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II. PROJECT DESCRIPTION

A. Project Overview

The development of energy selective photon counting detectors for X-ray sensing applications has created 
the possibility for significantly enhancing materials characterization capabilities relative to existing energy 
integrating or dual-energy systems. Energy integrating methods provide information only regarding material 
density while dual energy systems, at best, can image both density and effective atomic number (or equiv-
alently spatial maps of Compton and photoelectric coefficients).  In practice, the overlapping nature of the 
spectra employed in fielded dual energy systems as well as the nature of X-ray physics significantly compli-
cates the stable recovery of atomic number/photoelectric coefficient (PE). Multi- or hyper-spectral forms of 
sensing, where data are collected over a large number of narrow energy bins in such a manner as to reflect 
both attenuation as well as X-ray scattering, have the potential to move X-ray based screening significantly 
beyond the limitations of the current state-of-the-art systems.
In more detail, the energy integrating and dual-energy methods recover information concerning the object of 
interest based on the way X-rays are attenuated as they pass through the medium. The attenuation properties 
reflect both the absorption of the X-rays, as well as the scattering of the X-ray photons from the beam. For 
all fielded X-ray systems in use by DHS, these scattered photons are ignored.1 As the work in this project has 
begun to demonstrate, significant information is embedded in these photons. With appropriate processing, 
this information can enhance materials characterization from X-ray data, specifically in the context of limited 
view systems currently under investigation and development.  Indeed, in recent years, the Department of 
Homeland Security (DHS) has been exploring X-ray systems comprised of spatially fixed sources and detec-
tors in contrast to traditional computed tomography (CT) types of systems where source/detector arrays 
rotate around the items being scanned. Complicating the development of these systems, the limited number 
of source-detector paths compared to the full-scale CT case creates substantial challenges in terms of image 

   1 The one exception here is the Morpho Yxlon XES 3000 system, which collects and processes diffracted photons.  As we discuss shortly, the effort in 
this project is focused not on diffraction, but rather on Compton scattering.  While both processes result in photons exiting the main X-ray beam, the 
physical processes underlying these modalities are distinct.  Our focus here is on Compton scattering.  Over the long term, there may well be reason 
to consider fusing data from both of these processes.
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formation and, ultimately, target detection. Using the detectors in these systems to collect scattered photons 
(in addition to the traditional attenuation-based data) significantly increases the information content in the 
data even for these fixed geometries. 
In this regard, the most interesting scattering process for the energy range of interest in this application do-
main, Compton scattering, is characterized by two key properties. First, the intensity of Compton scattering 
is directly proportional to the mass density near the event.  Second, Compton scattering is inelastic, meaning 
that the energy of the photons shifts after a scattering event, thereby necessitating the use of energy resolv-
ing detectors to usefully capture and quantify these processes. The shift in energy determines the direction 
in which photons are scattered.  In a sense, this energy-dependent scattering direction very much “encodes” 
density at a specific location. These two properties have significant systems-level implications for DHS.
Realizing this potential, however, required that we address several challenges in the first five years of this 
project. First, the physical processes and mathematical/computational models associated with these scatter-
ing processes are more complex than traditional attenuation imaging. The development of a model during 
Years 1 and 2, which links the observed data to the material properties of interest, was necessary to address 
the second challenge, which has been the focus of our effort in Years 3-5: How we use these scattered photons 
in addition to traditional attenuation data to form images. Only after these image formation methods are in 
place can we quantify the true benefits of these new data (e.g. attainable image resolution and reduction in 
imaging artifacts, as well as target detection and false alarm rates).
The immediate significance of this project relative to the larger ALERT program lies in the potential of these 
models and associated processing methods to improve the accuracy of screening both checked baggage as 
well as luggage inspected at the checkpoint. The algorithms at the heart of the current collection of Trans-
portation Security Administration (TSA) certified systems are not sufficient for the processing of the data 
that will be produced by the next generation of X-ray scanning systems.  Even the state of the art model 
based iterative reconstruction methods are not designed to fully exploit the information provided by multi-/
hyper-spectral X-ray data. Neither are they capable of addressing the challenges encountered when consid-
ering the severely limited view nature of the data provided by these fixed source/fixed detector systems. 
Our proposed approach to explore the utility of scattered X-ray information to materials characterization is 
intended to address both challenges and, to the best of our knowledge, is the only effort within the ALERT 
program with this focus.    
Finally, we note the steps taken by this team in technology transition. As discussed in last year’s report, the 
initial promise of combining Compton scatter and traditional attenuation data was confirmed using simula-
tion data by the Tufts-based PhD research assistant, Ms. Hamideh Rezaee, whose efforts have been directly 
supported by the ALERT center.  Based on her results, the team from Tufts in collaboration with scientists 
from American Science and Engineering (AS&E) were supported under a DHS “13-05” project from mid-
2016 to mid-2017 to build a testbed system and associated processing methods to demonstrate the utility of 
combining energy resolved scatter and attenuation data in a limited view geometry for imaging mass density 
and PE. Notably, imaging results obtained in 2017 using data from this testbed clearly demonstrated similar 
benefits as Ms. Rezaee saw in her simulations specifically in terms of density reconstruction.  The project con-
cluded before we could explore the recovery of photoelectric spatial maps.  Transition of this work, initially 
seeded by ALERT, is continuing in the form of a collaboration between the Tufts group and Drs. Dan Strellis 
and Ed Morton from Rapiscan on a project to be funded under BAA HSHQDC-17-R-B0003, focusing on com-
bining X-ray diffraction, scatter, and attenuation data in a non-rotating source/detector system.

