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ABSTRACT 

Physical Sciences Inc. (PSI) is developing a longwave infrared (LWIR) compressive sensing hyperspectral imager (CS 

HSI) based on a single pixel architecture for standoff vapor phase plume detection. The sensor employs novel use of a 

high throughput stationary interferometer and a digital micromirror device (DMD) converted for LWIR operation in 

place of the traditional cooled LWIR focal plane array. The CS HSI represents a substantial cost reduction over the state 

of the art in LWIR HSI instruments. Radiometric improvements for using the DMD in the LWIR spectral range have 

been identified and implemented. In addition, CS measurement and sparsity bases specifically tailored to the CS HSI 

instrument and chemical plume imaging have been developed and validated using LWIR hyperspectral image streams of 

chemical plumes. These bases enable comparable statistics to detection based on uncompressed data.  

In this paper, we present a system model predicting the overall performance of the CS HSI system. Results from a 

breadboard build and test validating the system model are reported. In addition, the measurement and sparsity basis work 

demonstrating the plume detection on compressed hyperspectral images is presented.  
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1. TECHNOLOGY OVERVIEW 

1.1 Capability Overview  

Standoff chemical vapor detection in the longwave infrared (LWIR) spectral range is currently dominated by high-priced 

interferometric systems, including the single pixel Joint Services Lightweight Standoff Chemical Agent Detector 

(JSLSCAD) and the Bruker Rapid as well as the imaging Telops HyperCam and Adaptive Infrared Imaging 

Spectroradiometer (AIRIS).  The JSLSCAD employs an FTIR modulator and scanning mirrors to obtain a spatially coarse 

data cube acquired over 360° in azimuth and -10 to +50° in elevation. AIRIS employs a tunable Fabry-Perot filter and a 

LWIR FPA to acquire the data cube. Similar technologies are present in the HyperCam. The fundamental limitation of these 

systems with regard to wider deployment is the multiple $100k price. Secondary limitations include large size, 

interferometric moving parts, slow acquisition speed, and large data bandwidth. All of these factors can be mitigated with a 

low-cost hyperspectral sensor based on compressive sensing (CS) in a single pixel architecture. 

Efforts to apply CS in the LWIR spectral region include those by Fernandez et al [1] who explored the feasibility of a 

coded aperture LWIR HSI system. This approach employs an FPA to simultaneously capture spectral and spatial data in a 

single frame and boasts improved throughput relative to traditional grating based systems. However, the use of a LWIR 

FPA will limit cost reduction of this particular solution. An attempt has been made to integrate a tunable (Fabry-Perot) 

filter with a CS solution in the LWIR [2] with limited success in terms of performance, primarily owing to diffraction by 

the digital micromirror device (DMD) employed as a spatial light modulator (SLM).  

PSI in cooperation with Colorado State University (CSU) has demonstrated the feasibility of an innovative sensor that 

enables low-cost LWIR hyperspectral imaging for standoff chemical plume detection and identification. The approach 

uses novel sampling algorithms which provide real-world plume detection capability with compressed data in spectral 

and spatial domains as well as a hardware configuration which enables hyperspectral cube acquisition with a single 

element LWIR detector. Towards the feasibility demonstration, a the CS HSI sensor was designed and modeled, a 

breadboard CS HSI sensor was built and tested, and CS spectral/spatial measurement and sparsity bases were identified 

and prototyped. The next step will be the development of a prototype CS HSI system which will provide standoff 

(≥ 3 km) detection of vapor phase plumes with dramatically decreased size, weight, power consumption, cost, and data 

bandwidth compared to current LWIR hyperspectral imaging systems.  
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The capability-specific Key Performance Parameters (KPPs) are listed in Table 1. Threshold requirements are based on a 

stationary (ground-based) platform with a limited chemical target set and standoff range. The chemical target set 

represents an example application of process plume monitoring. Objective requirements include an extended standoff 

range and target compound set as well as airborne operation based on the ScanEagle cruising speed, size, weight, and 

power (SWaP) requirements. The price requirement is based on an order of magnitude cost reduction relative to the 

JSLSCAD unit price of approximately $400,000. The threshold unit price is considered to be a threshold level for 

multiple 100 unit procurement. A sensor which meets the objective unit price is considered to be disruptive. The 

objective of the CS HSI sensor development is to simultaneously meet JSLSCAD objective cost targets and in addition 

address UAV operation with regard to measurement bandwidth and SWaP (objective).  

