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FORWARD 

This final report represents our research results on grant DEFC07-95ID13395 from the 
U. S. Department of Energy, Idaho Field Operations Office for an initial &month research 
effort from October, 1995 through April, 1996. The grant, entitled Enhanced Research in 
Ground-Penetrating Radar and Multisensor Fusion with Application to the Detection and 
Visualization of Buried Waste has involved 6 Ph.D. level researchers, 7 graduate students, 
and 2 undergraduate students on 6 separate tasks (each task is a chapter in this final 
report). Recognizing the d%culty and importance of fhe landfill remediation problems 
faced by DOE, and the fact that no one sensor alonecan provide complete environmental 
site chasacterization, a multidisciplinary team approach was chosen for this project. 

Our initial' results in this f is t  sk-month effort are very encouraging. Yet tIiere is still: 
much work to be done. We have developed a multisensor fusion approach that is suitable 
for the wide variety of sensors available to  DOE, that allows separate detection algorithms 
to be developed and custom-tailored to each sensor. This approach is currently being 
applied to the Geonics EM-61 and Coleman step-frequency radar data. The processed 
radar and EM-61 images, along with associated detection algorithms, were not available 
until late in this project, so the results are still being veriiied. 

A s i d c a n t  improvement was obtained in the quality of the results from the Coleman 
stepfrequency radar. Calibration measurement data collected at the Coleman test-range in 
Orlando, Florida were significantly improved by removing through software discontinuities 
in the data due to a hardware phase instability. By applying a backpropagation algorithm, 
we found that we could essentially focus step-frequency radar data from a pipe in air down 
to a point. Improvements were also made in the step-frequency radar data collected from 
the glass-hole mea at Brookhaven National Lab. There, backpropagated vertical cross- 
section radar images were integrated into surface profies at various depth layers. The 
variable-depth surface profiles are particularly useful for finding pit locations and depth to 
buried waste, and show excellent agreement with the EM-61 and EM-31 images. 

Pseudo-inverse scattering algorithms were also developed based on the Born approxi- 
mation and and a farfield approximation for the incident and scattered fields. This algo- 
rithm was applied to experimental data, including the Sensors and Software impulse radar 
data collected at the Idaho National Lab. cold test pit. 

High-resolution array processing techniques were developed for detecting and localizing 
buried waste containers. The MUSIC algorithm was modified to explicitly account for 
near-field physics, and provide direction of arrival estimates and consequently located the 
target using triangulation. The results obtained using simulated data are particularly 
encouraging. 

-4 soil characterization laboratory facility was developed using a HP-8510 network ana- 
lyzer and near-field coaxial probe. Both internal and external calibration procedures were 
developed for de-embedding the frequency-dependent soil electrical parameters from the 
measurements. We found that the external calibration procedure based on a quasi-static 
approximation that is typically used for this purpose is insuflkient for frequencies above 
500 MHz and high-dielectric constant media. -4 new external calibration procedure is being 
developed. The goal is to  eventually have a ruggedized soil characterization facility that 
can be taken to the field t o  perform on-site characterization for a particular environment. 
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Dispersive soil propagation modeling algorithms were also developed for simulating 
wave propagation in dispersive soil media. These algorithms will utilize the soil parame- 
ters measured using the laboratory soil characterization techniques. These algorithms are 
extremely useful for predicting the performance of GPR systems for detecting targets in a 
given inhomogeneous dispersive environment. They are also useful for generating forward 
data for testing inverse scattering and data fusion algorithms. 

A study was performed on the application of infrared sensors to  the landfill remediation 
problem, particularly for providing information on volatile organic compounds (VOC's) in 
the atmosphere. However, this study was limited due to the lack of availability of IR data. 
Models were developed for characterizing IR system performance, measurement scenarios 
were considered, and the idea of using an IR camera in conjunction with a GPR system 
were examined. 

A dust-emission lidar system is proposed for landfll remediation monitoring. Design 
apedkations areoutlined for- a system which could be used to monior dust emissions in a 
hmtiill remedi-ation effort. 

The detailed results of our investigations are contained herein. 
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1 Introduction 

The goal of this sensor data fusion effort is to use complementary and/or redundant 
information contained in the data provided by different sensors to obtain better identifi- 
cation of objects such as waste pits, the water table, rocks, and to be able to differentiate 
these objects from clutter. In other words, the goal is to improve the ratio of probability 
of detection to probability of false alarm, the ratio of probability of correct classification 
to probability of misclassification and the accuracy of characterization (location, size, 
shape) of pits. One of the requirements for this effort is to develop techniques for data 
interpretation that provide, in addition to the characterization information mentioned 
above, some information regarding the certainty (or uncertainty) of the characterization. 
It is desirable that the characterization is represented in a visual form that is relatively 
easy to interpret by humans. 

In this ph-ase of the project we focused our efforts on three tasks: (1) development of 
fusion architecture, (2) development of fusion algorithms, and (3) initial testing of the 
developed algorithms on real data provided to us by the Idaho National Environmental 
Laboratory (INEL). For our experiments, we selected the EM-61 data and the GPR data 
from the Glass Hole site. 

In this report we describe our fusioa approach, our fuzzy logic based fusion algorithms 
and the results of our initial experiments with real data. The algorithms were also 
evaluated on simulated data;’ these tests served the purpose of checking the correctness 
of the fuzzy logic implementation. The simulation was limited to generating geometrical 
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shapes (ellipse3}-of various sizes and at different locations. For each of the ellipses, the 
algorithm's fuzzy rules calculate the possibility of each detection ellipse being a waste 
pit. To verify the logic implemented in the rules we need to have the ground truth 
data. We have been provided with this kind of information in a graphical form. We 
translated the graphical representation into computer representation in which each pit 
was approximated by an ellipse. Visual evaluation of this implementation shows a close 
resemblance of the graphical representation. After testing our fuzzy rules on the simulated 
data, we applied these rules to the (provided to us) detection data from the EM-61 and 
the GPR sensors. 

2 Fusion Architecture 

The process of multisensor data fusion consists of several distinct steps: 

o Data association: alignment of the data such that the measurements from different 
sensors may be represented in a common information space. 

0 Data abstraction: extraction of high-level features from raw or processed data. 

0 Incorporation of symbolic knowledge: process of combining background knowledge 
such as the types of objects we are looking for, features associated with objects and 
relations among features and objects, with features extracted from sensor data. 

These processing modules can be incorporated into two main kinds of architectures: 
(1) fuse-then-abstract architecture and (2) abstract-then-fuse architecture. We have con- 
cluded that this first approach is not practical for this application due to the large number 
of different kinds of sensors, and the fact that these sensors report different types of infor- 
mation, and often in different physical spaces. For ex.ample, the data from a side-looking 
radar (SLUR configuration), after preprocessing and backpropagation is in the form of 
an image, where the horizontal axis represents distance along a surface scan line, and 
the vertical axis represents position along a 45-degree angle into the ground. The EM-61 
sensor data used in our experiments, after gridding interpolation, is a surface image with 
the intensity representing the induced magnetic field at a point. The abstract-then-fuse 
approach is more appropriate for this kind of data. It also allows separate detection al- 
gorithms to be developed for each sensor, and be included in the overall fusion strates.  
The basic structure of the data fusion processing system is presented in Figure 1. 

In this figure, the Feature Extraction block implements detection; the output of 
this block was provided to us in the form of a list of detections. Each detection  vas 
characterized by (qy) coordinates of the center of detection, and or, cy, ow, parameters 
characterizing the sizes of the detected areas. 

The Object Detection block implements fusion with the fuzzy reasoning about the 
possibility of particular ellipses being pits. This block is described in more detail in 

. 
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Figure 1: General Architecture of the Sensor Fusion System 
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the next section. This module combines information extracted from raw data by the 
modules located below it in Figure.1 with background knowledge about both the domain 
of interest (waste buried in pits, waterbeds, clutter) and about particular sensors. The 
knowledge is both qualitathe and quantitative. It deals with qualitative features such 
as ellipse, cluster, water-table, clujter as well as quantitative characteristics associated 
with these features, like x ,  y ,  a,, cy, azy. Additionally, the knowledge must include 
information on the credibility of particular components of knowledge in order to give the 
means for assessing the certainty/uncertainty of particular conclusions. 

3 Fuzzy Logic Based Object Detection 

The 'symEiolic cKa5aeter of the knowledge requires a logical framework for its represen- 
tation and processing with a mechanism for incorporating uncertainty. One approach 
that we are currently investigating is fuzzy logic. One of the advantages of fuzzy logic 
techniques is the ability to represent qualitative knowledge in a language that is relatively 
easily translatable from the natural language. An example of such a fuzzy element of 
knowledge (rule) is the rule for reasoning about location' of a pit based on reports from 
two sensors. Fusing position measurements from two sensors could be achieved simply 
by taking the average of the two positions. However we can create a theory for fusing 
these measurements that exploits the physical knowledge we have of the sensors. We 
have developed an initial theory of how to fuse position measurements from GPR and 
EM-61 and implemented a system using fuzzy logic. 

The system contains rules that evaluate the relative.merit of each measurement based 
on the size of the detected object (calculated from its 6, and ay), total weighted size of its 
GPR neighbors, and total weighted size of its EM-61 neighbors. This algorithm presumes 
that the image has been segnented prior to its application. We discuss segmentation in 
the next section. 

According to the fuzzy logic theory, each of the fuzzy (linguistic) variables, in this case 
these are size of an ellipse, mean distance to its neighbors and total size of its neighbors, 
has values in a fuzzy set. A fuzzy set A differs from a set in the traditional meaning, in 
that its characteristic function takes on values from an interval [0,1] rather than from 
the set (0, 1). This function is said to determine the degree of membership. An example 
of such functions for our application is shown in Figure 2. We selected four linguistic 
values for our variables: tiny, small, mediwm and large. Note that any quantitative value 
can be classified in more than one fuzzy set, but its degree of membership may be different 
for "eih set. For instance, the size of an ellipse may be small with the degree of 0.8 and 
medium with the degree of 0.25. Note also, that these degrees of membership cannot 
be interpreted as probabilities. For instance, if a person is four feet tall, the degree of 
membership in the set short can be 0.99. Certainly, the probability of that person of 
being short is not 0.99; this simply depends on the population of people we are dealing 
with. Fuzzy logic is easy to interpret in terms of multivalent logics in which the truth 
value of a proposition is not simply 0 or 1, but can be anywhere in between. In fuzzy 
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logic, the logical connectives, like A and V, are interpreted as operations on fuzzy sets. 
Typically, the value of a conjunction is computed using the min function, and the value 
of a disjunction is computed using the max function. 

In our system we have implemented a number of rules for reasoning about pits (rep- 
resented by ellipses). An example of a fuzzy rule is: 

If (Sensor Type is gpr) and (Target Size is :medium) 
and (Weighted Size of GPR Neighbors is small) I 

and (Weighted Size of EM-61 Neighbors is medium) 
then (Pit-Possibility is large) (1) 

The weithted size of the neighborhood pit n is calculated using the following equation: 

sizefi.)r- 
i#n dist(i,  n) 

The system calculates the value of Pit-Possibility (we call it pittness) for each el- 
lipse. Note that the value large carries the the entire possibility distribution, like the one 
shown in Figure 2. Also, for the same ellipse, multiple rules can generate different distri- 
butions. The h a 1  outcome then is computed using the interpretation of the conjunction 
operator described above. An example of the result of the application of such rules is 
shown in Figure 3. GPR detections that overlap EMz61 detections are reasoned to have 
a higher possibility of being a pit since our rules incorporate the domain knowledge that 
all pits have metal. 

We have developed a number of rules that collectively constitute theories charac- 
terizing pits, waterbeds, clutter: and sensors. We have tested our approach on simple 
synthetic scenarios. Examples of such scenarios are: 

1. Single pit, uniformly distributed clutter, objects detected by EM-61 are ellipses, 
GPR's objects are ellipses parallel to the surface (fixed depth). 

2. Single pit, uniformly distributed clutter, objects detected by EM-61 are ellipses, . 
GPR's objects are ellipses, watertable objects detected by b0t.h EM-61 and GPR. 

3. Pits found by EM-61 and GPR are of different sizes. 

4. Some of the objects detected by one sensor but not by the other. 

4 Image Segmentation 

The fuzzy system described in the previous section had an underlying assumption that 
the input was a segment of an image, rather than the whole image. This assumption 
was fulfdled in the simulated data, since we simulated ellipses within a relatively small 
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neighborhood. For real data, however, detections are spread over the whole image. In 
order to run the algorithm described in the previous section, the image must be first 
segmented. In our experiments we used the fuzzy clustering algorithm whose basic struc- 
ture is provided with the Fuzzy Toolbox of Matlab. An example of clustering using this 
algorithm is shown in Figure 4. 

5 Fused Object Detection and Identification 

In order to fuse the signals from two different sensors we first need to project the de- 
tections from the two sensors onto a common space. We used a sliced representation of 
the physical space for this purpose. In this model, we can interpret the EM-61 data as 
%projection on one (qy) plane. The GPR d-ata can be interpreted as composed of a 
number of slices. This model is shown in Figure 5. In our initial experiments we used 
only one projection of the radar data. Both the EM-61 data and the projected radar 
data that we were provided with is shown in Figure 6. 

In order to evaluate the correctness of the algorithms, we need to compare the result of 
the algorithm with the ground truth. We were given a report from Soft Earth Associates, 
which contains estimates of the ground truth (in the form of a map). We treat this data 
as ground truth. In order to be able to manipulate it by a computer, we digitized this 
map as a collection of ellipses, similarly like the detection data from the sensors. 

Having this ground truth, we were able to compare the correlation of the detections 
from both the EM-61 sensor and from the GPR. The results of this comparison are 
shown in Figures 7 and 8. As we can see from these figures, the correlation between the 
detections from both sensors and the ground truth is rather low. This low correlation 
makes it difficult to assess the quality of the fusion algorithms. Before we can assess 
the quality of the fusion algorithm the question of whether the. detections from the two 
sensors are not precise or the ground truth is not correct must answered first. The reason 
for questioning the truth data is that the detections from both EM-61 and GPR are more 
closely correlated to each other than either of them are to the ground truth. 

We ran our fusion algorithm on the data shown in Figure 6. The result of this fusion 
is shown in Figure 9. 

6 Conclusions 

In this six-month period we have accomplished a number of tasks. We developed an 
architecture in which detection can be carried out separately for each sensor's data and 
fusion can be performed on these detection data sets. We have experimented with.an 
image segmentation algorithm, which is based upon a fuzzy clustering algorithm. We 
have implemented a fuzzy system for reasoning about pits in each data set separately 
and in both data sets (fusion) concurrently. We have developed a method for comparing 
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the results of the algorithms with respect to the ground truth, which will be very useful in 
our future research. We have also performed initial experiments with the real detection 
data from the two data sets (EM-61 and GPR). Overall, in our first six-month effort 
we have been able to demonstrate that the proposed approach, as described above, can 
be applied to the task of detecting and characterizing pits, recognizing waterbeds and , 

clutter. 

7 Future Research 

The experiments were carried out on simple synthetic scenarios. The main effort of the 
second six-month period should be focused on both expanding the knowledge about the 
b a % - a n c t t h e  sensors, as we€l%s on =e-tuning of this knowledge. -4s mentioned earlier, 
the representation of knowledge includes information about uncertainty. The result of 
processing strongly depends on the assignment of uncertainty to particular elements of 
the knowledge. There are mechanisms for adaptive tuning of this kind of knowledge. 
These methods require iterative access to data. This requirement is relatively difficult to 
fulfill with real data. We propose that the real data be used only for the fine-tuning, while 
coarse tuning be performed based upon simulated data. The simulated data could be also ' 

used for learning (either automatic or human) of the patterns that can be incorporated 
in the knowledge base of the system. 

The tasks to be addressed under the second six-month effort include the following: 

1. Investigate the issue of the ground truth. 

2. Develop scenarios of progressing complexity for both EM-61 and GPR to be used 
for testing of the fusion algorithms and for learning new rules. 

