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ABSTRACT
An active, standoff, all-phase chemical detection capability has been developed under IARPA’s SILMARILS program.
The detection platform utilizes reflectance spectroscopy in the longwave infrared coupled with an automated detection
algorithm that implements physics-based reflectance models for planar chemical films, particulate in the solid and liquid
phase, and vapors. Target chemicals include chemical warfare agents, toxic industrial chemicals, and explosives. The
platform employs broadband Fabry-Perot quantum cascade lasers with a spectrally selective detector to interrogate target
surfaces at tens of meter standoff. A statistical F-test in a noise whitened space is used for detection and discrimination
over a large target spectral library in high clutter environments.
The capability is described with an emphasis on the physical reflectance models used to predict spectral reflectivity
signatures as a function of surface contaminant presentation and loading. Developmental test results from a breadboard
version of the detector platform are presented. Specifically, solid and liquid surface contaminants were detected and
identified from a library of 325 compounds down to 30 µg/cm2 surface loading at a 5 m standoff. Vapor detection was
demonstrated via topographic backscatter.
Keywords: Quantum cascade laser, standoff surface contaminant detection, reflection spectroscopy, least squares,
maximum likelihood estimate, chemical warfare agent detection, explosives detection

1. INTRODUCTION
There is a continued need by law enforcement agencies and the military for sensor technologies that are capable of noncontact identification of chemicals on surfaces from a safe standoff1,2. Sensors will need to be compact, rugged, and
lightweight to support detection of chemical threats and their precursors in reconnaissance/surveillance scenarios, at
entry control points, and during dismounted site assessments. A number of techniques are under development for
standoff detection of surface materials. These techniques include laser-induced breakdown spectroscopy (LIBS)3,4, Ultra
Violet (UV) Raman scattering5,6,7, infrared absorption/reflectance spectroscopy8,9,10, and photothermal spectroscopy11.
LIBS systems have demonstrated favorable signal-to-noise from standoff distances up to 30 meters. However, because
the technique can only determine elemental composition (i.e. the presences of carbon, oxygen, nitrogen) it lacks
molecular specificity. Standoff UV Raman systems provide molecular specificity, but rely on excimer lasers to provide
the requisite optical power at the target. Excimer lasers are not compatible with low SWAP scenarios and require
cylinders of expendable, noxious gases that must be safely stored. Infrared absorption/reflectance and photothermal
spectroscopy probe the unique vibrational fingerprints of molecules with broadly tunable mid-infrared (MIR) lasers with
high spectral power densities. The availability of reliable MIR lasers that meet the required spectral power densities has
posed a challenge for these two techniques. Advancements in MIR active illumination are, however, underway through
the SILMARILS and SCOUT programs funded through IARPA and DARPA, respectively12,13.
Along with sensor hardware, advancements in automated detection algorithms that are robust to variability in chemical
presentation and background are required. Challenges to detecting chemicals on surfaces include inherent spectral clutter
in the optical properties of surfaces; the possibility of chemical mixtures within the spatial resolution of the sensor; any
number of chemical contamination scenarios including homogenous or non-homogeneous films, solid particles, liquid
droplets; unknown size distributions, particle fill factors, and areal densities. Approaches to detection will require
advances in physics-based modeling of surface contaminants coupled with subspace detectors14.

*jgiblin@psicorp.com;

phone

1

978

689-0003;

fax

1

978

689-3232;

