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II. PROJECT DESCRIPTION

A. Project Overview

The goal of the R3-C research component at the University of Puerto Rico at Mayagüez (UPR-M) is to de-
velop chemical sensors for explosives detection based on mid-infrared (MIR) laser spectroscopy. The ideal 
end-state of this project is to detect high explosives (HEs) residues on any substrate type at close, mid, and 
long standoff distances. To achieve this stage of development of the research, tunable quantum cascade laser 
(QCL) sources are explored for use in developing confirming chemical sensors for explosives residues left 
due to terrorist activities on real world substrates. The secondary sensors would be used in an orthogonal 
sensing scheme after remote detection of anomalies and devices under clothing and other substrates by mil-
limeter wave sensing. Multivariate analysis routines are then coupled with the laser enabled detection step, 
providing target identification and discrimination from substrates and other interferences, and even quanti-
fication of HE and homemade explosives (HMEs). Addressable libraries of HE/HMEs will be built, tested, and 
made available to the Homeland Security community. The spectra in the library will be able to be modified or 
morphed according to models that consider the spectroscopic measurement conditions, the physical features 
of the HE/HME residues, and the characteristics of the substrates’ surfaces. These libraries are intended to 
be useful for both the identification of single target chemicals that are combined with many clutter species 
as well as the discrimination among multiple target chemicals that are mixed with each other and with addi-
tional clutter species. 
The specific aims of the research include:
• Detection of explosives on metallic and mate substrates at close distances (∼ 15 cm).
• Discrimination of explosives from interferences, including highly MIR absorbing substrates.
• Detection of explosives on substrates at mid-range distances (∼ 1-10 m).
The challenges/obstacles encountered, which the research intends to address, include the following:
• Establish the differences between real samples vs. lab prepared samples in detection of explosives with 

MIR laser spectroscopy.
• Detection of explosives traces with MIR lasers at off-normal incidence geometries is in preparation for 

whole body scanning.
• Detection of explosives with MIR laser spectroscopy of moving targets.
To overcome these challenges requires transitioning from a commercially available MIR laser spectrometer 
operating at close distances from the source (∼15 cm) to a homebuilt system with the following characteris-
tics:
• Highly collimated laser beams with capabilities for sensing at mid-distances (1-10 m) and long distances 

(10-30 m).
• Higher power QCL systems: 50 – 200 mW.
• Wide spectral coverage: 1000 cm-1: 830–1850 cm-1 (5.5 – 12 µm).
• Fast scanning system: 5 seconds (or less).
This work is different from other groups in that it addresses detection of explosives residues of mass range 
from milligram to picogram deposited on real world substrates: bare and painted metal parts, clothing, travel 
bags, personal bags, laptop bags/cases, automobile parts, skin, and other relevant substrates. MIR laser spec-
troscopy signatures obtained in this mass range allow for the identification and quantification of explosives.
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B. State of the Art and Technical Approach

Vibrational spectroscopy, in its two main branches: infrared spectroscopy (IRS) and Raman scattering (RS) 
can be used for identifying and quantifying samples in complex matrices because each substance has a 
unique spectrum in the fingerprint and fundamental vibrations regions of the MIR region and corresponding 
Raman shift regions [1-6]. IRS is a well-established discipline within science and technology fields, and it 
has continuously evolved over the past 200 years [1-3]. Throughout this time, IRS gradually developed all its 
major modalities: absorption/transmission, reflection, and emission spectroscopies. It has benefited from 
technological developments in spectral sorting capabilities (gratings in lieu of prisms; interferometers in 
lieu of dispersive spectrometers), improvements in detection technologies, development of water resistant 
optical elements, and in fast processing data analysis (Fourier transformation) [1-6]. However, one area that 
has lagged in incremental developments and improvements, until recently, has been in the energy sources 
used for excitation of infrared spectra. Only polychromatic thermal sources (globars), which are inherently 
low power sources, have been traditionally available [3].
The difference in inherent strength of the photonic mechanisms that enable IRS and RS as the dominant 
techniques of vibrational molecular spectroscopy limits their capabilities and use in applications of standoff 
(SO) detection of threat chemical compounds. IRS being a photonic absorption process is a much stronger 
process than the inelastic scattering of photons in a Raman event. This enables SO-IRS with the capability of 
near trace detection of target chemicals up to tens of meters. On the other hand, RS is supported by important 
properties of lasers technology, which enable SO ranges as long as 1 km, but it is limited detection of bulk or 
semi-bulk amounts of samples (as low as several mg) and gaseous molecules of small molecules, due to the 
weakness of the scattering event. Both IRS and RS, in their various modalities, have been shown to be useful 
for characterization, detection, identification, and quantification of threat chemicals, among them HEMs and 
HMEs [6-17]. Over the past 25 years, the techniques have frequently been used in SO mode to deter terrorist 
threats by providing the basis for the required countermeasures to prevent explosives events. Fundamental 
and applied research in areas of interest to national defense and security focusing on remote detection of 
HEMs and HMEs that could be used as weapons of mass destruction has been reviewed regularly [7-17].
The need to develop more powerful MIR sources that enable detection at longer distances when a target 
hazardous threat chemical is located on a substrate in the form of a residue at trace or near trace levels sug-
gests the use of collimated, coherent, and polarized sources. These sources were first developed in 1994 at 
Bell Labs with the invention of QCLs [18]. A QCL is a unipolar semiconductor injection laser based on sub-in-
terband transitions in a multiple quantum-well heterostructure. As a semiconductor laser that can produce 
varying wavelengths and to operate at various temperatures, this type of laser has various advantages over 
other types of lasers [19-23]. QCLs can produce from a few tens to hundreds of milliwatts of continuous mode 
or pulsed power under ambient conditions, are commercially available, and have enabled the development of 
ruggedized systems for the detection of hazardous chemical compounds. The increase in output power has 
enabled the use of QCL-based spectrometers in long distance (range) applications, making the detection of 
chemical and biological threat agents possible at tens of meters from the source [24, 25].
Furthermore, QCLs can be operated in field conditions, allowing for the sensitive detection of HMEs such 
as triacetone triperoxide (TATP), of aliphatic nitrate esters such as pentaerythritol tetranitrate (PETN), 
of aliphatic nitramines such as RDX, and of nitroaromatic HEMs such as 2,4-dinitrotoluene (2,4-DNT) and 
2,4,6-trinitrotoluene (TNT) in the vapor phase using photoacoustic spectroscopy [26-28]. The detection of 
TATP and TNT in the vapor phase has also been achieved using IRS with satisfactory results [28-29]. More-
over, the use of QCL sources has been useful for the remote detection of HEMs deposited on surfaces using 
photoacoustic and traditional infrared absorption spectroscopies [30-35]. Thundat’s group recently report-
ed that nanomechanical IRS provides high selectivity for the detection of TNT, RDX, and PETN without the use 
of chemoselective interfaces by measuring the photothermal effect of the adsorbed molecules on a thermally 
sensitive microcantilever [36].
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However, most of the previous investigations focused on the detection of HEMs deposited on nearly ideal, 
highly-reflective substrates such as highly polished metallic surfaces [33]. There are few published reports 
on the effects of non-ideal, low-reflectivity substrates on the spectra of the analyzed target HEM [35]. The 
work by Suter and collaborators (2012; PNNL), in which they measured the spectral and angular dependence 
of MIR diffuse scattering from explosives residues deposited on a painted car door using an external cavity 
QCL (EC-QCL), laid the foundation for part of the work that this research group pursues [34]. However, our 
approach is significantly different because it comprises detection, identification, and discrimination of ex-
plosives on highly interfering backgrounds such as a cotton shirts or pants, nylon and black polyester from 
laptop bags or travel cases, simulated human skin, and other compacted solid mixtures [35]. The work also 
centers on using robust chemometrics techniques for “on-the-fly” pattern recognition and discriminant anal-
ysis, with an expected turnaround response time from a few milliseconds to less than 1 second. The main 
difference between the expected contributions of this research and the current state of the art is in bridging 
the gap between lab experiments under well-controlled conditions and the real-world detection of explosives 
residues [36]. Angular dependence of source-target-detector in active mode SO-IRS [37], and dependence of 
detection limits on angular alignment, substrate type, and surface concentration in active mode SO-IRS [38], 
using globars both modulated and non-modulated, have also been measured as part of the group contribu-
tions.

