ind_2.append(list_obj_func.index(list_obj_func_sort[i]))
145

146 coef_3 =]

147

148 for i in range(len(list_obj_func)):

+ + + o+
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149 coef_3.append(coef_2[norm_ind_2[i]])
150

151 coef_3 = np.array(coef_3)

152

153 # np.savetxt('coef.csv', coef_3)

154

155 print(coef_3)

156

157 time_f = time.time()

158 time_comp = time_f - time_i

159

160 print(f'Computation time: {time_comp / 60} min')

B.2.2 PETN
1 import time
2 import numpy as np
3 import pandas as pd
4
5 # np.set_printoptions(threshold = np.inf)
6
7 time_i = time.time()
8
9 freq_equid = pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv')
10 df_1 = pd.DataFrame(freq_equid)
11 freq_equid = df_1['freq_equid'].tolist()
12 freq_equid = np.array(freq_equid)
13
14 dl_arg = pd.read_csv(r'C:\Users\carsten\Desktop\dl_arg_f.csv")
15 df_2 = pd.DataFrame(dl_arg)
16 dl_arg = df_2['absorb'].tolist()
17 dl_arg = np.array(dl_arg)
18 dl_arg = (1 / 0.03) * dl_arg
19
20 dl_his = pd.read_csv(r'C:\Users\carsten\Desktop\dI_his_f.csv')
21 df_3 = pd.DataFrame(dl_his)
22 dl_his = df_3['absorb'].tolist()
23 dl_his = np.array(dl_his)
24 dl_his = (1 / 0.05) * dl_his
25
26 d_pen = pd.read_csv(r'C:\Users\carsten\Desktop\d_pen_f.csv')
27 df_4 = pd.DataFrame(d_pen)
28 d_pen = df_4['absorb'].tolist()
29 d_pen = np.array(d_pen)
30 d pen = (1 / 0.1) * d_pen
31
32 |_deh = pd.read_csv(r'C:\Users\carsten\Desktop\l_deh_f.csv")
33 df_5 = pd.DataFrame(l_deh)
34 |_deh = df_5['absorb'].tolist()
35 |_deh = np.array(l_deh)
36 |_deh = (1 / 0.1) * I_deh
37
38 bif = pd.read_csv(r'C:\Users\carsten\Desktop\bif_f.csv')
39 df_6 = pd.DataFrame(bif)
40 bif = df_6['absorb'].tolist()
41 bif = np.array(bif)
42 bif = (1 / 0.15) * bif
43
44 _4_biph = pd.read_csv(r'C:\Users\carsten\Desktop\4_biph_f.csv")
45 df_7 = pd.DataFrame(_4_biph)
46 _4_biph = df_7['absorb'].tolist()

N
~
I-b
=2
kel
>
|

= np.array(_4_biph)
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48 _4_biph = (1 / 0.2) * _4_biph

49

50 petn = pd.read_csv(r'C:\Users\carsten\Desktop\petn_f.csv")
51 df_8 = pd.DataFrame(petn)

52 petn = df_8['absorb'].tolist()

53 petn = np.array(petn)

54 petn = (1 / np.max(petn)) * petn

55

56 res_vec_1 =[]

57 coef_1 =[]

58

59 for c_1 in [O]:

60 for ¢_2 in np.linspace(0.03, 0.05, 85):

61 for ¢_3 in np.linspace(0.06, 0.08, 85):

62 for ¢_4 in np.linspace(0.006, 0.008, 85):

63 for ¢_5 in [O]:

64 for ¢_6 in np.linspace(0.06, 0.08, 85):
65

66 res_vec = (c_1 * dl_arg

67 c_2 * dl_his

68 c_3 * d_pen

69 c_4 * |_deh

70 c_5 * bif

71 c_6 * _4_biph

72 petn

73 )

74

75 if (1.039 ** 2 <= np.linalg.norm(res_vec) ** 2 <= 1.04 ** 2
76 and np.var(res_vec) <= 0.00249895
77 ):

78

79 res_vec_1l.append(res_vec)
80 coef_1.append([c_1, ¢c_2, ¢ 3, c_4, c_5, c_6])
81

82 res_vec_1 = np.array(res_vec_1)