www.psicorp.com

The Active Standoff Contamination Identification Detector (ASICD), developed by Physical Sciences Inc. under
IARPA’s SILMARILS program, is an example of a non-contact sensor that utilizes long wave infrared (LWIR)
reflectance spectroscopy from a standoff. The ASCID hardware is based on an array of broadband, multi-modal quantum
cascade lasers (QCLs) and a high throughput, high acquisition rate, no-moving-parts, spatial heterodyne spectrometer
(SHS). These hardware components are coupled with detection algorithms that are robust to background spectral clutter
and operate with physics-based reflectance models that capture the phenomenology of chemicals on a surface.
Algorithms include a statistical characterization of the background (i.e. non-contaminated substrate) over a given region
of interest coupled to a maximum likelihood estimate for chemical identification using transmission/reflection/scattering
models of planar chemical films, liquid/solid particulates, and chemical vapors. Detection decisions are made based on a
statistical F-test.
Within this paper, the sensor hardware is briefly introduced. A full description of the system hardware details can be
found in Reference 15. Details are provided for the reflectance models implemented within the automated detection
algorithm. An overview of experiments used to validate the reflectance models are described. A discussion on how the
reflectance models are implemented into an automated detection algorithm is presented. The paper concludes with the
developmental test results obtained during the SILMARILS Phase I program.

2. ASCID HARDWARE OVERVIEW
The ASCID hardware, photographed in Figure 1, measures surface reflectance spectra with a monostatic
transmitter/receiver optic, a QCL illuminator operating in the LWIR, and an SHS. Briefly, the transmitter/receiver fore
optic is a 30 cm reflective telescope that transmits QCL illumination to a target surface and collects scattered energy for
spectral analysis with the SHS. The QCL illuminator is an array of broadband and high power Fabry-Perot type QCLs
that are beam combined with a series of dichroic filters. The QCL illuminator is designed to operate from 900-1400 cm-1
and achieve up to 10 mW/cm-1 of spectral power density (SPD).
A galvanometer mirror scanner is located at the pupil plane of the telescope’s primary mirror in order to scan the
coaligned QCL illumination and SHS receiver internal field of view (IFOV). Laser speckle is mitigated through a
combination of the flying spot illumination at the target and the spatial diversity achieved by the 30 cm fore optic. A
hyperspectral datacube is generated as the galvanometer mirror rasters the QCL illumination across a surface while the
SHS acquires LWIR reflectance spectra at 8 cm-1 resolution (4 cm-1 spectral bins).

Figure 1. Photograph of the Active Standoff Chemical Identification Detector breadboard.

3. SURFACE REFLECTANCE MODELS
Liquid and solid chemical contaminates are identified using two physics-based reflectance models, a statistical model of
the uncontaminated surface reflectance, and a high-fidelity library of optical constants. The first model applies to planar
chemical films that wet a surface with a low contact angle. For example, a non-volatile liquid film or solid film formed
due to evaporation of a solute/solvent system. The second reflectance model is relevant to liquid aerosol droplets that do
not wet a surface or to solid particulates that are transferred to a surface during chemical handling. Within both
reflectance models the areal extent of the chemical contaminate (AC [cm2]) over the ASCID’s spatial resolution (i.e. AGSD
[cm2]) is described through a unitless fill fraction variable ( =  ⁄ ).

The inherent spectral variability of bare, uncontaminated surfaces is captured through a probabilistic approach. In
particular, background surface reflectance spectra (i.e. non-target containing pixels) are modeled as random spectra from
and covariance matrix Σ0. Surface
a multivariate normal (MVN) distribution with a mean reflectance spectrum
reflectance spectra of chemical contaminants are assumed to follow a MVN distribution with a mean reflectance
spectrum and covariance matrix Σ0. In what follows, reflectance models of for three contamination scenarios are
presented along with an approach to determining robust estimates of
and Σ0.
3.1 Apparent Reflectance

from a Surface Contaminated with a Chemical Film

The apparent reflectance of a surface contaminated with a planar chemical film is based on the reflective and
transmissive properties of a dielectric slab16. QCL power [W] reflected from the contaminated surface is approximated
as:
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Equation 1

