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Introduction 

Lateral Migration Radiography (LMR) is a new imaging technique, developed at the 

University of Florida (UF) which based on ideas of Compton backscatter imaging 

systems [1]. The UF mine detection project developed an LMR system in a laboratory 

setting for the detection of land mines. This system consists of an x-ray generator and two 

pairs of detectors along with a data acquisition system. Monte Carlo simulations of the 

LMR system have shown that the uncollimated detectors mainly detect the once-scattered 

photons that have been reflected near the surface, while the collimated detectors mainly 

detect the multi-scattered photons that have undergone sub-subsurface collision. Thus, 

the uncollimated images primarily contain information about the surface or near surface 

features, while collimated images primarily contain information on the subsurface 

features. 

When applied to a real or surrogate mine [2], this system has proven to be an efficient 

technique to get information not only on the position of the mine, but also on the main 

features of the mine. However, in some unfavorable situations, like a deep depth-of- 

burial (DOB) or in the presence of surface laid objects, the quality of the image of the 

buried mine can be greatly degraded. This report details the theoretical basis and the 

application to LMR images of several image processing techniques which use the 

characteristics of the LMR images to improve the quality of the image, to emphasize the 

photon energy deposition in the mine, or to remove the surface laid objects. 
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In Section 1 we look at the LMR principle and the characteristics of the measured 

images. In section 2 we study some general image enhancement techniques that can be 

applied to LMR images. In Sections 3, 4 and 5 we describe some linear combination 

techniques, an optimal filter and a neural network, respectively, used to emphasize the 

image of the mine or to remove the surface laid objects. In Section 6 we discuss the 

automatic treatment of the LMR images. And next, in Section 7, we present the user 

interface program. 
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Section 1 

Introduction to X-ray 

Lateral Migration Radiography 

1- Principles 

Lateral Migration Radiography is a technique that uses the lateral transport of muhi- 

I scattered photons in material to form images. 
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Figure 1: Schematic of a X-Ray Lateral Migration Radiography system. 

This X-Ray Lateral Migration Radiography method is based on two different kinds of 

photon interactions: Compton scattering and the photoelectric effect. These two 

interactions are functions of electron density, effective atomic number of the migration 
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material, and photon energy. Thus, the energy of the backscattered photons which reach 

the detector depends on the nature of the materials the photons have been reflected from. 

The final image is made of m x n pixels, each pixel representing the energy deposition on 

the detectors when the beam is positioned at that pixel location. 

The LMR system used for the landmine detection project utilizes one X-Ray source and 

two detector types to form images: collimated and uncollimated. The collimated detectors 

are used to detect photons that undergo lateral migration. The collimators prevent 

photons that have undergone only one collision from reaching the detector; thus, the 

collimated detector signals primarily contain information on the subsurface features. The 

uncollimated detectors effectively detect the photons that hit the surface and scatter 

directly back; thus the uncollimated detectors signals primarily contain information on 

the surface, or near surface, features. 

Figure 2 is an example of an image of a surrogate mine with a flush depth of burial 

(DOB). 
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Figure 2: Front uncollimated detector image of a surrogate mine, flush DOB 



2- Interpretation of the images 

The energy deposition in the collimated detectors is mainly due to the energy deposition 

from multi-scattered photons. 

The Compton scattering cross section is greater for a plastic mine than it is for the soil, so 

the photons migrating through the mine have a higher probability of being scattered out 

of the soil and being registered by one of the detectors. Therefore, when the x-ray beam is 

scanning toward the mine and just reaches the front edge of the mine, the forward 

direction migrating photons are transported more readily than in any other direction and 

are registered in the front collimated detector. Because of this, the highest intensity seen 

in the front collimated detector is seen earlier than the actual physical center of the mine 

and this appears as a backward shifting of the mine in the front collimated image. In the 

rear, the opposite appears. This shifting varies directly with the depth of burial of the land 

mine. Figure 3 shows the shift for a surrogate plastic mine with a flush depth of burial. 

340» 
330 DO 

3 »00 

31CD0 

SCO     ««    'BCP ■£   >A!ß   Ka   S-CC   2*X 

51» 

»S-l 

VSS3 

4M 

KT^IH "ä »» m v« 
s 

1"- 
Bfrsijl 

0« 

*W 

s« 

rco   *M   to: CM   "DC    1*00   l'W   1333 

33300 

 : 32000 

\r—:3VM 

'' s2«ooo 

J260M 

[27000 

I2WG0 

[25000 

I340C3 

23000 

I 22000 

2 tOCO 

20000 

' ISC0Ö 

Raster Direction (pixels) Raster Direction (pixels) 

Front Rear 

Figure 3: Front and rear collimated detector images of a surrogate mine with a flush DOB. 



