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Chapter 2
Two-Dimensional Correlation Analysis for Explosive Detection
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2.1 INTRODUCTION
Improvised Explosive Devices (IEDs) are currently the number one killer of both
troops and civilians in Iraq and Afghanistan.1 Furthermore, world-wide IED events outside Iraq and Afghanistan number over 300 per month.1 The ability to detect explosives
prior to detonation would save lives; hence many laboratory techniques have been explored for explosive detection and classification (see reviews by Moore, 20042 or Steinfeld and Wormhoudt, 19983). With the exception of the human eye and canine units, the
most successful detection schemes are based on ion-mobility spectrometry, gaschromatography/mass spectrometry, and fluorescence quenching of polymers. These all
share the serious drawback of proximal sampling, which is extremely hazardous. An ideal
system should quickly and accurately identify the presence of a variety of explosive
traces in different environments with dynamic backgrounds at a safe standoff distance.
A possible solution to this complex problem is an optical-based scheme.2, 3 Attempts have been made to utilize infrared (IR) spectroscopy,4 photodissociation laserinduced fluorescence (PD-LIF),5-7 laser-induced breakdown spectroscopy (LIBS),8 and
terahertz time domain spectroscopy (THz-TDS).9 While well-suited for standoff detection,
not all of these techniques meet the additional challenges of low vapor pressure of explosives and small sample size, as well as both optical and chemical interference – while requiring no sample preparation. However, even those techniques that are able to meet the
challenges presented above suffer other serious drawbacks (for example, safety of implementation).2-4, 10-12 This study focuses on a detection scheme based on long standoff
Raman spectroscopy.13-19
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Raman spectra provide direct information about molecular structure that can
be used for identification. It is a non-invasive technique capable of analyzing both organic and inorganic compounds in any state (solid, liquid, gas), in most environments and
without specific sample preparation requirements. The Raman Effect is the result of inelastic scattering of light from molecules that is shifted in frequency due to specific molecular vibrations. When an incident photon induces a dipole moment within a molecule,
the result is a transfer of energy. If the molecule absorbs energy, the result is a photon
scattered with less energy than the incident photon, or Stokes scattering. If, on the other
hand, the molecule loses energy, the scattered photon will have greater energy and will be
part of Anti-Stokes scattering. Stokes lines have greater intensity than Anti-Stokes lines
at room temperature and are the focus of the current work.
The unique Raman signatures of many explosive materials are well known.15, 20-29
The challenge is in obtaining these spectra from a distance of a few to hundreds of meters.
Standoff systems often utilize a powerful, pulsed laser as the excitation source and a large
optic to collect scattered photons that are sent to a dispersive spectrograph. Recent advances in optical-based standoff detection schemes have stemmed primarily from developments in the instrumentation of the detection system.7, 11, 13, 14, 17-19, 30 However, long
standoff detection of trace explosives presents a number of difficult challenges associated
with rapid detection of a weak signal in a noisy and dynamic environment. Additional attempts have been made to enhance detection of explosives by exploiting their unique
predisposition to decompose during heating.21, 31-36 Another possible approach to increase
the success of long standoff detection (based on any scheme) is through the analysis of
spectra after collection, although this has received little attention.12, 37, 38
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The system envisioned by Dr. Ravi Verma and Dr. Andrew Pipino at Tanner
Research Inc. (Monrovia, CA) combines these three factors (hardware, material characteristics, and data analysis) to meet the challenges of long standoff Raman detection. Instrument design and assembly have been conducted by Dr. Andrew Pipino and includes a
gated mechanism to minimize the amount of ambient light and luminescence that reaches
the detector.13, 30, 39 Once complete, the system would exploit the instability of explosives
during incremental heating, which can be induced from a long standoff distance using a
carbon dioxide (CO2) laser. The enhancement in detection achieved by employing twodimensional correlation spectroscopy is examined as part of this thesis. It was hypothesized that peaks characteristic of specific explosives would decrease as the explosive underwent thermal degradation while peaks corresponding to the decomposition products
would increase. Furthermore, many of the potential interfering compounds in the operating environment have sufficient thermal stability that they would not be affected by the
degree of heating used to induce thermal decomposition of energetic materials. The compounds that change due to heating would be selectively retained in the two-dimensional
correlation spectra and the unchanged background would not contribute.
Two-dimensional (2D) correlation spectroscopy is a robust and versatile technique used to study molecular behavior as a function of a perturbation variable (e.g.,
temperature). Since its generalization by Noda,40 the analysis has been applied to a variety of measurements across different fields.41-49 Specifically, this analysis allows for
separation of spectral features corresponding to explosives both from a noisy background
and from any contaminants based on their rate of response to heating. Advantages of 2D
correlation spectroscopy pertinent to detection include (1) simplification of complex
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spectra by separation of overlapped peaks, (2) enhancement of spectral resolution
and enhancement of signal to noise ratio (SNR) through the spreading of peaks over a
second dimension, and (3) probing specific sequential order of spectral intensity
changes.50 In the current application, 2D correlation analysis should allow for rapid discrimination between unstable explosive traces and more stable contaminants, as the nature of the 2D approach is to eliminate static spectral features.
In this work, the concept of thermal decomposition in conjunction with 2D correlation spectroscopy for the detection of trace explosives was initially examined using a
Raman microscope and a heating stage. Further investigations evaluated the two aspects
of the analysis that can be used to further enhance detection: data pre-treatment and selection of the reference spectrum.
Data-pretreatments, such as smoothing, averaging, or normalization, can greatly
enhance spectral features. In long standoff detection, a noisy background poses a significant challenge. This background can negatively affect SNR of synchronous spectra and
sometimes produce artificial peaks in the asynchronous spectra.51 Proper background
subtraction is unrealistic due to the time-sensitive nature of the desired detection scheme,
so alternatives must be considered. The effect of background scattering can be minimized
through the use of first52 and second51 derivatives of the spectra. Alternatively, spectral
normalization can also be utilized to enhance spectral features. In many cases, normalization schemes have little effect on qualitative results of 2D correlation analysis.53, 54 However, in some studies, implementation of a normalization scheme has resulted in artificial
peaks, especially in the asynchronous spectrum.55-57 Given that the pre-treatment is dependent on and applied to each individual one dimensional (1D) spectrum, the following
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correlation analysis may result in a significantly different SNR of the 2D spectra.
Since the ultimate goal is to identify explosives while minimizing the probably of false
negatives and false alarms, both derivates and a variety of normalization techniques were
examined for greatest enhancement of explosive features in the 2D synchronous plot
while minimizing the appearance of artificial peaks.
An additional variable in the 2D analysis that can be adjusted for better results is
the reference spectrum selected for calculating the dynamic spectra. The selection of this
reference spectrum is rather arbitrary;50, 58 a simple option is to use an individual spectrum from the dataset.47,

50, 58

Most commonly, the time-averaged (i.e., perturbation-

averaged) spectrum is used, resulting in mean-centered dynamic spectra being analyzed.40,
44, 59, 60

Each of these options was tested for the current application to determine which

provided the best enhancement of explosive spectral features in the 2D synchronous plot,
similar to the normalization schemes.
While noise is considered the greatest challenge of standoff detection, the ability
to identify explosives in the presence of contaminants is not trivial. Therefore, additional
studies were conducted to test the detection scheme in the presence of common interfering compounds. Finally, identification of trace explosive based on fine-tuned 2D correlation spectroscopy was demonstrated using the long standoff system at Tanner Research.

