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II. PROJECT DESCRIPTION

A. Overview and Signi icance 

A.1. Research on reconstruction

X-ray Computed Tomography (CT) for checked baggage scanning is among the most important elements of 
transportation security. The performance of image analysis algorithms is highly dependent on the quality of 
reconstruction imagery that is used as input to this analysis. When components of a reconstructed slice of a 
bag are poorly resolved or corrupted by artifacts resulting from highly attenuating materials such as metal 
objects, poor segmentation of materials may result in suf icient ambiguity in the bag’s content to require hu-
man intervention due to a “false alarm”. Any improvement in image quality is expected to reduce the number 
of such cases and reduce the cost of operation of the overall system. 
The great majority of deployed CT systems utilize image reconstruction methods based on deterministic 
descriptions of the mapping from the data (sinogram) domain and the image domain. Variants of iltered 
back-projection are most common and can be implemented at high frame rates appropriate for continu-
ous- low baggage scanning. Inversion methods, based on more accurate descriptions of the instrument and 
modeling of reliability of data, may demand more computation in their iterative solution but show promise in 
related CT applications [1,2,3 and 4], which may transfer to the security arena. We call this class of methods 
“model-based image reconstruction” (MBIR) because they rely on the relatively precise modeling of pixel/X-
ray interactions, detector behavior, photon counting and electronic noise.
The objective of this project is the improvement of MBIR in its speci ic application to security scanning. Be-
cause a major contributor to costly false alarms is poor image quality in the presence of the many metal 
objects that may be part of baggage or packed within it, our primary focus is a technique to automatically 
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compensate for the beam hardening of metal. The technique separates metal from other image content and 
models the total attenuation as a polynomial function of both the total attenuation in metal and the total 
in other materials. The coef icients of the polynomial, which will vary with the X-ray’s spectral shape, are 
estimated along with the image to allow the best it to the sinogram data, eliminating some of the large in-
consistencies due to beam hardening and other metal effects that force artifacts in images when attempting 
to match data. A second thrust is variation in the weighting of measurements according to their approximate 
variances. The most direct model, taken from the Poisson log-likelihood function, dictates weighting propor-
tional to received photon counts. However, the dynamic range of these counts may produce estimated images 
with disadvantageous properties such as poor noise texture or unnecessary emphasis of artifacts in cases 
where the modeling of high-attenuation rays are inadequately accurate.
Both the advantages of generic MBIR and the enhancements of our beam-hardening correction approach are 
evaluated using the Imatron datasets shared among participants in the Task Order 3 effort. The iterative ap-
proaches show advantages in subjective image quality. The results in the project’s metrics for segmentation 
performance are mixed relative to standard, one-pass iltered backprojection (FBP).

A.2. Research on Automatic Target Recognition (ATR)

Automatic target detection and recognition from the scanned images can help to extract important informa-
tion and support human judgments. However, developing an ATR system is challenged due to metal presence 
and tight packing [5, 6 and 7]. For example, metal introduces strong streaking artifacts with which ATR de-
tects divided objects (see Fig. 1a). In addition, ATR may not be able to separate cluttered objects because of 
tight packing (see Fig.1b).

The objective of this research is to investigate and develop a new ATR system that can handle the above-men-
tioned challenging cases. To do this, we will incorporate advanced computer vision algorithms upon the base-
line software provided by ALERT through its ATR Task Order. While recent research in computer vision has 
shown a lot of promising results in each of the ATR components such as image denoising, image segmentation 
and object detection, most of them are for the application of natural images and very few have been applied 
to CT images, in particular, for security application. So the question remains as to the potential advantages of 
the advanced techniques in ATR applications.

During the last project period, we successfully developed a new ATR system that incorporates advanced 
computer vision algorithms such as shape ilter and multi-label segmentation. We evaluated the performance 
using the standard speci ied metrics (i.e. probability of detection and probability of false alarm) and it al-
ready gives improvements over the standard ATR. We will continue to develop new techniques, particularly 

(a) metal streaking artifacts     (b) tightly cluttered objects

Figure 1: Challenges in ATR for CT images: (a) Metal streaking artifacts divide objects detected by ATR; and (b) ATR 

merges objects due to tight packing.
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in advanced feature extraction, in order to further improve the detection accuracy. With these results, we can 
propose potential directions for the improvement of ATR in aviation security.

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

B.1. Research on reconstruction

B.1.a. MBIR framework

MBIR works by formulating a mathematical optimization problem, which incorporates the model of both the 
measurement acquisition process during the scan and the image being reconstructed. A typical MBIR frame-
work is to compute the maximum a posteriori (MAP) estimate given by

where p(y|x) is the conditional distribution of measurement vector y ∈ RM given the underlying true attenu-
ation map x ∈ RN,  p(x) is the prior distribution of x, and x ≥ 0 indicates that each pixel must be non-negative.

The irst term in the optimization can be approximated by

where A ∈ RM×N is the forward projection operator and  W = diag{w1, ..., wM} ∈ RM×M is a diagonal weighting 
matrix.
The log prior term log p(x) controls the smoothness of the reconstructed image and also preserves local im-
age structures. In this study, we used the q-Generalized Gaussian Markov Random Field (q-GGMRF) model 
[4] given by

Combining the log likelihood term and the log prior term, we obtained the global objective function to be 
optimized as follows

B.1.b. MBIR with simultaneous Beam Hardening Correction (MBIR-BHC)

