
F2-A: Detection of Explosives using 
Hyperspectral Imaging
Abstract — The focus of this project was to develop and implement detection algorithms for imag-
ing and non-imaging spectroscopy sensing modalities to best detect and identify explosive-related 
threats. The proposed approach included modeling of spectral variability, signal and image enhance-
ment, and feature extraction for target detection, and computational implementation using GPUs. 
The developed algorithms were tested and validated using standard data sets used in hyperspectral 
target detection and phantom data generated at UPRM-LARSIP.  We demonstrated the use of Graphic 
Processing Units (GPUs) to implement hyperspectral target detection algorithms. Significant speed-
up was demonstrated which is needed for real-time systems such as those used in explosive detection 
portal systems. We also developed an understanding and show with examples how factors such as 
memory management and data transfer between CPU and GPU affect algorithm performance. An in-
ternal REU effort was developed with students from the UPRM Computer Engineering program to de-
velop a library of GPU routines for hyperspectral target detection, focusing on the portability aspects 
of the library. Cmake and Ctest and software engineering practices and tools were used to develop a 
cross platform library called Libdect. The use of a library can encourage new developers in the field 
of hyperspectral image application development. The efforts concentrated on the design of the Lib-
dect library prototype structure, coding guidelines, its build system, and tools. Two target detection 
algorithms were ported to the library: RX and Matched Filter (MF). One additional algorithm, AMSD 
is still under development. A new hyperspectral image enhancement algorithm was developed using 
tensor anisotropic nonlinear diffusion (TAND). The approach is based on a new structure tensor that 
better incorporates spectral/spatial information and serves as a basis for the diffusion tensor. The 
TAND approach resulted in improved contrast enhancement between background and small spatial 
features such as traces of explosives.
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II. PROJECT OVERVIEW AND SIGNIFICANCE

Active (e.g. Raman) and passive (e.g. IR, QCL) spectral remote sensing methods (imaging and non-imaging) 
are being studied within ALERT for detection of explosive traces. A significant aspect of the analysis and 
exploitation of spectral data hinges on the successful identification of the spectral features that enable dis-
crimination between the energetic material of interest and the background. The information contained in the 
spectral, spatial (for imaging modalities) and temporal domains can be used to discriminate between target 
and clutter even at subpixel resolution.  The focus of this project is to develop and implement detection al-
gorithms for hyperspectral imaging and non-imaging spectral sensing modalities to best detect and identify 
explosive-related threats.
Extracting all unique spectral features in a specific scene is a particularly challenging problem. The diver-
sity and concentration of materials is unknown a priori and the spectral observability of individual spectral 
materials depends upon the spectral and spatial resolution of the sensor, the fidelity of the spectral mea-
surements, the uniqueness of the spectral properties of each material, and the contrast between target and 
background [1]. Furthermore, mixing of signals (by the signal acquisition process or by natural interaction 
of materials) creates confounding variability that interferes with the capacity to extract features of interest 
from a spectral data set.  This is particularly important when detecting traces of explosives since the spectral 
signature of the target may be “small” when compared to the clutter (i.e. it only accounts for few pixels in the 
image or is only present at a subpixel level). 
The work in this project is focused in the development and the implementation of detection algorithms for 
energetic materials such as explosives over different backgrounds using imaging spectroscopy (or hyper-
spectral imaging). The research work was organized in three components: (i) development of models that 
can be used to model the spectral variability of energetic materials over different backgrounds and their use 
in detection and identification algorithms; (ii) feature extraction, signal and image enhancement methods 
to improve target/background contrast, and (iii) implementation in high performance computing platforms 
such as GPUs. Data for testing and validation took advantage of experimental facilities available at UPRM-
LARSIP. The SOC-700 Visible Hyperspectral Imager from Surface Optics Corporation  available at UPRM-
LARSIP was used to generate phantom data for algorithm testing and validation.  
This research project (F2A) was completed June 30, 2012. Two of the three components ((i) and (iii)) were 
successfully completed. A new algorithm for hyperspectral image enhancement based on a novel structure 
tensor that better integrates spatial and spectral information was developed. The proposed structure tensor 
better captured local information of the spatial/spectral variability, which is then used to develop a diffusion 
tensor within a tensor anisotropic nonlinear diffusion scheme for image enhancement. A particular feature 
of the proposed scheme is it capability of increasing the contrast between small traces of material and back-
ground such as in detection of traces of explosives over clothing. We demonstrated how GPUs can be used 
to significantly improve detection speed of hyperspectral detection algorithms to achieve real time speeds 
needed in portal systems for explosives detection. A software library of GPU algorithms is being developed 
to facilitate development of explosive detection systems using hyperspectral imagery. This library is being 
developed by undergraduate students participating in an internal REU program at UPRM led by Dr. Nayda 
Santiago.