2.2 EXPERIMENTAL METHODS
2.2.1 Materials
For Raman Microspectroscopy experiments, cyclotrimethylenetrinitramine
(RDX), pentaerythritol tetranitrate (PETN), 1,3,5,7-tetranitro-1,3,5,7-tetrazocane (HMX),
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and trinitrotoluene (TNT) were purchased from Cerilliant at concentrations of
1000 μg/mL in acetonitrile (Figure 2.1). Neat residues of explosives were created by
placing several drops of each solution onto glass slides and allowing the acetonitrile to
evaporate under ambient conditions. For contamination studies, explosive solution was
placed on glass slides in the presence of sand, saliva, urine, diesel soot and esterterminated telechelic polybutadiene (PB; obtained from Materia) and allowed to dry.
RDX

HMX

PETN

TNT

Figure 2.1 Molecular structure of the four military grade explosives examined.

For long standoff Raman experiments, 8 wt % RDX in a dry silica matrix (the
most common constituent of sand) was purchased as a Non-Explosive Security Training
and Testing (NESTT) product from XM division of Van Aken International. Approximately 10 grams of material as received was placed in a Petri dish at an approximate angle of 45° to the excitation beam.
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2.2.2 Raman Microspectroscopy
Raman Microspectroscopy studies were conducted using a Renishaw MicroRaman Spectrometer in Professor George Rossman’s laboratory in Caltech’s Geological and
Planetary Sciences Division with a continuous excitation wavelength of 514 nm and a
grating size of 1800 lines/mm. The maximum power output from the excitation laser was
25 mW resulting in approximately 5 mW at the sample with a spot size of 30 μm. To
simulate a thermal perturbation, a Linkam hot stage was used to heat samples at
10 °C/min while static spectra in the range of interest for each compound were acquired
with acquisition times of 1.5 s. Maximum temperatures, which ranged from 150 to
200 °C were selected to achieve full conversion (i.e., disappearance of Raman signatures)
of the explosive residues in order to obtain maximum features in the 2D correlation spectra, which measure the degree of change in a system. At the end of the heating ramp, 200
to 450 spectra were available for analysis.
2.2.2.1 Contamination Studies
Contamination studies proved difficult due to the small spot size of the Raman
microscope excitation laser. Given the intrinsic heterogeneities in the sample and the
30 μm irradiated spot size, it was unfeasible to probe a representative average in the beam.
As an alternative, detection of explosives in the presence of contaminants was evaluated
by examining both multiple points on the same sample and multiple individual samples.
In the first scheme (‘multi-point’ experiment), a sample containing RDX, diesel
soot, sand, and polybutadiene deposited from toluene solution was placed on a glass slide
in a Linkam hot stage. Five points on the sample were selected based on visual inspection
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through the microscope in an effort to obtain spectra of each material on the slide. A
total of eight spectra were collected for each point as a function of temperature from
room temperature up to 200 °C at discrete intervals of 25 °C. Temperature changes were
conducted at 30 °C/min. One of the five points was excluded from the analysis due to
large fluorescence, likely due to contamination at that point on the slide. The remaining
four spectra were summed for each temperature to obtain a total spectrum representative
of the whole sample at a particular temperature.
In the second scheme (‘multi-sample’ experiment), temperature-dependent spectra for individual materials collected during different experiments were summed and analyzed. Specifically, spectra for PETN, diesel soot, and bulk PB were collected during
temperature ramps as described in Section 2.2.2. This procedure neglects any interaction
that could occur between materials upon heating. However, this consequence does not
appear to affect identification of explosive residue, which can be based on the disappearance of the energetic compound.

2.2.3 Long Standoff Raman Spectroscopy
Long standoff experiments were conducted by Dr. Andrew Pipino at Tanner Research. in Monrovia, California. The system, built by Dr. Pipino, utilized a frequencydoubled Nd:Yag laser (532 nm, 10 Hz) for sample excitation. A projection telescope was
used to focus the excitation beam to a 2–3 mm spot on the sample approximately 9 m
away. Excitation source power was approximately 0.1 watts at the sample. Data was collected using a Spectra Pro 2300i spectrometer (Princeton Instruments) set to a 50 ns gate
delayed 107 ns from the trigger of the pulsed excitation source. This combination of gate
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width and delay was experimentally optimized to maximize the scattering signal
and exclude fluorescence based on the disparity in lifetimes between Raman scattering
(10-13–10-11 s) and fluorescence (10-9–10-7 s).13, 39, 61 Noise was further decreased through
multi-spectra averaging: an average of 10 spectra each obtained by an additional 10-pulse
detector average (1 spectrum every 10 s) was compared with single-pulse data and no averaging (1 spectrum every 0.1 s). Thermal modulation was accomplished with a carbon
dioxide (CO2, 10.6 μm) laser whose output was absorbed by the sand substrate. The laser
was controlled by a transistor-transistor-logic (TTL) oscillator with a 50% duty cycle and
a frequency of 0.1 Hz. CO2 laser power was approximately 2 watts at the sample.

2.2.4 Computation
Two-dimensional (2D) correlation spectra were calculated using Noda’s generalized method40, 62 from a discrete set of spectra measured at m equally spaced points during a thermal perturbation:
yi(ν) = y(ν,Ti)

i = 1,2,3,…,m.

(2.1)

A variety of data pre-treatments and normalizations (Table 2.1) were tested using
a dataset that was affected by noise and light fluorescence (a set of PETN spectra), two of
the challenges faced in the operational environment. Derivatives can be applied to highlight rapid changes in the system and allow for the elimination of a dynamic baseline offset.51, 52 Mean normalization has the effect of assigning an equal distribution of variances
to the data, resulting in spectra with equal areas.59,

63

Modified mean normalization

(MMN) accounts for differences in peak area and half width by approximating bands as
Lorentzian peaks in order to de-convolute overlapping features.64 Principal component
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analysis (PCA) is a data-reduction technique that can be used to obtain a vector that
accounts for the greatest variation in the dataset containing all spectral points called the
first principal component, PC1. This first principal component is an m-dimensional column vector (PC1=[pc11, pc12, …, pc1m]T) with elements composed of linear combinations
of the original spectra: pc1i = a11yi1 + a12yi2 + … +a1nyin, where yij is the intensity at the jth
spectral variable in the ith spectrum containing n total points and the loadings, a, represent
the weights of each original spectral intensity in the calculation of the first principal component.65 All of these approaches normalize each spectrum by a constant that represents
the overall intensity in that spectrum. The simplest means of achieving this is through