where 1 [cm] and 7 [cm-1] are the thickness and absorption coefficient values of the chemical film, respectively;
89: is the spectral power density [W/cm-1] of the QCL illumination at the target for the pth spectral channel; Δσ [cm-1]
is the pass band of the pth spectral channel; Ω [sr-1] is the solid angle of the ASCID receiver subtended at the target
surface;  is the atmospheric transmission from the sensor along the line of sight to the surface;
and  are the
total hemispherical reflectance values of the surface and contaminate, respectively; and "+ and " are scattering phase
functions for the surface and contaminant, respectively. The variables  ,  , ,  , and 0 are treated as
p-dimensional vectors where p is the number of spectral bands acquired with the ASCID sensor. From this point
forward, vectors are denoted by bold type with a tilde above the variable.
The
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term in Equation 1 denotes the first surface reflection of the film. Attenuation of the QCL through the film

and reflection back to the ASCID receiver are captured by
∗ ? ∗ ,-./−2 ∗ 0 ∗ 1 2. The factor of two in the
*>
exponential accounts for the double pass within the chemical film. Reflectance from the substrate within the sensor’s
<
GSD that is not contaminated is described by 4 −  5 ∗ ∗ *>? .
<

The data for each pixel in the ASCID hyperspectral cube is a normalized reflectance spectrum. As a result, the detected
power from Equation 1 is normalized by the power detected from a calibrated Lambertian substrate (i.e. Infragold)
irradiated with the QCL. Power detected from the Infragold surface is:
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Based on Equation 1 and Equation 2, the average apparent reflection from the contaminated substrate measured by the
ASCID sensor is:

where
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3.2 Apparent Reflectance
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from a Surface Contaminated with Solid Particles or Liquid Droplets

Differential scattering Mie cross sections17 are used to model the apparent reflectance of a surface contaminated with
solid particles or liquid droplets. In particular, the model considers backscattering and forward scattering for a single

particle. Two forward scattering contributions are included. One for QCL power forward scattered into the surface. The
second, for scattered energy reflected from the surface and forward scattered by the particle back to the sensor. The
collective reflectance properties from an ensemble of particles is derived from single particle equations.
Briefly, the backscattered QCL power [W] received by the ASCID detector due to a single particle is:
JKJLMNO
 ∗ Δσ
H =
∗ Ω ∗   ∗ I
+ 4 − QR;T 5 ∗

P*




"+
∗ U
2$

Equation 4

is the differential scattering cross section [cm2/sr-1] for the backscatter direction (θ = 180°), P = 2$Y , and
where LVNO
WX
APt;i is the area of single particle. The forward scattered QCL power [W/sr] into the surface is:
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where
is the differential scattering cross section [cm2/sr-1] for the forward direction (θ = 0°). The subsequent power
reflected from the surface, forward scattered by the particle a second time, and then collected at the receiver is:
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By substituting Equation 5 into Equation 6 and simplifying:
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The apparent reflectance of the i particle is determine by taking the ratio of the total power scattered from the surface to
the power detected from an Infragold substrate irradiated with the QCL (i.e. Equation 2):
i
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Based on substitution of Equation 4 and Equation 7 into Equation 8:
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Equation 9

, Equation 9 can be rearranged to
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The apparent reflection of the contaminated substrate due to an ensemble of NP particles is:

where H;i =
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3.3 Apparent Reflectance
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of Surface with Vapor Prior to the Surface

Vapors are detected with the ASCID hardware via topographic backscatter of the QCL from a surface. The power [W]
detected with the sensor from a substrate that is positioned behind a vapor irradiated with a QCL is:
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Equation 12

where 1 [cm] and 7 [cm-1] are the thickness and absorption coefficient values of the vapor, respectively. Normalizing
Equation 12, by Equation 2, yields an apparent reflection of the surface modulated by the vapor:
3.4 Robust Estimations of