C. Major Contributions

C.1. Validation of MIR Laser Spectroscopy Detection of High Explosives on Metallic Substrates (Year 1)

The necessity of collimated and coherent light sources in the MIR is evident by the limitation in the opera-
tional distance (range) of standoff infrared spectroscopy (SOIR) experiments based on thermal excitation 
sources. Even when coupled to IR telescopes to direct the light source of the substrates containing the target 
HEMs, the energy/area of these systems greatly benefit from a monochromatic, coherent, collimated and 
polarized source: a laser. The development of lasers with the ability to emit radiation in the 3-12 μm (833 
to 3330 cm-1) spectroscopic range has advanced dramatically with the development of the quantum cascade 
and interband cascade (IC) lasers [18, 39]. MIR laser spectroscopy offers the possibility to detect HEMs and 
other harmful substances, both in the vapor phase (high sublimation pressure HEMs: TATP), as well as traces 
deposited on substrates. QCLs are highly suitable for compact and rugged sensor devices used for security 
and defense applications. A remote detection scheme for low vapor pressure nitroexplosives was described 
by Bauer et al. [40]. 
Block Engineering (BE) developed a scanning QCL spectrometer operating in the 6-12 μm (830-1670 cm-1) 
spectral range. Figure 1 is an illustration of BE’s QCL scanning spectrometer:
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In general, the scanning QCL system offers some key advantages over other established technologies. The 
main specifications and characteristics of this system are:

1. Speed: Very fast scanning and inspection of surfaces due to the use of a large 2-4-mm beam spot, 
long standoff distance and high pulse rate lasers.

2. Ease of use: The scanning QCL system uses a collimated beam with fixed optics that allows operating 
at a convenient, safe standoff minimum distance of 1-2 m.

3. Detection of multiple substances: The scanning QCL system will be able to detect a large number of 
substances, including high explosives, homemade explosives, mixtures, formulations, non-tradition-
al agents, impurities, and essentially any substance that has a spectral feature in the 6-12 µm range.

4. Detection of gases, vapors, liquids and solids: QCL system lends itself to the detection of all states 
of substances, including gases and vapors, in addition to its current capability of surface detection.  

5. Personnel safety: The use of a non-focusing laser beam and operation in the 6–12 µm spectral region 
avoids eye safety issues.

6. High sensitivity measurements: Due to the use of a high-power QCL source, it should be possible to 
detect concentrations as low as 1-15 µg/cm2 (0.01 – 0.15 g/m2) on surfaces as well as bulk material.

7. Ruggedness: Solid-state components, which are inherently rugged with long life expectancies.
The first stage of this project involved the validation experiments aimed at conforming the performance of 
the QCL spectrometer (BE LaserScan). Table 1 shows some of the specifications of the unit acquired from 
BE as part of their John Adams Institute for Innovation (JAII) Award in which the R3-C ALERT component had 
the mission of evaluating the performance of the laser spectrometer in detecting explosives.

Figure 1: Block Engineering LaserScan™ detection of surface trace and bulk material.
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Work in the lab continued steadily using the QCL based laser spectrometer (LaserScan). This system was 
designed for decontamination applications. The MIR spectroscopic system acquires reflectance spectra of 
films and deposits of chemicals on substrates. Some of the results obtained with the QCL system from Block 
Engineering are included in Figure 2. 
The reflectance spectra measured with QCL and FTIR (reference) of: (a) TNT, (b) PETN, (c) RDX, and (d) TATP 
are shown in the figure. The MIR laser spectra were collected on a smooth aluminum (Al) substrate. These 
spectra serve the purpose of validating the proposed technique for detection of HEM, explosive mixtures and 
formulations, and chemical precursors. The MIR laser spectra were collected in open air conditions. Thus, 
water vapor lines can be observed for some of the spectra, particularly for TATP samples, which are rapidly 
sublimating even at room temperature. In other cases, the inherent strength of the MIR signatures of the HE 
makes the water vapor lines imperceptible. There are operational parameters worth mentioning and dis-
cussing in some detail. First, the unit obtained as the result of the JAII award to BE is slightly different than 
the unit type generally described earlier in this section. Two aligning He:Ne lasers can be turned on to focus 
the invisible MIR laser beam of the spectrometer. This unit was designed for short focal length work, and 
the two He:Ne beams converge at the focal length of 15 cm. Meaningful measurements can be obtained at a 
distance from the 3 inch diameter ZnSe focusing lens at 15 ± 3 cm. Experience has dictated that defocusing 
the MIR laser beam is required for highly reflective polished metallic substrates (Al, stainless steel, gold, etc.), 
since the specular radiation collected in back reflection mode saturates the detector. Alternatively, tilting the 
metallic substrate to 9-10° avoids detector saturation.

Table 1: Specifications of the BE LaserScan QCL spectrometer used for the initial part of the project.
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C.2.	 Detection	of	Highly	Energetic	Materials	on	Non-reflective	Substrates	using	QCL	Spectroscopy	(Years	1-2)	

A spectroscopic system based on QCLs was used to obtain MIR reflectance spectra of HEMs deposited on 
non-ideal, low reflectivity matte substrates such as travel bags (TB), cardboard (CB), and wood (W). Various 
deposition methods including spin coating, sample smearing, partial immersion, and spray deposition were 
tested for preparing standards and samples used in the study. Figure 3 contains a schematic diagram illus-
trating the experimental setup, sample preparation, and data acquisition and analysis. 

Figure 2: QCL and FTIR (reference) spectra of HE on smooth Al plates: (a) TNT, (b) PETN, (c) RDX and (d) TATP.

Figure 3: (a) Sample preparation: HEM deposited on substrates; (b) spectral measurements; and (c) multivariate  
analyses.
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The HEMs used included nitroaromatic explosive 2,4,6-trinitrotoluene (TNT), aliphatic nitrate ester pen-
taerythritol tetranitrate (PETN), and aliphatic nitramine 1,3,5-trinitroperhydro-1,3,5-triazine (RDX). Low 
surface concentrations (1-15 µg/cm2) of HEMs were used in the investigation. Figure 4 shows representative 
QCLS spectra of TNT, PETN, and RDX on Al (Fig. 4a), on CN (Fig. 4b), on W (Fig. 4c), and on TB (Fig. 4d). 

Two chemometrics algorithms were applied to analyze the spectral characteristics recorded using the QCL 
spectrometer: principal component analysis (PCA) was used to identify spectral similarities in a spectral data 
set and partial least squares (PLS) was used to find the best correlation between the infrared signals and the 
surface concentration of samples. The multivariate analyses utilized were efficient enough in attaining the 
goals of this investigation. Several preprocessing steps were used to analyze the obtained infrared spectra 
of HEMs deposited as contaminants on target substrates. Chemometrics-based multivariate analyses used 
to detect target HEMs deposited on TB and CB substrates required only first derivative and mean centering 
as preprocessing steps. Wooden substrates were more challenging for generating efficient PCA models and a 
third preprocessing step: standard normal variate (SNV) transformation was required to achieve the desired 
discrimination on these substrates. Moreover, classifications according to the type of HEM were achieved. 
PCA models of the three HEMs studied (TNT, RDX, and PETN) on the three substrates tested (general PCA 
model) allowed discrimination even in the presence of highly interfering and complex substrates, although 
the model required 12 PCs to account for 80% of the variance. In general, QCL spectroscopy was demonstrat-
ed to be useful for detecting HEMs on non-ideal, low reflectivity matte substrates, and for discriminating the 
analytes from highly interfering substrates when coupled with chemometric tools such as PCA analysis. Fig-
ure 5 illustrates some of the results using PCA models: PCA for HE investigated on TB (Fig. 5a); and a general 
PCA regression model for TNT, PETN, and RDX on TB, CB, and W (Fig. 5b).

Figure 4: QCL spectra of HEM on substrates: (a) Al, (b) CB, (c) wood, and (d) TB. Surface concentrations were 15 μg/cm2. 
QCL spectra of substrates are included to establish the degree of spectral interference.
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Concentration profiles and difference spectra identification are shown in Figure 6. These spectra were used 
for the surface concentration profiles constructed in preparation to perform quantitative multivariate anal-
yses runs. A total of nine surface concentration profiles: 3-HEM x 3-substrates (plus three replicas of each 
combination) were assembled. QCL spectra of clean Al substrates were used as backgrounds. Figure 6a shows 
some of the RDX spectra recorded on wood substrates; Figure 6b shows spectra for TNT on CB at various sur-
face concentrations; and Figure 6c shows measured QCL reflectance spectra for PETN on wood. However, the 
QCL methodology used for detection of explosives on non-reflective substrates does not require the use of 
multivariate analyses for identification of HEM, but rather, as illustrated in Figure 6d, a single acquisition (3 
seconds) of CB was subtracted from the corresponding QCL spectrum of PETN on CB to obtain the difference 
spectrum of PETN. Comparison with the QCL transflectance spectrum of PETN on Al demonstrates that sev-
eral of the aliphatic nitrate ester signature bands can be readily assigned by comparison with the reference 
QCL spectrum. The only requirement for this type of remote detection experiment is be able to acquire a QCL 
spectrum of a non-contaminated (non-dosed) segment of the substrate.
Finally, PLS models demonstrated the capability of predicting surface concentrations of HEMs on the sub-
strates tested using a maximum of eight latent variables (LV) to obtain values of R2 higher than 0.9. The re-
sults clearly demonstrate that the infrared vibrational method used in this study can be useful for the detec-
tion of HEMs on real-world low reflectivity substrates. The PLS-DA models resulting from the discrimination 
of each HEM from the others and from the neat substrate for TB are shown in Figure 7. The class predictions 
of PETN, RDX, and TNT on TB from the cross validation are shown in Figures 7a-7c. Four LVs were required to 
obtain the best multivariate classification model with high sensitivity (see Table 2) for the HEMs tested from 
the calibration, cross validation, and prediction data sets. The variance captured was 87.8%, which is suffi-
cient for a good classification of the predicted spectra set on TB. For the multivariate (clustering) analysis of 
the HEMs on TB, a total of six LVs was necessary to capture 80% of the total variance in the spectral data. As 
shown in the score plot in Figure 7d, two latent variables with 60% of the spectral variance were sufficient 
to obtain an excellent classification according to the type of HEM deposited and to discriminate from the 
TB substrate. In this model, spectra from the prediction set (RDX Test, TNT Test, and PETN Test) were well 
grouped according to chemical characteristics with spectra from the calibration sets. 