Table 2.1 Summary of pre-treatments and normalizations tested on a noisy PETN

dataset for best 1D and 2D synchronous performance parameter.
pre-treatment/normalization
yi(ν)
1st derivative with respect to Ra∂y i
man shift
∂ν
1st derivative with respect to the
∂y i
perturbation variable52
∂Ti
nd
2 derivative with respect to Ra∂ 2 yi
51
man shift
∂ν 2
2nd derivative with respect to the
perturbation variable51
Mean normalization 59, 63

∂ 2 yi
∂Ti 2
yi
y i ,mean

Modified mean normalization
(MMN)64
Principal component normalization65
Peak value normalization66

, where y i ,mean =

(ν max

ν max
1
y i (ν )dν
− ν min ) ∫ν min

y i2,mean
yi
, where C i =
y i ,max
Ci
yi
, where pc1i is the ith loading of the first prinpc1i
cipal component
yi
, where 1290 cm-1 is the position of
y i (ν = 1290)
the peak of interest for PETN
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normalization by a specific peak value of interest. The effectiveness of each treat66

ment was evaluated based on the performance parameter (eq 2.2) of the 1D dynamic and
2D synchronous spectra, as well as a qualitative assessment.
To determine the effectiveness of signal detection, a performance parameter, P, is
defined as the ratio of the variance of the signal to the variance of the background:
2
σ signal
P= 2 .
σ bkgr

(2.2)

For each material, well-defined 1D Raman spectra were used to select areas of the background that did not contain any Raman lines. The signal variance was defined for the primary Raman peak at 877 cm-1 for RDX, 844 cm-1 for HMX, and 1290 cm-1 for PETN
(see Section 2.3.1.1). The performance parameter was calculated and averaged for 1D
dynamic spectra following pretreatment. Comparisons were made with P values calculated for the corresponding 2D synchronous correlation spectra using the same baseline
and signal ranges in two dimensions along the diagonal. The performance parameter is
based on the definition of signal to noise ratio (SNR) commonly used in digital signal
processing: variance of signal to variance of noise.67, 68
The discrete dynamic spectra, ỹ, were calculated from the normalized data with
respect to a reference spectrum, yref:

~
yi (ν ) = yi (ν ) − yref (ν )

i = 1,2,3,..., m .

(2.3)

Three options for yref were examined: (1) 1st spectrum of the set (yref(ν) = y1(ν)), (2) last
spectrum of the set (yref(ν) = ym(ν)), and (3) time-averaged (or, in this case, temperatureaveraged) spectrum:
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y (ν ) =

m

1
∑ y(ν , Ti ) .
m i =1

(2.4)

The reference spectrum yielding the highest performance parameter for the 2D synchronous spectrum (eq 2.2) was used for the remainder of the analysis.
The synchronous 2D correlation intensity, demonstrating simultaneous or coincidental changes in intensity, is given by

Φ(ν 1 ,ν 2 ) =

1 m ~
yi (ν 1 ) ⋅ ~
y i (ν 2 ) .
∑
m − 1 i =1

(2.5)

The asynchronous 2D correlation spectra, showing decoupled changes in intensity, is
given by
Ψ (ν 1 ,ν 2 ) =

1 m ~
y i (ν 1 ) ⋅ ~
z i (ν 2 ) ,
∑
m − 1 i =1

(2.6)

where ~
z i (ν 2 ) is the discrete orthogonal spectra resulting from a linear transformation,
m

~
z i (ν 2 ) = ∑ N ij ⋅ ~
y j (ν 2 ) ,

(2.7)

j =1

and Nij is the Hilbert-Noda transformation matrix,
⎧ 0
⎪
N ij = ⎨ 1
⎪π ( j − i)
⎩

if i = j
otherwise

.

(2.8)

All 2D correlation computation and plot generation was conducted using MATLAB R2008a.
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2.3 RESULTS
2.3.1 Raman Microspectroscopy of Pure Compounds
2.3.1.1 One-Dimensional Raman Spectra

The Stokes Raman spectra of the investigated compounds have been described
previously.19, 21, 23, 69 Of particular interest in long standoff detection is the range of 150 to
3500 cm-1 containing a number of unique molecular signatures that can be used to identify RDX, HMX, and PETN (Figure 2.2). For RDX, the cluster of peaks in the range of
1200 to 1500 cm-1 is due to symmetric NO2 and N-N stretches. The peaks in the range of
500 cm-1 are the result of ring torsion. The primary peak at 877 cm-1 and the few surrounding it are caused by ring stretch.21 HMX, being a nitramine explosive like RDX,
has many similar features. There are signatures of symmetric NO2 and N-N stretches in
the region of 1200 to 1500 cm-1.19 Although not as prominent, its primary peak at 844 cm-1
is due to ring stretching.23 HMX has an additional broader peak in the range of 1100 to
1200 cm-1 also attributed to ring stretching.19 The peak at approximately 1550 cm-1 is due
to anti-symmetric stretching of NO2 groups.69 The spectral features of PETN include a
relatively broad peak at approximately 1650 cm-1 due to anti-symmetric NO2 stretching
and a sharp peak at 860 cm-1 attributed to the O-N stretching mode. The strong peak at
1290 cm-1 is due to symmetric stretching of the nitro groups.23 The strong peaks common
to all three explosives at 3000 cm-1 are due to aliphatic CH stretching and overlap with
abundant species (organic matter) in the operating environment. Although it is possible to
distinguish between different types of explosives (e.g., nitramines like RDX versus nitroaromatics like TNT) through careful evaluation of these bands (relative intensity and
band width),23 the required analysis is too time-consuming for the current application, es-
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pecially if mixtures of explosives are used. Unfortunately, due to large fluorescence, distinguishable TNT peaks were not observed.

Counts

RDX
HMX
PETN

500

1000

1500

2000

2500

3000

3500

-1

Raman Shift (cm )

Figure 2.2 Raman spectra of explosive residues.

For preliminary studies, cropped ranges were selected for each material to
achieve rapid detection. These ‘areas of interest’ were selected to include the most intense peaks (excluding the region around 3000 cm-1 as mentioned above) for each material as these would exhibit the greatest change upon full conversion of the explosive.
From Figure 2.2, these peaks are at 877 cm-1 for RDX, 844 cm-1 for HMX, and 1290 cm-1
for PETN.