Table 1. Capability Derived Key Performance Parameters 

Key Performance Parameter (KPP) Threshold Objective 

Deployment capability Stationary Stationary/Airborne 

Stand-off range 3 km 5 km 

Vehicle speed Stationary Stationary / 90 kph 

Compounds Ammonia Ammonia, tributyl 

phosphate 

Interferents Smoke, oil/fuel 

vapor/exhaust, dust 

Smoke, oil/fuel 

vapor/exhaust, dust 

Minimum detectable concentration PL 

at 10 K T 

100 ppm·m 100 ppm·m 

Probability of detection and 

identification 

> 80% > 90% 

Field of regard 3° 3° 

Time to detect 10 s 1 s 

Size < 20,000 cm
3
 < 3,500 cm

3
 

Weight < 20 kg < 3.4 kg 

Power < 200 W < 60 W 

Cost $50,000 $25,000 

 
1.2 CS HSI Concept  

The CS HSI sensor is comprised of the following components: 

 A low-cost DMD modified for use in the LWIR spectral range to spatially encode a Fourier image of the scene 

of interest,  

 A LWIR, no-moving-parts, spatial heterodyne spectrometer (SHS) employing a mercury cadmium telluride 

(MCT) photo detector (PD) coupled with a coded aperture to spectrally resolve and compress the spatially 

integrated image,  

 A CS processing module to reconstruct the spatially and spectrally compressed hyperspectral image where the 

measurement and sparsity bases functions are specifically tailored to the CS HSI hardware and chemical plume 

imaging, 

 An automated target recognition (ATR) algorithm module employing a variant of the Adaptive Cosine 

Estimator (ACE) for detection of the chemical plumes in cluttered and dynamic backgrounds.  

The solution-specific KPPs are listed in Table 2 in support of threshold and objective capability KPP values in Table 1. 

Performance projections showing the CS HSI design will meet the KPPs are detailed in Section 2.1 and 2.2. Breadboard 

characterization results which validate the system model are presented in Section 2.3.  

  



Table 2. Solution Derived Key Performance Parameters 

Key Performance Parameter (KPP) Threshold Objective 

Spectral range  8-12 m 8-12 m 

NESR (per pixel, per frame) 7×10
-8

 W/(cm
2
ster cm

-1
) 7×10

-8
 W/(cm

2
ster cm

-1
) 

Spectral resolution 8 cm
-1

 8 cm
-1

 

FOV 3° 3° 

IFOV .167 mrad .10 mrad 

Hyperspectral cube acquisition time 3.3 s .33 s 

Spatial Compression ≥ 88% ≥ 88% 

Spectral Compression ≥ 30% ≥ 50% 

Material + labor cost ≤ $33,000 ≤ $13,300 

Size < 20,000 cm
3
 < 3,500 cm

3
 

Weight < 20 kg < 3.4 kg 

Power < 200 W < 60 W 

2. RESULTS OF FEASIBILITY DEMONSTRATION 

2.1 Performance Projections 

The system model predicts the performance with regard to noise equivalent spectral radiance (NESR). The NESR 

determines the minimum detectable concentration pathlength product (CLmin) for a detector-noise limited system (not 

clutter limited). Hyperspectral cube acqustion time and the radiometric efficiency of the DMD in the LWIR are also 

addressed. 

The NESR requirement is derived based on the CLmin, Pd, and time to detect KPPs. The per-spatial resolution element 

NESR is given by Equation 1 where the parameters are defined in Table 3.  

 NESR =  
√Ad/𝑁𝑠𝑝𝑎𝑡_𝑟𝑒

D∗∙
Θ

𝑁𝑠𝑝𝑎𝑡_𝑟𝑒
∙ηspat_m∙ηspec_m∙ηsys∙η𝐷𝑀𝐷∙ME∙∆σ∙√∆t

 [=]
W

cm2∙ster∙cm−1 (1) 

Table 3. NESR Parameters 

Parameter Description Value Units 

Ad/Nspat_re Detector area
1
 divided by the number of 

spatial resolution elements
 

.129/Nspat_re cm
2
 

Nspat_re Number of spatial resolution elements variable unitless 

D* Detectivity (assumes 77 K HgCdTe)
 

3×10
10 

cm√Hz/W 

 Spatially integrated etendue
 

0.15
 

cm
2
ster 

spat_m CS spatial mask efficiency
 

0.5 unitless  

spec_m CS spectral mask efficiency
 

0.5 unitless 

sys System radiometric efficiency w/o DMD
 

.4 unitless  

DMD DMD efficiency
2 

variable unitless 

ME SHS modulation efficiency .75 unitless 

 Spectral resolution 8 cm
-1 

t Integration time per HSC
3 

variable s 

 
Notes:  

1. Ad is derived based on a throughput match between the DMD operated at f/2.6 and the detector operated at f/.7. 

f/2.6 represents the fastest practical f/# at the DMD given the range of diffraction angles for 8-12 m energy (23.6 

to 35.4°).  