83 res_vec_norm = [np.linalg.norm(i) ** 2 for i in res_vec_1]
84 res_vec_norm_sort = np.sort(res_vec_norm)

+ + + + o+

85

86 norm_sort = len(res_vec_1)

87

88 res_vec_norm_sort_trunc = []

89

90 for i in range(norm_sort):

91 res_vec_norm_sort_trunc.append(res_vec_norm_sort[i])
92

93 norm_ind_1 = []

94

95 for i in range(norm_sort):

96 norm_ind_1.append(res_vec_norm.index(res_vec_norm_sort_truncl[i]))
97

98 coef_2 =[]

99

100 for i in range(norm_sort):

101 coef_2.append(coef_1[norm_ind_1[i]])
102

103 coef_2 = np.array(coef_2)

104

105 res_vec_2 =[]

106

107 for i in norm_ind_1:

108 res_vec_2.append(res_vec_1[i])

109

110 def res_vec_2(i):

111 return (coef_2[i, 0] * dl_arg
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112
113
114
115
116
117
118 )
119
120 vec_elem = 100

121

122 dir_vec = np.ones(vec_elem) / np.sqrt(vec_elem)

123

124 list_obj_func = []

125

126 for i in range(norm_sort):

127

128 proj_vec = (res_vec_2(i) @ dir_vec) * dir_vec

129 orth_vec = np.array(res_vec_2(i) - proj_vec)

130 obj_func = (np.linalg.norm(orth_vec) ** 2

131 / (np.linalg.norm(res_vec_2(i)) ** 2 + 10 ** (-16))
132 )

133 list_obj_func.append(obj_func)

134

135 list_obj_func = np.array(list_obj_func)

136 list_obj_func_sort = np.sort(list_obj_func)

137 list_obj_func = list_obj_func.tolist()

138 list_obj_func_sort = list_obj_func_sort.tolist()

139

140 norm_ind_2 = []

141

142 for i in range(len(list_obj_func)):

143 norm_ind_2.append(list_obj_func.index(list_obj_func_sort[i]))
144

145 coef_3 =[]

146

147 for i in range(len(list_obj_func)):

148 coef_3.append(coef_2[norm_ind_2[i]])

149

150 coef_3 = np.array(coef_3)

151

152 # np.savetxt('coef.csv', coef_3)

153

154 print(coef_3)

155

156 time_f = time.time()

157 time_comp = time_f - time_i

158

159 print(f'Computation time: {time_comp / 60} min')

coef_2[i, 1] * dl_his
coef_2[i, 2] * d_pen
coef_2[i, 3] * |_deh
coef_2[i, 4] * bif
coef_2[i, 5] * _4_biph
petn

+ + + + o+

B.2.3 MDMA

import time
import numpy as np
import pandas as pd

# np.set_printoptions(threshold = np.inf)

time_i = time.time()

© 00 ~NO O WNPRP

freq_equid = pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv')
df_1 = pd.DataFrame(freq_equid)
freq_equid = df_1['freq_equid'].tolist()

B
= O
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freq_equid = np.array(freq_equid)

_4_ace = pd.read_csv(r'C:\Users\carsten\Desktop\4_ace_f.csv"')

df_2 = pd.DataFrame(_4_ace)
_4 _ace = df_2['absorb'].tolist()

_4_ace = np.array(_4_
_4 _ace

_4_ace = (1 / 0.1) *

ace)

bar = pd.read_csv(r'C:\Users\carsten\Desktop\bar_f.csv')
df_3 = pd.DataFrame(bar)

bar = df_3['absorb'].tolist()
bar = np.array(bar)
bar = (1 / 0.1) * bar

chloramph = pd.read_csv(r'C:\Users\carsten\Desktop\chloramph_f.csv")

df_4 = pd.DataFrame(chloramph)
chloramph = df_4['absorb'].tolist()
chloramph = np.array(chloramph)

chloramph = (1 / 0.1) * chloramph

los = pd.read_csv(r'C:\Users\carsten\Desktop\los_f.csv")
df_5 = pd.DataFrame(los)

los = df_5['absorb'].tolist()
los = np.array(los)
los = (1 / 0.1) * los

pip = pd.read_csv(r'C:\Users\carsten\Desktop\pip_f.csv')
df_6 = pd.DataFrame(pip)

pip
pip = np.array(pip)
pip = (1 / 0.1) * pip

chlorprop = pd.read_csv(r'C:\Users\carsten\Desktop\chlorprop_f.csv')

df_6['absorb'].tolist()

df_7 = pd.DataFrame(chlorprop)
chlorprop = df_7['absorb'].tolist()

chlorprop
chlorprop
chlorprop

chlorprop

mdma = pd.read_csv(r'C:\Users\carsten\Desktop\mdma_f.csv")

np.array(chlorprop)

