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II. PROJECT DESCRIPTION

A.	 Project	Overview	and	Significance

As the problem of identifying suicide bombers wearing explosives concealed under clothing becomes in-
creasingly important, it becomes essential to detect suspicious individuals at a distance. Systems which em-
ploy multiple sensors to determine the presence of explosives on people are being developed. Their functions 
include observing and following individuals with intelligent video, identifying explosive residues or heat sig-
natures on the outer surface of their clothing, and characterizing explosives using penetrating X-rays [1] [2], 
terahertz waves [3, 4, 5], neutron analysis [6, 7] or nuclear quadrupole resonance (NQR) [8, 9]. At present, 
radar is the only modality that can both penetrate and sense beneath clothing at a distance of 2 to 50 meters 
without causing physical harm. 
The objective of this project is the hardware development and evaluation of an inexpensive, high-resolution 
radar that can distinguish security threats hidden on individuals at mid-ranges (2-10 meters) using an “on-
the-move” configuration and at standoff-ranges (10-40 meters) using a “van-based” configuration (see Fig. 1 
on the next page).
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  (a)

 (b)
Figure 1: General sketch of the inexpensive, high-resolution radar system used for detecting security threats (a) at 
mid-ranges using an “on-the-move” configuration, and (b) at standoff-ranges using a “van-based” configuration.

B. Technical Approach
The outcome of this project would be the first inexpensive, high-resolution radar system with special applica-
tion to detecting and identifying potential suicide bombers. Its uniqueness is based on its ability to work on 
multistatic configurations, in which the information from multiple receivers and transmitters are coherently 
combined by using a common local oscillator.  This project has the potential to be the first radar system that 
is capable of functioning at multiple ranges for both indoor and outdoor scenarios. A state of the art analysis 
is incorporated into section II.D.
Table 1 on the next page shows the algorithmic development road map, needed to go from a 3D mechanical 
scanning imaging system (Generation 1 [10]) to a 3D fully electronic scanning imaging system (Generation 
3 [11,12]). An intermediate imaging system (Generation 2) -- capable of imaging small targets in a fully elec-
tronic fashion and large targets in a hybrid electrical/mechanical fashion--  will be used for a smooth transi-
tion between Generation 1 and Generation 3 imaging systems.
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Table 1:  Algorithms roadmap towards a fully electronic radar imaging system: from Generation 1 [10] to Generation 
3 [11, 12]. 

During the last year, the following activities were developed for this project: 1) Nesterov-based Compressive 
Imaging using synthetic data and experimental data from the Gen-1 system (Tasks- 1.3); 2) Accelerating Nes-
terov-based Compressive Imaging using multistatic FFT (Task- 1.4); 3) ADMM-based Compressive Imaging 
using emulated synthetic data of a potential Gen-3 system (Task-3.3 and Task 3.5). This project is intimately 
related to the ALERT project R3-B.1: Hardware design for “Stand-off” and “On-the-Move” Detection of Secu-
rity Threats; in which the imaging algorithms for this hardware system have been developed. Additionally, 
many of the technology and techniques developed for this project are commonly used in near-field applica-
tions by other ALERT projects, including R3-A.1 and R3-A.2.

C. Major Contributions

A summary of the Year 2 major contributions can be found in Table 2 on the next page.
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Accelerated Nesterov-based Compressive Imaging using synthetic data and experimental data from the Gen-1 
system

	Outcome 1.1 –Acceleration of the Nesterov-Based Algorithm Gen-1 mm-wave imaging 
system. 

	Outcome 1.2 – 3D validation with synthetic and experimental data in the Gen-1 system.

Accelerating Nesterov-based Compressive Imaging using multistatic FFT.

	Outcome 2.1 –2D implementation of the Fast Nesterov-Based and multistatic FFT Algo-
rithm.

	Outcome 2.2 – 2D validation with synthetic data.

ADMM-based Compressive Imaging using emulated synthetic data of a potential Gen-3 system.     

	Outcome 3.1 –3D implementation of the Fast CS imaging ADMM Algorithm.
	Outcome 3.2 – 3D validation with synthetic data and a Gen-3 configuration.

Table 2: Summary of this year’s major contributions.

D. State of the Art, Milestones and Results 

D.1.          Nesterov-based Compressive Imaging using synthetic data and experimental data from the Gen-1 system

This year, we have studied a novel 3D Nesterov-based Compressive Sensing (CS) imaging algorithm for our 
Gen-1 system. The idea is to study the reduction on the minimum number of receivers with respect to stan-
dard Synthetic Aperture Radar (SAR) imaging to accurately recover the geometry of the Object-Under-Test. 
Since CS imaging algorithms are iterative, they require the evaluation of multiple forward and backward 
projections; and, therefore, 3D CS poses a substantially increased computational cost when compared to that 
associated with typical SAR imaging algorithms, which is non-iterative.  In this study, we study how splitting a 
large problem into a combination of small ones can accelerate high resolution imaging. These small problems 
can be solved via parallelized 3D CS, resulting in calculation time savings. We have validated this approach 
with simulations and measurements.

D.1.a.  Problem motivation

Data acquisition time is one of the limitations for the development of real-time sensing systems in fields 
such as electromagnetic or acoustics, and several techniques have been proposed to address this issue. From 
the mechanical point of view, fast systems capable of moving sensors across the acquisition domain in few 
seconds [10] have been proposed. As an alternative to mechanical systems, electronically-based scanning 
provides a faster and more reliable solution, but at the expense of increasing the complexity of the sensing 
system, and thus, the cost [11]. Hybrid solutions, such as [12], reduce acquisition time while keeping system 
implementation affordable. 
Other approaches are based on the reduction of the number of samples, enabling the use of arrays of sensors 
with a reduced number of elements. For this goal, Compressed sensing (CS) [13], [14] a relatively novel signal 
processing theory, has been found of great interest. According to CS theory, sparse signals can be recovered 
using far fewer samples or measurements than those required by the Nyquist sampling criterion, and it also 
improves the number of samples required by optimum sampling methods [16].
Recently, CS has been widely discussed and studied in different imaging areas such as medical [17], [18], 
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ultrasound [19] and electromagnetics [20-21]. Most of the existing works are focused on 2D CS, only few 
have extended CS to 3D [22], [23]. Even though CS allows a dramatic reduction in the number of samples 
(up to 75% reduction with respect to Nyquist sampling rate for 2D problems [24]), calculation time is one 
of the major CS drawbacks, which presents a challenge for real-time imaging applications. Some efforts have 
helped, such as GPU implementation and CS algorithm parallelization [25, 26]. However, speedup is still low 
if compared to other imaging techniques [27]. 
In the field of mm-wave imaging, the Object-Under-test (OUT) reflectivity is, in most of the problems, a sparse 
collection of pixels in the imaging domain [14]. Thus, CS feasibility for this kind of problem has been demon-
strated in [24], where a 3D problem is treated as a combination of stacked 2D slices. 
This contribution improves 3D CS applicability in the field of mm-wave imaging with the aim of reducing the 
number of required field samples and thus, the acquisition time, resulting in a low-cost imaging system with 
reduced or inexistent mechanical movement. 
The main contributions and novelties of this work are the following: i) Proper extension and validation of 3D 
CS applied to mm-wave imaging, discussing the reduction on the number of samples and the impact in the 
computational cost. ii) Introduction of a novel method for computation time reduction consisting of splitting 
the original large problem into several small ones; each problem can be solved concurrently with 3D CS, all of 
which are then combined to get the final imaging results.