=

and Σ0
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Equation 13

The reflectance models enumerated above require robust estimates of the substrates average reflectance
and
covariance Σ0 over a region of interest. These parameters are estimated using a Minimum Volume Ellipsoid (MVE)
algorithm based on Reference 18. Briefly, an initial estimate of the arithmetic mean
and covariance matrix Σ0 is
determined over a group of pixels within an area of interest. Based on the initial estimates, the median Mahalanobis
Distance (med(MD)) is calculated for each spectrum in the area of interest. The original estimate of the covariance is
scaled by the ratio of the calculated med(MD) value to the median value of a chi-squared distribution with p-degrees of
freedom. Based on the scaled covariance matrix, spectral outliers are detected with an updated MD calculation. Spectra
and Σ0 values are calculated based on the remaining spectra. The
that are deemed outliers are discarded and final
method is effective for minimizing the contribution of target-containing spectra to the estimate of the background
covariance provided the chemical contaminants do not make up more than 10% of the scene.

4. REFLECTANCE MODEL VALIDATION
The models presented above for films and particles were validated against diffuse hemispherical reflectance spectra of
contaminated surface samples measured by Pacific Northwest National Laboratory (PNNL). Reflectance spectra were
measured at 4 cm-1 resolution. Average noise equivalent reflectance (NER) values were 0.03% across the 900-1400 cm-1
spectral range.
Samples were prepared by John Hopkins Applied Physics Laboratory (APL) and the Naval Research Laboratory (NRL).
Each surface was dosed with chemicals in one of two methods. The first method, implemented by APL, utilized an
airbrush technique to homogenously deposit chemicals across the front face of 4” x 4” coupons of Sandblasted 6061
Aluminum (RAl), Soda Glass, and High Density Polyethylene (HDPE). Areal densities ranged from 16 µg/cm2 to
206 µg/cm2. Chemicals deposited by APL included caffeine, warfarin, and naproxen. The second method used a sieving
method developed by NRL to deposit particles directly onto a 1”x1” glass surface with a range of particle sizes, mass
coverages, and fill factors. Areal densities ranged from 180 ng/cm2 to 99 µg/cm2. Average particle sizes were 13 to
43 µm. Particles included acetaminophen, pentaerythritol tetranitrate (PETN), potassium chlorate (KClO3), and
cyclotrimethylene trinitramine (RDX). These samples were also used for developmental testing discussed in Section 6.


PNNL for all three substrates. Values for JKJLMNO and JKJLM were calculated with Mie Theory based on estimated n
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were provided by PNNL. Reflectance spectra of bare/clean substrates,

, were measured by

and k values provided by NRL. Implementing Equation 11 with calculated values of H;i and Z;i is non-trivial, though,
because actual particle diameters that are present on a contaminated surface are not known. The approach taken to
overcome this problem is to identify diameter classes for H;i and Z;i spectra based on a clustering analysis using a
cosine distance metric.
13

As an example, Figure 2 and Figure 3 plot normalized values of calculated H;i and Z;i values, respectively, for the
target chemical warfarin. H;i and Z;i values were calculated for diameters ranging from 1 µm to 125 µm. From the
figure, it can be seen that nominally four diameter classes can be identified: the first class spans diameters from 1-6 µm;
the second class spans dimeters from 10-14 µm; the third class spans diameters from 16-20 µm; and the fourth class
spans diameters from 40-125 µm. Class spectra are created by averaging over the clustered spectra. A sum over four size
classes is implemented in Equation 11 rather than a sum over the total number of particles.

Figure 2. Example of Z;i class spectra identified for warfarin particles. Class 1 spans 1-6 µm particle diameters; Class 2
spans 10-14 µm particle diameters; Class 3 spans 16-20 µm particle diameters; Class 4 spans 40-125 µm particle diameters.

Figure 3. Example of H;i class spectra identified for warfarin particles: Class 1 spans 1-6 µm particle diameters; Class 2
spans 10-14 µm particle diameters; Class 3 spans 16-20 µm particle diameters; Class 4 spans 40-125 µm particle diameters.