B. State of the Art and Technical Approach

Material characterization from X-ray data in the context of limited-view systems employing energy-resolved 
detectors is the specific interest of this report. We are motivated by current issues in security applications, 
such as developing advanced screening methods at the checkpoint where logistical constraints including 
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system size, power, and cost prevent installation of full CT systems [1]. Addressing these issues has led to the 
study of systems with a few fixed sources and detectors (or arrays of detectors) installed in fixed locations. 
The construction of spatial maps of materials properties in such systems is quite challenging due to the lim-
ited number of raypaths scanning the region of interest as compared to a rotating full-view CT system. Prior 
efforts have addressed these challenges by supplementing conventional attenuation data with other forms 
of X-ray-based information and developing associated processing methods capable of exploiting these new 
sources of information [2]. In this report, we focus on fixed source/detector systems in which we augment 
conventional attenuation data with observations of scattered X-rays. While efforts in security are most rele-
vant to the work done here, the proposed ideas are drawn from and related to a range of application domains 
and X-ray-based disciplinary areas, which will be reviewed here. 
Within the context of X-ray based materials characterization for security applications, the state of the art in 
terms of fielded systems is based on full view, dual energy methods employing X-ray sources capable of emit-
ting radiation in generally overlapping “high” and “low” spectral regimes [3]. In terms of processing, most 
methods employing these data focus on sinogram decomposition techniques aimed at the recovery of Comp-
ton scattering and photoelectric absorption maps [4]. These algorithms start with a nonlinear optimization 
scheme to convert the measured low and high energy data into “pure” sinograms associated with the projec-
tion of the spatial maps of Compton attenuation and photoelectric absorption. Filtered backprojection (FBP) 
is then employed to recover these properties, which are converted into any of a number of two-dimensional 
feature vectors to be used in material identification. For example, in [5] a dual-energy technique is presented 
to recover effective atomic number and CT numbers [6] resulting in substantial false alarm rate reduction. In 
[7], a Gauss-Newton scheme is adopted to estimate the effective atomic number and electron density using 
dual-energy CT. In [8], a novel polychromatic dual-energy processing algorithm is proposed to recover the 
Compton scattering attenuation and photoelectric absorption. 
As indicated above, in the majority of dual-energy CT efforts, full-view systems are required for high quality 
image reconstruction where the reconstruction process is based on the use of FBP. For limited view cases, 
iterative methods must be employed to obtain meaningful images. In [9], the potential of model-based re-
construction in improving image quality and artifacts reduction relative to FBP in multi-slice helical CT for 
baggage inspection is shown. 
In addition to the use of energy-diverse data, for security-focused X-ray materials characterization, fixed 
source/detector systems collecting, and processing scattered (as opposed to attenuated) photons are also 
of increasing interest. For example, a “side scattered” X-ray system is introduced in [10] to enhance edges 
in objects of interest and improve the detection performance for X-ray backscatter systems. Alternatively, in 
[11], observations of scattered X-rays in pairs of highly collimated detectors are used to map material density. 
To the best of our knowledge, there has been no previous work aimed at security applications employing the 
model-based tomographic inversion ideas for processing scattered (or scatter plus attenuation data) such as 
those considered here.
X-ray CT has been used widely in fields beyond security including medical imaging [12], non-destructive 
evaluation [13], and the investigation of the internal structures of geo-materials [14]. Material characteriza-
tion in these applications has drawn much attention in recent years to dual- and multi-energy CT acquisition 
systems [15]. For example, in the context of medical imaging, a comparative evaluation performed in [16] 
between spectral CT and conventional CT shows that spectral CT is more reliable in terms of image noise, CT 
numbers, and quality of reconstruction. 
Despite these efforts, simultaneous reconstruction of both photoelectric absorption coefficient and mass 
density (or the related property, Compton scatter attenuation [17]) is still challenging due to the lack of sen-
sitivity in the data to variations in the photoelectric absorption coefficient [18]. One approach to this difficul-
ty has been to consider the recovery of attenuation as a function of space and energy. Here, much work has 
focused on methods that exploit the correlated structure in attenuation as a function of energy. For example, 
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in [19], a FBP reconstruction is used to learn a tensor-structured dictionary, which is then employed in an 
iterative reconstruction method. In [20], a multi-linear image model and associated tensor-based regulariza-
tion scheme was used specifically to enhance the reconstruction results of low energy channels. The method 
in [21] exploits the availability of a high-quality reference image from a “full-dose” CT scan to aid in the re-
covery of information from “low-dose” data. 
In cases where photoelectric absorption is sought directly, again structural regularization ideas have been 
considered. For example, in [8], a regularization method is developed which encourages the edges in the 
photoelectric image to be correlated with those in the stably-obtained Compton attenuation reconstruction. 
In [18], a non-local mean (NLM) patch-based regularization is developed which again stabilized the photo-
electric attenuation map based on an assumed accurate Compton attenuation image. Finally, we point to the 
framelet-based ideas in [22] and the linear mapping techniques in [23] for addressing this challenge. 
The methods cited in the previous two paragraphs focus on cases in which either full view data are provided 
or, at worse, a limited number of sources (and associated detectors) which fully encircle the object are avail-
able for generating data. Reconstruction of photoelectric coefficients in applications with severely limited 
view geometries is more challenging. In many applications [24], access to the object from different views 
are limited, while material characterization remains quite critical. In [24], a maximum-likelihood model em-
ploying patch-based regularization is proposed to estimate attenuation coefficients for a set of kVp switch-
ing-based sparse spectral CT experiments. In another kVp switching spectral CT application [25], attenuation 
coefficient images are transformed to the Fourier domain and presented in the form of a low-rank Hankel 
matrix with missing elements which are recovered by applying SVD-matrix minimization using ADMM. In 
[26], an iterative algebraic reconstruction method is proposed for sparse-view CT in medical applications 
using discrete shearlet transformation (DST) for denoising.
Moving beyond conventional attenuation-based imaging, Compton scatter tomography has also shown some 
promise in nondestructive evaluation applications [27]. Compton tomography also provides a powerful tool 
for materials characterization [28]. Most of the Compton scattering tomography reconstruction methods 
can be divided into analytical and numerical approaches. Although the analytical methods provide efficient, 
closed form solutions (see [29] for a nice review), they are typically developed for very specific data acqui-
sition geometries. Numerical methods such as those considered here provide increased flexibility to obtain 
quantitatively accurate results for more general systems. Most of the work on these methods has focused on 
recovering either the electron density or the total attenuation. A generalized Compton scattering transform 
for recovering attenuation was proposed in [30]; however, the energy dependency of the attenuation coeffi-
cient at the scattering point was not considered. In [31], the attenuation is approximated as a linear function 
of energy; however, the validity of the linear approximation requires systems operating over a specific range 
of energies, which is not the case for the systems of interest here. One of the few studies seeking to recover 
the electron density combined fluorescence, Compton scatter, and absorption data [32]. Alternatively, in [33] 
the authors looked to estimate electron density from Compton scatter data assuming the energy-dependent 
attenuation map is known from a traditional CT-type scan. 
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In summary, for most of the work performed 
in the context of energy-resolved systems, 
only conventional attenuation data has been 
considered while the majority of Compton 
scatter-based imaging has focused on the 
recovery of attenuation coefficients. Also, to 
the best of our knowledge, there has been 
no previous work aimed at security appli-
cations employing the model-based tomo-
graphic inversion ideas for processing scat-
tered (or scatter plus attenuation data) such 
as those considered here. The work in this 
project moves past both of these restrictions 
and presents an approach for naturally com-
bining both attenuation and scatter data to 
jointly recover maps of mass density and 
photoelectric absorption.
To illustrate the models and methods we 
have developed, we consider here a limited 
view system shown in Figure 1 in which pen-