D.1.b.  Compressive sensing formulation

Compressed Sensing (CS) [13, 14, 28, 29] is a relatively novel signal processing theory, which states that 
sparse signals can be recovered using far fewer samples or measurements than those required by the Nyquist 
sampling criterion. A set of scattered field measurements, y ∈ CL, can be represented in terms of a sensing 
matrix, Ψ∈ CLxN, as:
        (1)

where ρ ∈ CN denotes reflectivity values. Elements ψ l,n of Ψare given by:

                 (2)

where Rl,n is the distance between the imaging domain points (xn’, yn’, zn’) and the observation points (xl, yl, zl): 

          (3)

L = F x P, with F the number of selected frequencies and P the number of observation points; N is the number 
of points in the unknown vector; 

           
represents the phase of the incident field at n-th reflectivity point for 

a given l-th combination of frequency and position; and kl is the wavenumber for the l-th combination. In 
consequence, wavenumber vector k,                 vector, and scattered field observation points vectors x, (and y, 
z by analogy) are created as follows:
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The signal y is N≠0-sparse if it is a linear combination of only N≠0  basis vectors;  that is, ρ only has N≠0 non-zero 
coefficients, with N≠0 << N.  The subsampled signal ys ∈ CLCS, is acquired by linear projection ys = Φy, with Φ∈ 
CLCSxN. LCS denotes the minimum number of measurement samples, so that LCS << L.

       (5)
where Θ is an LCS × N matrix. Eq. (5) is underdetermined, that is, it has an infinite set of solutions.  Neverthe-
less, it has been shown that it is very likely to recover ρ provided that it is a sparse signal and that matrix Θ 
obeys a Restricted Isometry Property (RIP), by means of convex programming:     

  
1

min N sC
subject to y

ρ
ρ ρ

∈
= Θ        (6)

When the samples are corrupted with noise, as occurs in real problems, the minimization problem that is 
solve is the following:

     1 2
min N sC

subject to y
ρ

ρ ρ ε
∈

−Θ <  (7)
Norm-u is defined as:

       (8)
A number of efficient algorithms for solving Eq. (7) have been developed. In this work, the performance of the 
proposed Nesterov-based algorithm [29] is compared to that of a well-known algorithm the SPGL-1 [21]. A 
cross-validation technique described in [28] is used to determine the value of the regularization parameter, 
ε. In mm-wave imaging applications [24], as those presented in this work, the reflectivity vector is expected 
to be sparse. Even more, as pointed out in [14, 31], if one seeks for non-zero reflectivity values, a sparser rep-
resentation can be found by minimizing the reflectivity gradient instead of the reflectivity. The reason is that 
the gradient of the reflectivity will contain non-zero values near the boundary of the OUT only. In this case, 
the Total Variation (TV) minimization is more suitable for sparse recovery. The TV minimization problem is 
expressed mathematically as:

     1 2
min ,N sC

subject to y
ρ

ρ ρ ε
∈

∇ −Θ <  (9)

with ρ∇  the gradient of the reflectivity vector. The TV minimization is thus equivalent to the minimization of 
norm-1 of the module of the reflectivity gradient. Moreover, it has been observed that the sparse signal can 
be accurately recovered with a number of samples of LCS ~ 4N≠0 [32] (where N≠0 is the number of non-zero 
elements in the image). Thus the expected number of non-zero reflectivity pixels of ρ, N≠0, is related to the 
minimum number of samples (ys vector) LCS to be used for the reconstruction. LCS = PCS x FCS, analogue to the 
definition of L. It is important to notice that in mm-wave imaging of a human person, the number of non-zero 
pixels can be easily estimated by knowing the resolution of the imaging system and the “average” surface area 
of a person under test.

D.1.c.  Validation of the proposed algorithm

The proposed Nesterov-based 3D CS is validated by means of simulation and measurement-based examples. 
An AMD Opteron 8378 workstation, with 128 GB RAM and 16 cores at 2.40 GHz is used for calculations. For 
all the examples, memory consumption is less than 8 GB, which nowadays is achievable in any conventional 
computer. Thus, concerning computational cost, only calculation time will be considered as a figure of merit. 
Codes are run in single-core mode, i.e., one execution thread. 

 

ALERT  
Phase 2 Year 2 Annual Report 

Appendix A: Project Reports 
Thrust R3: Bulk Sensors & Sensor Systems 

Project R3-B.2



D.1.c.i.  Validation using synthetic data

3D CS sampling requirements are determined by the OUT size. This simulation-based example studies 3D CS 
performance for electrically large objects. The acquisition setup is shown in Figure 2: the incident field is a 
plane wave, whereas the scattered field is collected over a cylindrical aperture of radius = 30 cm, height = 30 
cm, and a 60º arc. The scattered field is acquired every 1º in the angular domain and every 1 cm in the z-ax-
is, resulting in P = 1891 observation points. The frequency band is 55-65 GHz (range resolution = 15 mm), 
sampled every 500 MHz (F = 21 frequency samples). The reconstruction domain is a (Nx, Ny, Nz) = (20, 10, 
20) cm box, sampled every 0.625 cm along each dimension, yielding N = 18513 voxels. The OUT consists of 
a 10x10 cm metallic plate with 2 bumps that can be enclosed using N≠0 ∼ 500 voxels of 0.625 cm-side. OUT 
size is then 21.7 x 21.7 x 2.7 λ at 65 GHz.

Figure 2: Scattered field (amplitude, dB) on the observation domain. Blue dots represent PCS = 227 random aperture 
samples. The OUT is depicted in gray.