It is well known that the attenuation coef icient of materials depends on the energy of the X-ray and the 
low-energy portion of the X-ray normally get attenuated preferentially comparing to the high-energy portion; 
a physical effect known as the beam hardening. In practice, beam hardening can contribute to the reconstruc-
tion artifacts such as metal streaks and cupping. Since most X-ray beams exhibit a broad energy-spectrum, a 
more accurate forward model that accounts for the broadness of the X-ray spectrum is given by

where S(E) is the normalized energy spectrum, μj (E)  is the energy-dependent attenuation coef icient and 
the function rj (E) carries the energy-dependent behavior of the j-th pixel. In this study, we developed a novel 
model-based reconstruction algorithm, MBIR-BHC, which is able to simultaneously correct the beam harden-
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ing effect and we investigated the performance of MBIR-BHC on the baggage scan dataset.
In order to better model the data measurement and account for the beam hardening effect, in this study, we 
proposed a poly-energetic X-ray forward model, which is based on the assumption that different materials 
can be separated by their densities. We modeled the energy-dependent attenuations μj (E) as a convex com-
bination of two basis materials given by

where rL (E) and rH (E) are two energy-dependent basis functions of “low” and “high” density materials and 
0≤ bj ≤ 1 is the percentage of material in the j-th location that is of high density. Using this decomposition, we 
constructed a new forward projection model for the i-th projection as

where pL,i and pH,i are two energy-independent material projections given by

We further parameterized this nonlinear h(. , . ) function using a joint polynomial of  pL,i and pH,i given by

and the coef icients ϒk, l will be simultaneously estimated in the optimization process. Incorporating the novel 
poly-energetic X-ray forward model, MBIR-BHC can be formulated as

where U(x,b) = -log p(x,b) denotes the negative log joint prior of x and b for regularization.
To further simplify the model, we assumed bj ∈ {0, 1} to be binary; therefore, each pixel can be of either low 
density material or high and the vector b ∈ {0, 1}M becomes a material segmentation of the reconstructed 
image. U(x,b), is used for regularization over the image and the material segmentation. We modeled U(x,b) 
as a two-layer hybrid Markov random ield, illustrated in Figure 2 on the next page. Mathematically, it can be 
formulated as

where δ(.) is the discrete indicator function, T is the pre-de ined segmentation threshold, and αs,r , ηs,r  and β 
are regularization weights for each potential functional. To optimize the overall objective function, we used 
the Newton-Raphson approximation techniques and ICD optimization.
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B.1.c. Data weighting matrix for metal artifact reduction

Recall that in the basic MBIR algorithm, the negative log likelihood function is approximated by

where W = diag{w1, ..., wM} ∈ RM×M is a diagonal weighting matrix. In general, the entries w1 are effectively 
specifying the reliability of each measurement. The weighting scheme can be critical, especially when the 
dataset contains a lot of high density objects and many measurements become unreliable. In this project, we 
extended our previous study in the transition task [8] and explored an adaptive weighting scheme. Mathe-
matically, to determine the weight for a particular projection, we pre-computed the metal projection of the 
initial reconstructed image x(0), e.g. FBP, and determined the percentage I1 of the metal projection in the pro-
jection, calculated as

where T is the threshold used to segment the metal object and the weight for the i-th projection is calculated 
as

Figure 2: Comparison of FBP reconstructions (left column) and MBIR with metal-adaptive data weighting (right col-

umn). Scans are (top to bottom) numbers Medium_Clutter1_123, Medium_Clutter1_295.
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This adaptation reduces the weighting of data according to the proportion of metal in the given projection. 
The philosophy behind this innovation is that there is likely to be some inaccuracy in the modeling of metal 
projections, decreasing their relative reliability beyond the value indicated by variance purely from photon 
counting noise.

B.1.d. A modi ied likelihood model for abnormal measurement rejection

Depending on the objects being scanned, the actual measurements may not always be consistent with the 
physical assumption. One cause of the inconsistency is the beam hardening, a problem we address in the 
approach above. However, it is often the case that the defective measurements can come from various effects 
coupled together, such as beam hardening, scattering, metal partial volume, etc. Sometimes, it is dif icult to 
come up with a model that accounts for all these effects individually. Here, we consider another approach [9], 
where we modify the conventional quadratic likelihood term and try to give less in luence if the measure-
ment differs signi icantly from the theoretical model. Mathematically, we consider the family of the general-
ized Huber function as our modi ication to the original quadratic likelihood, given by

where the generalized Huber function is de ined as

In this modi ied model, we control how much we it the estimation to the actual measurement depending 
on the difference of the normalized error sinogram. If the error sinogram entry is less than the threshold L, 
a normal quadratic penalty is used. If the error sinogram entry is greater than the threshold L, indicating a 
potential defective measurement entry, a linear penalty is used, reducing its effect to the total cost. In this 
study, we set τ = 0.5, L = 0.5.

B.1.e. Reconstruction results

B.1.e.i. MBIR with metal-adaptive data weighting

We irst consider our simplest approach to ameliorating metal artifacts, described in the above sections. 
Many of these artifacts result from systematic errors in projections through highly attenuating materials due 
to beam hardening and scatter, with photon counts possibly being higher than their true reliability dictates. 
The reduction of weights for heavily metal-corrupted measurements encourages greater sinogram errors for 
these measurements and allows the more reliable data plus the regularizing a prior model to suppress arti-
facts. Additionally, the transition from quadratic penalties on sinogram errors to absolute values for larger 
deviations (the Huber model) builds in tolerance for these outlier data.
Figure 2 shows improvements in cases with moderate amounts of corruption from metal. In each case, the 
reconstruction of metal components is contained within a smaller region of support than in the FBP versions. 
The principal issue arising from inaccurate reconstruction of metal objects in security applications is propa-
gating artifacts corrupting other homogeneous materials. In Figure 2, the rubber sheet atop the irst row, the 
water bottle in the lower right of the second and both the water bottle and rolled rubber sheet of the third 
row all have artifacts appreciably reduced. It is hoped that such improvements will prevent separation of sin-
gle materials into distinct segments. The segmentation results overlaying the image using Stratovan’s Tum-
bler algorithm are shown in Figure 3 on the next page. It can be seen that the segmentations are improved.
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B.1.e.ii. Beam hardening correction in MBIR

In the above sections, we introduce joint estimation of polynomial beam-hardening correction (BHC) param-
eters with imagery. In the results below, the correction is based on thresholding of the initial FBP image for a 
static, binary mask of high-density objects. The adaptation allowed by the optimal selection of the correction 
polynomial provides “relief” from especially large errors in locations where beam hardening causes incon-
sistencies. 
In Figure 3, severity of artifacts is lessened as metal reconstructions become more spatially contained. One 
may speculate that the water containers will be better segmented in the MBIR images. However, suf icient 
corruption remains to damage the results of automated analysis. In the top and bottom rows, proper segmen-
tation of the stacked rubber sheets is likely to be problematic in either column.