cil beams produced by each source with a specific energy spectrum, called “primary” raypaths, are scattered 
in different directions with different energies while passing through the object. We note that the attenuation 
data collected along these primary raypaths constitute a typical data set for absorption-based X-ray imaging 
methods.
For a given primary raypath, the total attenuated beam intensity is calculated by the detector at energy Em as

where I(ES ) is the initial intensity of the X-ray beam at energy ES , δrD,r s
(r) is a Dirac delta function support-

ed along the primary raypath connecting the source position rS to the detector located at rD , μ(r, ES ) is the 
absorption coefficient at energy ES [34] and Sm(ES ) is the sensitivity function for the mth energy channel, 
centered at Em. We have used the Gaussians model introduced in [35] for sensitivity functions which depends 
on detector material properties. As stated earlier, the goal of this problem is material characterization which 
requires in our case recovery of mass density and photoelectric absorption coefficient which are related to μ 
according to

where ρ(r) is the mass density, NA is the Avogadro number, Z(r) and A(r) are the atomic number and atomic 
weight, p(r) is the photoelectric coefficient, fp(ES ) = Es⁻3 and fkn(ES ), the Klein-Nishina cross section is 

and  . The ratio  can be approximated to  for most of the elements allowing us to write the  
absorption as

Figure 1: Setup of the sources and detectors. A ray from source S1 
to primary detector D2 is scattered with angle θ3 at the interaction 
point r and is absorbed by secondary detector D’.

 (1)
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With this model and as discussed in the report from last year, the total attenuated beam intensity calculated 
at each detector in discrete form simplifies to

such that a set of equations linear with respect to density and photoelectric coefficients can be written as                                      

where KA,ρ is the linear operator (matrix) mapping density to attenuation data; KA,ρ is the matrix taking vari-
ations in photoelectric attenuation to the data; and ρ and p are lexicographically ordered vectors of density 
and photoelectric images respectively. The vector gA consists of all the observed attenuation data as a func-
tion of source location, primary detector location, and energy. The number of elements in gA is equal to NA = 
NSD × NE, the product of the number of primary raypaths NSD  and energy bins NE. 
As discussed in our Year 2 report, the model we have developed linking the number of scattered photons 
absorbed by detector  to the material properties of interest takes the form:            

where
•  f(r, rS , ES ) is the attenuation of the beam intensity at energy ES  along the line connecting r and rS ;
• h(rD’, r, E’) is the attenuation of the beam intensity at energy E’ where we describe below the relationship 

between E’, the energy of the photon emerging from the scattering event, and ES , the initial energy of the 
photon;

• ρ(r) is the mass density at the interaction point;
• s(r, θ, ES ) is the scattering factor; and  
• δrD,r s

(r) is a delta function along the line connecting the source to the primary detector.
By replacing the ideal finite energy resolution response of detectors, with the Gaussian model, the actual 
number of scattered photons recorded by detector D’ at energy Em is found by integrating over the detector 
sensitivity function as

where and Sm(.) is the sensitivity function for the mth energy channel, centered at Em. In discrete form, the 
observed scattered data is

where S is the detector sensitivity matrix with the size of NE × NQ, the product of the number energy bins NE 

 (2)

 (3)

 (4)

 (5)

 (6)
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and the number of photon energies incident on the detector NQ, and the elements of  sm,k = Sm(Ek’ ). As shown 
in [34], (6) can be formulated as a set of equations nonlinear in the photoelectric coefficient and quasi-linear 
in density resulting in a measurement model taking the form