3- Mathematical model of the system 

The subject of all the work has been to improve the LMR images, applying signal and 

image processing techniques. So we need to define a mathematical model of the system. 

The images observed are a measurement of the energy deposition in the collimated and 

uncollimated detectors due to the reflection of the photons from the soil, the surface laid 

objects and the buried objects. Thus the total energy deposition on each detector can be 

modeled as: 

fax, v) = bc(x, y) + sc(x, y)+lc(x, v) 

\u(x, v) = bu (x, v) + su (x, v) + /„ (x, v) 

where : c(x, v): is the energy deposition at pixel (x, y) in the collimated detector. 

u(x, v): is the energy deposition at pixel (x, y) in the uncollimated detector. 

Z>C(JC,V): energy deposition in the collimated detectors due to the reflection of 

photons from buried objects. 

bu(x,y): energy deposition in the uncollimated detectors due to the reflection of 

photons from buried objects. 

sc(x,y): energy deposition in the collimated detectors due to the reflection of 

photons from the soil. 

su(x,y): energy deposition in the uncollimated detectors due to the reflection of 

photons from the soil. 

lc(x,y): energy deposition in the collimated detectors due to the reflection of 

photons from surface laid objects. 



lu(x,y): energy deposition in the uncollimated detectors due to the reflection of 

photons from surface laid objects. 

All these notations are used in this report. 

So now that we have described the principles of the landmine LMR system, the 

characteristics of the images and a simple mathematical model of the images we can start 

studying some image processing techniques. 



Section 2 

Image Enhancement 

The process of image acquisition frequently leads to image degradation. Due to 

instrumentation noise, non-uniform soil, surface clutter, etc., the LMR images can be de- 

gaded. The goal of image enhancement is to improve an image, where 'improve' is 

sometimes defined objectively (e.g., increase the signal-to-noise ratio), and sometimes 

subjectivery (e.g., make certain features easier to see by modifying the colors or 

intensities). 

1- Noise removal 

As introduced in Section 1 and taking into account n(x,y), the instrumentation noise, we 

can give a new model for the acquired images: 

o(x, v) = b(x, v) + l(x, y) + s(x, v) + n(x, y) 

where: 

o(x ,y): total energy deposition in the detector 

b(x, v): energy deposition from the buried objects 

l{x, v): energy deposition from the surface laid objects 

s{x, y): energy deposition from the soil 



In the case of a non-uniform soil, s(x,y) can also be considered as a noise. 

Sometimes the energy deposition due to the soil, considered as a noise, when added to the 

noise from the detector gives a signal that is higher than the energy deposition from the 

buried objects; so we can not see the buried object in the image. To improve these images 

a first idea would be to apply different noise removal techniques. 

1-1- Weighted average filters 

Weighted average filters are very simple, spatially, low pass filters that can be used to 

remove statistical noises and some small soil irregularities. These filters use a weighted 

mask filter to compute the new value of the pixel located at the center of this mask. 

1/9 1/9 1/9 

1/9 1/9 1/9 

1/9 1/9 1/9 

Figure 1: Mask of the mean filter 

But low pass filtering often leads to edge deterioration. So we introduce an adaptive low 

pass filter. 



1-2-Wiener filter 

1 -2-1 - introduction to Wiener filter 

An adaptive low pass filter is a filter which adjusts its pass-band to each situation. When 

encountering a uniform region this filter applies a low pass filter with a small band-pass 

to smooth this region, but when encountering an object's contour this filter increases its 

band-pass to avoid deteriorating the edge. 

1-2-2- mathematical model 

We    note    d(x,y) = b(x,y) + l(x,y)    the    signal    we    want    to    observe,    and 

nn(x,y) = n(x,y) + s(xiy) the noise added to the image. We assume that these two 

signals are centered (if not, we center them). 

The noisy observation o(x, v) is given by: 

o(x,y) = d(x,y) + nn(x,y) 

We wish to determine d(x,y) from o{x, v) using a linear estimator given by 

d(x,y) = o(x,y)*h(x,y) 

where * is the convolution product and h(x, v) a linear filter. 

The linear estimator we used is based on the Linear Minimum Square Error; the criterion 

used is the minimization of an error: 

Error = E{\e(x,y)\2} 

e(x,y) = d(x,y)-d(x,y) 

10 



This signal estimation problem can be solved using the orthogonality principle. This 

principle states that the Error function is minimized by requiring that e(x,y) be 

uncorrelated with o(x,y). This leads us to the following result: 

PoM) 

where P^is the interaction power spectrum of d and o, and P0 the power spectrum of o. 

This filter H{o,f) is called the noncausal Wiener Filter. 