2. DMD efficiency is projected based on previous measurements taken with a 13.7 m device using a tunable LWIR 

laser. In the LWIR spectral range, the DMD behaves as a blazed diffraction grating where the blaze can be 

modulated by actuating the DMDs about their diagonal. One of our goals was to determine a method for increasing 

the diffraction efficiency thereby increasing the portion of energy which can be modulated for CS. The data 

indicated an efficiency dependence on /d where d is the pitch of the grating in the diagonal direction. Figure 1a 

shows the modulated efficiency vs. /d for the 13.7 m (measured) and 10.68 m (predicted). Figure 1b shows the 

modulated efficiency as a function of wavenumber for the two devices. Based on the previous measurements, the 

10.68 m pitch DMD is expected to provide a 2× enhancement in diffraction efficiency over the 13.7 m device 

resulting in a 2x sensitivity increase.  

 

Figure 1. (a) Modulated efficiency vs. /d for 13.7 and 10.68 m devices. (b) Modulated efficiency vs. wavenumber for 

each device. 

3. Integration time is dictated by the sampling requirements which are limited by the maximum binary frame rate 

(MBFR) of the DMD: 

 ∆𝑡 =
𝑠𝑎𝑚𝑝𝑠𝑝𝑒𝑐∙𝑠𝑎𝑚𝑝𝑠𝑝𝑎𝑡∙𝑁𝑠𝑝𝑎𝑡_𝑟𝑒∙𝑁𝑠𝑝𝑒𝑐_𝑟𝑒

𝑀𝐵𝐹𝑅
[=]𝐻𝑧  (2) 

 MBFR is 32,700 FPS, and sampspec/spat is the spectral and spatial sampling ratio, respectively.  

Figure 2 shows NESR vs. optical frequency where the spectral dependence is due to the DMD’s diffraction efficiency. 

The projected NESR meets threshold and objective KPPs of 7×10
-8

 W/(cm
2
·ster·cm

-1
). CLmin relates to NESR according 

to 

 CLmin = −
1

α
∙ ln (1 −

5∙NESR

∆N
) [=]ppm ∙ m  (3) 

where  is the absorption cross section ( = 2×10
-3

 (ppm·m)
-1

 for the 950 cm
-1 

NH3 band) and N is the radiance 

difference between the plume and background. The factor of 5 establishes a clutter noise limit which supports the Pd 

KPP. Figure 3 shows the predicted CLmin vs. temperature contrast for a range of spectral sampling ratios assuming a 

spatial sampling ratio of 10%. As discussed in section 2.2, the CS module supports accurate plume detection with ≈ 10% 

spatial sampling and 50% spectral/ interferogram sampling. The increase in sensitivity with sampling simply reflects the 

increased integration time (reduced noise bandwidth). The CS HSI meets the 100 ppm·m CLmin KPP for a 10 K 

temperature contrast with ≥ 25% interferogram sampling.  

The derived requirement for hyperspectral cube acquisition time is predicated on a requirement for three sequential 

hyperspectral cubes for temporal filtering prior to issuing each detection map. The hyperspectral cube acquisition time is 

given by Equation 2. Figure 4 illustrates hyperspectral cube acquisition time vs. interferogram sampling ratio assuming 

40 spectral resolution elements and 10% spatial sampling. The CS HSI meets the threshold hyperspectral cube 

acquisition time requirement with 10% spatial sampling and 70% (or less) interferogram sampling. 



 

Figure 2. NESR vs. optical frequency. 

 

Figure 3. CLmin vs. T for a range of spectral sampling ratios. Better sensitivity is achieved with increased sampling owing 

to the increase in integration time. 

 

Figure 4. Hyperspectral cube acquisition time vs. spectral sampling for 40 spectral resolution elements and 10% spatial 

sampling. 