3. Develop a simulation program for the EM-61 sensor that implements the developed 
scenarios. 

4. Expand the existing simulation program for GPR to incorporate the developed 
scenarios. 

5. Expand the knowledge base that captures qualitative/quantitative information 
about both the domain of pit detection/characterization and the sensors. 

6. Investigate the possibility of pixel to pi%el fuscon o f  the EM-61 and the GPR data. 

7. Develop prototype algorithms for visualizing results of processing at various levels. 

8. Tune the knowledge base using the developed simulations. 

9. Test the fusion system on the simulated data. 

A -  

10. Perform initial tests on the real EM-61 and GPR data. 
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1 11. Analyze results. Identify topics for future research. 
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Inverse Scattering, Imaging and Object Detection 
Algorithms for Shallow Geophysical Site Characterization 

WILLIAM H. WEEDON AND MICHAEL KAGALENKO 

NORTHEASTERN UNIVERSITY, BOSTON, MA 02115 

CENTER FOR ELECTROMAGNETICS RESEARCH 
DEPARTMENT OF ELECTRICAL AND COMPUTER ENGINEERING 

1 Introduction 

Interpretation of geophysical data such as ground-penetrating r a d a  (GPR) , low-frequency 
EM, magnetic, and conductivity data is greatly improved with accurate physical modeling 
of both the sensors and their interaction with the underground environment and scatter- 
ing objects. The goal is to develop a l g o r i t h s  tha t  can detect and identify underground 
targets of interest either by generating an image of a subsurface region or through correla- 
tion with signatures of known targets. The primary difficulties limiting performance are: 
1) attenuation and waveform dispersion due to soil moisture; 2) clutter due to  rock, soil 
layers, random metallic scatterers, and other inhomogeneities; 3) surface reflections which 
reduce the amount of energy coupled into the ground and cause “ringing” that make it 
difficult t o  locate shallow buried objects; 4) inaccurate or lack of physical models for the 

-sensors and environment. 

The goal of this research is develop algorithms to process and interpret data collected 
from several geophysical sensors currently available to DOE. The processed data would then 
be passed to a fusion processor (see related sensor data fusion task) either as processed 
radar images or symbolically as a link list of feature detection parameters. For this work, 
we decided to focus our efforts on the glass-hole area at Brookhaven National Lab., due 
to the abundance of high-quality GPR, magnetic, and conductivity data, and the active 
interest in the site. 

Three complementary data sets from the BNL site that we chose to include in OUT 
analysis are: 1) Coleman Research, Inc. step-frequency radar; 2) Geonics EM-61 metal 
detector; and 3) Geonics EM-31 conductivity mapping device. These data sets are com- 
plimentary in the sense that the EM-61 only detects metallic anomolies, while the EM-31 
detects variations in soil conductivity. The radar is sensitive to metallic scatterers, con- 
ductivity variations, as well as dielectric scatterers, including rocks and soil layers. The 
EM-61 detects pits that contain metals, such as laboratory chemical jar caps, in addition 
to random scatterers. The.EM-31 could detect pits that do not contain metals, but do 
have a significant conductivity variation from the background. The GPR is also good at 
detecting disturbed earth, where changes in soil density caused by digging and repacking 
a buried waste hole induce changes in soil permittivity that are detected by the GPR. 

2. Radar Imaging Algorithms 

Most commercial GPR systems in current use are impulse radars, that transmit an 
impulsive time-domain waveform with a pulse width on the order of 1 11s. Radar data 
is collecting by towing the radar and antenna assembly along the ground surface and 
collecting averaged time waveforms for several points along a scan line. The “raw” radar is 
often interpreted as a 2-D image with surface position along the horizontal axis and time 
in nanoseconds along the vertical axis. Appropriate time-variable gain is used to  account 
for spreading and attenuation. -4 similar type of crude radar interpretation could be used 
with a step-frequency radar, similar to the one manufactured by Coleman, by applying a 
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windowed temporal inverse FFT. 

Quite often, this crude analysis of the raw radar data is enough to  detect anomolies in 
the data and  thereby locate buried objects. The raw radar data contains many scattering 
effects including diffraction, attenuation, multiple scattering that often makes interpre- 
tation of raw data dScult .  Moreover, raw data interpretation does not allow for the 
incorporation and removal of nuisance effects due to the host medium, including velocity 
variations and soil layers, and known scatterers. 

To go a step beyond the raw data analysis, we investigated and utilized two radar 
imaging algorithms. The first is a systhetic aperture imaging (SAI) algorithm currently 
used by Coleman to interpret their radar data. The second is a backpropagation imag- 
ing (BPI) algorithm, based on the angular spectrum expansion.. We have- compared the 
two algorithms using numerical experiments, and have found that the BPI is superior in 
terms of resolution and computational resources, and generates fewer “ghost” artifacts. A 
ccmfGEnce paper was submitted’ an$-accepted based- on a this comparison [I]. 

3. Coleman Step-Frequency Radar Interpretation 

We have put a considerable amount of effort into processing and interpreting the Cole- 
man Research, Inc. step-kequency radar (SFR) data. Two separate sets of Coleman SFR 
data were investigated, and in both cases high-quality radar images were generated. The 
first set consisted of calibration measurements conducted at the Coleman test range in 
Orlando, FL [2]. The second set was actual field data collected at Brookhaven National 
Lab. in the glass-hole area during April, 1995 [3, 41. 

A diagram of the Coleman SFR antenna sled is shown in Figure 1. The antenna consists 
of three broadband spiral antennas: one transmitter located in the center, and two receiving 
antennas. One receiving antenna is co-polarized with respect to the transmitter, while the 
other is cross-polarized. The step-frequency radar operates from 160 MHz to 1058 MHz 
in 2 MHz steps. It is a bistatic system with a right-hand circularly polarized transmit 
antenna and both, left-handed and right-handed circularly polarized receive antenns. The 
cross-polarized signal is stored as channel-1, while the co-polarized signal is stored as 
channel-2. 

LHC RHC RHC 

.533m . i 
Y 

2.34 m ,c __- 
Figure 1: Diagram of- the Coleman Research, Inc. stepfcequency antenna 

sled. 
1 

3.1 Calibration Measurements 

Before investigating actual field data collected by the SFR system, we found it useful to 
investigate some calibration measurements that were collected by Coleman at their factory 
test facility. The calibration radar images summarized in the calibration measurement 
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technical report [2] were not of high quality, and were plagued with many unexplained 
features. When we investigated the actual radar data, we found that the data itself was 
actually good data. The unexplained features in the data turned out to be effects due a 
small phase instability, that could be removed with processing. 

Figure 2 shows the results of our pre-processing to a calibration target consisting of 
a 1-inch diameter metallic pipe suspended in air. In our pre-processing, we performed a 
windowed inverse FFT, correlation-aligned the data, and subtracted the direct-air wave. 
The reflection from the pipe stands out nicely, and exhibits the typical “reflection hyper- 
bola” shape. Figure 3 shows the results of our backpropagation algorithm applied to the 
data. Note that we can essentially focus the pipe reflection data down to a point. 

Pipe in Air, X-Pd. Max. Aligned, Inc Field Removed 

Surface Position. f i  

Figure 2: 
Calibration target consists of a 1-inch diameter metallic pipe suspended in 
air. 

Pre-processed time-domain data from Colemm, step-frequency radar. 

3.2 Field Measurements: Brookhaven Glass-Hole Area 

Field measurements were collected with the Coleman SFR system at the glass-hole area 
of Brookhaven National Lab. in April, 1995. The glass-hole area is a 4800 sq. meter lan&ll 
used for disposal of rinsed laboratory glassware between 1966 and 1981, but now believed 
to contain intact chemical containers. There were a total of 140 scan lines collected by 
Coleman, containing both X- and Y-direction scan lines, each line averaging roughly 4 
Mbytes of data, or 600 Mbytes total radar data. 

Figure 4 shows a typical line of pre-processed data collected at the site. Note the 
significant amount of “ringing” in the first 25 ns of time. This problem is believed to 
be related to a mismatch of the antenna with the soil, and should probably be fixed 
in hardware. In fact, all GPRs exhibit a certain amount of surface ringing, but it is 
desirable to reduce this effect as much as possible with hardware. This early-time ringing 
is troublesome for detection and imaging of shallow (1 - 2 meter depth) buried waste and 
other objects, such as unexploded ordinance, since the reflection signature from the real 
fargets (waste) can easily be lost in the surface ringing. We are currently investigating 

- --... 
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Ba&roDapation: PiDe in Air. X-Pol 

-2.5 -2 -1.5 -1 -05 0 0.5 1 1.5 2 25 
Scan Position (rn) 

.Figure 3: Backpropagation image of calibration target consisting of a 
pipe in air. The backpropagation essentially focuses the pipe target 
a point. 

metallic 
down to 

- 
several approaches for removal of the surface ringing with processing. The 25 ns round-trip 
time, assuming a dielectric constant of e,. = 6.3, w&ch we believe to  be accurate for the 
site, corresponds to a depth of 1.5 m. Hence, it would be difficult to detect objects in the 
first (1.5 meters) of soil without removal of the surface clutter. 

Figure 5 shows a backpropagation of the data shown in Figure 4. To eliminate effects 
due to surface clutter, we have backpropagated the data from depth (z  = 1.5 meters) to 
(z = 6.0 meters) only. 

Location of pit boundaries from the raw radar data or backpropagated images is a 
tedious task, due to the large number of lines of radar data. To circumvent this difEculty, 
and make identsction and location of the pits easier, constant depth-layer images were 
generated by integrating the backpropagated images for various depth-ranges. The result 
is a sequence of surface images, representing constant depth layers. Figures 6-10 show 
Channel-1 (cross-polarized) surface images for 1.5 - 2.0 meters, 2.0 - 2.5 meters, 2.5 - 3.0 
meters, 3.0 - 3.5 meters and 3.5 - 4.0 meters. Similarly, Figures 11-12 show the channel-2 
(co-polarized) images for 1.5 - 2.0 meters and 2.0 - 2.5 meters. The channel-1 (cross- 
polarized) images clearly identify strong anomolies, which are belived to be where waste 
pits are located. There is also pit information in the 2.0 .- 2.5 meter and deeper images 
that are not clear in the 1.5 - 2.0 meter image, indicating pit depth information. The 
Channel-:! images also show pit locations, but are plagued by much more surface clutter, 
as would be expected from co-polarized data. The Channel-2 images for 2.5 meters and 
greater depth alsor.zontain high clutter, and are not shown since they convey no additional 
information. Future work will be to combine the co- and cross-polarized images to  reduce 
clutter and enhance the reflection from pits. 

3. Magnetic (EM-61) and Conductivity (EM-31) Data Interpretation 

We have supported the data fusion effort by pre-pro’cessing the EM-61 induction sensor 
data. We used the USGS minimum-curvature (MINC) interpolation program t o  generate 
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Line 1, X-Pol 1 6 ~  

Surface Position, meters 
Figure 4: Typical line of data collected by the Coleman step-frequency radar 

in the glass-hole area at Brookhaven National Lab. The data line shown is 
linel, channel-1 (X-Pol). To illustrate the surface clutter effect, times (t = 0 
ns) to  (t = 100 ns) 'are shown only. Data is clipped to  (min= -.001, max= 
. O O l ) ,  no time-varying gain applied. 

Line-1, Channel-1 
0.5 

0.4 

0.3 

0.2 

L-4 0.1 

Scan Position (m) 
Figure 5:  Backpropagation of Coleman SFR data shown in Figure 4. Back- 

propagation is from (z  = 1.5 meters) to (z  = 6.0 meters) to avoid eliminate 
surface clutter. 

interpolated images from the EM-61 glass-hole pit data. The resulting EM-61 and EM- 
31 images for the glass-hole area are shown in Figures 13 and 14. Note that the EM-61 
and EM-31 provide complimentary information to each other and to the radar data. The 
EM-61 generally does a good job of detecting pits that contain metal, as well as providing 
several false detections (near the center of the image): due to random metallic surface 
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Figure 6: Constant-depth image of processed Coleman Step-Frequency radar 
data, Channel-1 (X-pol) for 1.5 - 2.0 meter depth. 
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Figure 7: Constant-depth image of processed Coleman Step-Frequency radar 
'data, Channel-1 (X-pol) 2.0 - 2.5 meter depth. 
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Figure 8: Constant-depth image of processed Coleman Step-Frequency radar 

data, Channel-1 (X-pol) 2.5 - 5.0 meter depth. 
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Figure 9: Constant-depth &age of processed Coleman Step-frequency radar 
data, Channel-1 (X-pol) 3.0 -.3.5 meter depth. 
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Figure 10: Constant-depth image of processed Coleman Step-Ekequency radar 
data, Channel-1 (X-pol) 3.5 - 4.0 meter depth. 
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data, Channel-2 {Co-pol) 1.5 - 2.0 meter depth. 

1 

0.9 

0.8 

0.7 

0.6 

0.4 

0.3 

0.2 . 

0.1 

i 

IIa-11 



70 

60 

50 

>. 
30 

20 

10 

0 

Depth= 2.0 - 2.5 meter 
1 

0.9 

0.8 

0.7 

0.6 

0.5 

0.4 

013 

0.2 

0.1 
- 

0 10 20 30 40 50 
X (meters) 

Figure 12: Constant-depth image of processed Coleman Step-Frequency radar 
data; Channel-2 (Co-pol) 2.0 - 2.5 meter depth. 
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clutter. There are known pits detected by the EM-31 that are not detected by the EM-61, 
since they contain little or no metal. In general, we see excelent correlation between the 
EM-61, EM-31 and radar images. 

4. Detection and Fusion 

A pit detection algsrithm has been developed t o  automatically detect possible waste 
pits in the EM-61, EM-31 and radar interpolated images. The detection algorithm generate 
size, position and orientation estimates, which are provided to the fusion processor as 
symbolic information, to be combined and correlated with similar information from other 
sensors. Figure 15 shows an interpolated image of the EM-61 data from the Brookhaven 
National Lab. glass-hole area. Overlaid on top of the image are ovals corresponding to the 
output of our detection algorithm. The size and orientation of the ovals correspond to the 
statistical size, position and orientation estimates of the pits. 

The detection algorithm seems to capture the locations and. sizes of most of the “bright 
spots” in the EM-61 interpolated image. The maximum pit size and the minimum spacing 
between pits are input as “tuning parameters” to the detection algorithm. As a result of 
the choice of input parameters, it is possible for there to be two or more detections for a 
single pit, or for two or more pits to be combined in a single detection. There are also false 
alarm detections. It is the job of the fusion algorithm to try to resolve the pits from the 
detections by combining with the detection results from the GPR and other sensors and 
any symbolic knowledge that can be incorporated into the problem. 

The structure our proposed fusion processing system is presented in Figure 16. A key 
feature of our approach is that it allows feature detection to  be performed separately on 
each sensor. The detected features are then passed as symbolic information t o  a higher- 
level fused feature extraction step. Symbolic knowledge is incorporated, resulting in object 
classification and visualization. The fused information may also be used to control the 
sensors and provide additional information about classified objects. ’ 

5 .* Conclusions 

Initial processing of the Coleman step-frequency radar data has shown that we can 
achieve high-quality reconstructions of calibration targets such as a pipe in air, as well 
as buried targets. Constant-depth images generated from the Brookhaven glass-hole data 
‘indicate that pit locations may be identified quite readily from the step-frequency radar 
data, and show good correlation with the EM-61 and EM-31 data. We plan to investigate 
the surface clutter problem, as well as extend our backpropagation to more general pseu- 
doinverse formulation, as well as to  include variable velocity and dispersion in the future. 
A pit detection algorithm has been developed to automatically detect objects in the EM-61 
interpolated image data, in support of the sensor data fusion effort. 
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Tomographic Inversion of Time Domain Multi-monostatic GPR Data 

R.W. DEMING AND A.J. DEVANEY 
DEPARTMENT OF ELECTRICAL AND COMPUTER ENGINEERING 

NORTHEASTERN UNIVERSITY, BOSTON, MA 02115 

1 Introduction 

Here we derive a method for subsurface imaging with ground penetrating radar (GPR) in a reflec- 
tion geometry based on multi-monostatic time domain data measurements. Using this method 
me can estimate the complex index of refraction profile of the subsurface. The method assumes a 
linear scattering relation based on the Born approximation, and a farfield approximation for the 
incident and scattered fields. Also, the soil is assumed non-dispersive with attenuation properties 
which are frequency independent. 