After successfully evaluating the robustness of our proposed model and reconstruction methods with ad-
ditive, white Gaussian noise [34] over the last year, we have focused on exploring the performance of our 
system in two different scenarios: First, using the data generated with Poisson model; and second, using the 
data generated with the GEANT4 Monte Carlo (MC) code, where in the latter case the following processes are 
modeled:

1. Compton scatter (includes Doppler shift correction for bound electrons)
2. Rayleigh scatter (coherent scatter)
3. Photoelectric absorption
4. Effects of Polarization of Compton scattered X-rays on secondary and tertiary scatter
5. Beam hardening effects as primary beams traverse objects
6. Finite energy resolution of detectors
7. Detection efficiency of detector elements (detector signals based on actual energy deposition of the 

detected X-rays in the detector crystal)
8. Realistic detector array collimation
9. Realistic input Bremstrahlung spectrum for primary beams
10. Scanning X-ray beam profile includes finite X-ray tube focal spot and realistic collimating aperture
11. Effects of multiple scattering
12. Air scatter effects

For the first case, we have used a Poisson model which is more appropriate for describing the attenuation 
and scattered data [37] in which case the data vectors, gA,d for attenuation and gS,d for scatter, are comprised of 
independent Poisson random variables whose means are given by gA and gS respectively.  For the MC data, the 
true maps of materials (specifically, their chemical compositions) were provided as input to GEANT4 which 
then generated gA,d and gS,d .
To recover density and photoelectric images given both attenuation and scatter data, we solve the following 
variational problem:

The first two terms measure the mismatch between the scattering and attenuation data respectively and our 
prediction of these data for a given ρ and p. The regularization terms Rρ(ρ) and Rp(p|Iref ) for density and pho-
toelectric respectively stabilize the reconstruction by imposing prior information such as smoothness. We set 
the weights,  and  to normalize the impact of the two data sets on the reconstruction. We 

employ a cyclic coordinate decent method for solving the optimization problem given in (8). At each itera-
tion, density reconstruction is performed using an estimate of the photoelectric coefficient from the previous 
iteration. Density reconstruction itself is an iterative procedure detailed further. Subsequently, we use the 
current estimated density image to recover photoelectric coefficient image in another iterative process. For 
details, we refer the reader to the full technical report available on line [34].

 (7)

(8)
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To evaluate our proposed method, we consider a model, limited view system of the form provided in Figure 1. 
The area to be imaged is taken to be 20 cm × 20 cm. Three rotating pencil beam sources are located exactly in 
the center of the left and bottom edges and left-bottom corner of the scanning area. Forty-one detectors with 
the width and height 1 cm are equally spaced along the top and right edges. As mentioned in Section II.B, we 
test the performance of our reconstruction method for two different datasets; the data using Poisson model 
and the data generated with the GEANT4 Monte Carlo code, which accounts for more of the physics than our 
proposed model. 

We consider two phantoms consisting of materials with moderate to high attenuation properties shown in 
Figure 2. The first phantom consists of the letters “T” and “U” (the initials of Tufts University ) with the ma-
terial properties of plexiglass and provides an interesting challenge in terms of recovering an object with a 
complex geometry. The second phantom is composed of three rectangular objects consisting of water, eth-
anol, and graphite. The characteristics of the materials used in these phantoms are taken from the XCOM 
database and are described in detail in Table 1.   
Both attenuation and scatter data are collected in the range of 20 ⎯ 120 KeV. We employ a photon-counting 
detector model described in [35]. For our work, the sensor material will be CdTel with a bandwidth of ΔE = 
5 KeV. 
All the simulations are performed in MATLAB with the processing architecture of 8 core Intel CPU and 50 
gigabytes of memory. The code used in these experiments is not optimized in terms of time and complexity 
efficiencies. The main computational load belongs to the LSQR solver [38] and calculating forward model and 
Jacobin matrices, with 352 sec., 4.6 sec., and 25.2 sec. on average per iteration respectively. To evaluate the 
performance of the proposed method quantitatively, we have calculated the two-norm of the relative mean 

Figure 2: Simulated phantoms. Density and photoelectric (at the energy level of E0=20KeV) ground truth images of 
different objects described in Table I. (a) and (b) are plotted in the range of [0, 2.4] g/cm3 and (c) and (d) are plotted in 
the range of [0, 0.6] cm-1.

Table 1: Density, photoelectric and chemical formula of simulated phantoms.
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square error (MSE) for each of density and photoelectric images using

                                                                                                                                                               
where Î is the reconstruction of either the density or the photoelectric image and Itrue is the corresponding 
ground truth image. 
There are several aspects of the reconstruction process we wish to explore with these examples. We first an-
alyze the recovered density and photoelectric maps with the Poisson model of the data. This analysis allows 
us to explore our ability to recover both parameters of interest in the case where the underlying physics is 
matched to that used in the reconstruction process but for a noise model that is much more realistic than 
the additive Gaussian case considered in the past. Second, the use of MC data allows us to explore the per-
formance of our approach using data generated in a controlled manner from a model whose physics is far 
more complex than the single scatter model underlying the inversion routine. We note that in all cases, the 
fusion of scatter data with traditional attenuation greatly improves both the quantitative as well as qualita-
tive characteristics of the processing results. Note that the effects of using only attenuation (resp. scatter) 
data are obtained by setting w1 = 0 and w2 = 1 (resp. w1 = 1 and w2 = 0) in (8). For the combined case, we use 
the weights as indicated previously.