Figure 5: (a) PCA model for QCLS detection of HE deposited on TB; and (b) general PCA regression model for QCL spec-
tra of HE deposited on substrates. The dotted red closed curve represents 95% confidence level.
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Figure 6: Surface concentration profiles for (a) RDX on wood; (b) TNT on CB; and (c) PETN on wood. (d) Difference spec-
trum: PETN/CB minus CB and comparison with QCL transflectance spectrum PETN/Al (used as reference).

Figure 7: PLS-DA model for discrimination of HEM on TB: (a) class prediction for PETN; (b) class prediction for RDX; (c) 
class prediction for TNT; and (d) scores plot of LV2 vs. LV1 for detection of PETN, RDX and TNT on TB. Preprocessing 
steps applied were 1st derivative (15 pt.) and MC. The threshold for discrimination and 95% confidence level for clus-
tering are represented with red dotted lines.
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In summary, a QCL based spectroscopic system allowed the detection of HEM deposited at low surface con-
centrations (1-15 µg/cm2) on three types of non-ideal low reflectivity substrates: travel bag fabric (TB), 
cardboard (CB), and wood (w). Spectral identification using spectral correlation algorithms were not effi-
cient enough for identifying HEMs when present on non-ideal low reflectivity, highly mid-infrared absorbing 
substrates; however, multivariate analyses were efficient enough in attaining the goals of this investigation. 
Finally, PLS models demonstrated the capability of predicting surface concentrations of HEMs on the sub-
strates tested using a maximum of 8 latent variables (LV) to obtain values of R2 higher than 0.9 [35, 36].

C.3.	 QCL	Spectroscopic	Library	of	Explosives	(Year	2)

Spectral signatures of explosives were recorded by MIR spectroscopy using a QCL system. Explosive samples 
were deposited on aluminum and on real-world substrates such as travel baggage, cardboard, and others. 
Explosives used in this stage of the project were RDX, PETN and 2,4-DNT. The deposition method utilized was 
sample smearing. 

Table 2: Statistical parameters of PLS calibrations for QCLS spectra of HEM deposited on substrates.
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C.4. Classical Least Squares-Assisted MIR Laser Spectroscopy Detection of High Explosives on Fabrics (Years    
 3-5)

MIR laser spectroscopy was used to detect the presence of residues of high explosives (HEs) on fabrics. The 
discrimination of the vibrational signals of HEs from a highly MIR-absorbing substrate was achieved by a sim-
ple and fast spectral evaluation without preparation of standards using the classical least squares (CLS) algo-
rithm. CLS focuses on minimizing the differences between the spectral features of the actual spectra acquired 
by MIR spectroscopy and the spectral features of calculated spectra modeled from linear combinations of the 
spectra of neat components: HEs, fabrics, and bias. Samples in several combinations of cotton fabrics/HEs 
were used to validate the methodology. Several experiments were performed focusing on binary, ternary, and 
quaternary mixtures of TNT, RDX, PETN, and fabrics. The parameters obtained from linear combinations of 
the calculated spectra were used to perform discrimination analyses and to determine the sensitivity and 
selectivity of HEs with respect to the substrates and to each other; however, discrimination analysis was not 
necessary to achieve successful detection of HEs on cotton fabric substrates.
RDX signals (mRDX > 0.02 mg) on cotton were used to calculate the limit of detection (LOD). The signal-to-
noise ratios (S/N) calculated from the spectra of cotton dosed with decreasing masses of RDX until S/N ≈ 3 
resulted in a LOD of 15-33 µg, depending on the vibrational band used. Linear fits generated by comparing 

Table 3: Explosives contained in the QCL library. Status: all substrates: A; metallic substrate: M; not measured N.
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the mass dosed RDX with the fraction predicted were also used to calculate the LOD based on the uncertainty 
of the blank and the slope. This procedure resulted in a LOD of 58 µg. Probably the most representative value 
of the method LOD was calculated using an interpolation of the P value threshold for low surface dosages of 
RDX (LOD = 40 µg).
The results demonstrate that to achieve HEs detection on fabrics using the proposed algorithm (i.e. deter-
mining the presence/absence of HEs on the substrates), the library must contain the spectra of HEs, sub-
strates and potential interferents, or that these spectra must be added to the models in the field. If the model 
does not contain the spectra of the fabric components, there is a high probability of finding false positives 
for clean samples (no HEs) and a low probability for failed detection in samples with HEs. More work will be 
required to demonstrate that these new approaches for HE detection work on real-world samples, and also 
when contaminating materials are present in the samples.
CLS is a well-known regression method that uses the Beer-Bouguer-Lambert linear relation dependence 
between the absorbance of a chemical species and its molar concentration and it is directly applicable to 
quantitative spectral analyses. The highest goal of CLS analysis is achieved when a broad spectrum of inten-
sities of several components in a mixture is included in the analysis. This requirement is one of the greatest 
limitations of CLS, which is that complete knowledge of the individual components in the matrix analyzed is 
required. Thus, spectra of the mixtures and the spectrum of each neat component are needed to estimate the 
spectral fraction for each component that is in the composition of the mixture. This is true only when neat 
components are involved; however, CLS can be considered as the transition state or as a bridge between uni-
variate and multivariate analysis. Accordingly, in CLS, the response at any wavenumber can be considered as 
a linear combination of the responses of each component that is assumed to be in the mixture. The method 
also estimates the proportion of each spectrum component in the mixture spectra by minimizing the sum of 
the squares of the errors. In most cases, this spectral proportion is equal to or linearly proportional to the 
actual proportion in the mixture. Following this approach, a CLS analysis is presented and discussed.
In the study, binary, ternary, and quaternary mixtures were prepared from the four components in the cal-
ibration set: three for the HEs utilized and one for the cotton fabric substrates. A simple implementation of 
CLS analysis was used for the detection and discrimination analysis of the target HEs by remote sensing with 
QCL spectroscopy. The CLS methodology and analysis introduces a statistical experimental design based on 
reference spectra obtained from the pure components included in the mixtures, establishing a simple tech-
nique for data visualization and model interpretation. In comparison, PLS-DA-based calibration models re-
quire the development of independent models for each substrate surface, or type of fabric and are unsuitable 
for actual remote-sensing applications. Using the proposed method, in-field actualization of the substrates 
can be performed, and only the spectra of the neat HEs and surfaces/substrates need to be included in the 
spectroscopic library.
Reference spectra of the HEs and the cotton fabric were acquired by diffuse reflectance using the QCL spec-
trometer. Roughened gold substrates were used as a background reference for the reflectance measurements. 
Reflectance units were converted to the negative of the logarithm of the reflectance for spectral display and 
in preparation for the chemometric analysis to be applied to the data. The spectra of cotton fabric with the 
corresponding dosing amounts of HEs were acquired in the same form as for the background spectra. Figure 
8 shows representative spectra for the HEs and cotton fabric substrates obtained. The normalization was 
performed using standard normal variate (SNV) as a preprocessing step. SNV was applied to the full spectral 
region of the analyses to eliminate the baseline drift caused by MIR scattering due to differences in particle 
size, the topology of the fabric substrate, and the inherent scale of the spectra.
Statistical model: all spectra were acquired in the Thermo-Galactic Grams/AI SPC spectroscopic file format 
(Thermo-Fisher Scientific, Inc., Waltham, MA) and analyzed using a CLS model developed with customized 
commands in Matlab (The MathWorks, Inc., Natick, MA) included as part of the Supplementary Materi-
als. Spectra were also loaded into the PLS Toolbox v. 8.1 (Eigenvector Research, Inc., Manson, WA, USA) to  
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generate the matrices for other multivariate analyses. Even further statistical analyses were performed using 
StatgraphicsTM Centurion XV software, version 15.2.05. (Statpoint Technologies, Inc. Warrenton, VA). The 
proposed linear model based on CLS can be represented by the following equation [41]:                            

where �φj ,	 β
�

j�i represents the ith normalized intensity of the spectrum [from –log(R)], calculated from a 
mixture of several components ( j); φj(ωi) is the normalized intensity at each wavenumber (ωi) of the net 
spectrum belonging to the j component; and β�j is a parameter that indicates the fraction or proportion of the 
net spectrum of a certain component in the spectrum of the mixture. The model assumes that there are no 
binding interactions among the components in the mixture, which would lead to changes in intensities, band 
shifts, and the appearance or disappearance of vibrational bands due to binding, physical, or chemical inter-
actions. This implies that the intensity contributions are additive, at least to the first order. The β�j parameters 
can be calculated by finding the minimum of the square of the difference between the actual spectra (RS) and 
the calculated spectra (CS) as follows: 