Using the approximate scattering relation, we first define a forward model giving the measured 
receiver voltage data in terms of the unknown index of refraction profile. We then derive an 
analytical expression for the pseudoinverse [4, 51 to the forward model, which is applied to the 

* measured data yielding an image of the subsurface profile. This image represents the minimum 
L2 norm solution to the forward model. The pseudoinverse operation is found to be a two step 
procedure consisting of (i) range gaining; (ii) Kirchhof migration, a commonly used method in 
geophysical image processing [7, 8, 91. 

A computer program was designed to test the algorithm on experimental GPR data, and t.he 
results are presented in the final section below. 

2 ~ Forward Model for Electromagnetic Scattering 
//:.- ..' 

By probing the earth with electromagnetic wavefields we wish to  estimate the electrical permit- 
tivity distribution in the underground region z < 0 based on scattered field measurements at the 
surface z = 0. The incident (probing) fields are generated by a pulsed time domain monostatic 
ground penetrating radar (GPR) system. The GPR survey is assumed to consist of a number of 
monostatic experiments, each corresponding to a different location of the transmitting/receiving 
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antenna on the ground surface. For the j th  monostatic experiment, we have the following forward 
model relating the measured receiver terminal voltage v(tm; j), sampled at time intervals t,, to 
the unknown subsurface index of refraction profile O(r') under the Born approximation [2]: 

Here, 

0 

0 

0 

0 

0 

A2(R$ is the radiation pattern of the antennas, assumed real and frequency independent, 
where Ri = r' - Xj, Xj is the position on the ground surface of the transmitting/receiving 
anEnna, rP"=' @yym -RF& pz[ ana I?$ is a unit vector in tKe direction of RI; 

F(R,-) is the rudiul gain function which incorporates both geometrical wave spreading and 
soil attenuation; 

p ( t )  is the transmitted pulse, expressed as voltage at the transmitting antenna terminals vs. 

O(r) = k i (w)  - k2(r, w )  is the object function which we seek to estimate, assumed real and 
frequency independent; 

k(r ,  w )  = wd- is the wavenumber in the underground, i.e. the soil with the embed- 
ded inhomogeneities, where E = ~ ' + i c / w  is the complex permittivity, E' is the real dielectric 
constant, c is the conductivity, while the magnetic permeability p is assumed to be equal 
to  po ih a vacuum, and ko is the wavenumber of the homogeneous background soil medium; 

time; - 

0 no is the index of refration of the homogeneous background soil, while c is the speed of light 
in a vacuum. 

Eq.(l) can be rewritten in the operator notation 

v(t*;j)  = G[O(r')l, 
where 

0 O(r) E U, where U is the space of square integrable functions defined on -co < (2, y) < 00, 

. - .  --co < 2 < 0, 

of the discrete variables t m  and j ,  

- --. 

0 v(t,;j) E W ,  where W is the product of two finite dimensional vector spaces of functions 

G is a linear operator which maps U into W .  
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3 Time Domain Data Inversion 

We wish to invert Eq.(2) to find the object function based on the data. Since we have only a 
finite amount of data, this equation is underdetermined, thus there are many solutions for the 
object function which satisfy the data. .We will use the pseudoinverse operator [l, 4, 51 to find 
the unique minimum L2 norm solution to Eq.(2) 

where GT is the Hermetian adjoint of G. 

Let us analytically expand Eq.(3). Given the vector space definitions, the Hermitian adjoint 
GT of G defined by the inner product relation 

< GO, 21 >w=< 0, GTv >u 

is 

We can define 6 (G@)-lv as the filtered data, where v is the raw, unfiltered data, and (G@)" 
is the filtering operation. Using the definitions of G and @ from Eqs.(l) and (4)) we then have 
the following relation between the filtered and unfiltered data: 

where 

We could now solve for b using Eq.(3) by first numerically inverting Eq.(5), then applying 
. Eq.(4). Instead, we wish to  find an approximate solution which is more efficient to  compute. 

To do this, we assume that the transmitted pulse is short relative to the sampling time interval. 
Simplified versions of both Eqs.(4) and (5) result. First we consider Eq.(4). Assuming the 
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pulse p ( t )  is shorter than the tllne sample interval, the m' summation has a contribuion only a 
tmt = 2nORjt/c, resulting in the approximation 

J 
G*[6(tmt;j')] M C' A2(Rj~)F2(Rjt)6(2noRj!/c;j'), (7) 

j'=l 

where C' is a constant which is approximately independent of j' and m'. 

Xext we simplify Eq.(5). If the transmitted pulse p ( t )  has short duration relative to  the time 
samQle sRacing,;_ it can be shown [2L that _. the diagonal terms B(tm = t,t;j = j ' )  dominate. 
Therefore Eq.(5) can be approximated as 

where 

B(t,;j) = B(t,) = / d3r' A4(f')F4(r')p2(tm - 2nor'/c). 
reo 

We seek a further simplification for the function B. Converting to spherical coordinates r' = 
(r': a,,), where Qrt is the solid angle r' makes relative to  the coordinate axis, 

(9) B(tm) = 1 1- dr I f 2 4  T F (r')p2(t, - 2nor'/c) J dQ+ A'4(Rrt), 
2 0  

where A' is the directional gain expressed as a function of the solid angle a,!. When the duration 
of the pulse p ( t )  is very short relative to  the rate of change of r and F ( r ) ,  Eq.(9) becomes 

where C is a constant independent of m. Thus Eq.(8) becomes 

Substituting Eqs.(11) and (7) into Eq.(3), 
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where K is a constant. Eq.(12) shows that if the transmitted pulse is shorter than the sampling 
time interval, the pseudoinverse image is proportional to the sum of K different subimages, 
each corresponding to a single experiment. A particular subimage can be quickly computed by 
evaluating the corresponding data return along a radius T at t = 2nor/c, then multiplying this 
data by l / [r2F2(r)] ,  and finally by sweeping this one dimesional function across the half-space 
while multipying by the radiation pattern A@).  Each subimage is shifted in order to correspond 
to its transmitter/receiver location. This process is equivalent to  range gaining followed by 
Kichhoff migration [7, 8, 91, or "hyperbola summing". A typical subimage (two dimensional 
slice) is illustrated in Fig. 1. 

We can find an alternate form for the object function solution. Using statistical methods, the 
radial gain function F(R)  can be estimated directly from the unprocessed data by the relation 
121 

where a N ( t )  is the standard deviation of the rehrn data as a function of time, computed by 
treating the return from each monostatic .experiment as a random process. Substituting this 
expression into Eq. (12),  

Since the factor 1/Rjt in this expression blows up at small Rjl values, this factor may need to 
be tapered off in some manner near Ry = 0 when analyzing experimental data. This tapering is 
justified since antennas do not behave like point sources in the near field. 

4 Computed results for experimental data 
I 

1 

The approximate time domain reconstruction algorithm described in Section 3 was tested on 
experimental data obtained from a step-frequency radar system maaufactured by Georadar, 
Inc. This system uses 450 frequency steps in the 1OOMhz to  lGHz range, and. logarithmic 
spiral -antennas .approximately 15 inches in diameter which generate circularly polarized fields. 
although the system is technically bistatic, we use the monostatic approximation for simplicity. 

The test site consists of a pit filled with fairly wet soil and rocks, in which two steel pipes 
are buried. A 4'' diameter pipe is buried at approximately (qz) = (2.5,-0.6) meters, and a 
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6" diameter pipe is buried approximately (z, z)  = (2.0, -1.0) meters. The survey consists of 
90 monostatic experiments, spaced approximately uniformly along a line 4 meters long running 
perpendicular to  the pipe axes. In each experiment, the step-frequency data is initially Fourier 
transformed to give a time domain return consisting of 70 samples at 4.5e - 10 second intervals. 
The time domain returns for all experiments are stacked, and shown in Fig.2. From Fig.2, the 4" 
pipe at (2.5, -0.6) appears as a hyperbola, while the 6'' pipe is not clearly visible. Based on the 
shape of the hyperbola, and the known horizontal spacing between experiments, the propagation 
velocity in the soil is determined to be roughly 2.0e8 m/s. The radiation pattern, also estimated 
from the hyperbola, is found to be roughly cos2 8, where 0 is measured from the -2 axis. 

Fig. 3 shows the reconstructed image, as calculated from Eq.(13). Since the antennas cannot 
be accurately modeled as point sources, the 1/R factor in Eq.(13) is actually tapered off in an ud- 
hoc manner for small R values to  avoid the singularity. In Fig.3 the 4" pipe at (2.5, -0.6) appears 
prominantly, and the 6" pipe at (2.0,-1.0) is somewhat visible. The discrepancy between the 
known location of the pipes and there apparent position in the image is caused by an amount of 
uncertainty in the spacing between adjacent experiments. 

Another survey was then conducted, as before, where the measurements are moved several 
meters down the axis' of the pipes. The reconstructed image is shown in Fig.4, and is seen to be 
very good, with both the 4" and the 6" pipes visible. 

- 

Our algorithm was implemented on one final data set, using a "Sensors and Software" brand 
pulsed time domain radar a t  a site in Idaho. We show the stacked, range gained, returns in Fig.5, 
and the processed image in Fig.6. The processed image will be checked against independent 
information as it becomes available. 
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Fig.1- Typ?cal subimage for time domain imaging. 
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Fig2 - Stacked time domain returns from 90 experiments conducted with an actual GPR 
system. 
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- 
Fig.3 - Time domain reconstruction from first experimental survey. A 4" pipe at (z,z) = 

(2.5, -0.6) meters is clearly visible, while a 6" pipe at (2, z) = (2.0, -1.0) meters is barely 
visible. Location discrepancies due to  irregular spacing of experiments during collection. 

0.5 1 1.5 . 2 2.5 3 3.5 
horizontal position x (meten) 

Fig.4 - Time domain reconstruction from second experimental survey. Both a 4" pipe at 
(2, z) = (2.5, -0.6) meters and a 6" pipe at (z, z) = (2.0, -1.0) meters are visible. 
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Fig.5 - Stacked and range.gained data from ”Sensors and Software” brand pulsed GPR system. 
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Fig.6 - Time domain reconstruction from ”Sensors and Software” brand pulsed GPR system. 
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- Abstract 

In this report we explore the use of high-resolution array processing techniques for the de- 
tection and localization of buried waste containers. A ground penetrating radar (GPR) scenario 
is considered where data is collected over a h e a r  receiver array positioned at. the air-earth 
interface. We have modified the high-resolution algorithm MUSIC to explicitly account for the 
near-field physics and solved the localization problem in two ways. The first method uses the 
MUSIC algorithm in a matched field processing scheme and determines both the bearing and 
the range of the containers directly. Under the second approach, the sensor array is divided 
into non-overlapping subarrays. The targets are assumed to lie in the far-field of each subarray 
ensuring a planar wavefront over each partition. Conventional plane wave MUSIC is used to find 
the direction of arrival (DOA) of the waves over each subarray and the locations of the targets 
are determined by triangulation of the DOAS. Using simulated data we demonstrate that these 
techniques are quite useful for the detection and localization of buried metallic drums. The 
favorable detection results are shown to hold over a wide range of soil conditions and signal to 
noise ratios. 

1 Introduction 

.- In recent years there has been considerable interest i n  the use of ground penetrating radar (GPR) 
for the non-invasive detection, localization, and classification of buried objects. One of the most 
promising application areas for this technology is hazardous waste remediation. The primary 
dificulty associated with-the use of GPR in this context is the extraction of the object.information 
from the raw datz.' Typical algorithms first generate a pixel-by-pixel map of the subsurface and 
subsequently post-process these images t o  detect the targets of interest. There are however a variety 
of difficulties associated with this image-then-detect approach. First, the image formation process is 
highly ill-posed and therefore quite sensitive t o  noise. While the ill-posedness can be offset through 
re,darization, most regularization methods result in overly smooth images thereby making object 
detection all the more difficult. Second, the processing of GPR data requires that some level of the 
scattering physics be incorporated into the algorithms. Linearized scattering models based on the 
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Born or Rytov approximations [5,6] are inappropriate for many practical applications (e.g. detection 
of high contrast, metallic objects) while exact, nonlinear scattering models lead to computationally 
intensive algorithms. 

In this work, we circumvent these difficulties by exploiting the fact that for the waste remediation 
problem the principle, underlying objective is the localization of objects with known structures, 
eg. 55 gallon drums. Thus, we reparameterize the problem from one of determining a large number 
of pixel values to one of identifying a s m d  parameter vector containing the coordinates of the 
objects in the field of view. By constraining the degrees of freedom in this manner, ill-posedness is 
no longer an issue and the resulting algorithms prove to be highly robust to noise. Additionally, 
modeling the targets of interest as simple shapses, spheres, etc.) allows for the 
incorporation into the processing of highly effi2ent exact scattering models based on a 2'-matrix 
formulation [2,11] of the physics. Finally, the inherent array structure of GPR measurement 
geometry (Fig. 1) suggests that the high resolution array processing techniques so popular in the 
sigpal processing community would be well suited for the subsurface detection problem. 

Of particular interest for most of this report is the localization of a single, metallic cylindrical 
object buried in a homogeneous, lossy background as a model for the waste container detection 
scenario. Using two processing methods based on the Multiple Signal Classification (MUSIC) 
algorithm [12], we can estimate the center of the object to within a fraction of a radius for signal to 
noise ratios down 0 dB and over a wide range of soil characteristics .from 20% moist San Antonio 
clay loam to dry Puerto Rico--day loam. The results are obtained using a single frequency, GPR 
setup with plane wave illumination and an array of 16 point receivers stretching over at most a 75 
cm aperture. 

The remainder of the report is organized as follows. In Section 2, a brief description of the 
problem geometry is given. The MUSIC algorithm is reviewed in Section 3. In Sections 4 and 5, 
we discuss the algorithms developed for the GPR problem. Numerical examples are presented in 
Section 6 for the case where a single object is buried in the may's field of view. In Section 7, we 
discuss recent work in extending,these methods to the multi-object case. Finally, directions for 
future research .and conclusions are presented in Section 8. 

2 Problem Geometry 
The ground penetrating radar (GPR) measurement scheme depicted in Fig. 1, is considered in this 
report. The objects are buried in the lower half space for which the soil's electrical characteristics 
(relative permittivity and conductivity) are assumed known. A TM-polarized plane wave, &(r, t) ,  
impinges on the objects, inducing surface and volume currents which in turn radiate a scattered 
field, &(r,t). For simplicity, i n  this work we assume that the number of objects, their material 
properties, and their shapes are known a priori. The scattered eIectric field from these objects is 
spatially sampled by a uniformly spaced, linear array with isotropic receiver characteristics. The 
measured data at the nth receiver is: 

where xn is the vector from the origin to the nth receiver location and n(t) is spatially and tem- 
porally white Gaussian noise. The sampled field zn(t) is then processed, and the location of the 
objects are estimated with the techniques described in Sections 4 and 5. 
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Figure 1: Problem Geometry 

3 High Resolution Array Processing and MUSIC 
The structure of the receivers 16 Fig. 1 coupled with the underlying problem -f target det ction 
suggests the use of array processing methods for localizing buried targets. In this report we consider 
techniques based on the MUSIC algorithm. As originally derived in  [12], this method assumes that 
there are M plane waves incident on a linear array of receiving elements so tha t  the output of the 
nth sensor is: 

- 

m=l 

where M is the  total number of plane waves arriving at the sensors, wm is the frequency of the 
mth  signal, km is the wave vector of the m t h  signal and r, is the vector from the  origin to the nth 
sensor location. By stacking such z,(f)’s, we form the following system: 

x( t )  = As(t)  + n(t) 

where 

Here a(8,) is known as the direction vector, 8, is the direction of arrival (DOA) of the m t h  plane 
wave, km = Ilkmll, and T, = llrrn]l. The sensor outputs are sampled in time to form snapshots of 
the incoming signal. These snapshots are used to determine the statistics of x(t).  In particular, if 
L time snapshots are taken, then the maximum likelihood estimate of the spatial autocovaziance 
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matrixR is given by: 

. _  
where superscript H denotes conjugate transpose. 