Density reconstruction results and associated root-mean-square error (RMSE) for attenuation-only data and 
combination of both attenuation and scattering information using Poisson model are shown in Figure 3 for 

(9)

Figure 3: Density reconstruction results obtained using attenuation data and combination of both attenuation and 
scatter data. The combination of datasets improves the performance of the density reconstruction by taking advan-
tage of scatter data in recovering the structure of the object and attenuation data in increasing the accuracy of the 
reconstructed amplitudes. Subplots (a) and (d) show true density of phantom I and II respectively. In (b) and (e) atten-
uation-only density reconstruction and in (c) and (f) density reconstruction for a combination of both attenuation and 
scatter data for phantom I and II are obtained respectively.
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the first and second phantoms, respectively. These images indicate that attenuation-only data, while provid-
ing reconstructions whose amplitudes are in the right quantitative range, suffer from significant artifacts 
making clear identification of the distinct regions in the scene virtually impossible. From Figures 3 (b) and 
(e), for both phantoms, the attenuation-only density reconstructions contain artifacts and noise around and 
along the objects so the structure of the objects is not well recovered. The images in Figures 3 (c) and (f) 
clearly demonstrate the advantages (both quantitative and qualitative) of employing both types of data. Spe-
cifically, both the geometric structure of the objects as well as the pixel-by-pixel estimates of the density value 
are improved in the latter optimization compared to the previous ones. For example, the hollow parts of the 
“TU” phantom are better resolved, and we can distinguish both the geometries of the three separate shapes, 
as well as the material properties in the second phantom. Finally, we see far fewer background artifacts and 
note that the RMSE at the end of the multi-scale process is reduced by 58.04% and 86.62% relative to the 
attenuation-only reconstructions for the first and second phantom, respectively.

Having examined the utility of different data types on our ability to recover mass density, we now turn our at-
tention to mapping the photoelectric attenuation coefficient. As in the case of density, we wish to explore the 
impact of attenuation-only and combination of both datasets in reconstructing photoelectric coefficient. To 
estimate a photoelectric map, we use only attenuation data and the attenuation-only density reconstruction 
in Figure 3 (b) for the first phantom and Figure 3 (e) for the second. The resulting estimates of photoelectric 
coefficient are shown in Figure 4 (b) and Figure 4 (e), respectively. In both cases, the errors associated with 
the attenuation-only density initialization and attenuation data lead to relatively poor recovery of photoelec-
tric. The same procedure is applied to the combination of both datasets which yields the results in Fig. 4(c) 
and Fig. 4(f). Using both attenuation and scatter data for photoelectric reconstruction, compared with the 

Figure 4: Photoelectric reconstruction results obtained using attenuation data and combination of both attenuation 
and scatter data. The combination of datasets improves the performance of the photoelectric reconstruction. Subplots 
(a) and (d) show true photoelectric maps of phantom I and II, respectively. In (b) and (e) attenuation-only photoelectric 
reconstruction and in (c) and (f) photoelectric reconstruction for combination of both attenuation and scatter data for 
phantom I and II are obtained, respectively.
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previous cases, shows that the combination of both datasets improves the accuracy of photoelectric recon-
struction significantly since the density reconstruction is derived from both datasets.
Finally, we evaluate the performance of our proposed method to recover density and photoelectric maps 
using Monte Carlo data. Density reconstruction results and associated RMSE for attenuation-only data and 
combination of both attenuation and scatter data are shown in Figure 5 for both of the phantoms. From 
Figures 5 (b) and (e), the attenuation-only density reconstruction contains artifacts and noise around and 
along the objects which makes clear identification of the distinct regions in the scene virtually impossible. 
Specifically, in Figure 5 (a), the source located on the bottom edge of the scanning area and edge of the ‘U’ 
are aligned on a vertical line and the raypaths within the top-right corner of the phantom so the combination 
of attenuation-only data and edge preserving regularization fails in recovering the structure of the objects 
and causes a blocky structure in the recovered image. The images in Figures 5 (c) and (f), indicate that the 
geometric structure of the objects as well as the pixel-by-pixel estimates of the density value are improved 
as a result of fusing both attenuation and scatter data, and, we see that the RMSE is reduced by 62.74% and 
30.25% relative to the attenuation-only reconstructions. 

While adding the scattering data to the conventional attenuation data improves density reconstruction re-
sults, when using the Monte Carlo data in the context of the three-source data acquisition scenario photo-
electric reconstruction does suffer significantly using the method in [35]. To improve our ability to determine 
the photoelectric map, we have found it necessary to modify the manner in which we create the reference 
image in the photoelectric regulation term in (8). Rather than merely using the density map generated at the 

Figure 5: Density reconstruction results obtained using attenuation data and combination of both attenuation and 
scatter Monte Carlo data. The combination of datasets improves the performance of the density reconstruction by tak-
ing advantage of scatter data in recovering the structure of the object and attenuation data in increasing the accuracy 
of the reconstructed amplitudes. Subplots (a) and (d) show true density of phantom I and II, respectively. In (b) and (e) 
attenuation-only density reconstruction and in (c) and (f) density reconstruction for a combination of both attenuation 
and scatter data for phantom I and II are obtained, respectively.
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initial iteration of the algorithm as in [35], we first segment that estimate to identify “target regions” and 
build the weight matrix for the non-local means regularization scheme using the structure of the density 
reconstruction over these resulting regions. More specifically, we apply a combination of thresholding and 
morphological image processing steps to the density reconstruction to obtain an estimate of the target sup-
port (i.e. an image which is one where there is a target and zero otherwise). The NLM reference image is then 
the pixel-by-pixel product of this window function and the initial density estimate.  
Using this approach, the resulting estimates of photoelectric coefficients shown in Figure 6 (b) and Figure 6 
(e), respectively, derived from attenuation-only density reconstruction show that attenuation-only data and 
the refined density reconstruction for the first phantom fails to estimate the photoelectric map completely. 
The photoelectric reconstruction results using the combination of both datasets are shown in Figures 6 (c) 
and (f). Using both attenuation and scatter data for photoelectric reconstruction, compared with the previ-
ous cases, shows that the combination of both datasets improves the accuracy of photoelectric reconstruc-
tion significantly however the structure of the objects are not completely preserved.