2.3.1.2 Clean Two-Dimensional Correlation Spectra

Two dimensional correlation analysis was applied to “clean” (high SNR, flat
baseline) sets of RDX and HMX spectra in a narrow range. During the heating ramps, no
new Raman peaks appeared in the 1D spectra that could correspond to decomposition
products. Rather, all features of the explosive compound decreased and eventually disap-
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peared. Corresponding 2D correlation spectra show distinct peaks for both materials that can be used to identify the explosives. In the synchronous spectrum of RDX
(Figure 2.3a, left), only one strong autopeak is observed on the diagonal at 878 cm-1.
However, positive cross peaks at 848 and 932 cm-1 indicate that there are weaker
autopeaks at those Raman shifts which are not much higher than the baseline. All cross
peaks are positive, indicating that upon heating, all of the RDX peaks change in the same
direction—that is, they decrease. The asynchronous plot shows a tight four-leaf pattern
centered at the primary RDX peak (Figure 2.3a, right). The corresponding pairs of peaks
are located adjacent to the main peak at (1) 885 and 878 cm-1 and at (2) 870 and 878 cm-1
and do not correspond to multiple peaks in the 1D spectrum (inset in Figure 2.3a, right).
This unexpected pattern can be understood in terms of the crystal structure of the materials as discussed later. The light streaks in the asynchronous plot are due to noise in the
background which contributes random fluctuations that are then magnified by the primary RDX peak.51
The synchronous spectrum for HMX is slightly more complex containing more
auto- and cross peaks (Figure 2.3b, left). The strongest peaks are those forming a correlation square defined by the autopeaks at 844 and 940 cm-1. Similar to RDX, all of the
peaks appearing in the synchronous spectrum are positive. The asynchronous spectrum
again shows streaking as a result of background noise (Figure 2.3b, right). The increased
intensity of streaks at larger Raman shift values indicates that there are larger background
fluctuations at those spectral values. Additionally, similar to RDX, concentrated pairs of
cross peaks corresponding to the vertices of the correlation square are observed due to the
crystalline nature of HMX: (1) 844 and 851 cm-1 and (2) 940 and 945 cm-1.
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Figure 2.3 2D synchronous (left) and asynchronous (right) correlation spectra during heating
ramps for a) RDX and b) HMX. Positive and negative contours are shown as open and filled,
respectively. Averaged 1D spectra are shown on the sides.

Application of the 2D correlation analysis results in much greater values for the
performance parameter, P (Table 2.2). In the cases of these well-defined RDX and HMX
spectra, improvements in P are multiple orders of magnitude. Increased values of P lead
to improved discrimination between peak values of interest and baseline scattering as can
be seen in histograms of intensity values. As demonstrated in an example of HMX in
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Figure 2.4, the 2D nature of the analysis significantly increases peak values (as a
result of peak-peak correlation) and minimizes baseline (as a result of weak or absent correlation).
Table 2.2 Performance parameters and their ratios for RDXa, HMXa, and PETNb.

P2Dc
6.7 × 106
1.2 × 105
3.1 × 102
2.7 × 104
1.4 × 105

Sample
RDX
HMX
PETN, no treatment
PETN, floored
PETN, MMN
a

P1Dd
2.9 × 102
3.2 × 101
3.4 × 101
3.4 × 101
2.5 × 102

P2D / P1D
2.4 × 104
3.7 × 103
9.0 × 100
8.1 × 102
5.7 × 102

Figure 2.3
Figure 2.6
c
P2D: performance parameter for synchronous 2D spectrum
d
P1D: average performance parameter for 1D dynamic spectra
b

a
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Figure 2.4 Histogram plots of intensity values for a) 1D and b) 2D synchronous spectra of
HMX corresponding to Figure 2.3b.
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2.3.1.3 Effect of Background in Two-Dimensional Correlation Spectra
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Figure 2.5 Raman spectra of PETN collected at select temperatures during heating
ramp.

In contrast to s pectra containing strong peaks and flat baselines (RDX and HMX
above), challenges arose when individual spectra, yi(ν), exhibited a varying fluorescent
background. The development of mild fluorescence was evident in a set of PETN spectra
(Figure 2.5), where the background remained stationary at temperatures below 100 °C,
grew at higher temperatures as the magnitude of PETN peaks began to decrease, and
dropped again near the highest temperatures once PETN peaks disappeared. These observations are consistent with previous studies on time-dependent luminescence following
decomposition of PETN.70
Fluorescence is characterized by larger intensity at larger Raman shift, which is
manifested in the 2D synchronous spectrum as excess background noise and heavy
streaks corresponding to the strong PETN features (Figure 2.6a). Since the growth of
fluorescence coincided with a change in PETN features but did not follow the same

II - 20
monotonic trend, the asynchronous spectrum also exhibits heavy streaking. Although the primary PETN peak at 1290 cm-1 is evident in both the synchronous and asynchronous plots, the observed streaks are undesirable since they may mask the presence of
weaker peaks of significance. Additionally, from Table 2.1, it is evident that the floating
background negatively affects the synchronous performance parameter.
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Figure 2.6 2D synchronous (left) and asynchronous (right) correlation spectra during heating
ramps of PETN: a) no data pre-treatment b) flooring followed by modified mean normalization applied to each 1D dynamic spectrum. Positive and negative contours are shown as open
and filled, respectively. Averaged 1D spectra are shown on the sides.
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The initial approach employed to handle the adverse effects of this nonstatic background was to subtract the minimum value from each spectrum prior to calculating the dynamic spectra.51 This ‘flooring’ treatment, compensates for the dynamic
baseline offset and results in an improvement of two orders of magnitude in P2D in the
current case. However, the tilt in the background remains, as do the streaks in the 2D
spectra at higher Raman shift.
Modified mean normalization64 of each dynamic spectrum results in cleaner corresponding 2D spectra (Figure 2.6b). In the synchronous spectrum, the primary PETN
peak is clearly identified, in addition to a number of cross peaks corresponding to other
PETN features. The appearance of negative, elongated cross peaks associated with the
primary peak (located in line with 1290 cm-1 and extending to larger Raman shift values)
are consistent with simultaneous increase of fluorescence and decrease of the Raman
peak at 1290 cm-1. In the asynchronous plot, the streaks are diminished revealing a pair of
elongated cross peaks close to the diagonal corresponding to the primary PETN peak at
1290 cm-1. Furthermore, there are a number of cross peaks in the asynchronous spectrum
corresponding to separate PETN features which suggests that the changes in these peaks
are not fully synchronized. Care must be exercised in assigning these features: the observation could be an artifact of the normalization or the result of the crystalline nature of
PETN and will be discussed later. Finally, mean normalization increases both the 1D and
2D performance parameter by an additional order of magnitude (Table 2.2).
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2.3.1.4 Data Pretreatment

Encouraged by the increase in P as the result of normalization (above), a number
of common data pretreatments (Table 2.1) were tested for efficacy in minimizing the effects of noise and background on the performance parameter of the synchronous 2D spectra. All data pretreatments examined affected both the 1D and 2D performance parameter.
Although one would normally expect P1D to remain unchanged after normalization by a
constant, this is not the case when constants are spectrum-dependant and P is evaluated
for dynamic spectra. When each spectrum is normalized by a unique constant defined by
the values in that spectrum, the result is an average spectrum that is no longer linearly related to the average spectrum prior to normalization. Hence, the normalized dynamic
spectra will have a different value of P.
The first four pretreatments are based on differentiation and have sometimes resulted in enhanced spectral features.51, 52 While differentiation minimizes adverse effects
of a tilted baseline, it also increases the effects of noise. In the present case, these pretreatments reduced P for both the 1D dynamic and 2D synchronous spectra of PETN
(Figure 2.6a) and, hence, were excluded from further analysis.
Table 2.3 Performance parameters and their ratios for floored PETN spectra corresponding to Figure 2.6a treated with different normalizations (Table 2.1).