- 0.2

(1 / 0.25) * chlorprop

df_8 = pd.DataFrame(mdma)
mdma = df_8['absorb'].tolist()

mdma = np.array(mdma)
mdma =

res_vec_1 =[]

coef_1 =[]

(1 / np.max(mdma)) * mdma

for ¢_1 in np.linspace(0.05, 0.06, 450):

for ¢c_2 in [O]:

for ¢_3 in [0]:
for c_4 in [O]:

for ¢_5 in np.linspace(0.08, 0.09, 450):
for ¢_6 in np.linspace(0.21, 0.221, 450):

res_vec

(c_1 * _4_ace

+ + + + +

c_2 * bar

c_3 * chloramph

c_4 * los
c_5 * pip

c_6 * chlorprop

mdma
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if (0.989 ** 2 <= np.linalg.norm(res_vec) ** 2 <= 0.991 ** 2

and np.var(res_vec) <= 0.0065858009006743105
res_vec_1l.append(res_vec)
coef_1.append([c_1, ¢c_2, ¢ 3, c_4, c_5, c_6])
res_vec_1 = np.array(res_vec_1)
res_vec_norm = [np.linalg.norm(i) ** 2 for i in res_vec_1]
res_vec_norm_sort = np.sort(res_vec_norm)
norm_sort = len(res_vec_1)

res_vec_norm_sort_trunc = []

for i in range(norm_sort):
res_vec_norm_sort_trunc.append(res_vec_norm_sort[i])

norm_ind_1 = []

for i in range(norm_sort):
norm_ind_1.append(res_vec_norm.index(res_vec_norm_sort_truncli]))

coef_2 =[]

for i in range(norm_sort):
coef_2.append(coef_1[norm_ind_1Ji]])

coef_2 = np.array(coef_2)
res_vec_2 =[]

for i in norm_ind_1:
res_vec_2.append(res_vec_1[i])

def res_vec_2(i):
return (coef_2[i, 0] * _4_ace
+ coef_2[i, 1] * bar

+ coef_2[i, 2] * chloramph
+ coef_2J[i, 3] * los

+ coef_2[i, 4] * pip

+ coef_2[i, 5] * chlorprop
- mdma

vec_elem = 100

dir_vec = np.ones(vec_elem) / np.sqrt(vec_elem)

list_obj_func = []

for i in range(norm_sort):

proj_vec = (res_vec_2(i) @ dir_vec) * dir_vec
orth_vec = np.array(res_vec_2(i) - proj_vec)
obj_func = (np.linalg.norm(orth_vec) ** 2
/ (np.linalg.norm(res_vec_2(i)) ** 2 + 10 ** (-16))
)
list_obj_func.append(obj_func)

list_obj_func = np.array(list_obj_func)
list_obj_func_sort = np.sort(list_obj_func)
list_obj_func = list_obj_func.tolist()
list_obj_func_sort = list_obj_func_sort.tolist()
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norm_ind_2 = []

for i in range(len(list_obj_func)):
norm_ind_2.append(list_obj_func.index(list_obj_func_sort[i]))

coef_3 =[]

for i in range(len(list_obj_func)):
coef_3.append(coef_2[norm_ind_2[i]])

coef_3 = np.array(coef_3)
# np.savetxt('coef.csv', coef_3)
print(coef_3)

time_f = time.time()
time_comp = time_f - time_i

print(f'Computation time: {time_comp / 60} min')