C. Major Contributions

• Year 5: In the process of writing a manuscript detailing the processing method developed by our group 
under support from ALERT, we were asked by the reviewers of the paper to test the approach on data sets 
more realistic than those employed to date. To meet this need, we have considered (a) the generation of 
data with Poisson statistics based on the single scatter model used in the processing (i.e. model matched 

Figure 6: Photoelectric reconstruction results obtained using attenuation data and combination of both attenuation 
and scatter Monte Carlo data. The combination of datasets improves the performance of the photoelectric reconstruc-
tion. Subplots (a) and (d) show true photoelectric maps of phantom I and II, respectively. In (b) and (e) attenuation-only 
photoelectric reconstruction and in (c) and (f) photoelectric reconstruction for combination of both attenuation and 
scatter data for phantom I and II are obtained, respectively.
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data), as well as (b) the creation of data using sophisticated Monte Carlo codes (specifically, GEANT4 
[39]) which in essence contain “all” of the physics that would be seen in experimentally obtained data.  
We have developed a collaboration with Dr. Peter Rothschild of Heuresis Corporation to generate the 
Monte Carlo simulation data for a number of test scenarios. The effort of generating the data and reduc-
ing it to a form that can be input to our algorithms has taken most of Fall 2017 and Winter 2018.  From 
the late Winter 2018 through the writing of this report, we have focused on the processing of the Poisson 
and Monte Carlo data. Initial results demonstrate that even within the context of severely limited view 
geometries, our formulating of the imaging problems clearly demonstrates that the addition of scatter 
data to the processing provides significant benefits in terms of recovering the density relative to attenu-
ation-only data sets. It is likely that accurate recovery of the photoelectric signature will not be possible 
in this data acquisition scenario.  We hypothesize that sparse angle data (i.e. data acquired from a small 
number of angles but fully encircling the object) should yield much improved performance.  Moreover, 
such a data acquisition geometry is consistent with the system to be considered under our upcoming 
“17-03” project with Rapiscan Systems, which forms the fundamental component by which this ALERT 
project will transition its ideas to vendors. 

• Year 4:  The initial image formation method developed in Year 3 has been refined, as we have tested 
the approach on test cases far more complex than those considered during Year 3. Specifically, we have 
achieved the objectives in Year 4 that were outlined in the Year 3 project report.  First, we have developed 
an objective method based on the discrepancy principle for choosing the regularization parameters de-
fining the cost functions used as the basis for estimating both the mass density and photoelectric (PE) 
images from X-ray observations. Second, we have augmented the Compton data with energy resolved 
attenuation data and demonstrated the gain achieved from the fusion of these two data types. Finally, 
building on our prior efforts in multi-energy CT, we have developed a method for stabilizing the recovery 
of the PE image, which is based on the use of a NLM regularization scheme.  

• Year 3: We have demonstrated a method for joint recovery of both density as well as the photoelectric 
coefficient from severely limited view, multi-energy Compton scatter data.  The overall approach is based 
on a variational formulation of the imaging problem. Physical intuition has guided the specific method 
used to solve this problem. Initial results on simulated data were quite promising.

• Year 2: We have developed a tractable, analytical model capable for X-ray scattering and attenuation.  
The model has been instantiated in the form of a MATLAB-based code that will be made accessible to the 
broader DHS community. We believe that the model can be used effectively and efficiently in the context 
of image reconstruction methods seeking to recover spatial maps of electron density and photo-electric 
absorption information from limited view, multi-energy X-ray data.  

• Year 1: Our initial efforts under Phase 2 of ALERT support was the development of a computational for-
ward model for multi-energy, limited view X-ray scanner modeled on the AS&E CANSCAN system, the 
limited view system that formed the basis for the 13-05 project. At the start of Year 2, we decided to move 
away from this absorption-only model as we began to explore the potential for scattered photon data to 
address the many challenges associated with the processing of limited view information.

D. Milestones

Below, we quote the Years 5 and 6 milestones for this project (underlined text) along with progress made or 
to be made:

1. Year 6, Milestone #1: Complete the work with the Monte Carlo simulation data to validate the per-
formance of the current image formation methods. Included in this effort is the consideration of 
sparse angle data acquisition geometries under which we believe the photoelectric maps can be 
better recovered.
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2. Year 6, Milestone #2: Conclude the project with the development and validation of an alternate image 
formation approach, rather than exploring the system design topic as explained in the Year 5 Work 
Plan for this project. Based on an initial investigation by Ms. Hamideh Rezaee, the PhD research 
student supported on this activity, we believe that a fruitful course of action is to consider an alter-
nate means of image formation for materials characterization. Instead of mapping photoelectric and 
density, the unknowns would be density (a function of space) and attenuation (a function of space 
and energy). While it is true that attenuation is known to be dependent on mass density, Ms. Re-
zaee’s initial efforts suggest that making density and attenuation the “primary” variables will result 
in a better posed inverse problem than using density and photoelectric absorption. As part of this 
approach, the relationship between attenuation and density can be factored into the recovery pro-
cess most likely as a “soft constraint.” Finally, we have considered the estimation of an attenuation 
tensor (function of three variables in this case) under prior support from ALERT in the context of 
absorption-only imaging resulting in the 2014 IEEE Trans. On Image Processing paper “Tensor-based 
formulation and nuclear norm regularization for multi-energy computed tomography” by Oguz Se-
merci, Ning Hao, Misha Kilmer, and Eric Miller (66 citations to date).  We will use this experience to 
facilitate the problem of interest here with scatter and absorption data considered. The quantitative 
outcome of this effort will be a new algorithm validated on both model-matched simulation data, as 
well as the much more realistic Monte-Carlo data currently in development for this project