a

1.4 × 105

Principal
Component,
PC1
5.0 × 104

Peak Normalized,
y(ν=1290 cm-1)
1.7 × 101

2.5 × 102
5.7 × 102

1.9 × 102
2.6 × 102

5.4 × 100
3.2 × 100

Mean Normalized

Modified
Mean (MMN)

P2Da

6.2 × 104

P1Db
P2D / P1D

3.8 × 101
1.7 × 10 3

P2D: performance parameter for synchronous 2D spectrum
P1D: average performance parameter for 1D dynamic spectra

b

II - 23
Of the remaining four normalization schemes (outlined in Table 2.3), the
least effective (lowest P) was normalizing the raw data, yi(v), by the intensity value of the
primary PETN peak at 1290 cm-1. This result is not surprising given the nature of PETN
disappearance that is at the center of this detection scheme. Normalization by the peak
value would be more effective if the peak exhibited only minor intensity changes. However, given that, at the end of the experiment, the intensity at 1290 cm-1 is comparable to
the background, the background intensities of these spectra are assigned equal weight by
the treatment subsequently resulting in very noisy correlation spectra. Of the normalization methods examined, modified mean normalization (MMN) yielded both the highest
P1D and P2D by an order of magnitude. While it may seem desirable to apply modified
mean normalization to all further analysis, care must be taken as sometimes artifacts appear in the resulting spectra.57
2.3.1.5 Reference Spectrum

The selection of a reference spectrum can be adjusted in the 2D correlation analysis to yield optimal results.50, 58 Of the three possibilities examined (Section 2.2.4), the
temperature-averaged spectrum (eq 2.4) gives the greatest value for performance parameter for the 2D synchronous spectra for all cases analyzed. Relative to using the first or last
spectrum (i.e., y1(v) or ym(v)) as a reference, which both contribute similar noise to that
already present in each yi(v), subtracting the average spectrum from each yi(v) has the advantage of the reference contributing noise that is reduced by m-0.5. Although it has been
suggested that no reference spectrum can be useful when data are excessively noisy,51 the
use of a reference spectrum is necessary to achieve removal of stationary peaks from 2D
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spectra. Hence, the temperature-averaged spectrum was used to calculate the dynamics spectra for all of the results presented.

2.3.2 Raman Microspectroscopy: Contamination Studies
A further challenge for the 2D correlation approach is to identify explosives in
the presence of common contaminants. Additionally, it is of interest to understand how
explosives behave in the presence of such contaminants under heating and the consequent
effects on the 2D spectra. Although several studies have found that the presence of sand
or soil does not affect Raman signatures of some military-grade explosives, to our knowledge, temperature effects were not examined in prior literature.20, 22
Contamination studies were performed using protocols suitable for the MicroRaman spectrometer used for this work. As noted in prior literature, luminescence can severely interfere with acquisition of Raman spectra.13, 71 A highly fluorescent yet common
contaminant in the operating environment is urine.72 The spectrometer used for the present thermal oxidation experiments was not equipped with gating, and urine was observed to mask the signal from any other compounds present in the sample. Consequently,
detection of explosives in the presence of urine could not be tested using the Renishaw
MicroRaman spectrometer. In view of the small size of the irradiated area, which made it
difficult to ensure multiple materials in a heterogeneous specimen were adequately sampled in the beam, two alternative methods were used in addition to traditional contamination studies: multi-point and multi-sample experiment. The following three case studies
are presented to gauge the effectiveness of 2D correlation analysis for explosive detection
in the presence of different contaminants.
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2.3.2.1 Traditional: RDX and Saliva on Sand

A traditional contamination study, in which multiple specimens were in the beam
and undergoing simultaneous thermal treatment, was successful for a sample containing
trace RDX and saliva on sand, which is primarily composed of quartz. In the full range
examined (Figure 2.7a), both the 1D and the 2D spectra were dwarfed by the quartz peak
at 460 cm-1. The presence of the quartz peak in the 2D spectra is surprising given that this
stable substance is not expected to undergo chemical changes at the moderate temperatures employed (<200 °C). However, the crystal nature of quartz results in slight shifting
and broadening of the Raman feature with increasing temperatures, which is apparent in
the 2D spectra.73, 74 Further evidence for this explanation is apparent in the asynchronous
spectrum which displays a pair of cross peaks near the diagonal corresponding to the
quartz Raman feature, which are known to be present in cases of minor peak shifting and
broadening.50, 51 The 2D synchronous plot (Figure 2.7a, left) also exhibits autopeaks belonging to RDX at 878, 1264, and 1315 cm-1. The corresponding positive cross peaks are
expected since the peaks are all decreasing. The negative cross peaks corresponding to
the quartz and RDX autopeaks and are a consequence of the difference in behavior of the
spectral features of the corresponding materials. The asynchronous plot shows a cross
peak at 460 and 878 cm-1, which indicates that the spectral changes of RDX and quartz
are temporally separated (Figure 2.7b, right). Overlapped peaks at large Raman shift are
the result of a fluorescent background that grows upon thermal treatment, similar to
PETN.
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Figure 2.7 2D synchronous (left) and asynchronous (right) correlation spectra obtained from
floored spectra collected during heating ramp of RDX, saliva and sand in the beam of the excitation laser. Positive and negative contours are shown as open and filled, respectively. Averaged 1D spectra are shown on the sides.

Given the likelihood of observing the non-static quartz peak in an operational environment, it would be desirable to remove it for simplification of analysis. The solitary
nature of the peak makes this possible. The average of the resulting 1D spectra clearly
show a number of peaks attributed to saliva (Figure 2.8a). This dataset exhibited a fluctuating, sloped background; therefore, this data is useful for re-evaluating normalization
schemes in terms of maintaining the integrity of the dataset.
The results of 2D correlation analysis were compared for a dataset pretreated in
two different ways: (1) only flooring and (2) flooring followed by modified mean normalization. The differences are evident in the resulting autocorrelation spectra (diagonal
of 2D synchronous spectrum) in each case (Figure 2.8b and c, respectively). The three
primary RDX peaks at 878, 1264, and 1315 cm-1are the only features evident when no
normalization is used, indicating that the saliva peaks, which do not significantly respond
to thermal perturbation in this temperature range (<200 °C), are successfully filtered out
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by the 2D correlation analysis. In comparison, small features at 801, 1125, and
1162 cm-1 that correspond to the saliva peaks become apparent with the use of modified
mean- and the other normalizations examined (see Table 2.1). The nature of normalization is to assign weight to every point on a spectrum, including the peak values. When a
spectrum with an increased background is normalized, intensities at all spectral variables
are diminished causing an artificial depression in the peak of interest. Hence, normalization can result in artificially induced changes in otherwise static peaks and can lead to
false positives.
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Figure 2.8 1D spectra from heating of RDX and saliva on sand: a) Temperatureaveraged spectrum. b) Autocorrelation spectrum for floored spectra. c) Autocorrelation spectrum for floored and modified-mean-normalized spectra. Arrows indicate
peaks attributed to saliva. Asterisks indicate peaks associate with nitroamine groups.