Concerning the 3D CS application, the number of samples that ensure proper OUT recovery is LCS ∼ 4 N≠0 = 
2000, that is, 20 times less than standard SAR (L = P x F = 1891 x 21 = 39711 samples for SAR, see Table 3). 
The proposed Nesterov-based 3D CS reconstruction capabilities are tested using random sets with 24%, 12% 
and 6% of the receiving spatial samples required by standard SAR (P = 1891), that is, PCS = 454, 227, and 114 
respectively. Moreover, a subset of FCS = 5 out of F = 21 frequency samples is considered, yielding LCS = PCS x FCS 
= 2270, 1135 and 570. That is 17.5x, 35x, and 70x savings in the number of samples.

Method Aperture sam-
ples

No. of field 
samples

Calculation 
time

ISNR (dB) Results shown 
in …

SAR P = 1891 L = 39711 65 s 18.3 Fig. 3 (a,b)

TV PCS = 454 LCS = 2270 4500 s 23.5 Fig. 3 (c,d)

TV PCS = 114 LCS = 570 1130 s 23 Fig. 3 (g,h)

TV 114 x 10 570 x 10 1130 s (*) 21 Fig. 4

(*) Full parallelization is assumed. SAR: Inverse SAR imaging. TV: Total Variation Compressed Sensing.
Table 3: Summary of the simulation-based result.
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For the imaging results depicted in Figure 3, both standard a) and b) and 3D CS results with PCS = 454 ap-
erture samples c) and d) show good reconstruction results. Image quality can be assessed with the Image 
Signal-to-Noise Ratio (ISNR), defined in Eq. (15) of [28]. For this example, image ISNR is 18.3 dB and 23.5 
dB for SAR and 3D Nesterov-based CS, respectively, as shown in Figure 3 and Table 3. When the number of 
samples is smaller than 4 N≠0, 3D Nesterov-based CS is not able to provide a proper reconstruction of the OUT 
geometry. This effect is shown in Figures 3e-f, in which PCS = 227 aperture samples are considered; and also 
in Figures 3g-h, with PCS = 114 aperture samples. For this last case, the OUT is clearly not properly recovered. 

Figure 3: Recovered geometry. XY view (left) and XZ view (right). (a), (b) Standard SAR imaging. (c), (d) Nesterov-based 
CS with PCS = 454 aperture field samples. (e), (f) Nesterov-based CS with PCS = 227 samples. (g), (h) Nesterov-based CS 
with PCS = 114 samples.
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Standard SAR calculation time is 5 s per frequency, yielding 65 s overall. 3D Nesterov-based CS, with PCS = 454 
aperture samples (LCS = 2270), takes 4500 s, 70 times slower than SAR. Aiming to reduce the calculation time, 
the 3D CS problem is split into smaller problems: 10 random sets of PCS = 114 aperture samples are created, 
with FCS = 5 each (LCS = 570). Then, the 10 resulting images are combined in a single image, as shown in Figure 
4. Even though none of the individual reconstructions using PCS = 114 is able to recover the OUT (see Figs. 3g-
h), combination of 10 cases provides a correct reconstruction. The main advantage of this strategy is related 
to calculation time reduction: if the 10 3D CS problems are computed in parallel, calculation time would be 
decreased from 4500 s to 1130 s. 

ISNR = 21 dB ISNR = 21 dB

Figure 4: Recovered geometry. Combination of 10 CS images with 114 samples each: XY view (left) and XZ view 
(right).

From a practical point-of-view, creating 10 random sets of sampling points increases the number of mea-
surements, and thus, the acquisition time. In the worst case, assuming the random points do not overlap, the 
number of samples would be 114 x 10 = 1140. For this example, after combining the 10 random sets, it is 
found that 386 positions are repeated at least once, so the number of independent positions is PCS, combined 
= 754 out of P = 1891.  LCS, combined = 754 x 5 = 3770, that is still 10.5 times less information than required 
for standard SAR. To conclude this example, SAR and CS results are summarized in Table 3.

D.1.c.ii.  Validation using measured data from the Gen-1 system

The second example validates the 3D Nesterov-based CS algorithm using measurements collected by the 
Gen-1 mm-wave system. For this experiment, the system works in the 72.08 – 74.66 GHz frequency band 
(yielding 58 mm range resolution). Frequency step is 430 MHz (resulting in F = 7 samples in frequency). The 
transmitting antenna is moved to create a 500x200 mm size synthetic aperture, sampled every 2 mm to avoid 
aliasing, yielding P = 25531 transmitting positions. The total number of measurements is then L = 178717. 
Only one receiver is used in this experiment, which is placed at (x, y, z) = (15, -134, 10) cm. The reconstruction 
domain is a parallelepiped volume of (Nx, Ny, Nz) = (40, 30, 30) cm, sampled every 6.7 mm, resulting in N = 
144000 voxels. A scheme of the described radar setup is depicted in Figure 5 on the next page, and Figure 6 
on the next page shows a picture of the setup.
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Figure 5: Mm-wave radar system layout. Transmitting synthetic aperture: rectangle filled with an image of the field 
intensity. Receiver: blue dot. Reconstruction domain is placed 1.1 m away from the transmitting aperture.

Receiver

Transmitting positions

y

x

z

Object-Under-Test

Transmitter

(a)

(b)