B.2. Research on Automatic Target Recognition (ATR)

Typically, an ATR system will consist of several separate processing units, including image segmentation, 
feature extraction and target classi ication (see Fig. 4 on the next page). Baseline ATR uses connected com-
ponent labeling (CCL) to segment objects in the CT scans. It then extracts the mass feature of each connected 
component and keeps only objects whose mass is higher than the target de inition. In the following sections, 
we will give detailed descriptions about how we advanced the baseline ATR system with computer vision 
algorithms.

Figure 3: FBP (left) and iterative (right) reconstructions of heavily metal-corrupted scans, numbered (top to bottom) as 

High_Clutter1 #350, and High_Clutter3 #194.
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B.2.a. Image segmentation

B.2.a.i. Selective morphological opening on bulk objects

Image segmentation is a core step in ATR to assess material and morphological properties of the objects in 
the CT scan. Generally, CCL is used for segmentation in CT baggage scans. CCL irst sets the foreground in the 
image and then uniquely labels subsets of connected components. Even though CCL can ind foregrounds in 
the CT baggage scan, it is not enough to separate nearby objects as it takes into account only the local neigh-
borhood. To prevent merging in CCL, morphological opening operation is generally applied to CCL results. 
However, the morphological opening operation may remove thin sheet structures. Therefore, we ind bulk 
objects in CCL result based on shape and apply morphological opening only for bulk objects.
To differentiate bulk objects from sheet objects, we extract shape features and feed them into supervised 
classi iers. To extract shape features, we use the minimum volume enclosing ellipsoid [10]. After inding the 
minimum volume enclosing ellipsoid, we describe the shape as following:
• Ellipsoid Axes
• Axis ratio: minimum axis length / maximum axis length
• Volume ratio: object volume / ellipsoid volume
Given shape features, we ind the classi ier using support vector machine (SVM) [11]. SVM is a popular 
high-dimensional classi ier in computer vision. SVM inds a hyper-plane that separates two groups by train-
ing the algorithm on a pre-classi ied set. From this pre-classi ied set, SVM selects a relatively small number 
of samples that are close to the opposite group. These samples are called support vectors and de ine the 
hyper-plane by maximizing margins between them. While the SVM classi ier is very effective in inding the 
hyper-plane, selecting the type of hyper-plane is very important. If the hyper-plane is too stiff, then the clas-
si ier may not perfectly separate the two groups. On the other hand, if the hyper-plane is too lexible, then the 
classi ier will over it the data. We determined the type of hyper-plane by the non-linear Gaussian kernels that 
map the data to a space where linear separation is possible:

where u and v are feature vectors and ϒ is a model parameter. We automatically estimate the model parame-
ter by cross-validation on pre-classi ied set.
Figure 5 on the next page presents the bene it of our selective morphological opening in ATR. In the input im-
age (Fig. 5a), there exists a thin rubber sheet that is a target to detect. Typical morphological opening erases 
the thin rubber sheet, as described in Figure 5b. Our selective morphological opening on bulk objects helps 
preserve thin structures while splitting merged bulk objects.

Figure 4. Overview of baseline ATR: Typically, ATR consists of three components: image segmentation, feature ex-

traction, and target classifi cation. Baseline ATR fi rst segments objects by connected component labeling (CCL). It then 

measures the CT mass of each segmented objects and detect targets that are heavier than certain threshold.
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1r 

B.2.a.ii. Multi-label segmentation on merged objects

Even though morphological opening can help split merged objects in CCL, it is not suf icient to separate high-
ly cluttered objects due to tight packing because it does not take intensity information into account. There-
fore, we further segment CCL results followed by morphological opening with the multi-label segmentation 
that utilizes intensity information. 
Multi-label segmentation is a well-studied computer vision technique that partitions the spatially continu-
ous image domain into multiple regions with minimal total perimeter [12-14]. Let Y = {ys: s ∈ {1, ..., S} be the 
discrete vector that represents the image intensity at pixel s in three dimensional image space Ω. Multi-label 
segmentation partitions the image domain Ω into R disjoint sub-regions. {ΩR       . Let X = {xs ∈ {1, ..., R}: s ∈ {1, ..., 
S} be the corresponding segmentation label at  denoted by discrete values 1 through R. Then, segmentation 
problem can be modeled in MAP framework.

where f(Y|X, ϕ) represents the forward model given parameter ϕ and p(X) is the prior model which regu-
larizes total perimeter (i.e. MRF model). The typical forward model has L2-norm of difference between pixel 
intensity and pre-determined label intensity;

where lr is the parameter that represents the constant label intensity for Ωr.
However, it is challenging to directly apply multi-label segmentation for CT images because the parameters 
ϕ = {lr}R           are not adaptively estimated given images. The incorrect parameter estimation can lead to over-seg-
mentation that splits the object. To avoid the over-segmentation issue, we irst identify merged objects based 
on the shape and then apply the multi-label segmentation only for merged objects. To identify merged ob-
jects, we use the same shape features and same SVM for the sheet/ bulk identi ier. Furthermore, we adaptive-
ly estimate the parameters via histogram analysis. Speci ically, we ind major peaks in normalized histogram 
and assign histogram bins at major peaks to ϕ = {lr}R      .

  (a)                 (b)                (c)

Figure 5. Eff ect of selective morphological opening in ATR: (a) Input image; (b) CCL result followed by typical morpho-

logical opening; and (c) CCL result followed by selective morphological opening on bulk objects. Notice that the thin 

rubber sheet is preserved after morphological opening.

1r 

1r 
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Figure 6 presents the bene it of our multi-label segmentation on merged objects in ATR. The CCL results after 
morphological opening in Figure 6b on the next page still include the merged object. As illustrated in the in-
put image in Figure 6a on the next page, this merged object contains two materials with signi icantly different 
intensities. Our multi-label segmentation on merged objects successfully splits this merged object based on 
intensity while preserving other correctly segmented objects.