The minimum value of the sum of the squares of di (residual) with respect to β�j , illustrated above, can be 
found by setting to zero the first-order partial derivatives with respect to β�j and finding the values of β�j . 
Because the model contains “n” parameters, this generates n partial-derivative equations that can be repre-
sented as follows:

It is possible to extract the signals of interest for each component of the mixture from the model. For example, 
if the component of interest is 1, the extracted spectrum (Ψ� ) is

C.4.a. Binary Models

Models for each of the classes (mixtures) studied were generated. Binary-class models were based exclu-
sively on the spectra of cotton fabric substrates and the spectra of each of the HEs. In this case, Equation 1 
reduces to:

Twelve loading samples containing various amounts of HEs ranging from 0.1 to 3 mg were deposited on the 
fabric substrates. The β�HE parameters were calculated from five (5) replicate spectra acquired at various loca-
tions on the substrate surface for samples of several RDX loadings, resulting in a total of 60 spectra. The prob-
ability distributions were estimated. Binary models for each of the HE/cotton fabric substrate combinations 
were generated (P-models). The decision threshold for the model (P) was determined using the predicted 
average value (x‒) of β�HEM for the cotton fabric substrate samples (blank) and the standard deviations (sd) of 
the replicates as follows:

(1)

(2)

(3)

(4)

(5)

⦁ (6)
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There is an estimated 5% probability of random error. This probability is based on the definition of the limit 
of detection (LOD) [41-43]. There is a high probability that the clean samples are below this threshold. Thus, 
it was only necessary to have representative spectra of the cotton fabric substrates in the database to gener-
ate the discrimination. The models had high sensitivity and selectivity for the HE mass range of 0.1 to 3 mg, 
as illustrated in Table 4. The model was compared with the discriminant analysis (DA). The results are also 
shown in Table 4, where the value of β�HE  was used to generate a model for discrimination. The difference be-
tween this DA model and the proposed CLS model is that in the calibration the CLS model must be fed with a 
spectrum of the cotton fabric without HEs (clean substrate) and with the spectra of the neat HEs and it is not 
necessary to include spectra of the cotton fabric substrates dosed with HEs. 
The spectra for the binary models for TNT, RDX, and PETN are shown in Figures 8a to 8c. In each of these 
graphs, the spectra of approximately 0.1 mg of HE deposited on the cotton fabric substrates are shown as 
blue traces. The predicted spectra from Equation (5) are shown as red traces. Reference spectra for the pow-
der form of the neat HEs (labelled “Ref”) and cotton fabric substrates are shown as black and orange traces, 
respectively. The HE/cotton spectra with the cotton fabric spectra subtracted using Equation (5) are shown 
as green traces. The binary model that consists only of the cotton fabric spectrum and RDX spectrum is pre-
sented as an example. The relationship based on Equation (5) is:

Figure 9 illustrates the calculation of the probability for RDX in the mass range of 0.1 to 3 mg as a function of 
β�RDX.

C.4.b. Ternary Models

The equation for ternary models (three components: cotton, TNT, and RDX) based on Equation (1) is as  
follows:

Samples of 100% TNT from 0.1 to 3 mg (12 samples), 100% RDX from 0.1 to 3 mg (12 samples), and binary 
mixtures of 50% TNT/RDX with a total mass ranging from 0.5 to 3 mg (134 samples) were deposited on cot-
ton fabric substrates and processed as in the case of the binary mixtures. The values of the parameters β�TNT 
and β�RDX were later calculated, and the distribution values for each sample were plotted from Equation (6). 
Figure 10 shows that good discrimination for the binary samples was obtained; however, in ternary mixtures, 
a few samples were classified as binary mixtures composed of TNT/cotton. These samples coincided with the 
locations on the cotton surface where only small yellow TNT crystals were found, when visually inspecting 
the samples. The sensitivity and specificity are also shown in Table 4. Decision thresholds for the models 
were determined using the predicted average values (x‒) of β�TNT and β�RDX for the cotton fabric samples plus 
the standard deviation (sd) times 3.28 (Eq. 6). In Figure 10, the decision value thresholds are represented by 
a violet circle with a light-brown border and the thresholds lines are represented by black dotted lines. This 
threshold was labelled “P” to differentiate it from the DA threshold.

(7)

(8)
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C.4.c.	 Quaternary	Model

The model for quaternary mixtures of fabric substrates, TNT, RDX, and PETN, and can be described by:

Samples of 100% TNT, 100% RDX, and 100% PETN ranging from 0.1 to 3 mg and samples of mixtures of 50% 
TNT/RDX, 50% TNT/PETN, 50% PETN/RDX, and 33.3% TNT/PETN/RDX, each with a total mass ranging 
from 0.5 to 3 mg, were deposited on cotton fabric substrates (252 samples). The values of the parameters  
β�TNT  β

�
RDX, and β�PETN for the mixtures were calculated along with their distribution plot for each sample from 

the calculated values following Equation (9). The sensitivity and specificity are shown in Table 4. Visualiza-
tion of the separation of classes in 3-dimensions (3D) is difficult for 2-dimensional representations. 

Figure 8: (a-c) Spectra of approximately 0.1 mg of HEs (TNT, RDX, and PETN) deposited on cotton are shown as blue 
traces; predicted spectra from Equation (5) are shown as red traces; cotton spectra are shown in orange traces; subtrac-
tion of the cotton spectra from HE/cotton spectra calculated using Equation (4) are shown as green traces; and refer-
ence HE spectra are shown as black traces. (d) Comparison of reference spectra for individual HE and a typical spectrum 
for the quaternary mixture: TNT-RDX-PETN/cotton. 

(9)
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Figure 9: Kernel probability distribution estimation for the β�RDX  parameter of the RDX/cotton binary mixture.

Figure 10: Samples distribution for β�TNT and β�RDX parameters.
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C.4.d. Tests with Other Substrates

Five other substrates were investigated: white cotton (100%, from a T-shirt), polyester (100%), 65% poly-
ester-35% cotton, 45% polyester-55% cotton, and 84% polyester-16% Spandex. The spectra of neat sub-
strates (free of HE) and the spectra of substrates dosed with TNT were acquired and used for the study. 
Figure 4 shows the QCL spectra of TNT, polyester, and Spandex™ used in models for other substrates. Three 
models were generated and tested. First, a binary model for TNT based on Equation (5) was developed. This 
model was composed of a spectrum for the cotton in blue jeans and a TNT spectrum. The samples used in 
the study are shown in Table 2. All substrates contaminated with TNT were correctly predicted. However, the 
samples consisting of neat polyester and Spandex (without TNT) were predicted as containing TNT, i.e., as 
false positives. The β�TNT values were high for all cases, except for the samples of white cotton substrates, as 
the model already included a spectrum of cotton from another substrate (blue jeans). Low amounts of TNT 
(~ 0.1 mg) predicted high β�TNT values. This is unreasonable because the β�TNT values should have been low. 
However, this can be explained in the cases of the polyester and spandex polymer substrates since both have 
intense signals in the same spectral window as TNT. 
A second model was built with a spectrum of cotton from blue jeans, a spectrum of polyester, and a spectrum 
of neat TNT. When the spectrum of polyester was added to the model, all the samples with this substrate were 
correctly predicted with values of β�TNT  near zero. Only the samples that contained Spandex fabric were not 
correctly classified. Finally, a third model was generated by adding the spectrum of Spandex to the second 
model. After this, all samples were correctly classified, and the samples with low amounts of TNT (~ 0.1 mg) 
had a low β�TNT value (see Table 5). Thus, for the classification of samples using CLS and the protocol pre-
sented, it is important to include the spectra of all components of the substrate in the model under develop-
ment to produce a good prediction capability. For the practical identification of HEs on fabrics in defense and  

Table 4: Sensitivity and specificity values for binary discriminant models.
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security applications, the database to be built must contain the neat spectrum of the HE, as well as the spectra 
for the substrate fabrics and other components.