Figure 6: (a) V-band radar setup with the shape and placement of the OUT, and (b) Measured field amplitude (normal-
ized amplitude, in dB) for PCS = 180 randomly selected positions.
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A set of two metallic objects of 2x8 cm and 2x2 cm (see Fig. 6a) is considered as OUT. The OUT is depicted 
with a blue dashed line in Figure 7 (blue dashed line) on the next page.  Concerning 3D Nesterov-based CS 
application, the two metallic plates would fit in N≠0 = 95 voxels in the reconstruction domain box with the 
aforementioned voxel size of 3 (6.7 mm). As the OUT can be accurately recovered with a number of samples 
LCS ~ 4 N≠0, the number of required samples (both in space and frequency domain) would be LCS ~ 380. Stan-
dard SAR imaging (results are depicted in Fig. 8a on the following page) requires P = 25531 spatial samples 
times F = 7 frequencies (L = P x F = 178717), so the proposed 3D Nesterov-based CS would reduce the num-
ber of samples by a factor of L / LCS = 470. However, in practice, the presence of noise and measurements in-
accuracies prevents 3D CS from converging with such a reduced number of samples. Convergence is achieved 
with, at least, PCS = 180 aperture samples and FCS = F = 7 frequencies (LCS = 1260), which is still 141 times 
reduction with respect to standard SAR. 
Several random sets of PCS = 180 (depicted in Fig. 6b for illustration purposes) and PCS = 110 have been creat-
ed for 3D CS evaluation. Figure 7b on the next page corresponds to the case with PCS = 180 (LCS = 1260). Both 
objects are properly covered, removing range sidelobes that appear in standard SAR imaging (see Fig. 7a).  If 
the number of samples is decreased to PCS = 110 (LCS = 770), artifacts appear in the 3D CS image (see Fig. 7d). 
ISNR is related to the image sparsity and thus, even when the OUT is not properly recovered for PCS = 110, 
ISNR is even higher than for PCS = 180. 
For comparison purposes, the set of PCS = 180 samples has been processed with the SPGL-1 solver [30], 
shown as the results plotted in Figure 7c on the next page. Even when the image is sharper (ISNR rises up to 
40 dB), OUT profile is not recovered as accurate as with the TV minimization (see Fig. 7b).  Results for PCS = 
110 samples can be improved by combining 10 random sets. TV is able to properly recover the OUT shape 
(see Fig 8a on the following page). However, SPGL-1 solver does not provide a proper OUT image, despite 
having again higher ISNR (see Fig. 8b). The calculation time is increased with respect to Section III.A, due to 
the larger number of voxels in the reconstruction domain. Standard SAR takes 390 s per frequency, yielding 
2750 s overall calculation time. The proposed 3D Nesterov-based TV CS with LCS = 1260 samples requires 
85000 s, 31 times slower than standard SAR. For LCS = 770, 3D CS calculation time is 51500 s. As a reference, 
SPGL-1 solver is 6.5x faster than the implemented TV algorithm, as shown in Table 4 on the following page, 
but the quality of the reconstruction of the proposed Nesterov-based approach is better than that of the 
SPGL-1.
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ISNR = 26.2 dB ISNR = 34.5 dB
(a)

ISNR = 35.5 dBISNR = 40 dB(c) (d)

(b)

Figure 7: Recovered top and front view images. Normalized amplitude, in dB. (a) Standard SAR. (b) CS with PCS = 180. (c) 
SPGL-1 solver with PCS = 180. (d) CS with 110 receivers. Blue dashed lines represent the OUT contour.
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ISNR = 37.6 dB
(a)

ISNR = 42.5 dB (b)

Figure 8: Recovered images combining 10 cases with 110 randomly selected positions on each. Normalized ampli-
tude, in dB. (a) CS Total Variation. (b) SPGL-1 solver.

Method Aperture  
samples

No. of field 
samples

Calculation 
time

ISNR (dB) Results shown 
in …

SAR P = 25531 L = 178717 2750 s 26.2 Fig. 7 (a)

TV PCS = 180 LCS = 1260 85000 s 34.5 Fig. 7 (b)

SP PCS = 180 LCS = 1260 12500 s 40 Fig. 7 (c)

TV PCS = 110 LCS = 770 51500 s 35.5 Fig. 7 (d)

TV 110 x 10 770 x 10 51500 s (*) 37.6 Fig. 8 (a)

SP 110 x 10 770 x 10 7850 s (*) 42.5 Fig. 8 (b)

In summary, the proposed 3D Nesterov-based algorithm is capable of reducing up to 141 times the number 
of samples needed for imaging when compared to standard SAR. Conversely the price-to-pay is the huge 
increase in the calculation time, which is in the order of the sampling rate reduction. Splitting the initial 
problem into several subsets with reduced number of samples can be computed in parallel, thus enhancing 
the computational cost.  It is important to mention that 3D imaging time of 51500s is far from real time appli-
cations; however, there are several techniques that can be implemented in order reach a real time implemen-
tation. Some of them include but are not limited to the following: 1) Reducing the resolution of the imaging 
system and therefore the size of the sensing matrix A (this option can easily provide real-time images by 
degrading the performance of the system, so it is not the desired route to follow); 2) perform fast matrix-vec-
tor products using multistatic FFT (preliminary results of this approach are presented in the next section); 
3) perform  consensus-based imaging, where smaller matrices are inverted, using the Alternating Direction 

(*) Full parallelization is assumed. (**) Proposed mechanical system. SAR: Inverse SAR imaging. TV: Total Variation CS. 
SP: SPGL-1 CS.

Table 4: Summary of the measurement-based results.
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Method of Multipliers (ADMM) (preliminary results of this approach for a Gen-3 system using a Compressive 
Coded Reflector Antenna are discussed in this report too). 

D.2.  Accelerating Nesterov-based Compressive Imaging using multistatic FFT

As briefly stated in the last paragraph of the previous subsection, the proposed 3D Nesterov-based Compres-
sive Sensing (CS) imaging for our Gen-1 system is still far from producing high resolution real-time images. 
In order to enhance its performance, the matrix-vector forward and inverse projections required by the Nes-
terov-based CS algorithm are replaced by fast FFT-based projections. In this way, the Nesterov-based CS im-
aging algorithm can be substantially accelerated when compared to the performance produced by traditional 
SAR imaging.  This year we have studied the suitability of this method in 2D.

D.2.a.  Problem motivation

This work presents a novel imaging algorithm based on the combination of a Fourier-based inverse method 
and Nesterov-based Compressive Sensing (CS) technique.  In a previous work [33], CS techniques combined 
with a standard back-propagation inversion were used to reduce the number of measurements necessary 
to create a radar image. The main drawback of this iterative reconstruction approach is that matrix vector 
products, involving the sensing matrix in the forward projection and  the  pseudo-inverse  matrix in the 
inverse projection, need  to  be  performed  several times in  each  iteration  of  the  CS  algorithm.  Slow for-
ward and inverse matrix-vector products reduce the applicability of the algorithm in quasi-real-time imaging 
applications. In order to solve this issue, the use of multistatic Fourier-based forward and inverse operators, 
as the method presented in [34], is proposed as a suitable algorithm to accelerate matrix-vector products in 
iterative CS imaging applications.