B.2.b. Feature extraction

For each segmented object, we need to determine whether it is a target or a non-target. For this task, we irst 
need to transform the image data into the set of features that describe the properties of the segmented object. 
Baseline ATR provided by ALERT uses the mass of each segmented object as a feature. However, mass, itself, 
is not suf icient in describing the complex properties of targets. Therefore, we constructed high-dimensional 
features, which are widely used in literatures:
• Intensity: Min, Max, Mean
• Physical: Mass
• Histogram: Location of max histogram, Normalized histogram
When performing analyses of complex data, one of the major problems originates from the number of fea-
tures. The analysis of high-dimensional features generally requires a large amount of memory and compu-
tational time. Furthermore, parts of features can be redundant, which blurs the performance of the analysis 
(curse of dimensionality).  So, we applied a feature-selection method called minimum-redundancy maxi-
mal-relevance (mRMR) [15] on high-dimensional features to ind important features.
Figure 7 on the next page shows the most important feature selected by the mRMR method among high-di-
mensional features. mRMR selects the location of max histogram as the most important feature, re lecting 
that the material-speci ic CT attenuation coef icient is the signature for target recognition.

  (a)                 (b)                (c)

Figure 6: Benefi t of multi-label segmentation on merged objects: (a) Input image; (b) CCL result followed by our mor-

phological opening; and (c) After our muti-label segmentation on merged objects. Notice that our multi-label segmen-

tation splits the merged objects based on intensity while preserving other objects without over-segmentation.
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B.2.c. Target classi ication

Given extracted and selected features, we feed them into the classi ier that determines whether the segment-
ed object is a target or not. Baseline ATR provided by ALERT uses the simple threshold classi ier for one-di-
mensional mass feature. Since our new features are multi-dimensional (after feature selection), we need the 
advanced classi ier that can deal with high-dimensional features. 
For target classi ication, we again use an SVM classi ier similar to the sheet/bulk identi ier but based on 
histogram features. Instead of inding one target classi ier for all training objects, we cluster the training set 
based on shape via k-mean clustering [16] and train the target classi ier for each shape cluster. Speci ically, 
we found 15 clusters in the training set based on shaped features used for the sheet/bulk identi ier. Then, we 
ind the nearest neighbor (NN) shape cluster for each testing object and apply the corresponding classi ier in 

NN shape cluster to determine if the testing object is a target or not.
Figure 8 illustrates the bene it of our clustered target classi ier. Figure 8a shows the mean density and mass 
features of all training objects. It is worth noting that there is large overlap between target and non-target 
objects. The overlap in feature space makes it dif icult to train the accurate classi ier. Our shape clustering 
can help reduce the overlap in the feature space as described in Figures 8b and 8c. After shape clustering, 
features in each shape cluster are more separable and therefore it is easier to train the accurate classi ier.

  (a)                     (b)               

Figure 7: Most important feature selected by mRMR: (a) saline water; and (b) rubber. mRMR selects the location of max 

histogram as the most important feature. This refl ects that material-specifi c CT number (attenuation coeffi  cient) is the 

key of representing targets.

  (a)                 (b)                (c)

Figure 8: Features in training set of: (a) all objects; (b) bottle shape cluster; and (c) thin sheet shape cluster. Horizontal 

and vertical axes represent mean density and mass of each object, respectively.  Notice that there is large overlap be-

tween target (red circle) and non-target (blue cross) for all training objects in (a). On the contrary, in each shape cluster 

in (b) and (c), features are more separable and thus it is easier to train the classifi er. 
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B.2.d. ATR results

We will show our ATR results in terms of a Probability of Detection (PD) and Probability of False Alarms 
(PFA) score.
Table 1 shows the PD/PFA scores on all 188 scans with our ATR. We used a nested 5-fold cross validation 
scheme to evaluate our ATR. In summary, we detected 387 targets among 407 total targets (0.95 PD) and 
falsely detected 110 non-targets among 1371 non-targets (0.08 PFA). As expected, we achieved better per-
formance (PD: 0.97) for low dif iculty cases than for high dif iculty cases (PD: 0.94). Among high dif iculty 
cases, PD for saline was lower (0.93) than that for clay and rubber (0.95). This is because it is challenging for 
our classi ier to detect very low-density saline (<3.5% density). In terms of shape, PD for the sheet was lower 
(0.91) than that for bulk (0.96). This is because our segmentation was not suf icient in preventing splitting in 
the thin structures by beam-hardening effects.

Table 2 on the next page shows PD after segmentation to indirectly measure the bene it of each component 
of our segmentation pipeline. Compared with baseline CCL provided by ALERT, our morphological opening 
signi icantly improves PD from 0.63 to 0.89. This indicates that our morphological opening better separates 
cluttered bulk objects while preserving thin objects. Multi-label segmentation further improves PD to 0.96. 
This re lects that our multi-label segmentation correctly splits the remaining merged objects based on inten-
sity without the over-segmentation issue. The gain from Metal Artifact Reduction (MAR) is minor (from 0.96 
to 0.97) in the segmentation. But, intensity correction from MAR will be critical to extracting reliable features 
for the target classi ier.

Table 1: PD and PFA for all 188 scans.
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CCL
CCL + 

Morphological Opening

CCL + 

Morphological Opening + 

Multi-label Segmentation

CCL + 

Morphological Opening + 

Metal Artifact Reduction 

+ Multi-label Segmenta-

tion

PD 0.63 0.89 0.96 0.97

Table 3 shows PD/PFA to evaluate our classi ication pipeline. Without any classi ication, our segmentation 
achieves very high PD (0.97) but also very high PFA (0.73). This is natural, as we do not ignore non-targets 
from segmented objects. The classi ier trained on all segmented objects decreases the PFA to 0.16 but sig-
ni icantly loses the target detection with 0.89 PD. This indicates that the classi ication performance is limited 
because the classi ier is trained on highly overlapped features. On the contrary, our clustered target classi ier 
signi icantly improves the classi ication performance with 0.95 PD and 0.08 PFA. This represents that clus-
tered target classi ier is critical to achieve higher PD and lower PFA in our ATR.