III. RESEARCH AND EDUCATION ACTIVITY

A.	 State-of-the-Art	and	Technical	Approach

The ability to remotely detect explosive devices and explosive materials using passive or active hyperspectral 
imaging has generated considerable interest over the last few years. Detection of explosives or explosive re-
lated threats using hyperspectral data could be achieved by: 



•  Detection of explosive vapors that escape from a container into the air [2].
•  Passive detection of traces of energetic materials on different surfaces such as clothing, containers and 
metal surfaces [2]-[7].
•  Active detection of traces of explosive materials on different surfaces [8][9].
•  Detection of unusual behavior (anomalies) using hyperspectral imagery [10][11].
•  Detection of hidden objects under clothing [12].
Although hyperspectral imagery has been applied with success to gas detection [13], the detection of vapor 
released by explosives is a challenging task since explosives generally have extremely low vapor pressure. 
Detection of explosive traces on clothing containers and materials requires us to deal with small spectral 
signatures under heavy clutter. The need to perform this in real-time is hampered by the large data volumes 
of hyperspectral images. The problem of interest is the detection of a small target signature (explosive traces) 
mixed with clutter (clothing, vehicle painting, container material, etc.) in real time. 
The structure of a typical target recognition system consists of a detection module followed by a clutter re-
jection stag, and a classification step [1, 4]. Detection algorithms operate on an entire image, searching for 
locations that need further scrutiny or chips (sub-images) by a clutter rejecter. The clutter rejecter further 
scrutinizes those candidate chips and eliminates those chips that are not targets. The final step, in many 
systems, is a decision module, which takes the remaining chips and outputs the classification. Hyperspectral 
target detection relies primarily on spectral analysis techniques [15][16]. However, the measured radiance 
is a mixture of the signature of interest and the surrounding clutter. Ideally, we should retrieve the target 
spectral signature or target features and use them for material identification. The applications described in 
[2]-[12] focused primarily on demonstrating the potential of imaging spectroscopy (or hyperspectral imag-
ing) to detect the materials of interest, little emphasis is placed in dealing with variability that may arise in 
non-controlled conditions, and algorithmic and computational aspects to realize real-time implementation. 

B.	 Major	Contributions

1)  Years 1-4: Implementation of Target Detection Algorithms using GPUs
The high-spectral resolution in imaging spectroscopy can be used to identify materials by their spectral prop-
erties but algorithms that exploit HSI data have  high computational requirements due to the potentially large 
volume sizes of these images, typically on the order of hundreds of megabytes. This can be an important 
limitation in remote sensing applications that require real-time processing, such as surveillance or explo-
sive detection. Fortunately, many algorithms designed for hyperspectral data processing show an inherent 
structure that allows parallel implementations [17]. Previous works have shown that HSI data processing 
can significantly benefit from parallel computing resources of hardware platforms such as computer clusters, 
field-programmable gate arrays (FPGA), or graphics processing units (GPU) [18]-[22]. Specifically, GPUs have 
proven to be promising candidates as hardware platforms for accelerating hyperspectral processing tasks 
due to their highly parallel structure and the high computational capabilities that can be achieved at relative 
low costs. However, since the GPU architecture is optimized for data-parallel processing, (i.e., tasks where the 
same computation is repeated many times over different data elements), only hyperspectral algorithms that 
show this data-parallel structure can significantly benefit from GPU-based implementations. Our research 
work during Years 2 and 3 has focused on studying different state-of-the-art hyperspectral target detection 
and unmixing algorithms in order to analyze the aspects in the structure of these algorithms that can take 
advantage of the parallel computing resources of GPUs based on the NVIDIA® CUDATM architecture. In Year 
4, the implementation work focused on the implementation of a hypersectral target detection algorithms 
library in GPUs, focusing on the portability aspects of the library. Cmake and Ctest and software engineering 
practices and tools were used to develop a cross platform library called Libdect. The use of a library can en-
courage new developers in the field of hyperspectral image application development. 