Models for contaminant reflectance presented in Section 3.1 and 3.2 were validated against measured APL/NRL data
with a chi-squared analysis and F-test19. A non-linear least square fit was implemented for Equation 3 using a GaussNewton algorithm. Fit parameters were x1 = ; x2 = "+ ; x3 = " ; x4 = -2zc. Equation 3 was re-written as:
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Fits with Equation 14 were constrained such that the fill factor (i.e. parameter x1) was between zero and unity. In
addition, all parameters were constrained to positive values. A non-negative linear least squares fit was used to fit data
with Equation 11. Fit parameters were defined as x1 through x4 (effective fill factors for each of the four diameter
classes), x5 = ∑xTMq -w , and x6 = " . Equation 11 was re-written as:
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Figure 4a and Figure 4b plot measured PNNL spectra of 124 µg/cm2 of caffeine on a roughened aluminum surface (solid
black lines) overlaid with fits to Equation 14 and Equation 15, respectively. The associated F-scores of the fits are
included as insets to the plots. Based on the F-score values shown, the planar film model is a better fit than the particle
model by a factor two for the specific example shown. Figure 4c and Figure 4d plot measured PNNL spectra of
31 µg/cm2 of warfarin on a roughened aluminum surface. In this case, the particle model provides a comparable fit to
that of the chemical film model. A summary of observed F-score values for the six different roughened aluminum
surfaces dosed with caffeine, warfarin, and naproxen are provided in Table 1. Based on the observed F-scores reported
in Table 1 the chemical film model is in general a better fit to contaminants dosed on roughened aluminum compared to
the particle model. A comparison of the tabulated F-scores also suggests that as the areal density of the contaminant
decreases the two models converge to one another.

Figure 4. Measured reflectance data of 124 µg/cm2 of caffeine dosed on roughened aluminum (solid black line) overlaid
with fits (dashed red lines) to a.) the planar film model and b) the particle model. Measured reflectance data of 31 µg/cm2 of
warfarin dosed on roughened aluminum (solid black line) overlaid with fits (dashed red lines) to c.) the planar film model
and d) the particle model.

Table 1. Comparison of F-scores for APL prepared roughened aluminum surfaces contaminated with caffeine, warfarin, and
naproxen.

Areal Density (µ
µg/cm2)
16
31
47
74
124
184

Contaminant
Caffeine
Warfarin
Naproxen
Naproxen
Caffeine
Warfarin

Film Model F-scores
2.8
2.0
2.2
2.9
4.9
3.5

Particle Model F-scores
2.8
1.9
2.0
2.1
2.7
2.2

In the case of caffeine, warfarin, and naproxen deposited onto HDPE substrates, the particle model provides the closest
fit to the observed data. For example, Figure 5a and Figure 5b plot measured PNNL spectra of 169 µg/cm2 of warfarin
on HDPE (solid black lines) overlaid with a fit to Equation 14 and Equation 15, respectively. Figure 5c and Figure 5d
plot measured PNNL spectra of 68 µg/cm2 of naproxen on a HDPE. From the plots, it can be seen that a planar chemical
film reflectance model is unable to capture the discriminant features of the signal. On the other hand the particle model,
coupled with the spectral classes H;i and Z;i , fits well. A summary of observations for the three different HDPE
surfaces dosed with caffeine, warfarin, and naproxen are provided in Table 2.

Figure 5. Measured reflectance data of 169 µg/cm2 of warfarin dosed on HDPE (solid black line) overlaid with fits (dashed
red lines) to a.) the planar film model and b) the particle model. Measured reflectance data of 68 µg/cm2 of naproxen dosed
on HDPE (solid black line) overlaid with fits (dashed red lines) to c.) the planar film model and d) the particle model.
Table 2. Comparison of F-scores for APL prepared HDPE surfaces contaminated with caffeine, warfarin, and naproxen.