Our Segmentation Only
Our Segmentation +

One Classifi er for All Training

Our Segmentation + 

Clustered Target Classifi ers

PD 0.97 0.89 0.95
PFA 0.73 0.16 0.08

B.3. Research on electron microscopy 

Given the success on CT reconstruction, segmentation and target recognition, we applied our developed tech-
niques to electron microscopy. SEM-FIB (Scanning Electron Microscopy – Focused Ion Beam) imaging is used 
to view nanoscale particles for a variety of applications. For security applications, it is desirable to view the 
imaged particles separately from their surroundings, preferably as a full three-dimensional volume. As such, 
one of the main tasks at hand is to perform a segmentation to isolate the particle(s) of interest from their sur-
rounding environment. The image data that SEM-FIB produces is directly viewable as a “stack” of cross-sec-
tional images of the particle, i.e. no tomographic operations are necessary to transform the data into natural 
images. We employed MBIR techniques to denoise and regularize our SEM-FIB data (cross-section images) 
using neighboring “slices” in preparation for segmentation, which at present is performed on individual sli- 
ces using the region-growing algorithm. Once denoising and segmentation is complete, the segmented slices 
are viewed together as the volume of a particle (or particles).

B.3.a. De-noising  

We are interested in the bonding properties of the particles and, as such, are most concerned with the edge of 
the particle that takes up the majority of the image. We then aim to transform the image into a binary image, 
where every pixel contained within the particle is “true” and every pixel outside the particle is “false” (in the 
transformed images, “true” and “false” are represented by their integer analogs 1 and 0, respectively). 
There are multiple challenges that we face in producing a good binary image. The irst is that the raw im-
ages are fairly noisy and obscure the true shape of the particle edge. To address this problem, we employ a 
model-based denoising algorithm that models the noise as zero-mean Gaussian and assumes that each pixel 
is related to its 26 neighbors in 3D space, as per the generalized Gaussian Markov random ield (GGMRF) 
model. The algorithm uses ICD optimization to bring the image closer to its MAP estimate over the course of a 
speci ied number of iterations. Figure 9b on the next page is the image that results when this MBIR algorithm 

Table 2: Evaluation of segmentation methods.

Table 3: Evaluation of classifi cation methods.
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is applied to the raw image in Figure 9a. The edge of the particle is much sharper and is much more robust 
when applying the segmentation procedures described in the following section.

B.3.b. Segmentation 

The constituent parts of the segmentation procedure are:
• Use a region-growing algorithm to construct large segments of the image and threshold appropriately to 

ensure that one of these regions aligns with the edge of the particle.
• Convert the segmented image into a binary image, where the previously alluded-to “edge-segment” rep-

resents one value and all other pixels take the other value.
• “Fill in” the areas of the particle that do not yet belong to the “edge-segment”.
Figure 10 has been created using this procedure. This procedure is repeated for all slices in a stack after they 
have been denoised. They are then read into a MATLAB function where they are displayed together as a vol-
ume. It is worth noting that the inside particle is well separated from the outside particle.

  (a) Raw SEM-FIB Image            (b) Denoised SEM-FIB Image  

         

Figure 9: Sample SEM-FIB Image or “slice”: (a) Raw; and (b) Denoised.

  (a) 2D Binary Mask            (b) Denoised SEM-FIB Image  

         

Figure 10: Segmentation result on the SEM-FIB image or “slice”: (a) 2D mask; and (b) Stack of 2D slices.
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B.4. High performance reconstruction

CT is a general method for the non-destructive imaging of objects from transmission measurements. Figure 
11 illustrates the basic concepts of how a typical X-ray CT system operates. An X-ray source is mounted on a 
rotating gantry along with a linear array of X-ray detectors.

The object to be imaged is then placed at or near the center of rotation. As the gantry is rotated, a series of 
measurements or views is taken. Each single view corresponds to a set of measurements from all the ele-
ments of the array at approximately a single instant of time. The measurements from each array element, or 
channel, are then pre-processed by taking the logarithm. The logarithm of a single detector output results in 
a single projection, i.e., an estimate of the integral density of the object along the path from the X-ray source 
to the detector. The objective is then to take this set of views and reconstruct a cross-section of the object 
being imaged. Typically, the data collected from the scanner is organized into a sinogram as illustrated in 
Figure 11a. For a 2D scan, the sinogram is a 2D data structure indexed by the channel and view angle of each 
measurement. In fact, the name sinogram comes from the fact that the projection of individual voxels in the 
image corresponds to sine wave patterns in the sinogram. These sine wave patterns are illustrated with thin 
yellow lines in Figure 11b. In order to compute the update of a voxel in ICD, it is necessary to access its corre-
sponding values in the sinogram.
In practice, the sinogram can be stored in row or column major format. However, regardless of how the sino-
gram is stored, the access to all the memory required for ICD updates will require high strides of memory ac-
cess, which will kill voxel update speeds. Modern processors access main memory by irst transferring blocks 
of local memory onto fast on-chip cache memory that may be 100 times faster than main memory. When the 
sinogram is stored in row major format, these blocks of cache memory known as cache lines are shown as 
short red line segments in Figure 11b. Each cache line must fall along either rows or columns of the sinogram 
(in this example, they are shown as rows). 
Notice that, for the most part, these red cache lines only partially overlap the yellow line of memory entries 
that must be accessed. This means that most of the space in the cache is used to hold data not needed for the 
current voxel update. One additional observation is that each individual voxel corresponds to a sine wave 
with a different amplitude and phase. Since each voxel has a unique sinusoidal path, no single transformation 

Figure 11: (a) CT system; and (b) Illustration of the image and sinogram space for a typical 2D projection geometry. 