D.2.b.  Problem formulation

Similar to 3D cases, the imaging problem in 2D can also be expressed as                             , where A is a forward 
operator;                   is the unknown complex vector, with       the number of unknowns;                  is the measured 
complex field data, with  the number of receivers times the number of frequencies; and  
represents the noise collected by each receiving antenna for a given frequency. CS theory [35], [36] states 
that a solution can be recovered using fewer samples than those stated by the Nyquist criterion, when certain 
conditions are satisfied. The reconstruction is performed by solving the following convex   problem:

                         (10)

where            is the Total Variation (TV) norm of the reflectivity vector,                        is the 2-norm of the re-
sidual error, and ∈ is an upper bound for the residual error. The TV norm considers partial differences in 
cross-range and range. The algorithm described in [37] has been used to perform the inversion. The forward 
operator is used to calculate the accuracy of the solutions obtained at every step of the iterative CS inversion. 
Each of these solutions is calculated by a function that uses both forward and inverse operators that relate re-
flectivity and measured field. The inverse operator implements the backpropagation to obtain the reflectivity 
of the target area                     from the measured electric field on the observation points                  as:

       (11)
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where (xinc, yinc, zinc) is the position of a point source-like transmitter, k = 2πf/c. Given the reflectivity func-
tion of an object                        , the forward operator provides the field scattered on the observation points as:

          (12)

In the previous work [33], the forward and inverse operators were implemented using the standard oper-
ators in Eqs. (11) and (12), implemented as the product of a sensing matrix and a vector. In this work, the 
inverse operator is defined as a fast Fourier-based inversion method [34]. The forward operator has been 
implemented in a similar way, using a method based on the Fast Fourier Transform (FFT) to calculate the 
fields generated by a given reflectivity. 
As stated in [34], the interpolation is the slowest step of the process. This problem was also present in the 
new forward method. In order to overcome this limitation, the interpolation was replaced by a multiplication 
of the data in the original grid and a sparse interpolation matrix. This interpolation matrix reflects the rela-
tionship between the points on the original grid and the interpolated grid, thus it only depends on the geome-
try of the problem and can be pre-calculated. This matrix is sparse because any point of the interpolated grid 
depends only on its close neighborhood, which further reduces the computation time. 

D.2.c.  Preliminary results using synthetic data in 2D

The performance of the new method is compared with the method presented in [33] using a multistatic 
configuration. Figure 9 on the next page depicts the geometry of the problem. The distance between the 
antennas and the center of the reconstruction domain is 1 m. The transmitter is located at the center of the 
receiving array. The full array of receivers is composed by 121 antennas, but only a random subset of 30 of 
them is considered for the sparse array. The center frequency of the system is 60 GHz, and 25 frequencies in 
a bandwidth of 6 GHz are used.
For comparison purposes, the reconstructed image obtained with traditional backpropagation using the full 
array of receivers is used, depicted in Figure 10a on the following page. CS techniques are applied to recov-
er the image when the array is sparse. The reconstruction of the image using CS combined with standard 
backpropagation method is represented in Figure 10b on the following page. As stated in [33], the recovered 
image has a narrower profile than the image created from the full array. The computational time necessary to 
perform the inversion is 40 seconds. Figure 10c on the following page shows the image reconstructed with CS 
combined with Fourier-based techniques (CS-Fourier). This image is similar to the results of the CS combined 
with backpropagation method, but the inversion only takes 4 seconds. 
In summary, this year we have studied a new inversion method that combines Fourier-based backpropaga-
tion for multistatic systems and CS techniques. This combination results in successful inversions that are 
one order of magnitude faster than current state of the art 2D iterative reconstruction algorithms. Superior 
acceleration factors are expected when applying this technique to the 3D case. The presented results improve 
the quality of the images generated using traditional non-iterative approaches in terms of range resolution 
and image signal-to-noise ratio. 
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Figure 9: Geometry of the numerical example. The green contour represents the target, the transmitter is the blue cross 
at (cross-range, range) = (0, 1) m., the receivers for the full array are the red dots, and the black circles represent the 
receivers used in the sparse array.
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D.3.  ADMM-based Compressive Imaging using emulated synthetic data of a potential Gen-3 system     

This year, we have studied a novel ADMM-based Compressive Imaging using emulated synthetic data of a po-
tential Gen-3 system. The advantage of the ADMM is that it can formulate the imaging problem as a consensus 
problem: (1) the big sensing matrix is divided into smaller sub-matrices, (2) each sub-matrix is then inverted 
in parallel, and (3) a consensus between all the solutions is reached afterwards. The main advantage of this 
method is the full parallelization of the imaging algorithm. The ADMM imaging algorithm has been tested us-
ing synthetic Gen-3 system data, in which a Compressive Reflector Antenna is used to emphasize the singular 
values of the sensing matrix, thus enhancing the sensing capacity of the imaging system [38]. 

D.3.a.  Problem motivation

Reducing the cost of sensing and imaging devices is a necessity before they can be ubiquitously deployed as 
a part or a large-scale network of sensors. Recently, the lead-PI of this project proposed a single transceiver 
Compressive Reflector Antenna (CRA) as a way to provide high-sensing-capacity with a minimum cost and 
complexity in the hardware architecture [38]. The imaging algorithm used by the CRA was based on nov-

Figure 10: (a) Recovered reflectivity [dB] when using the full array of receivers; (b) Recovered reflectivity [dB] when 
using the sparse array of receivers and CS-backpropagation method; (c) Recovered reflectivity [dB] when using the 
sparse array of receivers and CS-Fourier method.

(a) (b)

(c)
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el norm-one-regularized iterative Nesterov-based Compressive Sensing (CS) technique, which is slow and 
computationally very expensive. In order to overcome these imaging barriers, this year we have studied a 
new fully-parallelizable, consensus-based imaging algorithm that utilizes the Alternating Direction Method 
of Multipliers (ADMM) formulation.

D.3.b.		 General	overview	of	the	Compressive	Reflector	Antenna

The concept of operation of the CRA relies on two basic principles: 1) spatial codification, introduced by a 
customized reflector; and 2) CS imaging, performed on the measured data. The CRA is fabricated by intro-
ducing discrete scatterers, Ωi, on the surface of a Traditional Reflector Antenna (TRA), as shown in Figure 11. 
Each scatterer Ωi is characterized by the electromagnetic parameters {σi	,	μi , ∈i}  and the scatterer size {Dx , Dy, 
Dz} in                   . CRA and TRA share many geometrical parameters: D, aperture size; f, focal length; h0	, offset 
height. These scatterers generate a spatially coded pattern in the near and far field of the antenna after re-
flecting the incident field produced by the feeding element. When this coded pattern is changed as a function 
of time, CS techniques can be used to generate a 3D image of an object under test.