Areal Density (µ
µg/cm2)
68
101
169

Contaminant
Naproxen
Caffeine
Warfarin

Film Model F-scores
0.1
0.92
0.48

Particle Model F-scores
1.7
2.8
1.9

5. DETECTION ALGORITHM FORMULATION
The derived reflectance models presented in Section 3 and validated in Section 4 are implemented with a statistical
F-test to assign a detection score for each pixel in the ASCID’s hyperspectral cube. A detection score is determined
based on the following steps: The statistical distance of the measured reflectance spectrum { to the mean background
spectrum,
(i.e. the Mahalanobis Distance) is calculated as:
|}4{5 = &{ −

) Σ+q &{ −
~

).

Equation 16

If |}4{5 exceeds a defined threshold (e.g. |}4{5 > * 40.955), then { is statistically different from the background.
Note that * 475 is the upper (100α)th percentile of a chi-square distribution with p-degrees of freedom16.

A goodness-of-fit parameter C2 is calculated for the anomalous { by estimating the reflectance model parameters that
minimize the statistical distance of { to a MVN distribution centered at with spectral variability described by Σ+ :
~
 * 4{5 =  |w/4{ − 5~ Σ+q 4{ − 52 =  |w & − ) & − )

Equation 17

In Equation 17,  = Σ+ X 4{5 and  = Σ+ X 4 5 are the noise whitened measurement spectrum and model spectrum,
respectively. Stated another way, Equation 17 is a least square fit of the noise whitened measurement spectrum to a noise
whitened reflectance model. Within this formulism, the least square fit can be linear or non-linear. A  * 4{5 is
determined for each chemical in a target spectral library. A detection decision is made based on a statistical F-test, where
the F-score associated with a chemical target and the measured spectrum is:
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Equation 18

If 4{5 exceeds a defined threshold (e.g. 4{5 > 40.955) than the chemical contaminant is determined to be present.
Note that 475 is the upper (100α)th percentile of an F distribution with p-degrees of freedom16.

The overall detection algorithm, including background estimation and the F-test, is summarized in Figure 6. The output
of the algorithm is a detection decision (Dik) for each pixel i in the ASCID data cube with respect to a target chemical k.
Briefly, each test spectrum is first subjected to a Spectral Angle Map (SAM) analysis to detect and identify pixels that
contain an optically thick, full pixel, chemical contaminant. If the SAM score exceeds a predetermined threshold,
SAM(0), then Dik = 1 and the test spectrum is removed from the calculation of background statistics. All test spectrum
with SAM scores less than SAM(0) are considered as potential background spectra and used in the MVE estimate of
and Σ+ .

andΣ+ , the Mahalanobis distance of each test spectrum (MDi) is calculated (Equation 17). If
Based on estimates of
MDi does not exceed a predetermined threshold, MD(0), then Dik = 0. If MDi exceeds MD(0) the test pixel is considered
anomalous and a goodness of fit value, C2, for each chemical target with respect to a corresponding reflectance model is
computed (Equation 17 coupled with Equation 3, Equation 11, and Equation 13). Based on MDi and C2ik, an F-score
(Equation 18) is calculated. If Fik exceeds a predetermined threshold F(0) then Dik = 1. Mixtures are handled through an
iterative F-test analysis where, for each iteration, the dominant signature is identified and subsequently removed for the
next iteration. The process repeats until F-scores at each iteration no longer meet the defined threshold.

Figure 6. Data flow of the ASCID detection algorithm. Dik is the detection decision with respect to target spectrum k at
pixel i.