Notice that each single voxel in the image domain traces out a sinusoidal pattern in the sinogram domain. In addition, 

each voxel traces out a diff erent sine wave pattern but, typically, diff erent sine wave patterns will intersect some set 

of views.
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of the sinogram data will align the cache lines with the sinusoidal paths in all cases. Also, when there is a 
full set of views, the sinusoidal paths for different voxels will always overlap at some points. These points of 
intersection, which are shown as red dots in Figure 11b, are important because they represent points where 
memory access con licts can occur in the update of different voxels.

B.4.a. SV-ICD 

In order to understand the key challenges and the novelties of the supervoxels (SV), the central mathematical 
and algorithmic concepts of MBIR will irst be brie ly reviewed. MBIR is based on the numerical solution of 
an optimization problem described by

Where y is an m-dimensional vector containing the measured CT data, x is a n-dimensional vector containing 
the reconstructed imaging, A is an m × n-dimensional matrix containing the forward model of the scanner ge-
ometry,  D is an m × m-dimensional diagonal matrix containing the inverse variance of the scanner noise sta-
tistics and u(x) is the regularizing prior model used to incorporate knowledge of image behavior. In practice, 
x and y can be very large, so computing the solution to the optimization problem can be a formidable task.
Figure 12 graphically illustrates the key 
innovation of the supervoxel approach. 
First, the image space is partitioned to 
where each SV is a group of spatially lo-
calized voxels. A single SV is illustrated 
in Figure 12 as a red block in the image 
space. In order to update the voxels in an 
SV, the sinogram entries corresponding 
to each voxel in the SV must be accessed. 
This group of sinogram entries is illus-
trated as a yellow band in the sinogram 
space. The memory in the yellow band is 
ef iciently copied to a buffer, which we call 
the supervoxel buffer (SVB) shown as a 
yellow rectangle in Figure 12. Notice that 
in the SVB, the memory accesses required 
for each voxel update are “straightened 
out” and each cache line falls fully within 
the SVB. This means that most or all the 
data in a cache line can be fully utilized 
with each voxel update in the SV.
The shape of the band for an SV is depen-
dent on the CT scanner geometry, but is 
captured by the non-zero entries of the forward projection operator A. The question that now arises is what 
voxels should be in a supervoxel to improve locality. Consider the radon transformation that shows where 
measurement data for a group of voxels is in sinogram space. Figure 13a on the next page shows the radon 
transformation of a square supervoxel. At each view angle θ, we record the supervoxel’s projection on a rotat-
ing sensor array. The more sensor channels that detect a projection at that view angle, the more measurement 
data will be in that view in the sinogram space. In addition, brighter points in the radon transformation indi-
cate higher levels of data reuse in the reconstruction. We can see that circular supervoxel is the ideal choice 
for a supervoxel shape because it will have the lowest average number of detected sensor channels among 

Figure 12: Memory access in sinogram space for super-voxel updates. 

Processor hardware is used to load sinogram memory into an SVB. 

Once there, GPU or CPU access is dramatically accelerated with cache 

lines fully utilized.
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all shapes. This means the supervoxel will have the least amount of measurement data and the highest data 
reuse. Circular supervoxels have a fatal low, however, they do not tessellate the image space. Consequently, 
to fully cover the image space, circular supervoxels must overlap, leading to excessive computation on voxels 
in multiple over-lapping supervoxels. To overcome this law, we use square supervoxels. As can be seen in the 
radon transformation of Figure 13a, for the square supervoxel, average reuse is lower but this is more than 
compensated for by having each voxel belong to a single supervoxel, eliminating redundant computation.

The computation time required for an iterative algorithm depends on the time-per-iteration and the number 
of iterations. Because the baseline ICD algorithm does not update all voxels in each iteration [17], we mea-
sure convergence using equivalent iterations or equits. Each set of N voxel updates, where N is the number 
of voxels in the image, is one equit. In addition, we evaluate algorithmic convergence by measuring RMSE (in 
Houns ield Units) between the result algorithm and a fully converged reconstruction after approximately 
20 equits. Because the supervoxel update order is different than the one used in the baseline ICD algorithm, 
voxels within a supervoxel are evaluated as a group and the number of equits to reach some RMSE could be 
adversely affected. Our results indicate that our supervoxels can converge to a RMSE of 8 HU after 4.1 equits 
on the benchmark data set. In addition, we did not observe a signi icant change in convergence rate for the 
SV versus the baseline ICD algorithm. Figure 13b shows a plot of RMSE versus equits for SV-ICD. We note 
that convergence is slower when using circular supervoxels than with square supervoxels. SV-ICD (square) 
generally maintains the same convergence speed as the baseline ICD algorithm, although it converges better 
in the initial equits.

B.4.b. PSV-ICD

It is common wisdom that the ICD algorithm parallelizes poorly [18 and 19]. Some work has provided limited 
speed up, e.g., [18], and obtains a speedup of 2.3 with 16 cores. It is also common wisdom that convergence 
is much faster with sequential updates of voxels rather than parallel updates. In this section, we discuss the 
challenges to effective parallelization of ICD algorithms and how those challenges are overcome.
Because of the sinusoidal nature of voxel traces in the sinogram space, it can be shown analytically that two 
traces are guaranteed to have at least one intersection as illustrated in Figure 12.  It can also be shown that 
the closer two voxels are to one another, the greater the chance that they will have more than one intersec-
tion. This means two issues involved here: (1) slower convergence with parallelization and (2) loss of locality 
with parallelization. 

   (a)                   (b)           

Figure 13: (a) The radon transformation of a square supervoxel; and (b) illustration of the fact that it is not necessarily 

good to use circular supervoxel to get benefi ts from cache locality.