D.3.c.  Generating the sensing matrix

In the Gen-3 systems, these spatial codes will be changed by adjusting the phase of the elements in the trans-
mitting array. However, in order to reduce the computational cost associated with the simulation, this exam-
ple considers a reflector antenna that is rotated along the axis of the parabola to generate the coded pattern 
in the imaging region. This configuration can be described as a multiple monostatic one, in which data is 
collected during the scan period, ts, where the reflector is rotated θr degrees for r = 1, ... , Nθ . The image recon-
struction is performed in Np pixels, and the system uses Nf frequencies. Under this configuration, the sensing 
matrix                              establishes a linear relationship between the unknown complex vector  

Figure 11: 2D cross-section of a Traditional Reflector Antenna (x > 0), and Compressive Reflector Antenna (x < 0).
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and the measured complex field data                 , with Nt = Nθ . Nf . This relationship can be expressed in a matrix 
form as y =Ax, and it can be solved using a norm-one-regularized ADMM formulation. It is important to men-
tion that the ADMM will work in a similar fashion independently of the sensing configuration (monostatic or 
multistatic).

D.3.d.  ADMM formulation 

The ADMM is a novel method for optimizing convex functions [39], [40]. The general minimization form of 
the ADMM is as follows:

    (13)

where f and g are convex, closed and proper functions. In this paper, the general formulation takes the form 
of the norm-one-regularized lasso problem and it is solved in a distributed fashion called Consensus:

       (14)

where Ai is a submatrix made of rows of A, yi is a subvector of y having the same length as the number of rows 
of Ai, and xi is a copy of the vector x, which is used to solve the problem for each Ai and yi. Equation 14 can now 
be solved by iteratively computing the following sequence of variables:

      (15)

      (16)

      (17)

where ρ is a parameter,  SK(y) is the elementwise soft thresholding operator [41], and  and  are the mean of 
xi and ui, respectively, for all i. Although computing  requires the inversion of a matrix of dimen-
sions n × n , with n being the length of x, the matrix inversion lemma can be used in order to reduce the size 
of the matrix that needs to be inverted as follows:

        (16)

where the subindices  n and n/N indicates the dimension of square matrices.

D.3.e.  Numerical results
The parameters used for the numerical simulation are shown in Table 5 on the following page, as defined in 
[38], resulting in a matrix A of size 93 × 25000. The proposed method divides A into N = 31 submatrices, in 
each optimization of xi; and, therefore, only 31 matrices of dimension 3 × 3 need to be inverted instead of a 
large 25000 × 25000 matrix. This transformative capability of the ADMM highly accelerates the optimization 
process. Figure 12 on the next page shows the imaging results using a traditional pseudo-inverse approach 
and the ADMM algorithm, having a norm-one weight of λ = 15 and a value of ρ = 10 , for a structure of 4 tar-
gets (depicted as the transparent triangles with the black border). The regularized ADMM solution clearly 
outperforms the pseudo-inverse solution in terms of image quality. Additionally, the ADMM algorithm solved 
the problem in just 3s, while the Nesterov-based algorithm [42] used in [38] solved the problem in 203s, thus 
showing the efficacy of the proposed approach.

ALERT  
Phase 2 Year 2 Annual Report 

Appendix A: Project Reports 
Thrust R3: Bulk Sensors & Sensor Systems 

Project R3-B.2



In summary, this year we studied the principles of a new distributed, consensus-based imaging algorithm 
using the norm-one-regularized ADMM for a CRA, which will be used by the Gen-3 system. The proposed 
algorithm outperforms both traditional pseudo-inverse imaging algorithms, in terms of image quality, and 
current state of the art iterative algorithms (i.e. Nesterov-based algorithm), in terms of computational cost 
and image quality.

Figure 12:    Reconstructed normalized reflectivity using (a) pseudoinverse, and (b) ADMM. There are four targets, each 
one is made of eight transparent black triangles (the x,y,z coordinates of the center of each target is indicated in the 
figure)); and the reconstructed reflectivity is presented in the colored map. The ADMM reconstruction is performed 
faster with a reduced number of false alarms.

(a)

(b)
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E. Future Plans

• Accelerated Nesterov-based Compressive Imaging using synthetic data and experimental data from the 
Gen-1 system- For the next years, the follow-on tasks and expected outcomes are the following:

o Tasks 2.3 (next year) – Test and validate the algorithm in the Gen-2 system. Expected outcomes:  
a) Accelerated CS imaging using Nesterov-based algorithm for coherent mm-wave system work-
ing with 400 channels.

o Task 3.3 (after next year) - Test and validate the algorithm in the Gen-3 system. Expected out-
comes:  a) Validation of the algorithm in 2D with synthetic and experimental data; b) Validation 
of the algorithm in 3D with synthetic and experimental data.

• Accelerating Nesterov-based Compressive Imaging using multistatic FFT - For the next years, the fol-
low-on tasks and expected outcomes are the following:

o Tasks 1.4 (next year) – Test and validate the algorithm in the Gen-1 system. Expected outcomes:  
a) Validation of the algorithm in 2D with experimental data; b) Validation of the algorithm in 3D 
with synthetic and experimental data.

o Task 2.4 (next year) - Test and validate the algorithm in the Gen-2 system. Expected outcomes:  
a) Validation of the algorithm in 2D with synthetic and experimental data; b) Validation of the 
algorithm in 3D with synthetic and experimental data.

o Task 3.4 (after next year) - Test and validate the algorithm in the Gen-3 system. Expected out-
comes:  a) Validation of the algorithm in 3D with experimental data.

• ADMM-based Compressive Imaging using synthetic Gen-3 data - For the next years, the follow-on tasks 
and expected outcomes are the following:

o Tasks 2.5 (next year) – Test and validate the algorithm in the Gen-2 system. Expected outcomes:  
a) Validation of the algorithm in 2D with experimental data; b) Validation of the algorithm in 3D 
with experimental data.

o Task 3.5 (after next year) - Test and validate the algorithm in the Gen-3 system. Expected out-
comes:  a) Validation of the algorithm in 2D with synthetic and experimental data; Validation of 
the algorithm in 3D with synthetic and experimental data.

o A new algorithm that has the potential to finally produce true high-resolution, real-time imaging 
will be studied in the following years. 

• Hybrid ADMM/Nesterov-based multistatic FFT Compressive Imaging for Gen-2 and Gen-3 systems- The 
algorithm will be based on doing a spatial decomposition of both the 3D imaging support and the 2D 
radar aperture using an ADMM-type approach; then, the Nesterov-based combined with the multistatic 
FFT will be used to accelerate the calculation of the   step in the ADMM algorithm.   For the next years, the 
follow-on tasks and expected outcomes are the following:

o Tasks 2.6 (after next year) – Test and validate the algorithm in the Gen-2 system. Expected out-

Table 5: Parameters of the numerical example.
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comes:  a) Validation of the algorithm in 2D with experimental data; b) Validation of the algorithm 
in 3D with experimental data.

o Task 3.6 (after next year) - Test and validate the algorithm in the Gen-3 system. Expected out-
comes:  a) Validation of the algorithm in 2D with synthetic and experimental data; Validation of 
the algorithm in 3D with synthetic and experimental data.