2.3.2.2 Multi-Point: RDX, Soot, Sand, Polybutadiene

The multi-point method was used in the contamination study of RDX in the presence of diesel soot, polybutadiene, and sand; all species were subjected to simultaneous
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thermal treatment, while Raman spectra were collected at four different points on
the sample at determined temperatures. For each temperature, the four spectra are
summed and floored. The resulting 1D spectra at eight temperatures are processed using
2D correlation analysis (Figure 2.9). The spectral range was cropped to remove the quartz
peak as discussed previously. The data illustrate some of the challenges anticipated in the
field. For example, the primary RDX peak at 877 cm-1 is dwarfed by the broad feature
centered at 1000 cm-1, most likely due to the underlying material (here, glass slide the
sample was placed on). Fortunately, the cluster of autopeaks and positive cross peaks between 1200 and 1400 cm-1 in the synchronous spectrum allow for the identification of
RDX, as well as other nitramine compounds (Figure 2.9, left). As expected, the asynchronous spectrum shows no temporal separation between these features since they are
all the result of the same chemical moiety. The sharp feature at 1122 cm-1 was attributed
to a residue on a dirty optic. It appears to be lightly correlated with the RDX features but
also with significant temporal separation. The slight wave-like behavior of scattering at
high Raman shift was unchanged by heating and was the result of two broad soot bands,
disorder (D) and graphitic (G), centered at approximately 1350 and 1580 cm-1, respectively.75, 76
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Figure 2.9 2D synchronous (left) and asynchronous (right) correlation spectra derived from the
sum of spectra collected at 4 spots on a sample of trace RDX, diesel soot and PB on sand during
a heating ramp. Positive and negative contours are shown as open grey and filled black, respectively. Averaged 1D spectra are shown on the sides.

2.3.2.3 Multi-Sample: PETN, Soot, Polybutadiene

In the multi-sample contamination study, individual datasets collected during
separate heating of PETN, diesel soot, and bulk PB (Figure 2.10) were summed and analyzed. Although difficult to see due their large band width and low intensity, soot in this
spectral range is characterized by the D and G bands at approximately 1350 and 1580 cm1 75, 76

.

For PB, the majority of the spectral features in the range of interest are due to de-

formations of CH groups.77 To simulate the challenges associated with detecting trace
amounts of explosives in the presence of a large background, the PB contribution was
scaled to be much stronger than that of PETN, as shown in Figure 2.10.
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Figure 2.10 Individual spectra at room temperature of PETN, soot, and bulk PB
summed to simulate identification of explosives in the presence of contaminants.

Two-dimensional plots were derived from these 1D spectra after they were
summed and then floored (Figure 2.11). As expected, diesel soot was stable under the
heating conditions and, as such, its features were filtered out of the 2D spectra. This was
also the case if the strong PB signal was excluded (not shown). In contrast, both PB and
PETN spectra exhibited changes upon heating as evidenced by the complexity of the 2D
spectra (Figure 2.11). Fortunately, the disparity in stability of PB and PETN allows for
their discrimination. Although the 1D spectra contain a PETN peak at 1290 cm-1 that is
barely noticeable over the strong PB features (Figure 2.12a), the magnitude of the PETN
peak in the autocorrelation spectrum is greater than surrounding features by at least a factor of three (Figure 2.12b).
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Figure 2.11 2D synchronous (left) and asynchronous (right) correlation spectra of summed and
floored spectra during individual heating ramps of PETN, diesel soot, and PB. Positive and negative contours are shown open grey and filled black, respectively. Averaged 1D spectra are shown
on the sides.

Autopeaks corresponding to the PB at 1275, 1329, and 1436 cm-1 are observed in
the 2D synchronous and the autocorrelation spectra. Unlike previous results presented,
positive cross peaks in the synchronous spectrum (Figure 2.11, left) are not solely due to
the explosive residue. PB peaks at 1275 and 1436 cm-1 also appear to decrease during the
heating treatment, although much less so than the PETN peak. The asynchronous spectrum shows that changes in the spectra at large Raman shift are temporally separated
from the PETN features. However, as described above, these features can be attributed to
the changes in fluorescence that occur during heating of neat PETN (Figure 2.5).
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a

b

Figure 2.12 a) Average 1D spectra and b) autocorrelation intensity of summed and floored
spectra during individual heating ramps of PETN, diesel soot, and PB.

2.3.3 Long Standoff Detection
The experiments using a conventional Raman microscope demonstrated the value
of thermal decomposition in conjunction with 2D correlation analysis and highlighted the
challenge posed by fluorescence. Additional enhancement in detection can be achieved
by utilizing established methods to minimize fluorescence that reaches the detector. Specifically, the near instantaneous character of Raman scattering (in contrast to the relatively prolonged fluorescence emission) can be used to retain the Raman signal and reject
most of the fluorescence: only the signal associated with the duration of the excitation
pulse (ca. 50 ns) would be acquired. From a substantial distance, thermal modulation
would be achieved optically, using successive pulses of infrared light from a CO2 laser
that is absorbed by the sand substrate. Dr. Andrew Pipino at Tanner Research. conducted
experiments on RDX to test the feasibility of the long standoff system. In agreement with
prior studies using a gating scheme,13, 30, 39 spectral datasets exhibited no signs of fluorescence, which is typically a significant challenge in long standoff Raman. Additionally,
the potential to induce thermal oxidation from a standoff distance was demonstrated. The
intensity value at 877 cm-1 was used to monitor conversion of the explosive caused by

II - 33
heating as a result of CO2 laser pulses, which are strongly absorbed by the substrate
(i.e., silica). In an experiment during which peak intensity dropped by 37.5%, RDX can
be unambiguously identified by 2D correlation analysis of averaged spectra (Figure 2.13).
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Figure 2.13 2D synchronous (left) and asynchronous (right) correlation spectra obtained
without mean-normalization from long standoff measurements of RDX with a collection frequency of 1 spectrum every 10 s. Positive and negative contours are shown in open grey and
filled black, respectively. Averaged 1D spectra are shown on the sides.

Due to the system averaging, which resulted in 1 spectrum every 10 seconds, direct analysis of the raw data without any pre-treatment resulted in a relatively high value
of P. However, the individual spectra had a stationary, elevated background as the result
of the amplifier used to collect the scattering signal. Flooring the dataset led to almost an
order of magnitude improvement in P with resulting values of 690 for 2D synchronous
and 65 for 1D dynamic spectra. Due to the standoff distance, the dataset contained significant random noise which is manifested in the asynchronous spectrum. Normalization
by the first principal component resulted in another order of magnitude improvement in
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P2D. Although the noise levels were decreased by this pre-treatment, the artificial
peaks in the asynchronous spectrum remained.51
In a separate experiment, more applicable 1-to-1 averaging (1 spectrum every 0.1
second) yielded a spectral dataset with a low average 1D dynamic P value of 2. The corresponding P2D was 6. In this case, P was not affected by flooring the dataset prior to 2D
correlation analysis. Normalization of the floored dataset by the first principal component
resulted in a 3-fold increase in P2D. Two factors led to the low P values of the 2D spectrum in this case. First, noise levels were increased due to lack of spectral averaging.
Second, although there were fluctuations of intensity of the RDX peak value, a quantifiable, monotonic decrease characteristic of compound conversion was not observed during
the experiment.