B.2.4 Cocaine

import time
import numpy as np
import pandas as pd

time_i = time.time()

freq_equid = pd.read_csv(r'C:\Users\carsten\Desktop\freq_equid.csv')
df_1 = pd.DataFrame(freq_equid)

freq_equid = df_1['freq_equid'].tolist()

freq_equid = np.array(freq_equid)

fruc = pd.read_csv(r'C:\Users\carsten\Desktop\fruc_f.csv")
df_2 = pd.DataFrame(fruc)

fruc = df_2['absorb'].tolist()

fruc = np.array(fruc)

fruc = (1 / 0.1) * fruc

asp = pd.read_csv(r'C:\Users\carsten\Desktop\asp_f.csv')
df_3 = pd.DataFrame(asp)

asp = df_3['absorb'].tolist()

asp = np.array(asp)

asp = (1 / 0.1) * asp

dl_his = pd.read_csv(r'C:\Users\carsten\Desktop\dl_his_f.csv’)
df_4 = pd.DataFrame(dl_his)
dl_his = df_4['absorb'].tolist()

dl_his = np.array(dl_his)
dl_his = (1 / 1.5) * dl_his
dl_his = (1 / 0.05) * dl_his

_4_ace = pd.read_csv(r'C:\Users\carsten\Desktop\4_ace_f.csv")
df_5 = pd.DataFrame(_4_ace)

_4 _ace = df_5['absorb'].tolist()

_4_ace = np.array(_4_ace)

4 _ace = (1 / 1.5) * _4_ace

4 ace = (1 / 0.1) * _4_ace

dia = pd.read_csv(r'C:\Users\carsten\Desktop\dia_f.csv")
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39 df_6 = pd.DataFrame(dia)
40 dia = df_6['absorb'].tolist()
41 dia = np.array(dia)

42 dia = (1 / 1.5) * dia

43 dia = (1 / 0.1) * dia

44

45 _4_iso = pd.read_csv(r'C:\Users\carsten\Desktop\4_iso_f.csv")
46 df_7 = pd.DataFrame(_4_iso)

47 _4_iso = df_7['absorb'].tolist()

48 _4_iso = np.array(_4_iso)

49 4 iso = (1 / 1.5) * _4_ iso

50 4 iso = (1 / 0.3) * _4_iso

51

52 cocaine = pd.read_csv(r'C:\Users\carsten\Desktop\cocaine_f.csv')
53 df_8 = pd.DataFrame(cocaine)

54 cocaine = df_8['absorb'].tolist()

55 cocaine = np.array(cocaine)

56 cocaine = (1 / np.max(cocaine)) * cocaine

57

58 res_vec_1 =[]

59 coef_1 =[]

60

61 for ¢c_1 in np.linspace(0.01, 0.02, 450):

62 for c_2 in [O]:

63 for c¢_3 in np.linspace(0.05, 0.06, 450):

64 for ¢c_4 in [0]:

65 for ¢c_5 in [O]:

66 for c_6 in np.linspace(0.22, 0.23, 450):
67

68 res_vec = (c_1 * fruc

69 c_2 * asp

70 c_3 * dl_his

71 c_4 * _4 ace

72 c_5 * dia

73 c_6 * _4_iso

74 cocaine

75 )

76

77 if 0.93 ** 2 <= np.linalg.norm(res_vec) ** 2 <= 0.931 ** 2:
78

79 res_vec_1l.append(res_vec)
80 coef_l.append([c_1, ¢c_2, ¢c_3, c_4, c_5, c_6])
81

82 res_vec_1 = np.array(res_vec_1)

83 res_vec_norm = [np.linalg.norm(i) ** 2 for i in res_vec_1]
84 res_vec_norm_sort = np.sort(res_vec_norm)

85

86 norm_sort = 1

87

88 res_vec_norm_sort_trunc = []

89

90 for i in range(norm_sort):

91 res_vec_norm_sort_trunc.append(res_vec_norm_sort[i])
92

93 norm_ind_1 = []

94

95 for i in range(norm_sort):

96 norm_ind_1.append(res_vec_norm.index(res_vec_norm_sort_truncl[i]))
97

98 coef_2 =[]

99

100 for i in range(norm_sort):

101 coef_2.append(coef_1[norm_ind_1[i]])

102

+ + + 4+ o+
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coef_2 = np.array(coef_2)
print(coef_2)

time_f = time.time()
time_comp = time_f - time_i

print(f'Computation time: {time_comp / 60} min')
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