III. EDUCATION & WORKFORCE DEVELOPMENT ACTIVITY

A. Course, Seminar or Workshop Development

• Prof. Martinez-Lorenzo has been involved in several ADSA workshops. A more important contribution 
was done for ADSA12, where Prof. Martinez served as a plenary speaker with a talk entitled “Millime-
ter-Wave Sensing and Imaging.” 

• Prof. Martinez also organized and convened a session at the 2015 the European Conference on Antennas 
and Propagation 2014. The session title was “Wave-based sensing and imaging for security applications”.

B, Student Internship, Job or Research Opportunities

• Graduate students Galia Ghazi and Luis Tirado play an important role in our research project. They assist 
in developing new hardware design and integration schemes for the millimeter wave radar system. 

• Our undergraduate students Matt Nickerson, Mothit Bhardwaj, Anthony Bisulco, Chenyang Liu and Luigi 
Annesse, have continued the work started by Siddharth Velu, Thurston Brevett and Shaan Patel in this 
project. They will continue to be one of the pillars of this project. 

• Chenyang Liu and Luigi Annesse joined the group as participants in the ALERT and Gordon-CenSSIS 
Scholars Program. 

• Mohit Bhardwaj and Chenyang Liu have been involved in ALERT as REU students during 2014 and 2015 
summers respectively. 

C. Interactions and Outreach to K-12, Community College, Minority Serving Institution Students or Faculty

• Two high school students, Imani George – Thayer Academy, Class of 2015 and Jenny Dinh – Lowell High 
School, Class of 2015, joined the group over the summer 2014 as a part of the Young Scholars Program at 
NEU. During the summer of 2015, two additional high school students will be joining the group.

• The lead PI participated in the several Building Bridges Program, in which high school students visit 
NEU’s laboratories to have a hands-on research experience in order to engage them in STEM education.

• The lead PI has also participated in the recruitment of undergraduate research students at the 2014 So-
ciety of Hispanic Professional Engineers (SHPE) Conference.

D.  Other outcomes that relate to educational improvement or workforce development

Populating the research group with undergraduates brings homeland security technologies to undergradu-
ate engineering students, and it establishes a pipeline to train and provide a rich pool of talented new grad-
uate student researchers.
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IV. RELEVANCE AND TRANSITION

A. Relevance of your research to the DHS Enterprise

The following features will be of special relevance to the DHS enterprise:
• The non-invasive, minimal disruption on-the-move scanning with quality imaging and high throughput.
• Full body (360 degree) imaging with interrupted forward movement during millimeter wave pedestrian 

surveillance. 
• A small number of non-uniform sparse array of Tx/Rx radar modules minimizing the cost of a practical 

on-the-move system.

B. Potential for Transition

The features of on-the-move have attracted the attention of several industrial organizations and government 
agencies, namely HXI, L3 Communications, Rapiscan and DHS. 
• Industrial transition partners: HXI, Inc.; L3 Communication; Rapiscan; Smiths Detection.
• Target government customers: TSA, DOJ, CBP, Dept. of State.

C. Data and/or IP Acquisition Strategy

The hardware design, integration, and validation performed under this project will continue to generate IP. 
In the past, several provisional patents have been submitted to NEU’s IP office, and our connection with dif-
ferent transition partners will facilitate its transition into industry. Moreover, the hardware will also be used 
to create benchmark datasets that may be used by industry stakeholders in order to assess the performance 
of their reconstruction/imaging algorithms.

D. Transition Pathway 

HXI Inc. has been collaborating with our research team in the R3-B.1 project. Together, HXI and ALERT have 
designed, fabricated, integrated, and validated the radar system. We expect that after the assembling the first 
Gen-3 prototype, HXI will license our IP and transition the technology to the mm-wave imaging market.  Ad-
ditionally, new low-cost miniaturized modules are being developed by HXI for the next generation millimeter 
wave system; some of these components will be tested in ALERT’s testbed.  
The PIs have also established a working relationship with Smiths Detection Systems and L3, which bodes 
well for future collaboration and transition.

E. Customer Connections

Customer Names & Program Offices:
• HXI – Mr. Earle Stewart
• Smiths Detection Systems – Dr. Kris Roe 
• L3 – Dr. Simon Pongratz
• DHS- Dr. Michael Shepard
Frequency of Contact & Level of Involvement in Project: 
• The PIs have weekly meetings with HXI for the project.  
• The companies Smiths Detection Systems and L3 had 3 to 4 meetings with the PIs last year.
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• Dr. Shepard has also visited ALERT during the last year.             
New proposals related to the topic of this research will be submitted to other federal funding agencies. 

V. PROJECT DOCUMENTATION AND DELIVERABLES

A. Peer Reviewed Journal Articles 

1. Y. Alvarez, B. Valdes, J. A. Martinez-Lorenzo, F. Las-Heras and C. M. Rappaport. “SAR imaging-based 
techniques for Low Permittivity Lossless Dielectric Bodies Characterization,” Antennas and Propa-
gation Magazine, Vol. 57 no. 2, April 2015, pp. 267 - 276.

2. Y. Alvarez, Y. Rodrguez-Vaqueiro, B. Gonzalez- Valdes, S. Matzavinos, C. M. Rappaport, F. Las-Heras and 
J. A. Martinez-Lorenzo. Fourier-based Imaging for Multistatic Radar Systems. IEEE Transactions on 
Microwave Theory and Techniques, 62(8):1798–1810, Aug 2014, doi: 10.1109/TMTT.2014.2332307.

3. B. Gonzalez- Valdes, Y. Alvarez, J. A. Martinez-Lorenzo, F. Las-Heras and C. Rappaport. On the Com-
bination of SAR and Model Based Techniques for High-Resolution Real-Time Two-Dimensional 
Reconstruction. IEEE Transactions on Antennas and Propagation, 62(10):5180–5189, Oct 2014. 
doi:10.1109/TAP.2014.2346203.