C.4.e. Conclusions

The reconceptualization of the CLS algorithm in combination with remote sensing by QCL spectroscopy re-
sulted in the development of a new methodology for the detection of HEs and mixtures of HEs deposited on 
natural and synthetic fabrics. In this study, the capability of the CLS-assisted MIR laser spectroscopy method 
for detection of HE in binary, ternary, and quaternary solid mixtures with non-MIR reflective (matte) sub-
strates, such as cotton, polyester, and spandex fabrics was demonstrated. In addition, if spectra of the neat 
components (i.e. the HEs of interest (RDX, TNT, and PETN)) and spectra of the fabrics are present in the cal-
ibration set (or spectroscopic library), it is possible to perform discrimination on surfaces or substrates by 
updating the model, with the spectra corresponding to the new surface/substrate where the detection would 
be conducted. This finding was demonstrated using five other substrates: white cotton (100% rag), polyester 
(100%), 65% polyester/35% cotton, 45% polyester/55% cotton, and 84% polyester/16% spandex. Neat 
(HE-free) substrates and substrates dosed with TNT were investigated in this experiment. If the model did 
not contain the spectra of the fabrics, false positives were found for clean samples of HEs and failed detection 
was found for samples with HEs. Thus, for the methodology to work, the model must contain the spectra for 
the fabric substrates and HEs.
RDX signals (mRDX > 0.02 mg) on cotton fabrics were used to calculate the method LOD. S/N values calculated 
from the spectra of cotton fabrics dosed with decreasing masses of RDX until S/N ≈ 3 resulted in an LOD of 
15-33 µg, depending on the vibrational band used. Linear fits generated by comparing the dosed RDX mass 

Table 5: Prediction of  β�TNT  parameters for the three models developed.
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with the fraction predicted were also used to calculate the LOD based on the uncertainty of the blank and the 
slope of the fit. This procedure resulted in an LOD of 58 µg. In a third method used to calculate the LOD, using 
an interpolation of the P value threshold for low RDX dosage resulted in a value of 40 µg. This is probably the 
most representative value of the method LOD.
Experiments designed to determine the minimum level of quantification of surface concentrations of HEs in 
ternary mixtures of RDX, PETN, and cotton resulted in a value of 10% RDX. Vibrational signals of both HEs 
were observed for the subtraction for PETN and RDX except in the lowest concentration of 5% RDX. This in-
dicates that in the mixture of 10% RDX/90% PETN deposited on cotton fabric it was possible to identify RDX 
on the substrate using the methodology.
The CLS algorithm facilitates the discrimination process upon HE detection and provides a better under-
standing and better control of the spectral visualization of vibrational signals of interest. There is a priori, 
nonlinear dependence between the spectrum of the mixture and the spectra of the neat components. It is not 
possible to quantify the components with the methodology developed, but this nonlinear relationship does 
not affect the detection in the cases studied. Further research is warranted to demonstrate that this new ap-
proach to HE detection works on real-world samples and in the presence of interferents and contaminating 
materials [44].

C.5.	 QCL	Spectroscopy	at	Grazing-angle	Incidence	Using	Fast	Fourier	Transform	(FFT)	Preprocessing		 	
 (Years 4-5)

For security applications, a variety of optical sensing methods including the current Quantum Cascade Laser 
(QCL) spectroscopy, Raman, FTIR, remote infrared spectroscopy (RIRS), and Laser-Induced Thermal Exci-
tation of Infrared Emission are desirable for the detection of explosives [15, 22, 23, 25, 47, 49-52]. The fast 
trace detection of chemical and biological threat agents on contaminated surfaces with high selectivity and 
specificity is fundamental in the prevention of terrorist attacks, and rapid performance and execution of 
security protocols. Ideally, analyte sensing on surfaces would be a rapid, in-situ, economic, portable, highly 
sensitive, and able to discriminate between components. Despite the challenges faced during sensing, a new 
set-up with multi reflection pass by a grazing angle probe using a QCL source was employed to improve the 
in-situ detection of organic contaminants on a surface. This new prototype reduced the time analysis and 
improves the spectra S/N ratio.
MIR spectroscopy operating at the grazing angle of incidence (approximately 80-82° from the surface nor-
mal), is the most sensitive optical absorption technique available for measuring low chemical concentra-
tions on surfaces such as metals [4, 40]. Under these conditions, reflection-absorption infrared spectros-
copy (RAIRS) can be performed for optically thin samples. The technique can measure low concentrations 
of chemical compounds deposited on substrate surfaces, such as metals, glasses, and plastics [45, 46]. Low 
limits of detection (LOD) from 10 to 50 ng/cm2 of a single analyte have been obtained [47]. Because of the 
above, this technique allows for the analysis of monolayers on surfaces; however, the low absorbance shown 
by monolayers requires longer analysis times (from 5 to 120 min of integration) to obtain spectra with good 
signal to noise ratios (S/N). The integration time can be reduced by multiple reflection pass systems or by 
increasing the power of the laser source. Both alternatives improve the absorbance of the sample. However, 
multiple reflections involve the loss of light by phenomena such as scattering due to the substrates where 
the target analytes reside, sample physical properties, and mirror imperfections. The divergence of the MIR 
beam and absorption by the substrate, samples, and mirrors are also factors that lead to signal losses.
Therefore, the main objective of this study is to assess the QCL-GAP back-reflection grazing angle probe, 
which is suggested as a viable method to validate detection of explosives on metallic surfaces. A QCL-GAP was 
designed to obtain measurements in our laboratory. Back-reflectance spectra of RDX samples deposited on 
aluminum (Al) plates were obtained for a remote sensing modality.
In addition, GAP spectroscopy can be used outside the confinement of the sample compartment, making 
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it available for fieldwork. Thermal source (globar) fiber optic coupled grazing angle probe reflection ab-
sorption infrared spectroscopy (FOC-GAP-RAIRS) has been investigated before as a powerful tool to develop 
techniques for detection of explosives residues on surfaces. The methodology is remote sensed, in situ and 
can detect nanograms of the compounds. It is solvent free and requires no sample preparation. Samples with 
surface concentrations (CS) ranging from micrograms/cm2 to nanograms/cm2 of explosives (DNT, TNT, PETN, 
nitroglycerine (NG) and triacetone triperoxide (TATP)) have been studied on stainless steel plates with excel-
lent results yielding 10-100x lower limits of detection (LODs) for explosives than for active pharmaceutical 
ingredients, for which the setup was originally developed [46]. The main objective of this study was to design, 
develop, and test a grazing-angle probe (GAP) mount for coupling to MIR QCL spectrometer (QCL-GAP) as a 
viable tool to develop methodologies for detection of explosives on surfaces at trace level quantities within 
the framework of homeland security applications. The QCL-GAP was designed to obtain measurements in the 
laboratory and in the field. Back-reflection spectra of RDX samples deposited on stainless steel (SS) plates 
outside the sample compartment were obtained in a remote sensing modality.

C.5.a.	 Optical	System

In the experimental setup, a QCL source and mirrors fixed near the grazing angle (82°) were carefully cou-
pled to improve detection, increase the signal to noise ratio (S/N), and reduce the time of analysis without 
compromising the saturation of the detector. A general view of the complete optical configuration of this 
novel system is shown in Figure 11. The beam was focused and expanded by a lens (ZnSe, 3 inch diameter) 
in the vertical direction (z direction). Next, the light was reflected by a mirror at 49° of the surface, deflecting 
the light at an angle of 8° with respect to the surface or 82° with respect to the surface normal, forming an 
elliptical beam spot on the surface. The axial size of the ellipse was d x [d /( sin 8°)]. For example, for a d = 
4 mm, the axis of the ellipse was 4 mm x [4 mm/(sin 8°)] = 4 mm x 29 mm. Next, the light was returned by a 
plane mirror (8° with respect to normal) to the same surface producing a new slightly larger spot at the same 
position. 
The limitation imposed by the available QCL spectrometer is related to the instrument design in which the 
MIR detector is located within the spectrometer and that the system operates only collecting the back re-
flected light. Preliminary results on detection of explosives residues on stainless steel plates with the unop-
timized setup illustrated in Figure 12 are highly encouraging: 73 pg/cm2 for RDX, and 35 pg/cm2 for PETN 
(results not shown). These values are ~ 102-103 times lower than currently reported LOD values for these 
explosives. In the (proposed) next generation design, the MIR detector will be placed at the plane of the sec-
ond gold-coated mirror and placed at 82° from the surface normal. Figure 13 illustrates how the LOD vales 
can be extrapolated using a plot of S/N vs. 1/CS, where CS is the nominal surface concentration (mass/surface 
area). The extrapolated value for S/N ~ 3 represents the LOD.
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Figure 11: Optical layout for coupling a MIR laser to the GAP.