 



2.2 CS Algorithms  

The collective capabilities of spatial and interferogram/spectral compression enable the single pixel architecture, which 

is essential for the requisite cost reduction relative to the state of the art in LWIR hyperspectral imagers. We have 

established an optimal spatial reconstruction method, referred to as Total Variation (TV) that is specifically tailored to 

chemical plume imaging under high compression. A quantitative analysis demonstrated the superiority of the TV method 

for spatial compression in achieving high probability plume detection (> 80%) under high compression (≈10% 

sampling). 

Similarly, we have identified an optimal interferogram/spectral reconstruction method specifically tailored to the SHS 

hardware and chemical plume imaging. The implementation of this approach utilizes interferograms which are collected 

and reconstructed using a standard basis with high sampling as a calibration step. This step can be done a priori or in situ 

where the CS HSI is installed. The calibration interferograms are then used to compute the empirical interferogram 

sparsity basis using single value decomposition (SVD). Both the spectral and spatial compression is done using the WH 

measurement basis.  

The metric for the CS algorithms are detection statistics (cloud level Pd) relative to truth detection maps generated using 

uncompressed hyperspectral data cubes collected with PSI’s AIRIS [3] where detection is based on the implementation 

of the ACE algorithm.  

Spatial compression and reconstruction using the TV sparsity basis was demonstrated on data cubes of a tritehyl phosphate 

explosive release. The two observations pose significant challenges with respect to the ability to reconstruct and preserve 

cloud detection under sparse spatial sampling as a result of the fact that the cloud is propagating along the ground with little 

extent in the vertical dimension. A 128×128 region of interest (ROI) was sparsely sampled using WH masks. Figure 5a and 

5b shows the truth maps for two release observations. For each detection map, 3 sequential datacubes are analyzed and 

temporal filtering applied. Figure 5c and 5d shows corresponding detection maps generated using reconstructed 

hyperspectral cubes with 12% and 25% sampling, respectively, using the WH measurement and TV sparsity bases for 

compression and reconstruction, respectively. Comparison of the detection maps shown between Figures 5a and 5c and 

between 5b and 5d yield good agreement between the uncompressed and spatially compressed datacubes. For the intended 

application, the important outcome is the correct decision for cloud absent or present and not necessarily the ability to 

identify all pixels containing the plume; given the agreement in detection statistics between compressed and uncompressed 

detection maps, we would expect comparable Pd (80%) as previously reported [4]. These results provide a strong 

quantitative justification for the use of TV as the spatial CS algorithm of choice.  

 

Figure 5. Detection maps generated based on ACE processing. (a) Uncompressed cloud detection at 0:13 min after release. 

(b) Uncompressed cloud detection at 2:29 min after release. (c) Compression and reconstruction of (a) with 12% sampling 

and (d) Compression and reconstruction of (b) with 25% sampling. 

Interferogram compression and reconstruction in the empirical sparsity basis was demonstrated on AIRIS data cubes of 

an ammonia open release. The spectral cubes were converted to interferogram cubes using the SHS equation. The 

interferogram cubes were then Fourier transformed back to spectral space prior to running the ACE detection algorithm 

to generate the truth detection map. The same interferograms were compressed using the WH measurement basis and 



reconstructed in the empirical basis computed using a subsampling of the interferograms for calibration. Two 

reconstruction scenarios were investigated: two where the calibration was done using a pre-release data cube, and two 

where the calibration was done in situ using the current datacube. For each case we compared the results using 64 and 32 

empirical basis vectors where for the latter, the remaining 32 were populated with standard basis vectors. The 

reconstructed cube was then Fourier transformed back to spectral space prior to running the ACE detection algorithm to 

generate the detection map. In each case 3 consecutive datacubes were analyzed prior to issuing the detection map. 

Figure 6 shows detection maps generated using datacubes that are uncompressed (a) and 50% compressed with (b) pre-

release with 32 empirical basis vectors, (c) in situ with 32 empirical basis vectors, (d) pre-release with 64 empirical basis 

vectors, and (e) in situ with 64 empirical basis vectors.  

 

Figure 6. (a) NH3 detection map generated using datacubes that are uncompressed (a) and 50% compressed with (b) pre-

release with 32 empirical basis vectors, (c) in situ with 32 empirical basis vectors, (d) pre-release with 64 empirical basis 

vectors, and (e) in situ with 64 empirical basis vectors. 