4. Y. Rodriguez-Vaqueiro and J. A. Martinez-Lorenzo. On the use of Passive Reflecting Surfaces and Com-
pressive Sensing techniques for detecting security threats at standoff distances. International Jour-
nal on Antennas and Propagation, 2014(2014):248351, 8 pages, 2014. doi:10.1155/2014/248351

Pending-

1. K. Williams, L. Tirado, Z. Chen, B. Gonzalez-Valdes, J. A. Martinez-Lorenzo and C. Rappaport. Ray 
Tracing for Simulation of Millimeter Wave Whole Body Imaging Systems. Antennas and Wireless 
Propagation letters, accepted for publication.

2. G. Ghazi, C. Rappaport and J. A. Martinez-Lorenzo. Improved SAR imaging contour extraction using 
smooth sparsity-driven regularization. IEEE Antennas and Wireless Propagation Letters, accepted 
for publication.

B. Peer Reviewed Conference Proceedings

1. Y. Rodriguez-Vaqueiro and J. A. Martinez-Lorenzo. “Standoff detection of security threats using Pas-
sive Reflecting Surfaces and Compressive Sensing techniques,” CD Proc. AP-S 2014, IEEE AP-S Inter-
national Symposium, Memphis, TN, Jul. 2014.

2. B. Gonzalez-Valdes, Y. Alvarez-Lopez, J. Gutierrez-Meana, C. Rappaport, Fernando Las-Heras, A. G. 
Pino and J. A. Martinez-Lorenzo. On-the-Move Millimeter Wave Imaging System Using Multiple 
Transmitters and Receivers. CD Proc., Accepted for publication in EuCAP 2015 — VIII European 
Conference on Antennas and Propagation, Lisbon, Portugal, April, 2015.

3. Y. Alvarez-Lopez, Y. Rodriguez-Vaqueiro, B. Gonzalez-Valdes, Spiros Mantzavinos, Carey Rappaport, 
Fernando Las-Heras and J. A. Martinez-Lorenzo. Multistatic Fourier-based Technique for Radar Sys-
tems. CD Proc., Accepted for publication in EuCAP 2015 — VIII European Conference on Antennas 
and Propagation, Lisbon, Portugal, April, 2015.

4. K. Williams, L. Tirado, B. Gonzalez-Valdes, J. A. Martinez-Lorenzo and C. Rappaport. Ray Tracing Sim-
ulation Tool for Portal-Based Millimeter-Wave Security Systems Using the NVIDIA OptiX Ray Tracing 
Engine. CD Proc. AP-S 2014, IEEE AP-S International Symposium, Memphis, TN, Jul. 2014. 

5. G. Ghazi, L. Tirado, C. Rappaport and J. A. Martinez-Lorenzo. “Coherent Image Formation and Cali-
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bration for Multi-Bistatic Radar Configurations,” CD Proc. AP-S 2014, IEEE AP-S International Sym-
posium, Memphis, TN, Jul. 2014.

6. L. Tirado, G. Ghazi, J. A. Martinez-Lorenzo, C. Rappaport, Y. Alvarez and F Las-Heras. “A GPU Imple-
mentation of the Inverse Fast Multipole Method for Multi-Bistatic Imaging Applications,” CD Proc. 
AP-S 2014, IEEE AP-S International Symposium, Memphis, TN, Jul. 2014.

7. B. Gonzalez-Valdes, J. A. Martinez-Lorenzo and C. Rappaport. “On-the-Move Active Millimeter Wave 
Interrogation System Using a Hallway of Multiple Transmitters and Receivers” CD Proc. AP-S 2014, 
IEEE AP-S International Symposium, Memphis, TN, Jul. 2014.

8. B. Gonzalez-Valdes, J. A. Martinez-Lorenzo, C. Rappaport, Y. Alvarez and F. Las-Heras. “A Hybrid SAR 
Model Based Method for High Resolution Imaging,” CD Proc. AP-S 2014, IEEE AP-S International 
Symposium, Memphis, TN, Jul. 2014.

C. Other Presentations 

1. Seminars
a. Jose Martinez, Stand-off Person Screening Systems, 11/19/2014, DHS
b. Jose Martinez, R3-B: Stand-off Person Screening Systems, 3/10/2015, DHS-ALERT site visit. 
c. Jose Martinez, Millimeter-wave imaging, 3/3/2015, NEU-U.S. Secret Services
d. Jose Martinez, New trends in mm-wave imaging, 3/23/2015, New York Times demo
e. Jose Martinez, Research at the SICA-Lab, 5/14/2015, NEU-Keysight
f. Jose Martinez, Millimeter-Wave Sensing and Imaging, 5/13/2015, ADSA12 Workshop
g. Jose Martinez, HXI-NEU radar system design, integration and validation, 6/8/2015, HXI Inc.

2. Poster Sessions
a. Chenyang Liu, Galia Ghazi, Luis Tirado, Matt Nickerson, Mohit Bhardwaj, Borja Gonzalez, and 

Jose Martinez “Coherent Image Formation and Calibration for Multi-Bistatic Radar Configura-
tions”, 4/2015, RISE: 2015.

b. Anthony Bisulco, Luis Tirado, Galia Ghazi, Matthew Nickerson, Mohit Bhardwaj, Borja Gonzalez 
and José Martinez. “Enhancing Imaging Capabilities of a Standoff Radar System for Security Ap-
plications”, 4/2015, RISE: 2015. 

3. Interviews and/or News Articles 
a. New York Times: http://www.nytimes.com/2015/05/09/us/airport-security-advanc-

es-clash-with-privacy-issues.html?_r=1 

D. Student Theses or Dissertations 

1. Yolanda Rodriguez-Vaqueiro, Compressive Sensing for Electromagnetic Imaging using a Nest-
erov-based  optimization, Northeastern University PhD Thesis, March 2015.

E. Transferred Technology/Patents

1. Full patent application
a. Gonzalez-Valdes, B., Martinez-Lorenzo, J. A. and Rappaport, C., On the move millimeter wave in-

terrogation system with a hallway of multiple transmitters and receivers, US Utility Application 
No.14/562,094. Date of Filing: Dec. 5, 2014.

ALERT  
Phase 2 Year 2 Annual Report 

Appendix A: Project Reports 
Thrust R3: Bulk Sensors & Sensor Systems 

Project R3-B.2



2. International filing
a. Rappaport, C., Mantzavinos, S., Gonzalez-Valdes, B., Martinez-Lorenzo, J. A. and Busuioc D., Mod-

ular Superheterodyne Stepped Frequency Radar System for Imaging, US Patent Application No. 
61/846,215. Date of Filing: July 15, 2014.
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