Figure 12: Reflectance spectra of RDX as function of the surface concentration using QCL-GAP setup.
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C.6.	 Removal	QCL-GAP	Interference	Fringes	in	RAIS	Spectra	of	HEM

The proposition of using a QCL coupled to a GAP setup was evaluated for monolayer analysis of HEM resi-
dues. Principal component analysis (PCA) and partial least squares (PLS) multivariate routines of chemomet-
rics were employed to verify the effect of preprocessing options for the MIR RAIS spectra obtained. When the 
optical system is well aligned, this produces an interference pattern that initially was considered a problem 
that masked the spectroscopic information. Moreover, the observed pattern was modified when the surface 
had an analyte deposited on it. A fast Fourier transform (FFT) analysis was applied to determine if the inter-
ferences could be handled by FFT preprocessing for discrimination and quantification analysis using chemo-
metrics. The FFT is an algorithm that transforms a function from the time domain to the frequency domain 
and conversely. The resulting transformation is a complex function. In complex notation, the domain contains 
one signal made up of N complex points. Each of these complex points is composed of two parts, the real part 
and the imaginary part. In this case, FFT was carried out to find the frequencies of the interference patterns. 
This transformation was used for discrimination using partial least squares coupled to discriminant analy-
sis (PLS-DA) and for quantification using partial least squares (PLS). Both PLS and PLS-DA are supervised 
methods in which the data are reduced to linear combinations containing the information to generate the 
discrimination for PLS-DA or the quantification for PLS.
Figure 14 shows the spectra of substrate clean (SS), the SS with the analyte loading (SS-RDX) at 16 ng/cm2 
of RDX, and the spectra of the standard concentration of RDX acquired with the conventional diffuse-reflec-
tion system of QCL for bulk samples (90° with respect to the surface normal). Interference patterns were 
observed (see Fig. 14) in the spectra of substrate clean and with the analytes loading. These patterns are due 
to the interference by multiples reflections in the system. The variation of interference patterns depending 
on whether the substrate is clean or loaded with the analyte can also be noticed. In the RDX spectra, some 
signals were observed with difficulty such as NO2 symmetric stretch at 1275 cm-1 and N-N symmetric stretch 
at 1352 cm-1 [53, 54].

Figure 13: Plot of signal/noise (S/N) as function of reciprocal of surface concentration (Cs) to determine the value of 
the DL.
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To explore how the presence of the analyte in the surface changes the interference pattern and discriminates 
between both analytes and clean surfaces, the interference signals of each sample were transformed and 
exploited. Fast Fourier Transform (FFT) was applied as preprocessing to the data as shown in Figure 14. A 
sketch of the wave behavior when the surface is clean or when it has an analyte is shown in Figure 15a. Here, 
a single reflection representation is observed when the surface is clean. Multiple reflections are generated 
by the semi-transparent analytes when low concentrations are deposited. This interaction of the light with 
the surface causes a modification of the interference patterns depending on the analyte and the concentra-
tion deposited. Figure 15b shows the representation of the preprocessing FFT, which was created through a 
MATLAB code. The transformation of the data with the FFT preprocessing produces a complex function as a 
Fourier transform—this function consisting of an imaginary part (Im), another real part (Re), and the mag-
nitude of the function expressed as the absolute value of z(n). These parameters will be used for the analysis 
to have a good model.   

Figures 16a-c show the spectra transformation for substrate SS clean (none), SS contaminant with RDX, and 
an active pharmaceutical ingredient (API): irbesartan (IRBS), an angiotensin II receptor and active component 
of AVAPRO® used as a potential chemical interferent. The FFT shows each frequency or mode that generated 
the interferences in the spectra. A detailed analysis of Figures 16a-c shows that modes for RDX and IRBS are 
similar to clean SS and these differ in small modifications of these modes. These small modifications are due 
to the nature of the layer, shown as absorbance, homogeneity, refractive index, size of particle, and thickness 

Figure 14: Spectra comparison of SS substrate, RDX/SS (~ 16 ng/cm2), and the reference RDX standard.

Figure 15: FFT preprocessing assembly: (a) fringes from metallic substrate; and (b) fringes from analyte/substrate.

ALERT  
Phase 2 Year 5 Annual Report

Appendix A: Project Reports 
Thrust R3: Bulk Sensors & Sensor Systems 

Project R3-C



of the layer. The Re function has a mode with a higher intensity than the other modes. This mode should be 
the principal interference that is generated between the lens and the mirror in back reflection. Each transfor-
mation and other preprocessing were used for a principal component analysis (PCA) to verify the differences 
between the analytes and the clean surface. A complete separation of spectra without analytes, with RDX and 
IRBS was archived with the real part Re of FFT. The loadings for the analysis are shown in Figure 16d. Two 
components were necessary for a complete separation with Re FFT preprocessing. In comparison to other 
parameters of FFT and other preprocessing algorithms, the separation was not complete. The preprocess-
ing used were standard normal variate (SNV), first derivative (FD), second derivative (SD), extended scatter 
correction (EMSC), multiplicative signal correction (MSC), Im, and |z(n)|. Figures 17a-d show the correlation 
between the scores of PC1 and PC2 for the SNV, |z(n)|, Im, and Re. A visualization of the separation between 
the classes using Re is clear and complete; the maximum separation was achieved with PC2. 
Partial least squares coupled to discriminant analysis (PLS-DA) was employed using Re(FFT) as a prepro-
cessing step and this analysis was done to measure the discriminant capacity. The number of points in FFT 
was changed to select the better resolution for the analysis. The sensitivity and specificity for leave one out 
cross validation (LOOCV) were also calculated for different number of points for FFT. The PLS-DA model’s 
performance was evaluated through parameters of the confusion matrix such as sensitivity and specificity of 
the validation. The validation was initially evaluated in terms of LOOCV. Sensitivity is the number of samples 
predicted to be in the class divided by the actual number per class, and specificity is the number of samples 
predicted not to be in the class divided by the actual number not in the class. The sensitivity and specificity 
were calculated according to Equations (9) and (10), respectively:

where TP, FN, TN, and FP represent the number of True Positives, False Negatives, True Negatives, and False 
Positives, respectively. The best models were generated using 75 and 100 # of points of FFT preprocessing. 
These models present very high sensitivity and specificity. The parameters for cross validation for all models 
are shown in Table 6 with two latent variables. In addition, a model for quantification for RDX was generated 
[55].

Sensitivity = (TP)/(TP + FN)
Specificity = (TN)/(TN + FP) 

(9)
(10)

Table 6: Sensitivity and specificity for leave one out cross validation (LOOCV) for two latent variables.
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Figure 16: FFT preprocessing: (a) | z(n) |, (b) Re(FFT), (c) Im(FFT), and (d) loadings for PC1 and PC2 for PCA using Re(FFT).

Figure 17: PCA with preprocessing (a) SNV; (b) absolute values of FFT; (c) imaginary part of FFT; (d) real part of FFT.
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C.7.	 Development,	 Testing,	 and	 Comparison	 of	 New	 HE	 Deposition	 Schemes	 for	 Preparing	 Samples	 and	 
 Standards

In a robust HEMs detection program, it is important to study properties of interest not only under ideal 
conditions, but also under conditions that mimic real-world scenarios. Explosives residues could be found 
on car bombs, cardboard boxes used in goods transportation, clothes, backpacks, and baggage. In this study, 
TNT and RDX solutions, as well as an RDX/PETN solution were deposited on cotton fabric substrates and 
analyzed using a QCL spectrometer. These experiments produced highly linear correlations between the an-
alyte solutions analyzed and the vibrational signatures (peak areas), demonstrating that methods developed 
in the laboratory can be easily adapted to mimic real-world scenarios. The second part of the study involved 
the analysis of RDX and irbesartan on SS substrates. The results indicate that the analyte signals’ response 
to these solutions was not too linear, as evidenced, by their R2 values when a PLS regression was applied to 
them; however, a PCA statistical treatment demonstrated no statistical discrepancies in the data obtained. 
Finally, this study involved the development of a spray deposition system for HEMs, and the determination of 
the low limit of detection (LOD) of a PETN solution deposited onto a SS substrate using a QCL spectrometer. 
The LOD of the analyte solution was calculated to be 3.04 µg/mL, a value lower than previous LOD calcu-
lations using the smearing deposition method. This demonstrated the viability of the system developed in 
future works. Spin coating (SC), sample smearing, drop-cast, and air spray have been incorporated and tested 
as part as different methodologies to simulate real scenarios of explosives residues. 
Finding the best way to reproduce real events such as a terrorist cleaning his hands full of HEM with his 
clothes, a fingerprint, or a solution of HEM falling on a surface, among others, can prove difficult and time 
consuming. This research group has previously worked with spin deposition, sample smearing, and drop 
cast by pipetting solutions of HEMs. While spin coating was effective in creating a homogenous film on the 
substrate, the way in which the deposition is done, results in a large part of the deposited solution being lost, 
thus generating a problem in quantifying the quantity that was actually deposited. With smearing and drop 
casting, it was easy to quantify how much was deposited; however, the films prepared were not homogenous 
throughout the substrate, both leading to limitations in subsequent spectral analyses. 
As a second part of this research, a new deposition method was designed in order to obtain more homoge-
neous films on the substrate while still being able to quantify how much of the analyte was deposited. Spray 
deposition, if done correctly, can achieve a homogenous film, and the amount of solution deposited can be 
quantified. It should be noted that this technique can even achieve deposits on cardboard. The initial results 
are very encouraging since the technique allows knowing the mass deposited in solvent absorbing substrates.
This work is intended to expand the knowledge in the field of preparation of samples and standards based 
on thin films of HEMs, such as RDX, TNT, and PETN, for both basic and applied research. This will be done by 
depositing traces of target analytes on substrates of interest using smearing, drop cast, and spray deposition 
methodologies to develop, test, and compare HEM deposits prepared by the mentioned techniques. The pri-
mary goal is to develop methodologies capable of producing solid sample residues deposited on substrates 
in controlled size and distribution modes on selected surfaces to generate specimens that would reproduce 
real contamination samples. Finally, the applications of these well-characterized samples include use in ex-
periments that require fine control of the distribution of loadings of analytes on surfaces.
Figure 18 shows one of the advantages of spray deposition over spin coating when using a heterogeneous or 
rough substrate. Spray deposition leaves a more uniform coating on the substrate while spin coating forces 
the solution to the outside, making it less homogenous. Another important aspect mentioned previously is 
related to the quantification in mass by substance deposited. At 3000 revolutions per minute (rpm) there is 
less control with the mass amount quantified of the deposited analyte. A typical air spray is shown in Figure 
19a. The system was characterized as shown in Figure 19b.
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The procedure involved covering the head-protecting cap with a rubber-sleeve before spraying in order to 
direct the flow-of-air to the equipment to measure the soap bubbles generated. From Figure 19b, the bubbles 
measured are indicated with two blue marks from the bottom to top of the flowmeter. The distance traveled 
by the bubbles vs. the time it took to travel the distance was measured. The flow measurement was analyzed 
as a function of the opening of the purge-valve. The operation of this valve was important in controlling the 
function of the vacuum-pump. The diameter of this purge-valve was 3.5 mm and closes completely after 8.5 
laps. Each turn involved measuring the flow, and this was plotted to find the model behavior, as shown in 
Figure 20. 