We studied the GPU implementation of three target detection algorithms: the RX anomaly detector [23], the 
matched filter (MF) [16], and the adaptive matched subspace detector (AMSD) [24]. The first two algorithms 
are full-pixel detectors (i.e., the pixel do not contain mixed spectra). The AMSD belongs to the family of sub-
pixel detectors which assume that the target may occupy only a portion of the pixel and the remaining is 
occupied by the background (i.e. a mixed pixel). All three approaches involved the computation of a decision 
statistic and comparison with a threshold to decide if an anomaly or a target is present or not. The decision 
statistic for each algorithm is shown in Table 1.
Library Development Effort
The library development effort concentrated on the design of the Libdect library prototype structure, coding 
guidelines, its build system, and tools. Two target detection algorithms were ported to the library: RX and 
Matched Filter (MF). The AMSD is still under development. Full details are given in [25].
The design decisions made in order to build the Libdect prototype were based on SE practices. Considering 
our long term goals for the library, the decisions encouraged extensibility and portability. The fact that Lib-
dect is a hyperspectral image analysis library with a focus on GPUs also influenced the design decisions taken.
According to the hyperspectral image cube model, each pixel in a hyperspectral image is represented by a 
vector with hundreds of components. The analysis of this type of vector representation of data requires the 
use of linear algebra computations. There is a standard application programming interface (API) for libraries 
that implement linear algebra capabilities called Basic Linear Algebra Subprograms (BLAS). Also, many free 
and open source software (FOSS) and proprietary libraries that implement this API are available. An imple-
mentation of the BLAS library called MAGMA is used as one of Libdect’s dependencies.
This step can be highly advantageous since it frees the library developers to work directly on the algorithms 
without having to implement basic linear algebra computations. Also many of these libraries are highly opti-
mized and have been rigorously tested. But introducing dependencies also adds complexity to a library [26]. 
Now the library developers have to manage the BLAS dependency within their build system. Also, if a cross-
platform library is desired, dependencies can add even more complexity. 
The detectors supported by Libdect are all characterized by having to compute their output for each pixel in 
a hyperspectral image. This type of problem is described as an embarrassingly parallel workload, meaning 
that the output of a given pixel in a hyperspectral image can be computed at the same time as all the other 
pixels’ outputs. GPUs are designed to handle parallel tasks so they are well suited to handle these workloads 
through the use of General Purpose Computing GPU environments such as CUDA.
The choice of build system and the build infrastructure design was important since build system files can ac-
count for a significant percentage of the total code in any software project, and a large percentage of source 
code modifications require modifications to the build system [27]. So the build system chosen should be one 
that reduces the need for developer interaction and that can be implemented in the most clean and concise 
fashion possible. CMake is a cross-platform FOSS build system for C and C++. CMake takes in scripts based 
on its own native language and generates build files native to the platform being used e.g. in Unix platforms 

Table 1: Decision Statistic for Each Detector.



it can generate Unix Makefiles. Also, CMake is compiler independent. This helps facilitate the process of de-
veloping cross-platform libraries.
A set of coding style rules has been specified and are being tested for automatically with KWStyle. KWStyle is 
an automatic style checker for C/C++ code. Adhering to a set of coding standards is very important to assure 
code quality [27].  CTest scripts have been developed to work along CMake to facilitate software testing and 
reporting. CTest is part of the Kitware suite of tools. It is a tool to facilitate software testing. It functions as a 
unit test driver. Testing reports will be published through a CDash instance. CDash is a distributed software 
testing report website. The development team can run tests on the software and publish the results in our 
CDash instance. This is especially useful for cross-platform projects and projects that consist of heteroge-
neous architectures such as the diferent Nvidia GPU architectures since it allows developers to corroborate 
that their code compiles and run in all platforms being targeted and tested. The current library structure 
allows for simple navigation of the code base, since the hierarchy is small in depth, and more importantly it 
modularizes the detectors. Libdect can compute the output of three detectors: the Matched Filter (MF), Reed-
Xiaoli (RX), and the Adaptive Matched Subspace Detector (AMSD). 
The Libdect prototype presents the use of a cohesive infrastructure. Although it is still in a very early stage, 
the application of the techniques used for development made it possible to design and document all the com-
pleted components. Libdect is currently limited for use on Unix systems, but can be successfully installed to 
run the example algorithms. The infrastructure can also test if coding guidelines are being followed. Libdect 
supports the MF, RX, and AMSD detectors. Cross-platform compatibility has not yet been achieved, but that 
feature is still part of our future work. 
2)  Year 3-4: Image Enhancement using Anisotropic Diffusion
During years 3 to 4, a spectrally adaptive Tensor Anisotropic Nonlinear Diffusion (TAND) filtering for image 
enhancement was developed.  In general for TAND, we solve the following initial boundary value problem:

Here u is the filtered version of image f(x) and f is used 
as the initial condition. In the diffusion equation, the 
variable t in this case is a dummy variable that rep-
resent an iterative process. The vector n denotes the 
outer normal unit vector to ∂Ω  and 〈∙ ,  ∙〉 is the Eu-
clidean scalar product on R2,  and this is a Neumann 
boundary condition, which means that the flux is zero 
outside the boundary. The diffusion tensor D is se-
lected to take into consideration not only the spatial 
local properties of the image to smooth uniform areas 
and preserve edges. It also takes into account spec-
tral properties of the hyperspectral image by using a 
weighting process in the spectral dimension based on 
the heat operator.  These weights are motivated by the 
fact that edges are not present in all bands. They also 
take into account that the spectrum is locally highly 
correlated.
Figure 1 illustrates the difference between using non-

Figure 1.   Image Enhancement using Diffusion 
Filtering: (a) Original Image; (b) Region of Interest of 
(a) showing where the stains are (c) Image Enhanced 
using Nonlinear Diffusion; (d) Image Enhanced using the 
Spectrally Adaptive Diffusion Tensor.



linear diffusion with a diffusivity function and using a diffusion tensor based on the heat weighted structure 
tensor. Figure 1(a) shows a RGB composite of a 640 x 640 HSI with 120 bands in the 400 – 900 nm range of 
a shirt with stains of oil and ketchup. Usually PDE-based nonlinear diffusion is very good at preserving high 
contrast edges as in the regions highlighted with blue squares in Figure 1(c). But low contrast edges such as 
the ones highlighted in red are not preserved. Both kinds of edges are preserved with the proposed TAND and 
in general there is a more natural look to the image which preserves some wrinkles as well.
Figure 2a shows the image enhancement of Forest Radiance 1 (FR1) HSI. In this figure the proposed TAND 
using the heat weighted structure tensor is compared with the proposed TAND using the classical structure 
tensor. To process FR1, it is necessary to smooth the image, since there are vertical textures from the grass. 
But the smoothing cannot be too strong or it will erase the sub-pixel targets, so one iteration of TAND is used. 
Note that the vertical texture is smoothed preserving the targets in both images. The detection results using 
the matched filter are showed in Figure 3. The ROC curves shown in Figure 3(e) produce a very good detec-
tion performance after the image enhancement. Figure 3(f) shows that using the proposed TAND using the 
heat weighted structure tensor produce better results than using the classical one.
The technical details of this work are further described in [29].

IV. FUTURE PLANS

No future plans under ALERT since the project ended June 30, 2012.

Figure 2b. Forrest Radiance 1 detection results. (d) Original Image with pixels used to estimate the target signature 
(blue) and the ground truth (blue+green). (e) Comparison of ROC curves generated using the Matched Filter target 
detection method applied to images shown in Figure 2 (f) using the classical structure tensor, (red line) and Figure 2 
(f) the spectrally adapted structure tensor, (blue line). Difference plot between probabilities of detection using the 
spectrally adapted structure tensor and the classical structure tensor.

Figure 2a. TAND applied 
to Forrest Radiance I for 
Image Enhancement: (a) 
original Image (b) using 
the classical structure 
tensor (c) using the 
proposed spectrally 
adapted structure 
tensor.



V. RELEVANCE AND TRANSITION

Dr. Nayda Santiago and Dr. Miguel Velez-Reyes participated in the Project A Biomedical Imaging Accelera-
tion Testbed (PI David Kaeli, Northeastern University, Co-PI Nayda Santiago UPRM),  NSF EEC Innovation 
Awards. $90k (UPRM Component), December 15, 2009 to November 20, 2012. As part of this project we are 
developing a library of algorithms for hyperspectral image processing implemented in GPUs for biomedi-
cal applications. The algorithms and GPU implementations developed under ALERT-sponsored work will be 
translated into this library which will be available to the biomedical community. ALERT funding was used to 
fund undergraduate students in this effort.

VI. LEVERAGING OF RESOURCES

Use of imaging equipment available at UPRM LARSIP obtained from the CenSSIS grant. 
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