2.4 DISCUSSION
2.4.1 Application of 2D Correlation Analysis
The well-known susceptibility of energetic compounds to mild heating in air was
demonstrated to be a valuable means to selectively perturb their spectral features, enabling 2D correlation analysis to enhance their signal in the presence of relatively static
background materials. The 2D correlation spectra showed a monotonic decrease and
eventual disappearance of features corresponding to explosive residues. These were relatively simple. Complications that might arise due to decomposition of explosives upon
heating were not observed. This simplifying behavior can be explained by some combination of vaporization and decomposition.78, 79 The three explosives examined (RDX,
HMX, and PETN) are known to undergo vaporization below their melting points with ac-

78, 80, 81

tivation energies of 100-150 kJ/mol.
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The lack of new Raman peaks can also

be explained by thermal decomposition of energetic compounds that yields gas-phase
products: NO, NO2, N2O and HCN.82 Although trace amounts of gas could not be observed due to Raman detection limits, some material condensed on the microscope optic
above the heating stage resulting in a Raman peak at 1122 cm-1. Chemical reactions during heating of these compounds did produce a mild growth in fluorescence that was particularly noticeable when Raman intensities were relatively low (e.g., PETN70). In the
case of TNT, this growth in fluorescence upon decomposition was strong enough to mask
all of the expected spectral features.83, 84 The appearance of specific reaction products
when energetic compounds undergo thermal decomposition in the presence of ambient
compounds cannot be excluded; however it was not observed in the presence of sand, soil,
and polybutadiene (sometimes used as a plasticizer) for the military-grade explosives examined here.
The differences in the thermal stability of different energetic compounds may be
used to further distinguish between them in a plastic explosive sample like C4. RDX and
PETN exhibited similar responses to thermal treatment with full conversion occurring between 150 °C and 200 °C. HMX proved to be slightly less stable with decomposition/vaporization ending just above 100 °C. TNT residues were so unstable that they underwent photodecomposition at room temperature, in agreement with previous literature14
(possibly due to the formation of electron donor-acceptor, EDA, complexes that shift the
absorption maximum closer to the excitation wavelength)85 or upon heating to only approximately 60 °C.13 While not addressed here, the sensitivity of TNT to heating highlights the importance of selecting the proper CO2 laser power in the long standoff system.
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Heating must be sufficient to induce some vaporization/decomposition but not so
much as to fully convert the energetic species with one pulse.
In the present studies, RDX, PETN, and HMX could be identified by strong
autopeaks in the 2D synchronous spectra with peak intensities that were related to the
magnitude of the response to the thermal modulation. Data pre-treatments can be used to
enhance the discrimination of these peaks from the background. The sign of the cross
peaks in the synchronous spectrum can be used to discriminate explosive peaks from features of other compounds that also responded to the thermal treatment. Although not as
easily interpreted, the 2D asynchronous spectrum offers an opportunity to extract additional information for identification of peaks corresponding to energetic compounds.
2.4.1.1 Synchronous Spectra

The diagonal of the 2D synchronous spectrum contains spectral peaks that correspond to compounds that responded to the thermal modulation. The relative intensity of
these autopeaks is enhanced compared to the 1D spectra and increases the probability of
their detection, as demonstrated by moderate to significant improvement in the performance parameter. This is due to the nature of the 2D spectrum in which multiplication of
small background values by small background values and multiplication of large peak
values by large peak values results in greater separation of signal from noise. In addition
to improvement in P, this separation allows the possibility of improved success of detection through the application of automated thresholding algorithms or more advanced statistical signal analysis.
In addition to strong autopeaks at the focus of calculations of the performance parameter, cross peaks are present in the synchronous spectrum between spectral features of
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the same energetic compound. Unfortunately, as demonstrated by Figure 2.9 and
Figure 2.11, positive cross peaks also appear for some contaminants. In this situation, examination of the corresponding asynchronous spectrum can aid in the distinction between
explosive and contaminant peaks.
2.4.1.2 Asynchronous Spectra

The individual Raman signatures of a single compound undergoing vaporization/decomposition are expected to decrease and eventually disappear together. In this
situation, the asynchronous spectrum should be free of peaks. Hence, it was initially surprising that asynchronous cross peaks were observed both within and between strong, 1D
spectral features for all explosives examined. Both observations can be attributed to the
crystalline nature of the explosive materials.
The presence of a pair of asynchronous cross peaks within one, strong 1D peak
(inset of Figure 2.3) is usually due to temporal separation between overlapping bands but
can also be attributed to slight peak shifting.51 McNesby et al. reported subtle shifting of
RDX Raman peaks during heating and attributed the observation to increasing lattice
spacing in the crystal.25 Hence, it is reasonable to attribute this surprising observation to
the crystal nature of the compound. The existence of asynchronous peaks between strong,
1D spectral features indicates that these features are temporally separated as a result of
different rates of change of those spectral features. McNesby et al. also observed uneven
intensity changes between peaks of Raman spectra during heating,25 which was attributed
to the loss of crystal order at elevated temperatures.28 Hence, the temporal separation observed for peaks of a single compound can again be attributed to the crystalline nature of
the material. Since HMX and PETN are also crystalline, similar patterns are expected and
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were observed in their asynchronous spectra. While details of the crystalline structure may be used to identify these materials and potentially even trace them in the future,
a profound consequence of these observations is that cross peaks evident of temporal
separation do not necessarily indicate separate species as originally anticipated.
Furthermore, interpretation of the asynchronous spectrum can be quite complicated, especially in a multi-component sample. In more complex samples, the possibility
of overlapping bands and temporal separation between different species can result in
similar patterns to those described above. Hence, assignment of asynchronous peak pairs
is more ambiguous. Additionally, apparent temporal separation can be an artifact of
growing fluorescence (Figure 2.6) or improper normalization (Figure 2.8). Hence, interpretation of the asynchronous spectrum must be done with care.
Nevertheless, as demonstrated in the results section, under certain conditions the
asynchronous spectrum can provide an additional level of discrimination of compounds.
These desirable conditions include (1) static background scattering, which should be attainable by minimizing fluorescence with the gating employed by the long standoff system and (2) moderate noise levels to mask the crystalline nature of the explosive materials (see PETN spectra in Figure 2.6 for example). The latter condition is based on the fact
that the asynchronous peaks attributed to the crystalline nature of the material are the result of subtle changes in the Raman spectra; hence, they are very sensitive to noise. If
they are present, it may be possible to exploit this feature in order to discriminate between the two possibilities for their observation: (1) crystalline nature of compound or (2)
separate species. By inserting controlled amounts of artificial noise into the acquired 1D
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spectra, asynchronous peaks resulting from the crystalline nature of a compound
should be readily masked revealing more substantial changes in the spectra.
2.4.1.3 Data Pretreatments