Figure 18: Spin coating vs. spray deposition.

Figure 19: (a) Schematic diagram of a typical air spray deposition system; and (b) measurement of flow rate.
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RDX samples prepared by spin coating deposition on SS substrates are detailed in Table 7. Also, included in 
the table is the signal to noise ratio (S/N) calculation that is used to determine the LOD. These quantities 
were calculated from Figure 21.

Figure 20: Flow measurement analysis as a function of the opening of the purge-valve.

Figure 21: QCL and Raman (ref) spectra of RDX and QCL RDX spectra for various surface concentrations.
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In the case of Figure 21, the deposition of RDX solution by spin coating technology predominantly stimulates 
the formation of β-RDX polymorph crystal deposits. Raman spectroscopy (RS) and QCL reference spectra 
of β-RDX (red trace; RS), α-RDX (blue trace; RS), and QCL-RDX ref. (black trace) have been included in the 
figure for comparison of the vibrational signatures. Reflectivity units at the y-axis, in this case, have been 
changed to -log(R) to take advantage of the peak areas that are directly related to concentration and can be 
used to calculate the S/N (as in IR absorbance). The blue shaded areas illustrate the areas used. α- and β-RDX 
Raman spectra were acquired using bulk quantities (InVia, Renishaw, LLC, Chicago, IL) and were adapted to 
the graph scale to illustrate any polymorphism formation by this deposition technique. A QCL RDX reference 
spectrum is also included. RDX deposited on SS at low concentrations favors the β-polymorph. Blue-shifted 
peaks (compared to Raman spectra) were observed at ~1226, ~1277, and ~1328 cm-1. A LOD of 1.6 ng/cm2 
was calculated; however, the beam-spot area dispersed across the substrate is 0.3 cm2. This means that the 
QCL-GA can detect 494 pg RDX/SS. Figure 22 shows a typical RDX/SS sample.

Table 7: Mass deposited in the film at different concentrations on SS

Figure 22: Sample of RDX on SS prepared using the air spray deposition technique.
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The same deposition conditions were used with anodized aluminum (AN-Al) substrates of 1.0 x 1.0 in2 area. 
Better results were obtained with air spray deposition than with spin coating technology and GAP-QCL spec-
troscopic analysis. Some of the results obtained are shown in Figure 23. This spectral window shows char-
acteristic and strong signatures of RDX. Compared to Figure 21, the reflectance signal was plotted using the 
unprocessed raw data (not -Log(R)), because this way it is possible to interpret the results directly as they 
were acquired. LOD values for the methodology employed requires that the peaks are “up looking” and using 
a blue frame to delimit the area used to find the S/N. An interesting detail is observed when we include the 
spectra of the polymorphic phases of the RDX to the plot (in red and black dotted lines). According to this, 
the α-polymorph is favored on the anodized aluminum substrate; however, our most recent findings pub-
lished confirm that there is a coexistence of both polymorphs [56]. A key aspect of the spectra taken with 
this grazing angle arrangement is that those polymorphs that have collinearity with the electric field vector 
(EFV) from QCL-GA will be favored. This feature is confirmed by  recent published work where the optical 
properties of the polymorph betta follow the selection rules according to the orientation of the EFV from the 
source of excitation [57]. These orientations of the EFV can be directed perpendicular or parallel to the nor-
mal surface vector and can be achieved using a field-polarizer. 

Figures 23 and 24 provide the data needed to establish that the LOD for RDX deposited on AN-Al: 94.7 μg/
cm2; however, the beam-spot area on the substrate was 0.3 cm2. This means that the GAP-QCL detects 28.4 
μg. Compared with SS substrates, AN-Al in the LOD is 215 times larger. In fact, β-RDX polymorph is favored 
by SS substrates with air spray deposition and α-RDX polymorph is favored on AN-Al by the same deposition 
method. This could be explained in terms of porosity of AN-Al substrates, which stimulate the formation of 

Figure 23: Reflectance spectra of RDX deposited on AN-Al.
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the more stable α-polymorph. The roughness and micro cavities of AN-Al could generate a greater amount of 
solid deposits (bulk concentration) and under these conditions the formation of α-RDX is favored.

D. Milestones

One of the most important project milestones recently completed is the study of “Classical Least Squares-As-
sisted Mid-Infrared (MIR) Laser Spectroscopy Detection of High Explosives on Fabrics.”  This publication was 
recently published online (May 2018) [44]. Table 5 shows all the fabrics used in the two-year study, which in-
cluded natural and synthetic fabrics and compound fabrics (natural and synthetic; synthetic and synthetic).
In this project, significant advances have been achieved in the detection of trace level HEMs by coupling a 
QCL spectrometer to a grazing angle probe (GAP-QCL). This enables Reflection Absorption Infrared (RAIRS) 
measurements with a MIR laser with LODs in the picogram regime (trace detection). To take full advantage 
of the invention disclosure, an air spray sample deposition technique had to be incorporated to the various 
sample/standards deposition methods utilized by this research component. Among the advantages of the 
sample deposition technique are:
• Highly homogeneous sample distribution for smooth substrate surfaces (metals and plastics)
• Very good sample transfer for rough (A-Al) and liquid absorbing substrates (cardboard, fabrics)
Thin sample deposits produce interference fringes in RAIRS spectra. In order to retrieve the full spectral in-
formation of the spectra, a pre-processing step was required which involved obtaining the real and imaginary 
part, as well as the full fast Fourier transform (FFT) of the spectra. All three functions were used to couple 
with principal component analysis (PCA). The real function [Re(n)] coupled to PC 1 and PC 2 separated com-
pletely the spectral information from the substrate, RDX, and a chemical interference.

E. Future Plans (Year 6)

In Year 6, the following project outcomes are expected:
• Complete the cross validation of the three sensing methodologies under development:

Figure 24: S/N vs. 1/CS for RDX deposited on AN-Al substrates.
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 ○ Point detection QCL spectroscopy reflectance measurements in which the 2x4 mm2 laser is aimed at 
the samples and back reflected to the MIR laser spectrometer.

 ○ BE coupled QCL spectrometer for larger coverage and spatial averaging of explosives coating on sub-
strates (2x4 mm2 expanded to 12x24 mm2).

 ○ QCL-GAP detection of even larger sample areas (4x29 mm2) and enabling RAIRS.

• Continue working on the development of GAP-QCL, addressing the following important aspects:
 ○ Testing of the methodology on non-reflective (matte) substrates.

 ○ Development of multivariate analysis (chemometrics) pre-processing treatments of data for RAIRS 
spectra exhibiting interference fringes that result from interactions of the MIR light and the analyte 
films (highly energetic material (HEM)) deposited on the substrates studies and that experiment at-
tenuated total reflectance (ATR).