6. DEVELOPMENTAL TESTING
Samples prepared by NRL and APL, as well as liquid and vapor samples prepared to specifications provided by APL,
were measured with the ASCID hardware. These developmental tests were used to assess the performance of the
detection algorithm described in Section 5. All measurements were made at a 5 meter range using the 45° fold mirror
shown in Figure 7a, b and c. Samples were placed on a 3o wedge to avoid specular return. The vapor cell was used in
conjunction with the fold mirror and SILMARILS substrates to provide the back reflection. Reflectance measurements
were made over an approximately 2.5×2.5 cm ROI. The mean and covariance of each substrate (RAl, HDPE, and Soda
Lime Glass) were characterized across 16 separate bare coupons. A plot of the laser excitation wavelengths achieved by
the Phase I ASICD hardware is shown in Figure 8. Twenty-two wavelengths with NER values below 1% were kept
(1315, 1311, 1307, 1250, 1246, 1242, 1238, 1234, 1190, 1186, 1182, 1178, 1045, 1041, 1037, 1033, 1029, 1025, 1021,
1017, 1013, 1009 (units: cm-1)).

Figure 7. Developmental Test Experimental Setup Showing (a) 5 m Standoff to Target, (b) 45° Fold Mirror over Target
Substrate, and (c) Vapor Cell in Front of Fold Mirror
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Figure 8. Phase I illuminator spectral power density as measured.

A final spectral library was created for developmental testing. The spectral library was based on: n and k values for
liquids provided by PNNL; 3 explosive solids provided by ECBC; measured diffuse and hemispherical reflectance
provided by PNNL for all solid samples; and n and k values estimated/inferred by NRL for the remaining solids. In total,
the spectral library consisted of 325 different chemicals: 115 Solids, 61 liquids, and 149 vapors. A specific chemical
library was used depending on the physical state of the chemical dosed on the test surface. For example, when
interogating solid samples, only the solids chemical library was implemented.

Figure 9 shows an example data product for a sample loaded with 47 µg/cm2 of naproxen on roughened aluminum. The
product includes (a) the reference spectra with the sensor’s spectral samples overlaid as red dots, (b) the mean
reflectance of the substrate and sample, (c) the differential reflectance between substrate and sample, (d) the top F-score
fit in noise whitened space, and (e) the identification table showing the F-score raking. In this instance, naproxen ranked
first out of 115 total solids. Table 3 lists the conditions and results of each of the standoff developmental tests. Of the
21 measurements, the target compound received a top 10 F-score in 11 measurements, a top 15 F-score in
18 measurements, and did not exceed the F-score threshold in three measurements.

Figure 9. Naproxen 47 µg/cm2 on RAl (a) PNNL spectrum with PSI spectral samples in red, (b) mean RAl reflectance (black)
and sample reflectance (blue), (c) differential reflectance, (d) top F-score fit, (e) ID table showing naproxen ranking 1st.

Table 3. Standoff Developmental Test Detection Summary

Compound

Substrate

Caffeine (s)
Warfarin (s)
Naproxen (s)
Naproxen (s)
Acetaminophen (s)
Naproxen (s)
RDX (s)
PETN (s)
KClO3 (s)
Isopropanol (l)
Octane (l)
Acetonitrile (l)
R134 (g)

RAl
RAl
RAl
RAl
RAl
glass
glass
glass
glass
RAl
RAl
RAl
RAl

Loading
(µ
µg/cm2)
124
184
74
47
117
116
30
30
50
liquid cell
liquid cell
liquid cell
gas cell

Detection
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes

Fscore
2.8
13.0
2.8
3.9
6.7
7.5
12.3
8.6
2.3
23.9
15.3
2.4
6.5

Rank
3
2
2
1
1
12
6
9
17
1
1
10
1

7. CONCLUSION
Detection of liquids and solids on surfaces requires accurate physics models and robust estimates of the spectral
variability of surfaces. In this paper, two models were presented that take into account chemical films and particles
coupled with a probabilistic model of bare/uncontaminated surfaces. Based on the APL and NRL dataset provided, the
chemical film model described the reflectance properties of contaminants dosed on roughened aluminum with higher
fidelity fits when compared to the particle model. The particle model was more capable of describing the observed
reflectance features of solids deposited on HDPE surfaces. It is anticipated that improvements can be made to the models
through more accurate refractive index values for solids in addition to incorporating particle-particle interactions and
particle-surface interactions.
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