3. Year 5, Milestone #1: Continue to explore the issue with stable recovery of photoelectrical attenua-
tion for mixed material problems where high density objects are present. Given the success we have 
seen in the first half of 2017 under the AS&E/Tufts 13-05 effort, we shall not consider this milestone. 
The refinements in the processing associated with high density objects are better addressed in the 
context of a transition effort, which we shall be undertaking with Rapiscan.  

4. Year 5, Milestone #2:.  The second focus of the work in Year 5 will be system design. The interaction 
of the Tufts group with the scientists and engineers at American Science and Engineering (AS&E) 
under 13-05 has brought to our attention the need for tools and methods that can inform the design 
of scanning systems. Understanding the impact of a wide number of variables on one’s ability to si-
multaneously resolve closely spaced objects and distinguish materials of interest would be of great 
use as part of the initial system design effort. These variables include:

a. X-ray data types including attenuation, Compton scatter, diffraction, and backscatter.

b. Number, location, and spectral structures of X-ray sources for each data type.

c. Number, location, sizes, and energy resolution characteristics of detectors for each data type.

As discussed in Section II.C above, the review process for the manuscript we submitted to IEEE Transactions 
on Computational Imaging has forced us to revise our focus this past year from system design to the creation 
of more realistic data sets and the refinement of our initial processing methods to form images from these 
data. At the conclusion of Year 5, we have developed a much better understanding of the performance of 
our algorithm specifically as a result of testing it (and refining as needed) using highly realistic Monte-Carlo 
generated data.

E. Future Plans (Year 6)

In Year 6, we plan to pursue two objectives:
1. Complete the work with the Monte Carlo simulation data to validate the performance of the current 

image formation methods.
2. Conclude the project with the development and validation of an alternate image formation approach, 
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rather than exploring the system design topic as explained in the Year 5 Work Plan for this project. 
For details, please see Year 6, Milestone #2 on the previous page.  

Moreover, we hope that by Fall 2018, the Tufts University team will be under contract with Rapiscan Systems 
on a 17-03 project that has been selected for funding. The focus of that project is image formation from a 
combination of attenuation data, elastic scatter (Bragg scatter), and inelastic scatter data, specifically in the 
context of a sparse angle data acquisition geometry. Just as the previous 13-05 project with American Sci-
ence and Engineering saw the initial photoelectric and density methods moved from Tufts to an industrial 
collaborator, the work on the 17-03 project with Rapiscan will provide the primary means of transitioning 
the Year 6 ALERT processing methods out of academia. The results we have obtained thus far indicate that 
the information content from spatially limited, but spectrally rich X-ray attenuation and scatter data can help 
resolve material properties; however, we have not focused on the computational burden of the processing 
methods, which are indeed intensive as currently implemented. Moving forward, the focus would be on en-
hancing the speed of these methods. Two approaches would be considered. First, there is a high degree of 
obvious parallelism that can be exploited. Implementation of the core projection and backprojection opera-
tions at the heart of the method on GPU architectures would be one area to examine. The second is to revise 
the algorithms themselves. Specifically, processing of the attenuation data can be done quite quickly. It is the 
scatter data that gives rise to the long processing times. We hypothesize that the attenuation data can be used 
to quickly identify small regions of interest where the additional information provided by the Compton data 
would be most valuable for enhancing materials characterization. Focusing on these locales will result in a 
much-reduced computational load and more efficient processing. We note that these two activities (hard-
ware and algorithmic) are quite synergistic. The localized Compton tomographic methods will likely have 
parallelizable components themselves and certainly can make use of the GPU-based projection and back-pro-
jection routines. Finally, we are aware that Rapiscan is currently interested in analytical Compton scatter 
inversion methods generalizing the common filtered backprojection ideas at the heart of X-ray CT. Should 
there be interest on their part, we would be quite excited to explore transition opportunities that combine 
their work on analytical methods with our iterative ideas.

III. RELEVANCE AND TRANSITION 

A. Relevance of Research to the DHS Enterprise

The value of this research to the Homeland Security Enterprise (HSE) lies in the potential of these models 
and processing methods to improve the accuracy of screening checked baggage, as well as luggage inspected 
at the checkpoint. The algorithms at the heart of the current collection of TSA certified systems are not suf-
ficient for the processing of the data that will be produced by the next generation of X-ray scanning systems. 
Even state of the art model-based iterative reconstruction methods are not designed to fully exploit the in-
formation provided by multi- and hyper-spectral X-ray data. Neither are they capable of addressing the chal-
lenges encountered when considering the severely limited-view nature of the data provided by these fixed 
source/fixed detector systems. Our approach to explore the utility of scattered X-ray information to materials 
characterization is intended to address both challenges, and to the best of our knowledge, is the only effort 
within the ALERT program with this focus.
We are seeking to address challenges associated with automated scanning and threat detection in both 
checked luggage and baggage that is inspected at checkpoints.  The overall goal is to determine spatial maps 
of material properties in an automated manner from multi-energy X-ray data collected in limited-view types 
of geometries characteristic of many systems currently under development by DHS contractors. Any met-
ric that quantifies the accuracy of the material maps can be used to evaluate the performance of our work  
including:

ALERT  
Phase 2 Year 5 Annual Report

Appendix A: Project Reports 
Thrust R4: Video Analytics & Signature Analysis 

Project R4-B.2



• Confusion matrices capturing the percentage of correctly and incorrectly labeled pixels for scenarios 
where ground truth is known.