• Couple the setups used to develop methodologies for explosives detection to MIR transmitting fiber op-
tics cables to prepare for field portable instruments and methods of analysis 

• One of the most important outcomes and contributions from this research component is in the character-
ization of trace and near-trace to semi-bulk amounts of HEMs. Deposition methods of HEMs on substrates 
of interest to the Homeland Security Enterprise in general must be characterized both morphologically 
and spectroscopically. It is also important to determine distributions of polymorphs on substrates. Al-
though HEM traces commonly found on substrates in the field result from handling of bulk amounts of 
HEMs, which leave detectable HEM amounts in the form of solid residues, these are very hard to mimic 
under normal lab conditions and research groups typically transfer from stock solutions (solvent medi-
ated deposition). This and other deposition methods from solutions generally result in the formation of 
polymorphs which can lead to vibrational signals not accounted for in spectroscopic libraries. Targets 
for this sub-project will be: RDX, PETN, TNT, nitrourea, urea nitrate, and ammonium nitrate (AN). Among 
the substrates to be studied are stainless steel (SS), aluminum, anodized aluminum, gold, silicon, fabrics, 
wood, cardboard, plastics, glass, and metal oxides (Al2O3, ZnO, ZrO2, silica gel, etc.). The following deposi-
tion techniques will be used in the characterization of samples/substrates combinations:

 ○ Pipette transferred samples

 ○ Smeared samples

 ○ Thumb transferred samples

 ○ Spin coated samples

 ○ Air brush coated samples

 ○ Ink Jet printed samples

III. RELEVANCE AND TRANSITION

A. Relevance of Research to the DHS Enterprise

Relevance of research to the DHS Enterprise includes:
1. Development of a MIR laser reflectance spectroscopy methodology for detection of explosives on 

reflective substrates (Al, SS, copper, etc.).
2. Development of a MIR laser reflectance spectroscopy methodology for detection, identification, dis-

crimination, and quantification of explosives on matte substrates.
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3. Mass range from near bulk (0.1 g) to near trace (10 ng) at close distances (∼ 15 cm) for potential 
operation at checkpoints and mid- to long-standoff distances. 

4. The methodologies developed provide a positive/negative result or a confidence level indication to 
the operator for presence of explosives within < 15 s (goal: ~ 3 seconds).

5. The methodologies developed operate effectively in field environments: multiple distances with 
varying humidity, air particulates, temperature, light, and wind.

6. Other methodologies developed have the potential of transitioning to methods of obtaining of 
post-terrorist events evidence by detecting explosives residues on: dirt, concrete, wood, cardboard, 
bricks, and other surfaces.

7. Disclosure of algorithm to pre-process MIR reflectance (RAIRS) data contaminated with attenuated 
total reflectance fringes based of fast Fourier transform algorithm.

8. Reconceptualization of the classical least squares algorithm in combination with the remote sensing 
by QCL spectroscopy results in the development of a methodology for the detection of HEs and mix-
tures of HEs on fabrics. Only spectra of neat components (HEs and fabrics) are needed to perform 
discrimination. Two, three, and four components mix were tested.

9. Two invention disclosures filed and two to three more inventions to be disclosed for filing during 
Year 6 for patent applications dealing with various hardware and software issues related to use of 
MIR lasers technology for robust detection, identification, and quantification methodologies for ex-
plosives detection.

B. Potential for Transition

The ultimate transition products/outcomes of the research endeavors include:
1. Dissemination: research reports, discussions with transition partners, presentations at national 

meetings, publications, and invention disclosures (4 total: 2 recent; 2 in preparation).
2. An algorithm for data pre-processing of RAIRS data; and an algorithm for fast detection of HE/fab-

rics.
3. Libraries of MIR-laser reflectance signatures of explosives on substrates: “intelligent” routines that 

can incorporate signatures for new explosives threats “on the fly” using adaptive routines.
4. QCL coupled to grazing angle probe (QCL-GAP) for detection of explosives traces (< 100 pg) on re-

flective and mate substrates (Patent Pend. #: 62/587,557; Nov-17-2017).
5. Thin layer chromatography/MIR lasers: TLC-QCL, for separation, detection, and quantification of 

explosives. Detection limits: current 70 ng TNT, RDX (Patent Pend. #: 62/346,145; Jun-6-2016).
6. Coupling of QCL-GAP to MIR optical fibers for building a portable system (Year 6).

C. Data and/or IP Acquisition Strategy

• Discussions with multivariate analyses software developing companies to commercialize the two algo-
rithms developed to analyze laser reflectance data:

 ○ Eigenvector Research, Inc., Manson, WA

 ○ CAMO Software, Inc., Woodbridge, NJ

 ○ Thermo Scientific™ GRAMS/AI™ Spectroscopy Software Suite, Waltham, MA
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D. Transition Pathway 

• We will continue to seek partnerships for continuing development of methods of detection of explosives 
and hazardous chemicals with companies that fabricate laser sources for MIR or are involved in explo-
sives detection instruments/methodologies.

• We have already shared papers and described the invention disclosures that have resulted from this proj-
ect to most of the potential partners.

• We plan to submit a Small Business Innovation Research (SBIR) project in collaboration with Block Engi-
neering (Southborough, MA) and IBS Caribe, Inc. (San Juan, PR) at the end of Year 5 or beginning of Year 
6. The goal of the endeavor is to build a MIR fiber coupled QCL-GAP. 

E. Customer	Connections

• Pendar Technologies, LLC, Cambridge, MA (Mark Witinski and Daryoosh Vakhshoori)
• Block Engineering, Southborough, MA (Dan Cavicchio)
• Leidos, Reston, VA (Juan P. Amenabar)
• Spectrum Photonics, Honolulu, HI (Edward Knobbe)

IV. PROJECT ACCOMPLISHMENTS AND DOCUMENTATION 

A. Education	and	Workforce	Development	Activities

1. Course, Seminar, and/or Workshop Development
2. Student Internship, Job, and/or Research Opportunities

a. Luis A. Pérez-Almodovar, MS Student, Summer 2018, Research Internship, Naval Research Lab, 
ONR, Washington, DC.

b. Gabriela I. Padilla-Rivera, MS Student, Summer 2018, Research Internship, Army Corps of Engi-
neers, Carlyle, IL.

c. Janet M Crespo-Cajigas, UG Student, Research Internship, Naval Research Lab, ONR, Washington, 
DC.

d. Bianca M. López-Pagán, UG Student, Research Internship, Naval Surface Warfare Center – Indi-
an Head Division, Indian Head, MD.

e. Amanda M. Figueroa-Navedo, Summer 2017, Research Internship at Transportation Security 
Labs, Atlantic City International Airport, Atlantic City, NJ.

3. Interactions and Outreach to K-12, Community College, and/or Minority Serving Institution Stu-
dents or Faculty:
a. Served as host for one high school student participating in Science Fair project.
b. Served as collaborator and host for Follow-On Project of DHS SRTP-MSI Grant of Dr. Joaquín A. 

Aparicio-Bolaño, University of Puerto Rico-Ponce Campus ($50,000/1 year).
c. Served as host for DHS-SRTP-MSI-2017 Visiting Professor Dr. Ricardo Infante-Castillo and two 

Summer Research Undergraduate Students, from University of Puerto Rico-Arecibo Campus
d. Served as collaborator and host for Follow-On Project of DHS SRTP-MSI Grant of Dr. Ricardo In-

fante-Castillo, University of Puerto Rico-Arecibo Campus ($50,000/1 year).
4. Training to Professionals or Others
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a. Puerto Rico Chemists Association Continued Education Program, Course in Chemistry of Explo-
sives, November 2017, Southeastern Section, Aguadilla, PR, 53 attendees.

b. Puerto Rico Chemists Association Continued Education Program, Course in Spectroscopic Stand-
off Detection of Chemical Threats, August 2017, Annual Convention, 85 attendees.

B. Peer Reviewed Journal Articles 

1. Pacheco-Londoño, L.C., Aparicio-Bolaño, J.A., Galán-Freyle, N.J., Román-Ospino, A.D., Ruiz-Caballero, 
J.L., & Hernandez-Rivera, S.P. “Classical Least Squares-Assisted Mid-Infrared (MIR) Laser Spectros-
copy Detection of High Explosives on Fabrics.” Applied Spectroscopy, May 2018 (published online). 
DOI: 10.1177/0003702818780414

Pending- 
1. Pacheco-Londoño, L.C., Galán-Freyle, N.J., Figueroa-Navedo, A.M., Infante-Castillo, R., Ruiz-Caballero, 

J.L., & Hernández-Rivera, S.P. “Quantum cascade laser back-reflection spectroscopy at grazing-angle 
incidence using fast Fourier transform preprocessing.” Journal	of	Chemometrics, August 2017 (sub-
mitted for peer review).

C. New	and	Existing	Courses	Developed	and	Student	Enrollment

New or 
Existing

Course/Module/
Degree/Cert.

Title Description Student  
Enrollment

Existing On Going Certificate 
Program

Forensic Chemistry For students of Chemistry and  
Chemical Engineering

34

D. Technology Transfer/Patents

1. Patent Applications Filed (Including Provisional Patents): 
a. “Grazing Angle Probe Mount for Quantum Cascade Lasers.” Inventors: Samuel P. Hernández-Ri-

vera and Leonardo C. Pacheco-Londoño. Ser. #: 62/587,557; Filing Date: 11/17/2017.

E. Software Developed

1. Algorithms:
a. Fast Fourier Transform pre-processing programmed in in MATLAB® 8.6.0.267246 (R2015b; 

Math Works Inc. Natick, USA). This algorithm is being used to remove interference fringes from 
thin HEM films generated by GAP-QCL RAIRS measurements.”

b. Classical least squares (CLS) algorithm for assisted MIR laser spectroscopy detection of high 
explosives on fabrics and other non-reflective substrates.
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