The MUSIC algorithm is based on eigenspace decomposition of R. For an array of N elements 
and M incident signals ( N  > M ) ,  one can divide the N eigendue/eigenvector pairs into N - M 
noise eigenvectors corresponding to eigenvalues X M + ~  = ... = AN = c2 and M signal eigenvectors 
corresponding to eigenvalues XI 2 ... 2 AM > u2 [9]. After performing an eigenvalue/eigenvector 
analysis, the autocovariance matrix is written as: 

where 6, is the signal subspace matrix and contains the M signal eigenvectors, and 6, is the noise 
suEspace matrz  and.contains N - M noise eigenvectors of multiple noise eigenvalue ST.' 

The basic idea behind MUSIC is that the columns of 6, span the same space as the columns 
of A while the columns of 6, span an orthogonal subspace. Thus, a wave impinging on the array 
at an angle 00, which is described by the vector a(&), must be orthogonal to each of the columns 
in 6,. In other words 6za(Oo) must, in theory, be equal to the zero vector. Thus, if one examines 

as a function of 8, estimates of DOAs can be determined by the maxima of the curve. 
The formulation of the array processing problem presented in this section implicitly assumes 

that the radiators are infinitely distant so that the scattered field has planar wavefronts at the 
sensor array. Thus, the.elements of the direction vector a(8) are complex exponentials indicative of 
plane wave signals. As shown in Figure 2, for the case of GPR the radiating sources are at a finite 
distance from the receivers resulting in non-plaaar wavefronts over the array. Additionally, these 
near-field problems require the determination of both the direction of the object relativefo some 
point on the array as well as the range of the target from the same point. The next two sections 
describe the proposed techniques to locate the targets in the light of this discussion. 

4 Matched Field Processing 
To overcome the problem of non-planar wavefronts and to produce estimates of both angle and 
range, MUSIC can be modified so that the direction vector is Wed with the type of wavefront 
which is impinging on the array. For example, if one is concerned with the locdization of point 
sources in the near field of the array, spherical MUSIC [4] can be employed to find both the DOAs 
and the distance of the object from the array. Spherical MUSIC uses e-jkrrnn/Tm, to W in the 
direction vector, as opposed to plane wave MUSIC which uses e-jkrncOs(em), where T,, is the 
distance between the nth array receiver and the mth source (object), T, is the distance between 
the origin and the nth receiver, Om is the DOA of mth source, and k is the wavenumber in the 
medium of propagation. If the source (or scatterer) is not a point source, then the direction vector 
should be filled with the expected scattered field from each object location. This approach is called 
the Matched Field Processing (MFP) in the underwater communication community [I]. As with 
spherical MUSIC, MFP parameterizes the problem in terms of range and angle variables and the 
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Figure 2: The Near Field MUSIC Problem 

scattered 

detection of N targets is obtained using a 2N dimensional search. Because such a search requires 
that the exact scattered field be calculated at each point of the parameter mesh, MFP is in general 
computationally intensive. In the event that the object to be detected is modeled as a simple shape, 
however, computing the exact scattered field can be relatively simple. 

In this report, we consider the case where a single infinitely long cylindrical object is buried in a 
homogeneous, lossy background. To simplify the formulation, we ignore the air-earth interface and 
assume the receiver array is located in the same medium as the object. Following the derivation 
in [13], the z-component of a TM-polxized incident field is written as: 

. .  

where Jl(.) is the Bessel function of order E representing cylindrical standing waves, ko is the 
wavenumber of the background, r = rej" is the location vector of the observation point and &nc is 
the incidence angle of the plane wave'. The z-component of the scattered field outside the cylinder 
due to the incident wave is then given by: 

where By)( ..)-is the Hankel function of the second kind of order I representing cylindrical outgoing 
waves2. The c3efficients t l  are determined from the boundary conditions when T = a, where a is the 

'All analysis is in frequency domain, thus the ejwr time dependence will be dropped. 
2Eq. (3) is true under the assumption that the center of the cylinder is located at the origin. In implementing the 

MFP MUSIC algorithm, coordinate translations are required to account for the fact that the position of the object 
is generally not at the origin of the global coordinate system. While tedious to describe,-,these translations do not 
significantly alter the computational load or functional form implied by eq. (3). 
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radius of the cylinder. Forcing continuity of z-component of total electric field and &component 
of total magnetic field strength, the coefficients ti are found as: 

where primes indicate differentiation with respect to the argument. In practical implementations, 
the infinite sums in (1) and (2) are truncated at I = A. For all cases in this report A = 40 provides 
an accurate representation of the fields. 

Given the field model in eq. (3), the matched field processing-MUSIC algorithm proceeds as 
follows: 

1. Perform L, single-fiequency scattering experiments each producing a snapshot vector, XI, 
composed of the observed scattered fields over the receiver array. . 

r L  H 2. Estimate the autocovariance matrix as = z xlxz . 
3. Perform an eigenanalysis on R to find the noise-subspace matrix on. 
4. For each point on a'predehed range and angle grid, use (4) to compute a direction vector, 

.(e, r ) ,  which represents the expected distribution of scattered field over the receiver array 
when an object is located at an angle 8 and range T off of the array. The vector a(0,r) 
computed in this manner replaces a(@) in (2). 

5. Choose as the estimate of the target location that grid point with the largest (EIMUSIC. 

5 Subarray Processing 
While matched field processing does solve many of the problems associated with the near field 
scatterers, even in the single cylinder case the computational burden is higher than that of plane 
wave MUSIC. As an alternate approach, we propose a strategy in which the full receiver array is 
partitioned into non-overlapping collection of sub-arrays such that the the wavefronts are in fact 
planar over each partition. The direction of arrival at each subarray, then, can be found using the 
traditional, plane wave based.MUSIC algorithm, at a low computational cost, and the locations of 
the objects are determined by triangulation of direction of arrivals. 

6 Numerical Examples 
To demonstrate the potential use of high resolution array processing techniques in subsurface target 
detection applications, we considered the waste container detection problem where a single metallic 
cylinder (60 cm in diameter) is buried 120 cm below an array of 16 receivers with an aperture of 
50 cm. As shown in Fig. 3, two scenarios are of interest. In the first, the object is located directly 
beneath the center of the array while in the second case, the buried cylinder lies 50 cm to one side 
of the receivers. For each scenario, we examine the performance of MFP and the SAP algorithms 
under a variety of signal to noise (SNR) and soil conditions. Finally, we note that the operating 
frequency for all examples is 1 GHz and the incident plane wave used to probe the medium is 
directed normal to the surface. 

In this work, the signal to noise ratio is defined as: 
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(a) Centered target case 
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(b) Off-center target case 

Figure 3: Two detection geometries of interest in this work 

where 
noise variance. The estimation error is defmed as: 

is the scattered field sampled at the receivers, N is the length of vector & and a2 is the 

E T T O T ~  = + @YI2 
U2 

( 5 )  

where Ax and Ay are the difference between true center coordinates (50, yo) and estimated center 
coordinates (2,ij) a d  u is the radius of the target. Thus, (5) defines the error in terms of fractions 
of the object radii. In particular, errors less than 1 indicates that the estimated object center lies 
in the support of the ol$S&.-’ 

6.1 Matched Field Processing Results 
Fig. 4 depicts the result of MFP MUSIC for the case in which the object is centered under the 
m a y  and the SNR is 20 dB. The bakground soil is 5-10% moist San Antonio clay loam [8]. AS 
seen from this figure, the location of the object is identified clearly by a very sharp peak. For this 
example, the location of the target is exactly estimated, i.e. bearing angle of 90’ and range of 120 
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Figure 4 MFP MUSIC results for metallic object buried 120 cm below the center of the array. The 
SNR is 20 dB and the soil corresponds to #3. 

. cm. Our studies have shown that the size of the peak depends on the gridding of the (T, @)-space. If 
any grid point coincides with the true center of the target, a peak like in Fig. 4 is obtained. I€ the 
grid points are off the true center, the peak becomes smaller though stays clearly distinguishable. 

MFP MUSIC was tested for a wide range of soil types with moisture contents up to 20%. 
For this purpose, we varied the background permittivity and conductivity within the ranges given 
in [SI keeping the SNR at 20dB. Again, the estimation error for a l l  background characteristics was 
virtually zero when a grid point coincides with the true object center, or the estimation error was 
bounded by the g i d  size. Finally, the noise performance of MFP MUSIC noise has proven to be 
quite strong. In all our simulations, the taxget locations were clearly distinguished for SNRs greater 
than 0 dB. 

6.2 Subarray Processing Results 
Fig. 5(a) shows the results of ,the subarray processing algorithm for the centered target case when 
the electrical characteristics of the background is similar to 5-10% moist San Antonio day low 
and the SNR is 20 dB. In Fig. 5(b), the SAP results for the off center case are displayed for the 
same SNR and soil conditions. In both cases the array is partitioned into 4 identical subarrays. 
The actual center of the object is marked with an X and object is superimposed to show the 
geometry. As seen from the figures, the lines extended at the DOAs of subarrays cross each other 
inside the object both for the centered as well as the off-centered target scenarios. Unlike MFP 
MUSIC, for the subarray processing algorithm, there is not one point identified as the center of the 
object because in general the triangulated DOAs, will not intersect at a single point. Rather, for S 
subarrays there will be (S - l)! intersection points. Thus, in this report we take the estimate of the 
z (resp. y) coordinate of the object center to be the average of the z (resp. y) d u e s  taken over a l l  
(S - l)! intersection points. The error is then calculated using this number in eq. (3). Employing 
this procedure for the case in Fig. 5 ,  it is clear that the estimation error is only a fraction of the 
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@)Centered object case 

Type Density (g/cm3) 
Soil #1 San Antonio Clay Loam 1.6 
Soil #2 Puerto Rican Clay Loam 1.4 
Soil sf3 San Antonio Clav Loam 1.4 

X - r d S  lny 

(b) Off-centered object case 

Percent Moisture 
5 
20 
20 

Fi,Pure 5: Subasray processing results for (a) centered and (b) off-centered target scenarios. In both 
cases the SNR is 20 dB and the soil corresponds to #3. . 

Table 1: Soils used to test noise performance for subarray processing 

radius of the object. Therefore, the subarray processing estimates the center within the object's 
support. 

The performance of the subarray processing scheme as a function of the soil conditions and 
signal to noise ratio is displayed in Fig. 6 again for the cases of the centered object (Fig S(a)) and 
the off-centered target (Fig. 6(b)). Each of these figures displays the error as defined in ( 5 )  as a 
fujnction of SNR for three soil types whose characteristics are given in Table 1. Each data point 
n'as obtained as the result of 50 Monte Carlo trials where 250 snapshots were used per trial to 
estimate the covariance matrix in (1). For all soils and for all SNRs greater than or equal to 0, the 
results of Fig. 6 indicate that the subarray algorithm is capable of identifying the target center to 
within the support of the true object (i.e. the error is less than 1). These simulations indicate that 
S-4P represents an effective (and computationally efficient) means of localizing buried objects. It 
is important to note that the strong performance of the SAP strategy holds even in the cases of 
Soils #2 and #3 where the moisture content is as high as 20%. 

7 Extensions to the Multi-Object Case 

In addition to the development and evaluation of array processing based algorithms for the case 
where a single object is buried in the receivers' field of view, we have begun work on =<ending 
these techniques to the multi-object case. This effort requires two components. First, because (4) 

I is valid only for the case of a single scatterer, an alternate physical model must be developed to 
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Figure 6: Subarray processing results for (a) centered and (b) off-centered target scenarios as a 
function of signal to noise ratio and soil type. For all soil aad for all SNRS greater than or equal 
to 0 dB, the center of the object is estimated to within the support of the true structure. P 
describe the interaction of the incident fields with the buried objects. Second, processing schemes 
based on the MFP and SAP methods need to be developed which make use of this model. Jp this 
section, we discuss our recent efforts in both of these areas. 

7.1 T-Matrix Scattering Models 
When multiple objects exist in the region of interest, the scattering physics are, in general, sig- 
nificantly more complicated than the single scatterer model in (4). Typical numerical methods 
for solving this so-called forward scattering problem are based on a method of moments approach 
to the solution of a second-kind Fredholm integral equation [7,10]. Using this approach the area 
under investigation is pixelated at the rate of at least ten points per wavelength per spatial dimen- 
sion. The dimensionality of the resulting linear system can be on the order of tens to hundreds of 
thousand for realistically interesting problem making the computational load unacceptably high. 

To avoid this computational burden, we exploit the fact that we desire the characterization of a 
relatiirely small number of scattering objects which in general have relatively simple shapes. In this 
case, highly efficient T-matrix methods exist for computing the electric field at the receiver array. 
As an indication of the computations involved with this forward modeling approach, consider the 
case where there exists one object. Here, a T matrix model is based on the formal expansion of the 
incident and scattered fields as 
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where +,(r) is the order m Hankel function of the fist kind and %&(r) is the so-called re,oular (or 
non-singular) part of $,,(r). As Ei(r) is known, so too are the coefficients a,. Hence the forward 
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scattering problem is solved once the fn are determined. In [ll], it is shown that use of (sa) and 
(6b) along with a mdtipole expansion of the Green’s function result in a relationship between the 
f, and the a, of the form 

where T,, is the (m,n)th component of the doubly-infinite T matrix. The advantage of this 
formulation arises from the fact that highly accurate solutions can be obtained for most practical 
scattering problems by truncating the sums in (6a) and (6b) at some m = M where M typically is 
less than 100. Moreover, the computational load remains at this level even in the case where more 
than one scatterer is present. Thus, the T matrix in (7) can be inverted with orders of magnitude 
fewer computations than the large, moment method matrix. 

A key component of the T matrix method is determining Tmn for different shaped objects. In 
E6 &&enEkdTKe Tmat-Zx are expressed in terms of ktegrak over the boundary of the 

scatterer [ll]. In this work, we have considered an implementation of the T matrix method for 
circular objects where closed form expressions exist for these boundaxy integrals. Such a strategy 
provides a balance between generality and computational efficiency. Finally, we have implemented 
and verified a T matrix code for the case where there are two objects in the region of interest. 
Extension of this model. to the N-object case is reserved for future work, but should be relatively 
straightforward given the results in [3,11]. - 

7.2 Multi-Object Algorithms and Preliminary Results 
To date we have considered a number of extensions of the SAP and MFP algorithms for locating a 
pair of objects. In the SAP case, each submay produces direction of arrival estimates for two plane 
waves, one from each of the two objects. After triangulating the DOAs from each subarray and 
examining the intersections, we obtain estimates of two object locations. For the MFP approach, a 
maximization must be carried out in a four dimensional space corresponding to the range and angle 
coordinates for each of the two objects. To avoid the need to perform a costly exhaustive search, we 
obtain initial estimates of the object locations by first running the SAP algorithm. Subsequently, 
MFP is employed to “zoom in” on the true object centers. The optimization is carried out through 
a succession of line searches where we first maximize the MUSIC distance function for say the 
first range variable, 71, holding the other range ( ~ 2 )  and both angle variables (81 and 02) at their 
previous estimates. Given this new value of TI the procedure is repeated this time maximizing with 
respect to 81. The algorithm continues by cycling through the 71 and 81 variables until convergence. 
This approach then is repeated using ~2 and 82. 