Data pretreatments can be used to improve discrimination of signal relative to
background (increase the performance parameter) and, hence, decrease the probability of
overlooking a compound that is actually present (false negatives). For the current application data pretreatment should be rapid and data-blind. Standard background subtraction
would require time for background collection and is not ideal for the current application.
The approximation of a background would require human intervention, which is also undesirable. An alternative approach to minimize background effects is to subtract the
minimum intensity value from each spectrum (‘flooring’). This was effective in increasing P in most cases, except when P is already very low.
A further increase in P could be obtained through a variety of normalizations
(Table 2.1). Modified mean normalization proved to be most effective for a sample displaying mild fluorescence. Ideally, fluorescence would be rejected from the acquired signal by the gating scheme. However, the challenges due to fluorescence, which are manifested as a non-stationary background (i.e., significant background contribution to 2D
spectra), could be introduced by other aspects of the operating environment. While normalization minimizes background effects, artifacts are introduced to the 2D spectra
(Figure 2.12).57 Hence, cross peaks observed in synchronous and asynchronous spectra
obtained from normalized data cannot be used to discriminate energetic compounds from
more stable species.
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Alternatively, additional enhancement of peak identification can be
achieved through a pretreatment that smoothes the 1D data. The simplest smoothing algorithms should be avoided as they cannot discriminate noise from peaks when P is low.
Possible algorithms might include filters based on noise perturbation in conjunction with
PCA.42 An additional requisite for the final smoothing pretreatment, as for all data manipulations for the current application, is that it require a reasonable amount of computing
power.

2.4.2 Fluorescence
The presence of fluorescence affects both the quantitative (performance parameter) and qualitative (artifacts) aspects of 2D correlation spectra. Varying levels of fluorescence can be introduced by decomposition products of energetic compounds or even the
products themselves.70, 86 However, this is minor compared to the luminescence that is
encountered from contaminants (e.g., urine, diesel fuel86) and ambient species in the operating environment.13,

30, 71

To cope, the standoff system utilizes a gating scheme to

minimize the amount of fluorescence that reaches the detector based on the disparity in
lifetimes between Raman scattering (10-12–10-13 s) and fluorescence (10-7–10-9 s).39, 61
Preliminary studies have demonstrated its effectiveness for a target at a fixed distance for
which the delay and gate width were optimized.13, 30, 71 However, previous studies have
observed that gating is not fully effective at rejecting luminescence from some backgrounds.30, 71 Therefore, additional attempts have been made to overcome fluorescence,
which is typically 104 to 106 times greater in intensity than Raman scattering with excitation in the visible range,87 by enhancing the Raman signal.
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2.4.3 Raman Signal Enhancement
The small cross section for Raman scattering (10-30 to 10-25 cm2/molecule)88 has
inspired attempts to enhance the signal through different techniques.15, 27, 87, 89, 90 The simplest one, as mentioned above, is the use of a shorter excitation wavelength. Since the
Raman cross section scales as the inverse of scattering wavelength to the fourth power (λ4

), using a shorter wavelength will enhance the signal and decrease excitation power re-

quirement. Additionally, the use of ultraviolet (UV) excitation energies close to those of
allowed electronic transitions of the material results in resonance and pre-resonance enhancement that can overcome fluorescence.15,

27, 71, 91

The use of deep UV excitation

(<260 nm) provides the additional advantage of a fluorescence-free background since
fluorescence typically occurs at longer wavelengths.30, 87, 91
An alternative technique to increase the Raman signal is the use of a substrate
containing metallic nanostructures. Surface Enhanced Raman Spectroscopy (SERS) may
be observed when particular molecules are coupled with the plasmon resonance of the
metallic nanostructures of the substrate onto which they are absorbed. Research in the
field of SERS is currently very active in attempts to gain full understanding of the effect
so as to fully exploit it. Enhancement of signal by factors of 105 to 109 has been observed,
adequate to overcome fluorescence.92, 93 A number of attempts have been made to use
SERS for detection of explosive residues.24, 29, 94 We have conducted preliminary experiments on 25 nm gold nanoparticle arrays fabricated by Dr. David Boyd (Caltech), but no
evidence of SERS was observed. Currently, there is no practical way to implement SERS
for long standoff detection of explosives; however that does not rule out future applications.
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2.5 CONCLUSION
Two-dimensional correlation spectroscopy in conjunction with thermal modulation was demonstrated to be an effective scheme for the detection of explosive residues
via long standoff Raman Spectroscopy. Thermal modulation was found to be an effective
means to perturb the Raman features of the energetic compounds. The modulated signal
was enhanced through the application of 2D correlation analysis, which resulted in synchronous spectra containing autopeaks with increased explosive peak values. This increase in the ‘performance parameter’ can reduce both the probability of false alarm and
false negatives based on automated thresholding algorithms or more advanced statistical
signal analysis. In some cases, the sign of the cross peaks (positive for energetic compounds) in the synchronous spectrum can be used to further discriminate between possible energetic compounds and ambient compounds that also respond to thermal treatment.
When this distinction is not effective, the asynchronous spectrum, although sometimes
difficult to interpret, can provide information about temporal separation of features which
can further discriminate explosive compounds.
Several data-blind pre-treatments were examined for improvement in P. Background fluctuations can be minimized to some degree by flooring data prior to 2D correlation analysis. Peak identification can be further enhanced by normalization of the 1D
spectra. Improvement in P by normalizing long standoff data by the first principal component provides motivation for further testing of this technique. However, the implementation of normalization can produce artifacts when background scattering is not static,
like the in the case of fluorescence. Hence, successive 1D spectra should be checked for
static backgrounds if normalization is to be used.

-1
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The optimum detection range should be between 800 and 1500 cm such
that it is as small as possible for rapid detection while including key features of energetic
compounds: their strongest peaks (e.g., ring stretch for RDX or HMX) as well as the distinct NO2/N-N stretches of nitramine explosives. Additionally, two-dimensional correlation spectroscopy is not immune to the challenges presented by fluorescence because
fluorescence is not static. Hence, the successful gating scheme implemented to collect the
nearly immediate Raman scattering from relatively delayed fluorescence is imperative for
the implementation of the proposed scheme.
Further studies of the effectiveness of the proposed scheme should include a
range of contaminants and substrates, as well as other explosives. A number of homemade explosives are of particular interest: ammonium nitrate fuel oil (ANFO), urea nitrate (UN), triacetone triperoxide (TATP), and potassium chlorate (KCl). Some of these
have the potential to be especially challenging to detect due to their similarity to common
fertilizer, native fluorescence,86 and a lack of NO2 or N-N structures typical of military
grade explosives.
On a final note, the strategy that is pursued—two-dimensional correlation analysis in conjunction with a thermal perturbation—may be extended to other spectroscopic
techniques.
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