Again, the important outcome is the correct decision for cloud absent or present. The empirical sparsity basis clearly 

enables accurate reconstruction and comparable detection statistics to uncompressed data. Pre-release (Figures 6 (b) and 

(d) exhibit marginally fewer false positives, although in every case the false positive rate is very low (on the order of one 

in 3000 pixels). Use of 64 empirical basis vectors (Figures 6 (d) and (e)) exhibits more robust detection where the plume 

is more filled out. Given the agreement in detection statistics between compressed and uncompressed detection maps, 

comparable Pd (80%) as previously reported is expected [4]. These results provide a strong quantitative justification for the 

use of an empirical sparsity basis as the spectral CS algorithm. 

2.3  Breadboard Results  

The CS HSI breadboard concept was demonstrated in two subsystems. CS in the spatial domain was demonstrated using 

the DMD converted for IR use coupled with an uncooled microbolometer camera to capture the dot products where the 

pixels were summed to generate a single pixel value. The db4 wavelet sparsity basis was employed to reconstruct the 

image in a software simulation. The software simulation was used to model the hardware mask and reconstruction 

accuracy. The SHS was demonstrated separately using an entrance aperture that is spatially equivalent to the 10 mm 

DMD. Each subsystem demonstration is described in detail below.  

2.3.1 Spatial CS Breadboard Demonstration 

Figure 7 shows the hardware configuration used for the spatial CS demonstration. A 100 mm focal length PCX Ge lens 

was used to form an image of the far field on the DMD. Two fold mirrors were used to periscope the FOV. The FOV 

onto the 10 mm DMD was 6° full angle. The DMD is a 0.7 XGA chip extracted from an InFocus LP70 projector. PSI 

has developed a proprietary process for replacing the Corning glass window on the DMD with a zinc selenide window 

for infrared use. The DMD was commanded through the projector.  



 

Figure 7. Image of CS breadboard. 

The object imaged for the purpose of demonstration was a 25 mm 1000°C blackbody positioned approximately 1 m from 

the CS breadboard fore optics. The high temperature was required because the microbolometer has a 20× lower/worse 

D
*
 than the MCT FPA; this object temperature value can scale down by approximately 20× (50°C) when integrated to 

the SHS while maintaining the same radiometric performance. The central 768×768 portion of the DMD was 

commanded in 48×48 “super pixels” to create 16×16 spatial resolution element random masks. The image was 75% 

sampled (192 masks) and the resulting dot product vector was reconciled to the dot product vector generated in software 

using the same masks. Figure 8a shows a down sampled “truth” image of the blackbody captured with the 

microbolometer camera (all micromirrors are in the on-position). Figure 8b shows a reconstruction of the image where 

compression was applied in software with 75% sampling and the db4 wavelet basis used for reconstruction. Figure 8b 

has a mean pixel error of 4% and demonstrates the feasibility of the spatial CS measurement using the DMD and WH 

masks with 75% sampling. Figure 8c shows a raw microbolometer image (native format) with one of the WH random 

masks imposed on the object image. Figure 8c shows that while the object is fully extinguished by mask elements in the 

off-position, the mask itself has self-radiance that is depended on micromirror position. The mask self-radiance was 

reflected in the CS model discussed below.  

 

Figure 8. (a) Down-sampled “truth” image (all micromirrors in on-position), (b) 75% (software) sampled and reconstructed 

image using db4 wavelet basis, (c) raw (native format) image with WH mask superimposed on object.  

The CS breadboard test results yielded significant insight to the characteristics of the DMD as a mask in the LWIR and 

the robustness of the CS algorithm to a wide range of noise sources. In the end, noise associated with spatial non-

uniformity apparent in Figure 8c prevented a full hardware demonstration at this time, however, the hybrid CS 

demonstration where the WH masks were applied in software yielded the following compelling results.  

 It is straight-forward to reformulate the CS model to handle mask self-radiance (i.e. non-zero off states illustrated 

in Figure 8c).  

 There are several sources of noise, including stationary noise in the energy counts for both on and off mask 

elements. We were able to verify, both through software simulation and using the raw data, that the CS algorithm 

is robust to these types of variation. 

 The software simulation was used to isolate and identify other sources of error that will be corrected in hardware 

in the future including the non-uniform response of the sensor across the field of view, and the temporal trend the 

total energy captured (i.e. thermal drift).  



 Based on the results of the hybrid CS demonstration employing the self-radiance mask model coupled with an 

understanding of the noise characteristics of the CS breadboard, a full hardware CS demonstration will be 

accomplished in the early stages of the next phase of this research.  