In Figures 7, we display the SAP and MFP results for the case where two metallic, drumlike 
objects are buried beneath a 32 element array with a 75 cm aperture. One drum is located under the 
left edge of the m a y  and the other i.s 1 m to the right of the fist. The soil is a 5% moist San Antonio 
Clay loam, the SNR is 50-<B,-apd the operating frequency is 1 GHz. It is evident from Figure 7(a) 
that under these conditions, the two-object S-4P routine provides a highly accurate estimate of the 
first object’s location. For the second cylinder, the estimate is in the correct vicinity but can clearly 
be improved. Using the SAP results as an initial guess as to the objects’ true locations, Figure 
7(b) demonstrates improved localization after 2 iterations of the matched field processing algorithm 
described in the previous paragraph3. Here we see that the second object’s center is now quite close 

3 N ~ t e  that the estimate obtained after the second iteration for object #1 is essentially identical to the result after 
the first iteration 
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Figure 7: Localization results for two-object scenxio - 

to the true position, while the fist object's position is improved slightly relative to the already 
accurate SAP result. For this problem, the MFP procedure was carried out by optimizing first with 
respect to ( ~ 2 , 0 2 )  and then over (TI ,  01). Future research efforts will be devoted to exploring how 
best to cycle through each of the N pairs of coordinates. 

8 Conclusions and Plans for Future Work - 

In this report, the use of high resolution array processing techniques in a ground penetrating radar 
type measurement configuration has been demonstrated with examples. We have concentrated on 
the localization of a single object of known structure buried in an infinite background whose elec- 
trical characteristics are also known and have indicated preliminary results for the two object case. 
Using both matched field processing and subarray processing techniques we obtained very favor- 
able results even under low SNR and high soil moisture conditions using a realistic measurement 
scenario. Out initial work indicates that an array processing approach should retain its favorable 
performance characteristics in the multi-ob ject case as well. 

Future research efforts are required in a number of areas. First, the.T-matrk model must be 
generalized to allow for the calculation of scattered field for an arbitrary number of scattering ob- 
jects. Additionally, while still maintainingits low computational complexity, the 2'-matrix method 
can be extended to compute $Ads arising fiom non-circular objects such as ellipses in two dimen- 
sions and spheres and ellipsoids in 3D. Clearly, the ability to efficiently model these types of objects 
increases the utility of the array processing methods for the hazardous waste removal applications. 

Significant work also remains in extending the array processing algorithms. It is the case 
that the MFP distance surface has a number of local maxima surrounding the true maximum 
(which itself is close to the true object locations.) Thus, there is a need to devise computationally 
efficient methods which avoid convergence to a suboptimal estimate of the scatterers' locations. 
we anticipate that further work on the SAP-then-MFP method will be of use. Extensions of MFP 



(and SAP) to process data from multipie frequencies and multiple incident aagles will be helpful 
in this regard. Additionally, the assumptions underlying the algorithms discussed in this report 
should be lifted. For example, it would be best if one did not need to specify a priori the number 
of objects buried beneath the array. A minimum description length type of criterion could be 
used to solve this problem. Similarly, rather than pre-defining the target properties (size, shape, 
electrical characteristics, etc.), a more robust procedure would involve only the specification of an 
object library. Given the data, the algorithms would determine which objects from the library are 
present. 

Finally, extensive performance analysis remains to be done. As the m a y  processing algorithms 
discussed here me statistical in nature, error variance and Cramer-Rao bounds can be computed 
for these methods. Such analysis can form the basis for understanding issues such as the sensitivity 
of the algorithms to the assumed soil conditions and the development of methods to estimate 
the soil electrical properties on line. Statistical performance indicators can be used to define 
the detectability and distinguishability of objects. Such information would be of use in building 
anhsemdhg tfie €arget G-rary discussed in the previous paragraph, in determining the optimal 
frequencies for locating particular objects, etc. 
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ABSTRACT 

A nondestructive coaxial sensor was investigated as a means of determining the frequency- 
dependent permittivity of soils for modeling ground-penetrating radar. Accurate soil pa- 
rameter extraction depends on both an internal sensor calibration and an external cali- 
bration that includes interactions with the test medium. Our internal calibration using a 
shorting plate and two resonant cavities has been versed to be accurate up to and above 
l&.GE€z.: The external calibration based on. quasi-static theory is good up to about 500 
MHz, but breaks down above this cutoff. Accurate soil measurements are now possible 
up to 500 MHz, but a new a new external calibration procedure needs to be developed to 
perform characterization above 500 MHz, particularly for high dielectric constant media. 
Our low frequency measurement cutoff is limited by the network analyzer’s low frequency 
cutoff of 50 MHz. 

1. Introduction 

A laboratory soil characterization facility has been developed at Northeastern Univer- 
sity to measure frequency-dependent soil permittivity and conductivity values using an 
open-ended coaxial probe [l] and a HP8510 vector network analyzer. This system is cur- 
rently capable of extracting accurate soil parameters in the frequency range 50 MHz to 
500 MHz. A diagram of the sensor is shown in Figure 1. A unique feature of this probe is 
the large 32.5 mm diameter aperture in the outer conductor, allowing for averaging of the 
effects of large-grain inhomogeneities. 

Unknown Soil or 
Material to Investigate 

Inner Conductor 

(to 50 - Ohm line) 

Material to Investigate 

inductor 

Fringing 
Fields 

Figure 1: Coaxial near-field sensor used to infer dielectric constant and con- 
ductivity of soils.. 
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Accurate estimates of frequency-dependent permittivity and conductivity of test sam- 
ples depend on calibration methods t o  remove systematic measurement errors. Our cal- 
ibration procedure consists of two separate and distinct steps: an internal calibration 
procedure to remove losses and resonances inside the network analyzer, transmission lines, 
and the measurement cell itself; and an external calibration to account for the external 
capacitance and radiation conductance of the sensor. Custom calibration software was 
developed and used for both the internal and external calibrations. 

A standard 3-term calibration model was used for the internal sensor calibration. The 
model parameters were determined by using test references consisting of a shorting plate 
and two cavities of different dimensions [l, 21. For the external calibration, the external 
fringing capacitance and radiation conductance of the probe were determined using a 
quasi-static analysis [3]. The quasi-static procedure is known to  be valid for samples with 
relatively low dielectric constant and at frequencies such that the aperture dimensions are 
small comEqed to  the wavelength in ‘the test medium. 

In order to test our internal calibration, the open-air response of the probe was mea- 
sured. The measured admittance values show excellent agreement with quasi-static predic- 
tions up to 500 MBz. This valuable check is allowable since the open sensor response was 
not used as one of the calibration references. The open-air measurement may also be used 
to  determine the external calibration parameters consisting of the frequency-dependent 
capacitance and the radiation conductance of the probe. 

A nonlinear parameter extraction algorithm was used to de-embed the frequency- 
dependent permittivity and conductivity of the test samples from measured reflectivity 
data. To further verify the accuracy of the sensor, particularly for high dielectric media, 
both methanol and water were measured and compared to  published Cole-Cole [4] and 
Klein-Swift models [5].  The results for these high-dielectric media compare favorably with 
the models for frequencies below 500 MHz, but diverged for frequencies above 500 MHz. 
The reason is that the quasi-static external calibration model that is typically used breaks 
down at around 500 MHz for methanol and water. In order to  obtain accurate parameter 
estimates above 500 MHz, particularly for high dielectric media, a new calibration model 
will need to be developed. A study of the variation of the electrical properties of the INEL 
soil with density and moisture is in-progress. 

2. Internal Sensor Calibration 

An internal sensor calibration procedure was used to  remove the frequency-dependent 
response of the coaxial probe, network analyzer, and transmission line. A standard 3-term 
calibration procedure was used, which includes multiple resonances. The three calibration 
references used were a shorting plate and two resonant cavities with two different physical 
dimensions. Essentially, this internal calibration procedure allows us to reference the com- 
plex reflection coe%.cient measured by the network analyzer to the tip of the nondestructive 
sensor. 

The complex reflectiorc&fficient rm measured by the network analyzer may be related 
to the true reflection I' coefficient at the tip of the sensor as 

i = 1,2,3. r i s 1 2  s 2  1 

1 - rmi = sll + 
where i = 1,2,3 represent three independent calibration measurements. The calibration 
model parameters S11, S 1 2 ,  S21, S22 ,  with S 2 1  = S I 2  are to be determined. In many 
applications, the product S l l S 2 2  is second-order and may be ignored, simplifying the de- 
termination of the S-parameters from the calibration measurements. This product cannot 
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be ignored here, since the sensor contains a transition region where the b e r  conductor 
flares. Hence, 2722 is not small. 

Fortunately, the S-parameters may be determined exactly from the set off three non- 
linear equations (1) as follows [2, 61: 

Once the S-parameters are determined, Equation (1) may be used to solve for the reflection 
coefficient I' at the tip of the probe from the reflection coefficient r, measured by the 
network analyzer. 

3. External Sensor C-albration 

The external procedure is used to relate the complex reflection coefficient at the tip of 
the sensor to the unknown medium parameters. A circuit model is usually chosen where the 
unknown medium that the sensor is in contact with is replaced by an equivalent complex 
admittance Y ( w ) .  The admittance model typically used [l, 61 for this purpose is 

where 2,- = - j u . / w ~ O  is the complex relative permittivity of the unknown medium, Cf 
is a fringing capacitance independent of the medium, Co(w, e,-) is the fringing capacitance 
due to the sample, Go(w) is the radiation conductance. The external calibration procedure 
consists of the determination of Cf, CO(W,E~),  and Go(w). The admittance Y ( w )  may be 
obtained from the measurement I' as Y ( w )  = (1 - r)/(l+ I?)&, where 20 = 50 Ohms, 
and the nonlinear Equation (6) solved for the complex permittivity &- 

A quasi-static procedure [3] was investigated as a means of determining Co(w, E T )  and 
Go (w) .  The fringing capacitance Cf is small and usually neglected in a quasi-static analysis. 

The quasi-static procedure involves solution of the two electrostatic integrals 

and 
b 

13 = dp J b  dp' J T  d 4  cos 4 Jp2 + p'2 - 2pp' cos 4. 
a 0 

Then the sensor capacitance in the test medium is given as 
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where 

and 

The resulting expression for CO was found to  be with a1 = .2458 and a2/al= 1.78 x 
and ~ M H ~  the frequency in MHz. The value of Cf was set to zero for our work. The 
radiation conductance determined from the quai-static procedure is given as 

Evaluation of (12) gives Go1 = 3.527 x 

using a variational formulation. Marcuvitz’ expression may be written as 

for our probe. 

K sEgEtly difFeren€.expressl’on for radiation conductance was &erEeC by Marcuvitz [q-* 

Note that Equations (12) and (13) differ only in the 1/12 and 1/10 factor and the square 
of the log @/a) factor in the denominator. 

4. Results for Known Reference Media 

To verify the accuracy of the internal calibration procedure, reference media including 
air, methanol, and water were used. First, the open-sensor response of the probe was 
measured. The radiation conductance was determined from Go, = %e (x,), where Yj, = 

and the capacitance was determined from Corn = -Sm (Y;,)/w. Figures 2 and 
3 show the measured radiation conductance and capacitance of the probe, as compared 
to theory. The agreement is excellent out to 1.5 GHz. This supports the assertion that 
the internal calibration procedure is working correctly, and that the measurements are 
accurate, at least in‘ air. 

l-rm 
u+rm)zo 2 

-0 1 2 
Frecluencv. GHz 

3 

Figure 2: Radiation conductance of coaxial sensor derived empiricaly from 
open-sensor in air and compared to values from quasic-static [3] and varia- 
tional [7] analysis procedures. 
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@+re 3: Capacitance of coaxial sensor derived empirically from open-sensor 
in air and compared to quasi-static calculation [3]. 
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Next, a similar procedure was applied to determine the radiation conductance and 
sensor capacitance from water and methanol. If Squation (6) is valid, then the radiation 
conductance Go(w) should be independent of the test medium used. Similady, if the quasi- 
static procedure used to determine Co(w,&) is valid, the coefficients a1 and a2 derived using 
the quasi-static procedure should remain constant as the test medium is changed. 

In order to characterize the sensor using methanol and water, a Cole-Cole model [4] 
was used to determine the accepted permittivity and conductivity for methanol, and the 
Klein-Swift model [5] was used to determine the values for water. A resistivity of 30 
Ohm-m and temperature of 20" C was assumed for the water. 

Figures 4 and 5show the comparison of the radiation conductance and capacitance of 
the coaxial sensor derived empirically in methanol and water as compared to the quasi- 
static calculation, using the Cole-Cole [4] and Klein-Swift [5] models for complex permit- 
tivity. Note that the three curves agree well up to about 500 MHz, but that there are 
significant differences above 500 MHz. The implication is that the external capacitance 
model given by Equation (12) is not valid for high dielectric constant media, like methanol 
and water, above 500 MHz. 

5. Conclusions and Directions for Future Work 

A soil characterization laboratory has been developed for measuring the frequency- 
dependent dielectric constant and conductivity of soil samples in the 50 MHz to 500 MHz 
region. Both internal and exteral calibration techniques were ,developed to remove sys- 
tematic measurement errors associated with the sensor and data collection system. The 
internal calibration was verified t o  be extremely accurate up to 1 GHz, independent of the 
test sample. Tlie external calibration technique breaks down near 500 MHz, particularly 
for media with high dielectric constant, due to limitations of the quasi-static theory. A 
new external calibration procedure needs to be developed in order to extend the sensor for 
high-dielectric constant media and frequencies 500 MHz and above. 

An obvious extension of this work is to incorporate the measured soil properties 
into electromagnetic modeling algorithms to compute detection depths for various targets 
(metallic vs. dielectric) in real soil environments. We are currently developing techniques 
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Figure 4: Radiation conductance coaxial sensor in methanol and water de- 

termined empirically and compared t o  quasi-static value. 
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Figure 5:  Capacitance of coaxial sensor in methanol and water derived em- 
pirically and compared to quasi-static value. 

for incorporating these measured soil parameters into our computational models [8, 9, 10, 
111. In addition, the measurement equipment could easily be ruggedized and taken into 
the field to perform on-site soil measurements. This would allow field engineers to select 
appropriate antennas and tune their equipment for the specific soil conditions. 
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ABSTRACT 
5 

The hite-difference time-domain (FDTD) algorithm, when modified to include dis- 
persion, is a convenient tool for analyzing wave propagation in lossy, dispersive soils. It 
has been shown recently that a convenient way to include the dispersion is through a spa- 

’ tial array of digital permittivity or conductivity flters, one flter at each space node in 
the.finite-difFerence gid.  We address. here the problem of selee6ingL Nter coefficients that 
result in accurate and stable FDTD implementations. We present a systematic procedure 
for determining the coefficients based on a nonlinear optimization procedure and stability 
test. 

1. Introduction 

Tlie finite-difference time-domain (FDTD) method is a powerful and versatile com- 
putational tool, and is presently one of the most popular computational methods. For 
ground-penetrating radar, FDTD may be used to predict transmitted waveforms in lossy, 
dispersive soils, and to compute Eelds scattered off of known targets. This type of model- 
ing is also important for the inverse scattering problem, in order to  quantitatively deduce 
subsurface physical properties from radar measurements. Numerical modeling is useful for 
determining penetration depths in inhomogeneous environments, and detectability studies 
for targets of interest such as land mines and groundwater contaminants. 

There are certain instances where dispersion is not important. One case occurs when 
the radar system is inherently narrowband, and the soil electric properties may be con- 
sidered constant over the narrow radar bandwidth. Another example is when one is only 
interested in shallow objects, such as near-surface mines, or in digface environmental or 
archaeological applications. But in general, the soil dielectric permittivity E ( W )  and con- 
ductivity a(w)  must be considered frequency dependent. 

The standard Yee FDTD algorithm does not take dispersion into account, and the 
FDTD time-stepping equations must be modified in order to include dispersive effects. 
Several approaches have been proposed for incorporating dispersion into FDTD. These 
methods can roughly be categorized as: 1) differential equation methods [l, 21; 2) discrete 
convolution algorithms [3, 4, 51; and 3) 2-transform algorithms [6, 71. Recently, a new 
formulation has been proposed by the authors [8, 9, 101 that includes many of these 
algorithms as special .- cases [8]. 

Our new method is more general than the previous methods because it does not rely 
on Debye, Lorentz, or Drude models, but  rather is based on spatial arrays of digital filters. 
Two algorithms have been proposed:. one using a permittivity filter (denoted form-1), 
and the other a conductivity filter (form-2). The filter parameters may be determined 
directly from measurement data, leading to finite difference implementations without the 
introduction of additional discretization error [8]. 