ALERT 
Phase 2 Year 2 Annual Report

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

Project R4-B.1



We call our technical innovation that allows ef icient inter-SV parallelization the “Augmented SVB”. The aug-
mented SVB, illustrated in Figure 14, entails parallelization and even asynchronous updating of multiple SVs 
in a single MBIR reconstruction. The dif iculty in parallelizing SV updates is that the two SVBs for the two 
different SVs overlap in the sinogram domain as illustrated in Figure 14. This means that any data added to 
these buffers will generate an inconsistency in the resulting sinogram. The augmented SVB uses two innova-
tions to solve this problem. First, each SV is allocated its own independent SVB, denoted by SVBk for the kth 
SV. These additional buffers solve the con lict as long as data is only read from the SVB. However, a problem 
occurs when data is written back to the SVB since it becomes impossible to consistently update the sinogram 
error after SV updating is complete. In order to solve this problem, we create a second SVB error buffer for 
each SV. This error buffer, denoted by SVBEk is initialized to 0 and all additions of data are made to only this 
buffer for the kth SV. When the SV update is complete, the contents of the SVB error buffer are added back to 
the full sinogram. These updates can be performed asynchronously while other SVs are being processed, so 
no synchronization is required and the overhead is hidden behind other processes.

B.4.c. Results

The following tables list detailed results of our research. In order to better understand and quantify our re-
sults, we used a very simple model of computation time given below.

where we use the following notation:
Tr = total reconstruction time
NF = No. of loating points operations (FLOP) per equit
Ne = number of equits required for reconstruction
OF = Theoretical FLOPS of CPU/GPU
ET = Processing ef iciency

Figure 14: Illustration of inter-SV parallelization using multiple SVBs. By keeping an additional SVB error buff er, it is 

possible to fully decouple SV updates, allowing for much greater parallelization of the SV-ICD algorithm.
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Using this framework, Table 4 quanti ies the results of our implementations and measurements. Notice that 
we achieved over a 300x speedup of the baseline algorithm using the SV-ICD algorithm on the 16-cores pro-
cessor. Importantly, almost 20x of the speedup is due to improved processor ef iciency. This is directly a 
result of the SVB design and its ability to more ef iciently feed the CPU’s loating point units so they spend 
less time waiting for memory copies to cache. This is particularly notable because as the parallelization of an 
algorithm increases, its ef iciency generally tends to decrease. Since the clock speeds of the two multi-core 
processors are approximately the same (e.g., 3.5 versus 3.6 GHz), the remaining speedup factor is due pri-
marily to both vector and multi-core parallelization.

Table 5 shows the speedup due to the SV-ICD algorithm on the single core platform only. In this case, we ob-
serve that SV-ICD results in a 22x increase in MBIR reconstruction speed due to improved processor ef icien-
cy. The remaining speedup is due to the conversion to single precision processing as well as smaller changes 
in the convergence speed and the number of required FLOPS.

Table 6 shows the results of an analysis of parallelization ef iciency. The important result of this table is that 
the speedup is almost linear with the number of cores. This shows that the augmented SVB is an ef icient 
method for parallelizing the updates of multiple SVs. However, notice that the single core implementation is 
slower in parallelized mode than when ran serially. This is due to the startup costs of OpenMP, due primarily 
to thread scheduling.

Table 4: Performance measurements for each of the 3 SV-ICD target platforms.

Table 5: Effi  ciency improvements due to SV-ICD algorithm on a single core platform.

Table 6: Speedup due to parallelization.
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B.5. Joint Metal-Artifact Reduction (MAR) and segmentation 

In security applications, segmentation is of great importance where objects in the image are often segmented 
before target classi ication in a typical ATR system. However, raw CT images often contain artifacts, such as 
streaks, due to dense metal objects and these artifacts can make accurate segmentation dif icult. While there 
has been a great deal of research focusing on MAR and segmentation as individual tasks, there have been very 
few attempts to solve the problem of segmenting raw CT images with metal artifacts jointly. In this research, 
we study the problem of metal artifact reduction and segmentation as a joint optimization problem.
To formulate the joint problem, we let x(orig) ∈ RN be the original raw CT image which contains the metal 
artifacts and we assume that a binary artifact mask b ∈ {0,1}N is obtained in advance, where

And also we assume that K mean material intensities μ ∈ RK are given. Therefore, our objective here is to pro-
duce a segmentation label z ∈ {1,...,K}N and a restored image x ∈ RN with metal artifact reduced. We formulate 
the overall problem as a joint optimization problem of the restored image and segmentation given by

where we use JI (x) to represent the prior terms for image. We also de ine the weights wi as wi  = wbi. Notice 
that the overall problem is formulated here as the optimization over a continuous random vector x and a 
discrete random vector z. Due to the non-convexity, the optimization can be trapped into local minimum. 
Instead, we relax the discrete labels to the continuous probability measure and convert the overall problem 
as the following

and after the continuous-valued optimization is solved, the discrete label can be generated as

For the image prior JI (x), it is used to regularize the image pixel values and ill in the correct pixel values in 
the artifact region. We use the dictionary-based image prior, same as the approach in K-SVD denoising. Math-
ematically, the overall concrete optimization problem is given by

where ϕ is the global dictionary, Ri is the matrix to extract the patch at i-th pixel location and vi is the sparse 
coef icient vector corresponding to the i-th image patch. To optimize the above function, we alternate the op-
timization over x and z iteratively, use the continuous max- low method to optimize over z and use the similar 
optimization approach in K-SVD denoising to solve the optimization over x.
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B.5.a. Segmentation and metal artifact reduction results

In Figure 18a on the next page, we show an original CT image of a baggage scan. As seen from the image, we 
have strong streak artifacts due to the high density metal in the bag. Figure 18b shows the artifact mask we 
used for the image. This mask captures the streak artifacts in the original CT image.

Figure 19 on the next page shows the segmentation results of the joint algorithm along with the results ob-
tained by applying segmentation directly on the raw CT image. Notice that, due to the strong metal streak 
artifact, directly applying segmentation on the raw image does not give a good result. In particular, the streak 
splits the object into pieces. On the other hand, the output of the joint algorithm performs very well. The met-
al streak artifacts in the restored image are greatly reduced. Also, from the output segmentation of the joint 
algorithm, we can see that the previous split objects are merged back together and therefore, the segmenta-
tion label is much more accurate.