2.3.2 SHS Breadboard Demonstration  

The SHS was designed, built, and characterized on a spatially integrated basis making use of an in-house LWIR FPA. 

The SHS breadboard is shown in Figure 9. Energy from the entrance aperture is collimated by the collimating lens and 

focused in the plane parallel to the page by cylindrical lens. The light focuses through the beamsplitter/ compensator pair 

and forms an image in one dimension at the grating. The grating is tilted by 3.2° about the axis normal to the page in to 

induce the spatial fringes which are heterodyned about 1250 cm
-1 

(the Littrow wavelength of these gratings). The fringe 

lens forms an image of the fringe field at the grating onto the FPA (a 64×64 element SBIR J108 FPA).  

 

Figure 9. Photo of breadboard SHS. 

The SHS was characterized on a spatially integrated basis for spectral resolution and NESR. The NESR of the 

breadboard is governed by a different equation than Equation 1 owing to the use of the FPA. Equation 4 is the 

expression for NESR of the breadboard where the Nspec_re factor is equal to half the number of detector elements. The 

etendue was limited by the cold stop of the FPA. The spectral range was limited to 8-8.6 m by a cold filter, chosen to 

insure alias-free sampling of the fringes created by the gratings we had in-house. The breadboard spectral resolution was 

projected to be 2.9 cm
-1

. The per-frame integration time was 460 s, and 100 frames were coadded.  

 NESR =  
√Ad

√2∙𝑁𝑠𝑝𝑒𝑐_𝑟𝑒D∗∙Θ∙ηsys∙ME∙∆σ∙√∆t
= 2.2 × 10−8 W

cm2∙ster∙cm−1 (4) 

NESR was measured via a two-temperature blackbody measurement where the blackbody was located at the entrance 

aperture of the SHS with the aperture set to 10 mm. Two interferograms were acquired with the blackbody set at 100C; a 

third interferogram was acquired with the blackbody set at 130C. A radiometric calibration was computed by taking the 

difference between the 130C and 100C spectra and dividing by the corresponding difference in spectral radiance 

predicted by the Planck function. A noise value was calculated as the standard deviation over the difference between the 

two 100C spectra, divided by √2 to account for the two independent noise sources. This noise was divided by the 

radiometric calibration curve to yield the NESR shown in Figure 10. The measured NESR agrees precisely with the 

predicted value of 2.2×10
-8

 W/(cm
2
·ster·cm

-1
) for the breadboard system.  

Spectral resolution was measured using a LWIR quantum cascade alser tuned to 1230 cm
-1

. The laser was incident on a 

gold coated diffuse scattering surface located at the entrance aperture of the SHS. The instrument lineshape (ILS) was fit 

to a Gaussian, and the full width at half maximum (FWHM) reported as the spectral resolution of the SHS. Figure 11 

shows the measured ILS with a FWHM of 3.5 cm
-1 

which is in good agreement with the predicted 2.9 cm
-1

. ILS 

boradening is attributed to the non-optimized fringe lens used for the breadboard with off-axis aberrations which 

effectively imposed an envelope on the spatial interferogram.  

 



 

Figure 10. Measured spatially integrated NESR as a funciton of optical frequency. 

 

Figure 11. ILS of SHS in response to 1230 cm-1 quantum cascade laser illuminating diffuser at entrance aperture. 

3. CONCLUSIONS 

We have successfully developed and validated system performance models of the CS HSI which support the threshold 

KPPs. The system level model predicts a spatially resolved NESR of 5×10
-8

 W/(cm
2
·ster·cm

-1
) at 8 cm

-1
 spectral 

resolution corresponding to a CLmin of less than 100 ppm·m for a 10K temperature contrast between plume and 

background. The IFOV is 167 rad which will resolve 1 m at a 3 km standoff. A signal chain model was successfully 

developed based on WH transform measurement coupled with TV spatial and empirical spectral sparsity bases for CS. 

These bases, employing ~90% spatial compression and 50% spectral compression, were shown to preserve hyperspectral 

chemical plume images resulting in a plume-level Pd ≥ 80% relative to truth detection maps generated using 

uncompressed hyperspectral cubes. The spatially integrated SHS breadboard was built, tested, and shown to agree with 

the system model. The CS breadboard was used to demonstrate spatial CS in the LWIR spectral range.  
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