-- . . 



We address the problem of determining an optimal set of filter coefficients based on 
frequency-dependent soil data measured in a laboratory or in the field with appropriate soil 
characterization facilities. In particular, a step-by-step procedure is presented for deter- 
mining parameters that result in accurate; stable FDTD implementations. We demonstrate 
our method with data from the classic 1974 Hipp paper [ll] for Puerto Rico clay loam 
tabulated as functions of soil density and moisture. 

2. Dispersive FDTD Algorithms and Stability Test 

Two new dispersive FDTD algorithms have recently been proposed [8]. The first, 
which we denote as a form-1 dispersive FDTD algorithm, is based on a permittivity filter 
implementation of the dispersion relation 

D(r, 2) = At+, - q E ( r ,  Z), (1) 

d t i h e  other, denoted form-2, is based-m+m&@vity filter 

In the above, D(r, 2) and E(r,  2) are 2-transforms of the electric flux density and electric 
field, and Jc(r ,2)  is an induced source current due to dispersion. The one-sided (causal) 
2-transform of a vector field A'(r) = A(r,t = Z4,) is defined as 

- 
Dc, 

A(T,Z)  = ~ A ' ( r ) Z - ' .  
I=O 

We model the dispersive media using Pad4 representations for E(T,  2) and o(r, 2). In 
the form-1 algorithm, 

and 

for the form-2 algorithm. In the form-2 algorithm, we also include a frequency-independent 
background permittivity E ~ ( T ) .  In principle, we may include an arbitrary number of terms 
in the numerator and denominator of Equations (3) and (4). We limit the equations to 
second order in both numerator and denominator in order to minimize memory require- 
ments, since the number of terms dictates how many previous time values of the fields 
must be stored at c _every node. - *.. . 

Our dispersive FDTD algorithms may be written in Z-transform space 

and 
A -  - 
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Equation (5) and (6) are discretized and 2-transformed versions of the Ampere and Fara- 
day Laws. We have only the Ez and Hy t e r m  in Equations (5) and (6)) corresponding 
to one-dimensional (1-D) wave propagation. These equations are easily generalized to 2-D 
and 3-D. 

The function F ( 2 )  in Equation (5) corresponds to the dispersion, and takes on different 
forms for various FDTD algorithms. For the standard nondispersive FDTD algorithm, 

F(Z)= 1 - 2 - l .  (7) 

For the form-1 dispersive FDTD algorithm, 

and for the form-2 dispersive FDTD algorithm, 

F ( 2 )  = (1 - 2 - l )  + *: (1 + Z - l ) 0 i + 1 / 2 ( ~ > .  
2Ei+1/2 

(9) 

Combining (5) and (6), we may solve for the 2-dependent transfer function relating the 
electric field Bz,i+1/2 to the independent source Js,z,i+l/2. We 5nd that the denominator 
polynomial of this transfer function is given by 

(10) 2 2  (2 - l)F(Z) = -4r s ) 

Af 
A z m  

is the Courant number and s2 = sin2(kzA,/2) + sin2(kyAy/2) + where r = 
sin '(k,A,/2) for a plane wave. In general, 0 < s2 < n, where n is the number of space 
dimensions in the simulation. 

A necessary condition for stability of the FDTD algorithm is that the roots of Equa- 
tion (10) lie within the unit circle, since this this equation describes the roots of the linear 
transfer function mapping the independent input function JS,% to the output E%. It is 
interesting to  note that Equation (10) may also be obtained by applying the Von Neu- 
mann stability criterion [8]. Hence, for- stability of the FDTD algorithms, we require that 
the roots 2 k  , I; = 1,. . . , Nk all lje within the unit circle. For the second-order Pad6 
representations given by Equations (3) and (4)) there are four roots (Nk = 4). 

In Equation (lo), s relates to the direction of wave propagation in the FDTD grid, 
and is considered a nuisance parameter, because its value cannot be speclfied, and must 
be allowed to vary within 0 < s2 < n. This makes it difficult to specify regions of stability 
for the dispersive FDTD.parameters (bo, b l ,  ba, a l ,  a2) or (do, dl, d2, c1.) c2) in Equations (3 )  
and (4). Instead we apply a stability test, whereby a root-locus technrque is used to ensure 
that the roots l2kl < 1; k = 1,. . . , Nk remain within the unit circle as the nuisance 
parameter s2 is varied from 0 to n. 

3. Nonlinear Optimization of Filter Parameters 

We now consider the selection of optimal parameters (bo, bl, b2: a l ,  a2) and (do, d l ,  d2, c1, c2) 
for the form-1 and form-2 dispersive FDTD algorithms, respectively, that result in accu- 
rate and stable FDTD implementations. This is essentially a filter design problem, but is 

m-3 



complicated by the fact that we must accurately match both the magnitude and phase of 
the filter as a function of frequency. Note that Equations (3) and (4) are complex-valued, 
since it is not possible to have a causal, stable infinite-impulse response (IIR) digital fil- 
ter with zero phase. The filter coefficients (bo, b l ,  b2, a ~ ,  a ~ )  and (do, dl;d2, c1, c2) are real, 
however. 

It is tempting to apply a nonlinear optimization directly to obtain a set of filter coef- 
ficient that match the measured permittivity and conductivity data with ~ ( 2 )  and a(2) 
evaluated on the unit circle 2 = ejwAt. This is not a viable solution in practice, however, 
due to the high sensitivity of ~ ( 2 )  and a(2) to the pole locations (a l ,  a2 or c1,cz). Instead, 
we specify the pole locations by hand, and apply a nonlinear optimization procedure to 
solve for the numerator polynomials of ~ ( 2 )  or a(2). - 

To determine al ,  a2 or c1, c2, we use reasoning-tndetermine where in the complex plane 
the poles of ~ ( 2 )  and a(2) should lie. First, we note that the denominator polynomial 
k+c~+Z-~-+= u272-2 may be factored as (3: - - p l T L ) ( l  - P ~ Z - ~ ) ,  wherepl,p2 are the pole 
locations. Then a1 = -(PI +p2)  and a2 = plp2. Note that a1 and a2 are not independent. 
In order for a1 and a2 to be real-valued, p l ,  p2 can either be real and distinct, or complex- 
conjugate pairs. If they are real, then the poles occur either at w = 0 if positive or w = 03 
if negative. A pole at infinity would ampllfy numerical noise in a FDTD algorithm, and a 
pole at DC does not seem to give any advantage in terms of matching the measurement 
data. We choose the poles p1 and p2 to be complex-conjugate pairs. In addition, we choose 
the undamped resonance frequency w res = Lpl/At to lie within the bandpass region of 
interest (note that at the undamped resonance frequency w res, 2 = p i =  ejw resA:). Once 
the phase of p l  is specified, we apply an  educated guess to choose the magnitude of pl 
between 0 and 1. Then, pa = P I * ,  a1 = - ( P I  + p 2 ) ,  and a2 = p1p2. 

Next, we solve for the numerator polynomial coefficients (bo, b l ,  b2) or (CO, ~ 1 ,  c?) of 
Equation (3) or (4). These values may be determined readily by applying a nodnear  
optimization strategy. Using a least-squares error criterion, the form-1 coefficients may be 
determined by minimizing the cost function 

Similarly, the form-2 filter parameters may be determined from 

Once the numerator coefficients are determined, a(Z).or ~ ( 2 )  should be checked vi- 
sually to ensure t h t - t h e  optimization generated reasonable results. Then, the stability 
test described in the-previous section is applied. If the algorithm is not stable, the pole 
position can be re-adjusted and the optimization process repeated. If the algorithm is 
stable, then the coefficients can be used directly, or the pole positions can be moved and 
the optimization process repeated to reduce the cost function and obtain a better match 
to the data. 

Figures 1 - 3 show the results of our optimization process applied to the Puerto Rico 
clay loam data [ll] for a form-2 algorithm. Figure 1 shows the results for a dry soil density 
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Figure 1. (a) Permittivity and (b) conductivity data versus frequency for 1.2 g/cc dry density of Puerto 
Rico clay loam. Solid curves represent second-order Pad6 model, crosses represent measured data (Hipp, 
1974). Various curves represent different percentages of moisture by dry soil weight. 
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(a) Permittivity and (b) conductivity data versus frequency for 1.4 g/cc dry density of Puerto 
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Figure 3. (a) Permittivity and (b) conductivity data versus frequency for 1.6 g/cc dry density of Puerto 
Rico clay loam. See Figure 1. 

Table 1. Conductivity filter parameters for form-2 dispersive FDTD algorithm to model Puerto Rico clay 
loam tabulated as a function of moisture and density. A time step size of At = 20 ps is assumed. 

D (g/cc) M (%) 10gf0 IPI Er bo bl b2 a1 a2 X 2  
1.2 5.0 8.2 .75 3.490 .0620899 -.lo508 .0432 -1.49882 .5625 .0119 
1.2 10. 8.7 .75 5.007 .117655 -.204585 -0872751 -1.49703 .5625 .0139 
1.2 20. 8.3 -80 9.063 .209212 -.373846 -165186 -1.5995 .64 .0209 
1.4 
1.4 
1.4 
1.4 

2.5 8.5 -70 3.134 -0381282 -.0587637 -0207773 -1.39889 .49 -0333 
5.0 8.5 .75 4.072 .0744985 -.122577 .0483395 -1.49882 .5625 .0183 
10. 8.2 -80 '5.652 -12006 -.213117 .0932994 -1.59968 . .64 .0215 
20. 8.5 .80 12.49 .177603 -.308787 .132104 -1.59874 .64 .0160 

4. 

1.q 2.5 8.3 .70 3.718 .060417 -.0896431 .0294616 -1.39956 .49 .0275 
1.6 5.0 8.5 .72 5.105 .122843 -.20338 .0809494 -1.43886 .518? .0159 

1.6 20. 8.5 .78 16.06 -322463 -.554124 -233467 -1.55877 -6084 .0091 
1.6 10. 8.5 .75 6.574 .193683 -.331925 -13881 -1.49882 .562.5 .0113 

Conclusions 

A new method has been presented recently for incorporating dispersion into a finite- 
difference time-domain (FDTD) computational electromagnetics algorithm, which is useful 
for ground-penetrating radar modeling. A systematic procedure was presented for deter- 
mining form-1 and form-2 dispersive FDTD model parameters that result in accuraze and 
stable FDTD implementations. The design procedure is difficult because it requires spec- 
Scation and optimiz$tion of both the magnitude and phase of a digital IIR over a wide 
frequency band. h addition, regions of stability for the model coefficients are difiicult to 
obtain. Nevertheless, a design procedure was presented and demonstrated for determining 
the dispersive FDTD algorithm parameters from measured soil data, resulting in stable 
and accurate FDTD implementations. 
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V-1. Introduction 

Northeastern University, as part of a contract with the Idaho National Engineering Laboratory 

Specifically, the goal was to address the use of infrared imagery in a sensorldata fusion effort to locate, 
identify, and characterize buried waste; The infrared sensor was expected to  provide information on volatile 
organic compounds (VOC’s) in the atmosphere, indicating a broken or leaking underground container. 

has undertaken an effort to  examine the applications of infrared imagery to  the landfill remediation effort. - 

At the present time, it appears that we will not have appropriate data sets available to be used in 
the fusion project. We have therefore confined our effort to examination of simple models to determine the 
level of performance of VOC sensors. Section 2 of this report describes the model and sample results, along 
with suggestions for the operational use of infrared instruments, complemented with lasers and other light 
sources. 

’ In addition, we have considered the concept of using the infrared camera along with ground- 
penetrating radar as a complementary tool for the detection of underground objects. It is well-horn 
that solar heating of the surface of the ground depends on the composition of the soil at and below the 
surface. This concept has been proposed for the detection of buried mines. With high-power microwave 
sources, it would be possible to achieve heating comparable to solar heating in a shorter time, and to a 
greater depth. Section 3 describes our work in this area. 

V-2. Infrared Sensing of Volatile Organics 

Many volatile organic compounds have infrared absorption spectra consisting of relatively sharp 
peaks which areamenable to in situ measurement of portions of the spectra t o  determine the concentration 
of one or more-cbnipounds. Considerable success has resulted from work with differential absorption lidar 
(DIAL), in which the absorption of a laser beam is measured as a function of its wavelength. In the visible 
spectrum, tunable lasers allow continuous spectra to be obtained over wide bands. In the infrared, lasers 
such as C02 operate on many discrete lines, and can be tuned rapidly from one to another. Some of the 
disadvantages of DIAL are the need for a transmitter, limited spatial coverage because of the need to point 
the laser and receiver at each desired location, and spectral coverage limited to  available laser wavelengths. 
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Two new developments suggest an alternative. Infrared cameras of very good sensitivity have been 
developed to make simultaneous measurements in several thousand (or more) locations at once. Various 
spectroscopic devices have been developed in such a way as to be compatible with imaging, so that it is now 
possible t o  measure a signal as a function of uimuth, elevation, and wavelength. The act of acquisition and 
processing of such three-dimensional data sets is called “hyperspectral imaging.” It has found applications 
in satellite remote sensing, in medical imaging, and military activities. 

The development of this field suggests a passive concept analagous to DIAL. Using the natural 
(“black-body”) radiance of an object or scattered solar radiation, it seems reasonable to ask whether it 
would be possible to  determine changes in absorption between that object and a hyperspectral imager. The 
fundamental difference between this technique and DIAL is that the filtering is done at the receiver rather 
than the source. 

For example, in DIAL, laser light is spectrally concentrated at the wavelength of interest, yielding a 
significant scattered radiance, L, from the object. For a laser power, Q incident on an area A of a target of 
& f & ~ z d e c t i ~ t ~ . @ e  scatterehradiance will. h e  

Q L=p-  A’ 
Powers of Watts in areas of a few square centimeters are common, and reilectivities are often a few percent 
per steradian. Thus, the radiance may be of the order of 1000 Watts/ meter2/ steradian. 

, On the other hand, filtering at the reciever, using scattered sunlight provides a measured radiance 
of - 

L = p E x [ ~ ~ l a ~ ] d A ,  
where the solar irradiance, E[soZa?], is never much more than 1000 Watts per square meter spread over the 
entire spectrum, and Ex[solar] has a maximum value not often greater than 20 Watts per square meter per 
micrometer at 3 to 5 micrometers (Mid-Infrared or MIR) and 1 Watt per square meter per micrometer at 
10 to 14 micrometers (Far-Infrared or FIR). ’(?re must set the filter bandwidth dA to be at least comparable 
to the expected linewidth. Assuming a line of 100 nanometers width, which is perhaps unrealistically large, 
we thus can expect less than 0.2 Watts/meter2/steradian in the MIR and 0.01 Watts/meter2/steradian in 
the FIR. We thus begin with a disadvantage of at least 4 orders of magnitude compared to DIAL, but with 
considerably simpler hardware. 

V-2.1. Simple Models 

To explore the possibilites of using IR detection of VOC’s, we have enhanced a program originally 
developed for scanning lidar, which calculated the radiance of ground and sky, including scattered sunlight, 
to be used as noise contributions. A program element for computing the intersection of the line of sight with 
targets was modified to model a plume. 

For each pixel in a scene, the program computes the intersection with the ground and the plume if 
applicable, and computes, 

0 the solar irradiance incident on the- ground, attenuated by the plume if the pixel is in the 
shadow of the plume, 

0 the radiance of the ground, as the sum of the self-radiance and the scattered solar irradiance, 
and 

the radiance of the sky behind, in, and in front of, the plume. 
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Each of these is attenuated by the atmosphere and the plume as appropriate. 

The pictures in Figure 1 illustrate the function of the program. Realistic camera parameters were 
used for each wavelength. A nearly opaque plume was carefully chosen to show all the features of the program. 
Note that the shadow of the plume is obvious in the visible and MIR pictures, because a significant portion 
of the ground radiance arises from scattered-sunlight. On the other hand, in the FIR picture, very little of 
the ground radiance results from scattered sunlight, so the shadow can not be seen. 

. 