• If one is concerned with purely binary problems (threat object versus all other types of materials), then 
that receiver operating curves plotting detection probabilities versus false alarm measures could be de-
veloped.

• Finally, we could visualize accuracy using uncertainty cloud analysis developed as part of ALERT Task 
Order 3 and employed in “Tracey, Brian H., and Eric L. Miller. ‘Stabilizing dual-energy X-ray computed 
tomography reconstructions using patch-based regularization.’ Inverse Problems, Vol. 3, No. 10 (2015): 
105004.” These clouds would plot the average value and first standard deviation ellipse of the distri-
bution of photoelectric and electron density over known target regions in our reconstructions. In com-
paring multiple candidate processing methods, smaller ellipses and means closer to ground truth are 
indicators of higher accuracy.  

B. Potential for Transition

Transition has been affected through our previous collaboration with AS&E and our upcoming project with 
Rapiscan. The former was a joint 13-05 project led by American Science and Engineering (AS&E) with Tufts 
University as a subcontract in which AS&E constructed a scanner that was capable of collecting the type of 
data required by the processing methods being pursued in this ALERT project. Over the 2016-2017 lifetime 
of that project, the models and processing methods developed with ALERT support were transferred directly 
from the graduate student funded by ALERT to the post-doctoral researcher supported by 13-05, and ulti-
mately, to AS&E itself. In that time, we consistently met the milestones for the 13-05 project.  
In response to BAA HSHQDC-17-R-B0003, Tufts University teamed with Rapiscan on a project selected for 
funding whose focus will be on combining energy resolved attenuation, coherent (Bragg) scatter and inco-
herent scatter data. Unlike the system developed with AS&E, the Rapiscan system will collect data from a 
limited number of sources which fully surround the region of interest. As such, we anticipate that the meth-
ods developed under ALERT and 13-05, which showed the advantages of adding incoherent scatter to the 
processing for a far more constrained data acquisition scenario, will be even more impactful in our work with 
Rapiscan.  We expect our work to reach end-users through our participation in 13-05, 17-03, as well as ADSA 
and other ALERT-based meetings.

C. Data and/or IP Acquisition Strategy

Not applicable. 

D. Transition Pathway 

1. We completed a successful 13-05 effort with AS&E, which focused directly on the ideas in this proj-
ect (fusion of energy resolve scatter and attenuation data for materials characterization in limited 
view systems). That effort concluded in Summer 2017 at which time the computational models and 
processing methods developed by Tufts University were in fact delivered to AS&E.

2. The Tufts University group is on a team led by Rapiscan whose proposal in response to DHS RFP 
HSHQDC-17-R-B0003 has been selected for funding. We believe the contracting should be in place 
by Fall 2018. The iterative reconstruction ideas developed under support from this ALERT project 
will form the basis for processing methods developed in collaboration with Rapiscan aimed at com-
bining energy resolved X-ray attenuation, diffraction, and scatter data.  

3. The Tufts University group has continued to talk with our collaborators at AS&E in the application of 
the ideas from ALERT Project R4-B.2 to problems in cargo and vehicle screening, but also potentially 
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to other challenges, such as tomographic imaging of unclaimed parcels. Transition along these path-
ways is certainly in the future; however, there is good reason for optimism of success given the long 
and successful collaboration between Tufts University and AS&E, which originated due to ALERT 
and has been supported in many ways both by ALERT, as well as by DHS S&T.

In addition to the collaborations with AS&E and Rapiscan, the team at Tufts University is very willing to pres-
ent the work discussed in this report at future ADSA workshops, ALERT Industrial Advisory Board meetings, 
etc.   

E. Customer Connections

• At AS&E: Drs. Aaron Couture and Jeffrey Schubert.  Until the end of the 13-05 project, we were meeting 
weekly. Since then, we have met once or twice with Dr. Couture who serves on the thesis committee of Ms. 
Hamideh Rezaee, the student being supported by DHS on this ALRERT project.

• At Rapiscan: Drs. Dan Strellis and Ed Morton. We anticipate meeting with the Rapiscan group weekly 
once the new project begins.

We also note that in addition to the X-ray imaging work conducted at Tufts University through ALERT, our 
team has also established a working relationship with Pendar Technologies in Cambridge, MA.  Specifically, 
Tufts is a subcontractor to Pendar Technologies on a DHS-funded SED-V project.  The Tufts component of 
the program focuses on computer vision methods to support the Pendar-developed hyperspectral imaging 
(HSI) system for the standoff detection and identification of trace chemicals on vehicles. The Tufts PI for the 
project, Prof. Shuchin Aeron is developing machine learning-based computer vision methods for automat-
ically identifying from RGB video regions such as car door and luggage handles where HSI data are to be 
collected. Tufts Co-PI Miller will support the development of inversion methods for identifying the chemical 
compounds and their concentrations from the HSI data. Our primary contact at Pendar is Dr. Mark Witinski. 
We communicate with Pendar approximately monthly in support of Sed-V.

IV. PROJECT ACCOMPLISHMENTS AND DOCUMENTATION 

A. Peer Reviewed Journal Articles 

Pending- 
1. Rezaee, H., Tracey, B., & Miller, E. L. “On the Fusion of Compton Scatter and Attenuation Data for 

Limited-view X-ray Tomographic Applications.” http://arxiv.org/abs/1707.01530v1. Submitted and 
under review. 
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