   (a)                   (b)           

Figure 18: (a) original CT image of a baggage scan; and (b) the artifact used in the joint algorithm.
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C. Major Contributions

C.1. Research on reconstruction

Our work related to reconstruction included, most importantly, the implementation of iterative reconstruc-
tion to match the Imatron scanner data, plus several variants of the basic MBIR algorithm. The algorithm we 
developed demonstrated some potential in handling the typical cases in security screening applications. The 
related work has been carefully studied and investigated and the methodology we proposed has been care-
fully organized into a journal paper submitted for publication (see section V.A).

C.2. Research on ATR

We have developed and implemented a new ATR system for CT baggage scans, adapted the advanced image 
segmentation, feature extraction and target classi ication in computer vision to a particular security screen-
ing CT system. The major contributions are listed in the following:
• Image segmentation

o MAR in image domain
o Multi-label segmentation on merged objects

   (a)                   (b)           

   (c)                   (d)           

Figure 19: (a) original CT image of a baggage scan; and (b) the color-coded segmentation map by applying segmenta-

tion directly on (a), (c) the output restored image of the joint algorithm, (d) the output color-coded segmentation map 

of the joint.
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• Feature extraction
o Feature selection from high-dimensional histogram bins

• Target classi ication
o Shape clustered classi ier

Evaluation using a realistic set of passenger baggage scans demonstrated signi icant quality improvement 
in terms of PD and PFA. The proposed segmentation algorithm splits the merged objects by tight packing 
and corrects the partial loss due to the metal artifacts. Our classi ication helps differentiating targets from 
non-targets, decreasing false alarms. These are all factors that can lead to improved target detection in ATR 
systems.

C.3. Research on electron microscopy 

So far, we have developed a segmentation procedure that is faster and more robust than the state-of-the art 
method. The speed improvements have come from devising an ef icient segmentation routine, while the ro-
bustness improvements have come from employing an MBIR routine to clarify the edges of the nanoparticles 
imaged by the FIB-SEM system.

C.4. High performance reconstruction

In summary, we made the following contributions: 
• A method for iterative reconstruction based on the use of spatially localized voxels in 2 dimensions that 

allows for the ef icient use of the memory hierarchy. 
• A method for iterative reconstruction that reorganizes stored measurements corresponding to a super-

voxel so that the associated stored measurements are straightened to be in memory locations that can be 
ef iciently accessed by the computer. 

• A method for supervoxels to be updated out of order to speed up convergence. 
• A method to update supervoxels in parallel. 
• An experimental evaluation of the techniques showing overall performance gains, improvements in local-

ity and a study of how each contribution bene its the performance of the algorithm.

D. Milestones

D.1. Research on reconstruction
The simultaneous beam hardening parameter estimation provides a framework for a relatively simple cor-
rection of artifacts. Reconstructed images show improvement visually but the current version of MBIR ap-
plied to the provided data does not yet yield a clear overall win in the detection stage. Several aspects of the 
problem would deserve attention in subsequent, related research:
• Modeling aimed directly at metal characteristics: Our adaptations of MBIR have been relatively generic; 

attempting to perform beam-hardening correction and data down-weighting to compensate for the large 
errors encountered on metal projections. A number of more focused methods for metal correction are 
available and could aid these efforts.

• Resolution boosting in rebinned data: There appear to be resolution limits in the data used in this study 
which may originate in the rebinning process. MBIR relies on accurate system modeling to create its ben-
e its and we should enhance our system model to include whatever resolution loss may affect the data.

• Advanced a priori image modeling: More sophisticated, adaptive stochastic image models may allow sig-
ni icantly smoother homogeneous regions in our reconstructions without sacri icing edge resolution.
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D.2. Research on electron microscopy

We are still in the early stages of development for the denoising/segmentation procedure. There are many 
potential improvements to our work. In the short term, we are working toward improving our forward mod-
el of the stack of slices, as the thickness of the stack when the present image is collected is known to be a 
parameter of the image. This parameter is, as of yet, unaccounted for in the forward model part of our MAP 
estimate. Our next task is likely the implementation of a segmentation algorithm that is faster. Our hope is 
that we can assemble a cohesive denoising/segmentation software package because these two constituent 
parts of our procedure are by and large disjoint.

D.3. High performance reconstruction

With this work, the commercialization of the ICD algorithm becomes a possibility by taking advantage the 
power of supercomputing and the concept of supervoxels. As a next step, we plan to implement the PSV-ICD 
algorithm on GPU and commercialize it so that the Department of Homeland Security (DHS) may employ this 
algorithm on CT scanners at airports.

III. RELEVANCE AND TRANSITION

Our transition task was, by its very design, highly relevant to the goals of DHS in improving the detection of 
threats in checked baggage while minimizing the cost related to secondary inspection. We have shown that 
an alternative method of MBIR and ATR provides the sort of quality improvement that is likely to move the 
detection/false alarm probability curve above its present placement. The reconstruction/segmentation deal-
ing with merged/divided objects by tight packing/metal artifacts is a signi icant gain and we are con ident 
that this will translate into more ef icient automated detection performance.
Our collaboration with Morpho Detection provides immediate industrial feedback on viability of our meth-
ods. Those aspects of our work proving themselves commercially feasible will likely be adopted by Morpho, 
but will, in any case, be available to the security community. Additionally, High Performance Imaging is in 
place as a commercialization path under management of the PIs.

IV. PROJECT DOCUMENTATION

A. Peer Reviewed Journal Articles

Pending -

1. P. Jin, C. Bouman and K. Sauer, “A Model-Based Image Reconstruction Algorithm with Simultaneous 
Beam Hardening Correction for X-Ray CT”, to appear IEEE Transactions on Computational Imaging, 
2015.

B. Peer Reviewed Conference Proceedings

1. P. Jin, D. Ye, C. Bouman, “Joint Metal Artifact Reduction and Segmentation of CT Images Using Dic-
tionary-Based Image Prior and Continuous-Relaxed Potts Model”, IEEE Int’l Conf. Image Processing, 
2015

C. Software Developed

1. Algorithms
a. Our principal focus has been algorithm development in implementation of ATR for the CT bag-
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gage scan screening. Transition into application is envisioned with subsequent work on compu-
tational ef iciency.
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