The ground is hotter than the sky, and appears brighter in the IR images. It appears darker in 
the visible image because both sky and ground radiance are dominated by scattered sunlight and the sky’s 
scattering is stronger. The plume was made cooler than the ambient air, so it shows up darker than either 
the sky or the ground in the IR pictures. Sunlight scattered from the plume was not included, so it appears 
dark. 

Although the mode1 uses a very simple geometry and would not be useful for modellinga dynamic 
situatibn wali mm$e phmes of dierent constituents in a varying atmosphere and terrain,’ it is sufficent 
to determine the capability of hyperspectral IR cameras to detect and perhaps quantify VOC’s. 

V-2.2. Performance PAiictions 

Two applications for this technology present themselves, and we will developmodels of each. In 
the first, remediation activity at a particular site is planned or under way, and multiple sensors are in place 
to assist in identifying the buried material. These may include one or more ground-penetrating radars, 
electromagnetic sensors such as EM-61 and EM-31, and magnetic-field sensors. The functions of the VOC 
sensor are to 

0 assist in identifying buried material by locating plumes from leaking containers, and 

0 assist in protecting the workers by providing a timely alert if VOC levels increase during 
the work. 

In the second scenario, workers enter an area where VOC’s are known to exist. The goal of the 
sensor is to monitor the site continuously so that workers may be removed from the area or don protective 
clothing if the level of VOC rises toward a threshold. 

The major differences are the following: 

0 In the first case the sensor is an integral part of the measurement program while in the second 
it is expected to operate relatively autonomously and unobtrusively until it detects the threshold 
signal. 

In the first case the sensor can be moved to cover specific areas as part of the measurement 
process, while in the second, it must survey the entire site continuously and autonomously. 

0 In the first case the plume is likely to be small in spatial extent, so that it can be identified 
against a background, while in the second case, it is more likely to be distributed over the entire 
area, so that the variations in concentration from pixel to pixel will be small. 

0 In the first case, it is important to identify the material and locate the source, with con- 
centration being less important, while in the second, the material may be. known in advance, and 
location is relatively unimportant, but concentration is critical. 
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Figure 1 - Sample Simulated Images. 

We consider two examples, one for each of these scenarios, and show calculations for the first. In 
this case, we have a 5 meter diameter plume from a particular site. The field of view consists. of 40 pkels 
in each direction for a total exent of 0.558 radians in each direction. The plume is located 80 meters away, 
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in the center of the field of view, and the sun is to the left and in front of the camera. The wavelength is 
near 4.3 micrometers. No absorption data have been available, but we will estimate 5 d B / h  as a typical 
absorption coefficient. The’ambient temperature of the atmosphere, including the plume is 27 degrees C, and 
the ground is one degree warmer. The ambient atmospheric attenuation is 3 dB/km, and the solar constant 
is 1000 Watts per square meter. 

The results are shown in Figure 2. In the bottom plot, a horizontal line through the plume (line 
18) is shown. In the top plot, a line below (in the image) the base of the plume (line 19) is shown. The 
distinguishing feature here is the shadow cast by the plume on the ground. The minimum sensitivity is 
assumed to be 2.5 x Watts per square meter per steradian [Sonneni?ob, et. d.]. In both lines, the 
plume is clearly visible. 

In line 15-(not shown), which has a sky background, the plume is not visibIe, b.ecause it has the same 
temperature as the atmosphere. Any light which it absorbs is replaced by light which it radiates. Detection 
of a plume ag+nst a sky background will be impossible if no temperature contrast exists. 

The same case is shown in Figure 3 for a center wavelength around 10.5 micrometers. It will be 
noted that the solar spectrum is low at this wavelength, and does not produce a shadow as it did in the hlIR 
case. Other than that, the details are similar, although the actual radiances are higher. 

In the second case, the plume is 50 meters wide, which is a substantial fraction of the image. 
Attenuation will be about 10 times greater, and either detection will be relatively easy, or it dl be possible 
to detect lower concentrations. 

The results may be understood by considering the following: Sunlight is assumed to have. a black 
body spectrum associated with a temperature of 5000 K. Scattered sunlight has a spectrum proportional 
to this one, but reduced in magnitude by an appropriate amount to indicate the scattering from ground, 
clouds, or other objects. The blue sky is simulated by the solar (5000 K) spectrum, reduced in magnitude, 
and multiplied by a Rayieigh-scattering factor proportional to the inverse fourth power of wavelength. All of 
these are summarized in Figure 4. The figure shows the scattered sunlight from “blue sky” and “clouds or 
terrain,” as well as a 300-K black-body spectrum identified as “night sky.” The latter is, of course observed 
for any object at a temperature of 300 Kelvins, including the ground. 

For the “thick” objects (sky, plume, etc. ), the indicated values are for infinite thickness. For finite 
regions, the computation requires solution of the radiative transport equation. The result is a contribution 

L,,~, = L ~ , ~  ~ X P  [-w~I {=P [--(yZ(r1 ji -  ex^ [ - - O ~ ( P ~ ) I I .  

If the plume is at the same temperature as the ambient air, then an IR sensor viewing the sky d l  
observe the same black-body signal with or without the plume. Specifically, any light from the sky behind 
the plume which is attenuated by the plume will be replaced by black-body radiation from the plume itself. 

Thus, the plume will only be visible if there is an additional light source behind the plume. This 
can occur if, for example, the ground temperature is higher than the ambient air temperature, or if sunlight 
scattered from the sky or ground background is also detected. 

Scattered sunlight from a cloud or terrain is shown in Figure 1 to be well below the black-body 
radiation in the FIR band, but comparable to it in the MIR. Thus, if a plume of gas has an absorption 
signature in each band, it may be preferable to  use the MIR band to take advantage of scattered sunlight. 
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Figure 2 - Slices Through Images at 4.3 micrometers. 

40 

V-3. Infrared Sensing of Buried Objects 

During the performance of this work, another opportunity suggested itself. A multiple-modality 
sensor, in which a high-power microwave transmitter is combined with an infrared camera might be useful for 
deteting underground objects relatively near the surface. The microwave transmitter would introduce energy 

V-6 



I 

7 
I 
t 

,'J 

9 

3177 

k 

'Ez 
3 
\ z= 

4.021 

4.020 

4.004 4 

h e  18 

0 10 20 30 40 
~01Umn from Left 

4.001 1 
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into the ground which would be absorbed at  different rates by buried objects than by the surrounding soil. 
The resulting differential heating would be sensed by the infrared camera, and an image of the underground 
object produced. 

'While careful modelling will be required to evaluate performance, and optimize parameters, the 
basic soundness of the approach is suggested by two analyses: 
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A, Wavelength, rnicromet ers 

First, it has been shown [Li, et. al.] that differential heating by sunlight can be measured in a time 
scale of minutes. The nominal 1000 Watts per square meter of sunlight are concentrated in the optical region 
of the spectrum and are absorbed at the surface of the ground. The image is weak because it is produced 
entirely by heat transfer, and probably noisy, because of uneven absorption of sunlight at the surface. A 
microwave wavelength can be selected for penetration to the, desired depth where mines are expected, thus 
making use of thErSdieikCtriC contrast of the mine as well the contrast in its thermal parameters. ’ 

Secondly, we can perform a simple intuitive analysis. If an object absorbs as little as 1 Watt per 
square centimeter and is located 1 centimeter below the surface, assuming as a worst case the specific heat of 
water, it will heat by about 0.25 Kelvin per second. The resulting radiance change caused by a temperature 
change of 0.25 Kelvin at 300 Kelvin is about 0.02 W/m2/sr in the 3-to-5-micrometer (MIR) band and 
0.25 W/m2/sr in the 8-to-12-micrometer (FIR) band. A good infrared camera [Sonnenfroh, et. al.] has a 
sensitivity of 2.5E-4 W/m2/sr, offering two to three orders of magnitude margin. Intuitively, the preference 

V-8 



would be for the FIR band, because the signal is stronger and because scattered sunlight will not contaminate 
the measurement. 

We have developed a program /Rixsacci] which calculates the amount of energy absorbed from an 
electromagnetic field by a heterogeneous material and then solves the heat equation to  determine the temper- 
ature as a function of time and position. This program was originalIy developed for medical applications, and 
is presently being considered as a model for mine detection using a microwave source and infrared camera. 
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VI-1. Introduction 

Northeastern University is presently working on several tasks related to  landfill remediation. One 
part of the effort is to use our knowledge of lidar for dust monitoring, gained through previous work on other 
programs, to make recommendations for lidar concepts which could be applied during landfill remediation. 
This is an interim report on the status of that work. 

Section 2 of this report is a brief tutorial on the concept of lidar dust monitoring including some 
history of other efforts. Section 3 describes some of the scenarios in which dust monitoring could be important 
in landfill remediation. Section 4 proposes lidar specifications which could meet the needs described in section 
3. Section 5 describes an existing lidar similar to one which might meet these needs. Section 6 consists of 
conclusions and recommendations. 

.VI-2. Overview of l i d a r  Dust Monitors 

Lidars may be divided into three classes according to the detection technique as shown in Figure 1. 

Direct Detect ion 

The first of these, called autodyne, is the simplest. Light from a laser is incident on a target, and the 
reflected or backscattered signal is detected. This concept does not retain any phase information, and has 
not found much application to Doppler measurements of frequency. It is useful for aerosol measurements, 
but has a lower signal-to-noise ratio than coherent detection. The name autodyne is used by comparison 
to the other two techniques, and probably was introduced by Shapiro [Fluckiger, Keys, and Shapiro]. The 
technique is also called “direct detection,” or “incoherent detection.” . 

Backscatter LIDAR (Light Detection and Ranging) can be used to detect and track aerosol pollu- 
tants in the atmosphere. A LIDAR consists of a transmitter laser, some optical components, and a detector. 
The transmitter is normally pulsed. The transmitted light is directed through a telescope, and usually a 
scanner toward the target. 
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Figure 1 - Three LIDAR Concepts. 

Light is scattered back from the target toward the LIDAR. Because of the short Kavelength, aerosols 
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with diameters from a few microns scatter enough light to provide a sufficient target. The backscattered 
light leveI from each particle is proportional to the crosssectional area, the incident light level, and the 
“scattering efficiency” of a particle with its particular size, shape, and composition. 

Light from the target is collected by the telescope and directed toward the detector. The detector 
is normally time gated to measure the signal from different ranges. 

Performance of LIDAR for this application is determined by the wavelength of the laser, the scat- 
tering characteristics of the material, the absorption of light by the intervening atmosphere, the transmitter 
pulse amplitude and duration, and the aperture of the receiver. 

Coherent Detection 

E € E e  second, or homodyne system, €E6 returned signark mixed with a samp€e of the transmitter 
laser power, resulting in a signal from the detector at the difference frequency between the unshifted laser 
and the Doppler shifted return signal. This approach is particularly attractive for continuous-wave (CW) 
transmitters, but is ,also useful for pulsed systems in the master-oscillator-power amplifier (MOPA) con- 
figuration [DiMarzio, Harris, Bilbro, Weaver, Burnham, and Hallock]. In this case, a modulator chops the 
CW laser to  produce pulses, which are then amplified in the transmitter path. The laser amplifier may be 
placed in the common path of the transmitter and receiver, in which case it may function as a preamplifier 
for the returning signal in addition to providing the transmitted pulse enera  [Simon]. For this to occur, it 
is important that the gain in the laser medium not be completely expended in amplifying the transmitted 
pulse. Normally, some residual gain remains for a period of time after the pulse but before the next pumping- 
cycle. 

The heterodyne configuration is similar to the homodyne one, except that the reference beam on the 
detector is derived from a separate laser, normally o%et in frequency from the transmitter. As explained 
later, this allows sign discrimination of the Doppler signal. A variation frequently used involves generating 
the offset reference beam from the transmitter laser with a Bragg Cell. This is occasionally referred to as 
“offset homodyne” [Nordstrom and Berg]. 

All of these techniques are referred to  collectively as “coherent detection.” In addition to providing 
a reference for the measurement of the Doppler frequency, they also produce a large reference beam on the 
detector, resulting in quantum-limited detection. This is particuIarly important at long infrared wavelengths 
where direct detection is almost never quantum-limited. Because of their power, efficiency, relative eye safety, 
and coherence, carbon dioxide lasers at wavelengths near 10 micrometers have been the transmitters of choice 
since the 19707s, although recently solid-state lasers near 2 micrometers have come to be of interest [Kane,. 
Byer, and Zhou]. 

In the present work, we will dwell mainly on the homodyne detection technique. Velocity measure- 
ments with a laser Doppler anemometer may be understood with the aid of Figure 2, which shows a typical 
idealized laser radar.. Most of the energy from the laser transmitter is directed to the object being used as 
a target, which may be either a hard target, artificidly generated aerosols, or the dust particles normally 
suspended in the atmosphere. In general, the scatter fiom molecules will be too weak to be measured at 
infrared wavelengths. This turns out to be fortuitous for Doppler measurements, for the Doppler broadening 
caused by Brownian motion of the molecules is hundreds of time larger than typical ambient wind velocities. 

A smaller fraction of the transmitter energy is diverted toward the infrared detector and is used as 
a reference beam. Some of the energy backscattered from the target, which is delayed in time and Doppler 
shifted according to the line of sight component of the target’s velocity, is also incident on the detector. 
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Figure 2 - LDA Operating Principles, 
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Figure 3 illustrates the component of velocity which is actually measured by the lidar. Single 
velocity measurements yield only that component which is along the lime of sight of the laser beam. 
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Figure 3 - Parallel Velocity Component. 



9 

-. 
.! 
* f  

1 

1 

1 
t 

Y 

3 

'r '\ , 01 

3 

As described above, there are two beams incident on the detector. The first is a reference beam of 
approximately one milliwatt in power at the transmitter frequency. The second is the signd return beam 
which is offset from the transmitter frequency by the Doppler frequency of the target. This beam is typically 
at a level of ten femtowatts. These two beams, as shown in Figure 4, are detected by the square law 
detector, resulting in a peak at the difference frequency. This corresponds to the Doppler shift generated by 
the target motion. A typical return is shown in Figure 5. This return was obtained with a CW diode laser 
at a wavelength of 810 nanometers. The use of a coherent lidar adds a layer of complexity to measuring dust 
concentration, but the increased sensitivity may be an attractive return for the added effort. 

Local Oscillator 

Signal 

Frequency 

2206 

Figure 4 - Beams Incident on Detector. 

VI-3. Requirements for Remote Dust Monitors 

We will consider two different situations. In the first, work is being done at a small, well-defined 
site, and the goal is to determine if sub-visual dust is being generated at the site, with the possibility of 
being propagated away from the site. In the second case, a less concentrated level of work is being done over 
a larger area, and the goal is to determine whether small amounts of dust are being generated, and if so, to 
locate the sources. The former will be addressed by what will hereafter be called the short-range lidar, and 
the latter by the long-range lidar. 

VI-3.1. Common Requirements 

Several requirements are common to both the short-range and long-range systems. 
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Figure 5 - Typical LDA Beat Signal. 

VI-3.1.1. Sensitivity to Backscatter 

Large, dense dust clouds are readily visible to the unaided eye, and lidar is unlikely to be competitive 
with an alert observer in identifying and tracking such emissions. The goal then, is to design a lidar system for 
detection of those sub-visual clouds, which are not easily detected by eye. The infrared wavelengths of most 
Doppler lidars are particularly suitable fa. detecting large (few micrometer) aerosols against a background of 
molecular scatter. We begin with the rGquirement that the lidar must be able to detect the ambient aerosol 
typically found in continental environments. At a wavelength of 10 micrometers, this is about lO-*/m/sr, 
and at the short end of the infrared spectrum, it is somewhat larger. 
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VI-3.1.2. Velocity Coverage 

Significant advantages in sensitivity may be possible with the use of a Doppler-Lidar, because of the 
advantages of coherent detection; increased signal strength and narrow bandwidth. It is thus important to 
specify the Doppler coverage, 

At the upper end of the Doppler spectrum is the highest wind speed which u4lE- be encountered 
along the line of sight. Some Doppler lidar components are capable of detecting Doppler shifts of satellite 
velocities, and almost all are capable of measuring aircraft velocities, so the upper limit is not important for 
the present purpose. 

At the low end, we must detect particles moving slowly across the line of sight. If a particle were 
perfectly stationary, the return would be lost in the low-frequency-noise of the local oscillator. Of course, 
for a particle to come into the field of view of the lidar requires some motion. We propose a lower Doppler 
Emit of 1 m/s. 

VI-3.1.3. Operational Issues 

The lidar must be designed to be moved from one site to another, although for the intended purposes, 
true portability is not a major issue. Setup time must be kept to a minimum if the lidar is to be useful for 
routine work. We propose the goal that the system be movable by pickup truck, and that a variety of lifting 
points be provided. 

We assume that, if necessary, liquid nitrogen can be provided to cool the detector and canisters of 
laser gas can be changed on site as needed. 

VI-3.2. Short-Range Lidar 

The purpose of the short-range lidar is to detect dust in the immediate vicinity of a work site. 
Generally we want assurance that there is no dust above a certain level in the work area. Thus, we require 
relatively dense coverage, although the ability to locate the dust precisely is not particularly important. 
Range and azimuth must be.treated differently in this respect. For either a pulsed or CW lidar, the signal 
at a specific range is the integral of contributions from ranges within the resolution cell. Thus, as the range 
resolution becomes large, we lose the ability to locate a small dust cloud in range, but the strength of the 
signal is only reduced by the ratio of the cloud depth to the range resolution. We selected 10 meters for the 
range resolution for the short-range system. For angular spacing, the issue is that the narrow diameter laser 
beam (perhaps 200 microradians) could miss clouds between adjacent "fingers" of the scan pattern. Thus 
we specify the angular spacing to be 1 meter at maximum range. Given the confined nature 0f.a work site, 
we suggest a maximum range of 150 meters. 

_. 

VI-3.3. LongLRange Lidar 

For the long-range lidar, the major objective would be to locate and track small dust clouds to 
determine their source and extent. For this purpose, we envision a l-km maximum range with 15 meters of 
range resolution. The goal would be to have a comparable resolution in the transverse direction at maximum 
range. If we establish the update rate to be 15 seconds, then a cloud will move one range resolution element 
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per scan at  a mean velocity of 1 meter per second, and a cloud travelling at 10 meters per second across a 
2-km site with the lidar in the center would be observed about 12 times during some three minutes. 

Table 1 
Lidar Requirements 

-. . - 

VI-3.4. Summary 

The requirements are summarized in Table 1. 

Requirement Short-Range Long-Range 
Sensitivity Ambient Aerosol Ambient Aerosol 
Minimum Doppler Below 1 m/s Below 1 m/s 
Transportability Light Truck Light Truck 
Logistics (Liquid Nitrogen, Laser G& Can- Liquid Nitrogen, Laser Gas Can- 

isters OK listers OK 
LN2 Refill Time 
Time per Gas Can 
Startup Time 

2 8 hours 
2 24 hours 
15 Minutes, one person 

> 8 hours 
2 24 hours 
15 Minutes, one person 

- 

Power 
Range 150 m 1000 m 
Range Resolution 10 m 15 m 
Angle Coverage 90 degrees 360 degrees 
Angular Density 

Cycle Time 130 sec 15 sec 

110 V, 14 < 15A 110 V, 19 < 15A 

lJamter transverse at maximum J&gters transverse at maximum 

-. - - 
_ .  
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VI-4. Lidar Specifications for Monitoring Dust 

Many different lidars can be proposed to meet the specifications in Section 3. One issue is the choice 
of wavelength. For operations such as this, eye safety and the goal of detecting large particles suggest the 
use of infrared. The two likely candidates are based on the carbon dioxide laser at a wavelength of around 
10 micrometers and the Holmium YAG at around 2.1 micrometers. These two lasers are well-developed, 
high power, and operate in regions of good transmission through the atmosphere. 

, Another critical decision is the detection concept. We slightly favor Doppler lidar, because of the 
enhanced sensitivity of coherent detection, and the need to detect very low concentrations of aerosol. We 
are, however, concerned about the added complexity of Doppler lidar over direct detection, and will address 
this issue in further study. 

Third in the decision process is the issue of ranging. We-select a pulsed lidar for the long range 
system; hcause it- has the require&range resolution but does not work inthe first few range gates. For t h e  
short-range lidar, we select a CW lidar in which ranging is achieved by changing the telescope focus. This 
concept has no minimum range, but does not work well near the far field of the telescope (7iD2/4X). 

Table 2 - 
Short-Range Lidar Specifications 

~~ 

'Requirement 1 C O ~  
' Concept CW Doppler 
1 Power 5 Watts 
Anerture 120 cm 

Ho:YAG . 

CW Doppler 
5 Watts 
20 cm 
90 degj30 sec 
,Manual Set 
0-200 m in 0.25 sec 
11 to 50 MHz 

The lidar specifications are shown in Tables 2 and 3. Z:, 

VI-5. Existing Lidar for Dust Monitoring 

It may be useful to use an existing lidar design as a starting point. Furthermore, the lidar described 
below may be available for use as a test bed for preliminary field tests. 

VI-9 



Table 3 
Long-Range Lidar Specifications 

1 Requirement 
I Concept 
1 Energy 
'Pulse Repetition 
&perhire 
'Azimuth Scan 
Elevation 
Range Scan 
Passband 

co2 

Pulsed Doppler 
100 mJ 
50 Hz. 
20. cm 
90 deg/30 sec 
Manual Set 
0-200 m in 0.25 sec 
200 kHz to 10 MHz 

Ho:YAG 
Pulsed Doppler 
TBD 
50 Hz. 
20 cm 
90 deg/30 sec 
Manual Set 
0-200 m in 0.25 sec 
1 to 50 MHz 

VI-5.1. LIDAR Sensor 

The PLACEM Lidar [Emmitt, DiMarzio, and Doll] was designed and built for Pier IX Terminal 
Associates, of Newport News, VA, through a group effort between Northeastern University and Simpson 
Weather Associates. Simpson Weather Associates retains the intellectual right to  PLACEM while Pier IX 
retains an interest in future copies of the system. The system codsists of a LIDAR sensor and a computer 
data acquisition and control system. 

The sensor specifications are as follows, and a photograph is shown in Figure 6: 
a Pulse energy = 100 mJ 
0 Wavelength = 10.6 micrometers 
0 Pulse Length = 100 nanoseconds (15 meters of range resolution) 
a Pulse repetition rate to 50 Hz. 
0 Receiver aperture = 20 cm., coaxial with transmitter 
a -4ngular coverage = hemispherical, with a nominal lOsecond f 360-degree azimuth scan 
0 Interface: All equipment controlled by PC interface from a distance up to 100 meters. 
0 Power consumption less than 20 amps, single-phase, 120 V, 60 Hz. 
0 Logistics: Carbon dioxide gas for laser and liquid nitrogen for detector. 
0 Weight = approximately 300 kg. 
0 Dimensions: 180 cm high by 100 cm wide, by 80 cm deep. 

c- -, 

A layout of the PLACEM system is shown in Figure 7. The transmitter laser, located in the bottom 
of the unit, is a carbon dioxide laser, with a pulse energy of more than 100 milliJoules and a pulse width of 
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Figure 6 - PLACEM Lidar During Field Tests at Newport News, Virginia, 
and Sample Results of Tests Conducted at Northeastern University. 

less than 100 nanoseconds. The pulse repetition frequency is controlled by computer with a maximum value 
of 50 Hz. Light from the laser is directed to the scanner through a series of folding mirrors. 

The scanner consists of two mirrors with a clear aperture of 20 centimeters, arranged so that they can 
scan a complete hemisphere in azimuth-and elevation. These mirrors are controlled by a separate computer 
which -_  . generates the desired scan pattern. 

Light returned from the target passes through the scanner into the telecope, which focuses it, via a 
folding mirror, onto a liquid-nitrogen-cooled, mercury cadmium telluride detector, with a frequency response 
of 100 MHz. The electrical signal from this detector is amplified and delivered to  a digitizing card in the 
computer. This data may be displayed in raw form during collection. It is also passed to a SUN SparcStation 
for processing and display. 
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VI-5.2. Computer Data Acquisition and Control System 

The computer system consists of a SUN Workstation, a 486 personal computer and the scanner 
control system, which includes a 386 personal computer. These three elements work together to produce all 
data acquisition, data processing and computer control. Figure 8 is a block diagram of the computer data 
acquisition and control system. 

Vorkstation w 
PL4cEMPC 

486 Gateway PC 

Scanner Controller 
386 PC 

A 

. . 

1719a 

Figure 8 - Computer Data Acquisition and Control. 

- -  
The SUN Workstation is configured to initiate all computer control and data acquisition. The SUN 

accepts the data collected by the 486 and processes the data. The data is displayed on an aerial map of the 
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Fiigurp 9 - Sun Workstation Data Display. 
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test s b .  infox&g the user of where fugitive emissio~s have been detected. Figure 9 shows the display as 
it appears on the SUI\'. 

The 4% computer contains the data acquisition hardware, sends t h  tsgger signal to the laser sysxm 
and sends the scxner c c x r d  commands to.the 386 computer which contr::s the scanner. In sof$v:;re, a .  
trigger signal is trE:2ted which'acts as a ;rigger i'cr both the laser systern and the data acquisition board. 
Epon xceipt.of 3 s  trigger, ;he las-er hezd transxiis a laser pulse. At the same time, the data acquisition 
b o d  proceeds ta collect data. The data tcquisitim board collects data at a rate of 25 MZz and does so for 
a period of time that guzrantees coverage of 1000 meters by the laser pulse. The collected data is sent to 
the S'LN worlistztion a d  can also be saved to the disk. The 486 also delivers the scanner control commands 
to the 2% computer depending upon the scan pattern that has be established. It also acquires the position 
izfomaion of the scanner from the 386. 
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VI-5.3. Analysis Software 

Currently the display analysis software consists of three primary modules: 
1) PPI and RBI scan displays 
2) Sector scan accumulation mode 
3) Property line flux estimation. 

The PPI/RHI scans are the standard sampling routines for mapping backscatter structures. These 
scan modes are used primarily during system checkout. 

The accumulation mode is most frequently used since it builds an hventory of emission evehts for 
each 10-by-10 m grid over a prescribed period of time (e.g. , 1 hour or 1 day). 

At any time, one can quickly identify those sources associated with the most frequent and/or intense 
fugitive dust. emission, 

The code that computes a property line flux of particulates uses local wind observations (5 sec) and 
multiple 360 degree scans to estimate the gradient of backscatter at large distances from the primary dust 
sources. A first order estimate of upwind/downwindinass concentrations can be derived from this sampling 
and analysis mode. 

VF6. Recom mendatio ns . 

In order to  determine the feasibility of LIDAR for making quantitative mass particulate measure- 
ments in a field environment] it is first necessary to determine if it is possible to make these measurements in 
a controlled laboratory environment and to look at scatter from individual particles. To do so requires devel- 
oping an experimental setup capable of making backscatter measurements of known particle size distributions 
in a given volume. 

Figure 10 shows the layout for an experimental setup for measuring particle backscatter from a 
known concentration of particles. The setup consist of three main parts: (1) illumination sources (lasers), 
(2) the particle test chamber, and (3) signal detection. A known size distribution of particles is suspended in 
the test chamber. This particle volume is illuminated with a single wavelength of focused laser energy. Upon 
interaction of the laser wit6 the particle, the laser energy will be scattered in all directions] according to a 
pattern determined by the particle composition, size, relative to the laser wavelength, and the particle shape. 
Some laser energy will be backscattered towards the direction of the source. This energy will be focused 
on an appropriate detector] producing an electrical current proportional to the optical power. Focusing of 
the lasers and detectors limits the field-of-view and focal volume, which results in a reduction of the signal 
contributions from the beam stop after the test chamber. The resulting signal will be a measur-e of the total 
backscatter crosssection of the particles in the sample volume. However, it is possible for many different 
particle volumes, consisting of varied particle sizes, to produce the identical total backscatter cross-section. 
As a result, the experiment will be repeated at several different wavelengths. From the results from multiple 
wavelengths, it is hoped to be abIe to determine a m a s  concentration that would produce the backscatter 
cross-section which is unique to the particular combination of wavelengths. The HeNe laser can provide 
visible diffraction patterns resulting from interaction with individual particles. . 

Existing Mie scattering algorithms will be used to determine the expected backscatter cross-section 
from known particle sizes and distributions. Figure 11 shows the theoretical backscatter cross-section for 
coal particles of varying size, at three different wavelengths. These are based on previous research by the 
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Figure 10 - Backscatter Experiment Setup. 3062 

CER. Scattering from typical soil particles wil l  probably be considerably stronger. The figure assumes a 
spherical particle. Collections of different particle shapes in random orientations can usually be modelled by 
smoothing out the variations in the Mie scattering curves for spherical particles. The existing algorithms can 
calculate the backscatter crosssection for any particle for which the complex index of refraction is known. 
Additionally, the algorithms can be modified to provide the backscatter cross-section for a distributed 
particle target. This information would then be incorporated into the experimental setup to assist in the 
concentration measurement. Measured backscatter cross-sections will be compared with the Mie scattering 
results to establish parametric fits which would then be used to predict the particle distribution. Additionally, 
the algorithms can calculate the phase ‘function for the scattered signal, providing a diffraction pattern for 
the forward direction. The diffraction pattern will vary according to the particle size. As a result, acquisition 
of the diffraction pattern, at red wavelengths with the CCD, will provide particle sizing information. 

The desired experimental setup will be constructed with a combination of new equipment, to be 
purchased, and existing equipment currently available for this project. For the laser sources, the tunable 
COz will be purchased. This laser has the ability to be wavelength tuned to produce CW energy at a number 
of wavelengths between 9.2 pm and 11 pm. The 1-2-3 is an existing, pulsed, Schwartz Electro-Optics laser, 
with separate optics for prodmirig 1.06.pm, 2.09 pm and 2.9 p m  laser energy. The HeKe laser is an existing 
CW laser operating at 633 nm. The COz laser and the HeNe will pass through a chopper wheel, before 
reaching the test chamber, to produce a pulsed transmitter, as with the Laser 1-2-3. 

The test chamber will consist of an enclosed box with openings at the front and back which allow the 
lasers to enter and exit the test volume. This is due to the fact that COz wavelengths do not pass through 
typical glass materials and using special windows (such as ZnSe) adds unnecessary expense to the project. 
The size openings will be sufficiently small such that the sample volume will not decrease noticeably due to 
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Figure 1 I - Mie Scattering Results. 

leakage through the openings. The particle sample will be deposited from the top of the chamber, allowing 
the sample to pass through the focused laser beam. A Real-time Aerosol Monitor (RAM) will be set up to 
monitor the dust concentration within the test chamber, providing pg/m3.  

The backscattered signal will be measured with an appropriate detector. The C02 wavelengths 
require a HgMnTe detector to provide the necessary sensitivity. The 1-3 ,urn wavelengths can be measured 
with InSb detectors.' The HeNe can be detected with silicon photo-diodes. As mentioned previously, the 
diffraction pattern of the forward scattered sign& can provide sizing information. For this reason, an existing 
CCD camera, sensitive in the visible and near-IR range, will be positioned behind the test chamber. The 
CCD will be used to acquire 2-dimensional images of the diffracted forward signal. These images can be 
manipulated to provide the particle size. 

One factor that can cause incorrect particle sizing is H20 bound to the particles. The backscatter 
Cross-section of a particle having water content will be different than the same particle with no water 
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content. This is due to the fact that the absorption spectrum of H20 varies as function of wavelength. At 
certain wave1engths;HzO absorption will be low, thus making the H2O appear transparent to the laser, thus 
producing the backscatter cross-section of the particle itself. Figure 12 shows the extinction coefficient for 
H20 in the 200 nm to 200 pm wavelength range [Hale and Querry]. As shown by the figure, H2O has distinct 
wavelength variations in the extinction coefficient and by carefully choosing the operating wavelengths, it 
may be possible to  determine the sample water content as well as the particle size distribution in the sample, 
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Figure 12 - Extinction Coefficient for H20. 
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