If we suppose that nn is a white noise, then we can show that 

PA»J) = Pd(»>t) 
P0{v,^) = PäiP,<f>) + Pm(p,<l>) 

So the noncausal Wiener filter is given by: 

HM) = -       P'(*» 
Pd(u,f) + Pm(u,i 

1-2-3- results 

If we apply this filter to the whole image, then the resulting image is not well filtered. 

Indeed, when calculating the Wiener filter we made the assumption that the noise 

nn(x,y)\s a white noise. However, if we assume that the noise nn(x,y)is larger than 

d(x,y), then the autocorrelation function of o(jc,v)can be considered as the 

autocorrelation of the noise nn(x,y), which should be a Dirac function for a white noise. 

However, this is not what we observe on Figure 2. 

11 
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Raster Direction (pixels) 0    0 

Vehicle Motion (pixels) 

Figure 2: Autocorrelation function of o(x,y) 

So to overcome this problem we apply this filter locally so that now we use an adaptive 

Wiener filter which locally estimates P0(x,y) and Pd(x,y), where nn{x,y) can be 

considered as a white noise. Then the new filtered signal is: 

d(x,y) = md(x,y) +     2,
a\(X,y\,     , (o(x,y)-md(x,y)) 

where md(x, y) is the estimated mean value of d in the local neighborhood. 

So this new filter is an adaptive filter which tailors itself to the local image variance. 

Where the variance of the image is large this filter performs little smoothing; where the 

variance is small, this filter performs large smoothing. 

The results are shown on Figure 3b. 

12 
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Figure 3a: Original image Figure 3b: Wiener filtered image 

So this Wiener adaptive filtering method is a good way to reduce noise without altering 

the contour as would be done with a simple low-pass filter. However, this filter is not 

able to point out a buried mine when it is totally hidden under the energy deposition due 

to the soil. 

2- Color manipulation 

2-1- Histogram equalization 

When plotting a 2D landmine image, Matlab software, like most of the software, uses 

colors to show the distribution of energy. In the case of low contrast images, for example 

when the mine is deep-buried, there is one predominant color and so we cannot see any 

details. A technique to increase the contrast of an image is to equalize the histogram of 

the image so that the number of pixels per energy container is about the same for each 

one. 

Figures 4a and 4b represent the histogram and the image of a plastic mine centered with a 

DOB of 3 inches. Figure 5a and 5b represent the new histogram and the image after 

performing a histogram equalization. 
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Figure 5a: Histogram after equalization 
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Figure 5b: Image after histogram 

interpolated to 200*200 pixels 

2-2- Other techniques 

To increase the contrast of some images we can use other techniques such as the gamma 

correction which maps the value of the pixels to some other values using a specified 

function like a linear function. 

These methods can be useful but are highly correlated to the nature of the image. 

14 



3- Conclusion 

In this section we have presented some image enhancement techniques that improve the 

quality of the images. These techniques are very general and do not take into account the 

specificities of the LMR system. So in the next sections we introduce new signal and 

image processing techniques specific to the LMR system which will help the user to 

decide whether or not there is a buried mine in the soil. 

15 



Section 3 

Linear Combination Techniques 

In this section we study some linear combination techniques based on the characteristics 

of the LMR system that will help the user to conclude whether or not there is a mine 

present. 

1- Image characteristics 

As explained in Section 1, uncollimated images primarily contain information on the 

surface features and collimated images contain information on both surface and 

subsurface features. In addition, we can observe a shift in the apparent location of a 

buried mine in both front and rear collimated detectors. 

So in this section we will use these characteristics to remove surface laid objects that may 

'hide' buried objects, or point out these objects. 

16 



2- Image subtraction 

Because of the shift in the position of the buried objects, and because surface laid objects 

remain at the same position, we could subtract collimated images to remove surface laid 

objects and point out buried objects. 

To do so we have to normalize both collimated images. One possible normalization is to 

divide each image by its total energy. 

The result of this technique is shown on Figure lc for a surrogate plastic mine centered 

with a DOB of 1 inch and a stick of wood and a rock laid on the surface. 

20 40 60 80 100        120 
raster direction 

Figure la: Original rear collimated image 
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Figure lb: Original front collimated image 
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Figure lc: Image obtained by subtraction of both collimated images 
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So on the one hand, the mine is more visible in the resulting image and appears at two 

locations, one showing a signal intensity increase and the other an intensity decrease. On 

the other hand, the stick of wood has been removed, but the rock still appears. This is 

due to the fact that there is a shift in the position of the rock too. 

So this method is a very simple and efficient way to point out buried mines which then 

appear as two objects with the same shape but with opposite signal intensities, shifted in 

the vehicle motion direction But sometimes it fails in removing surface laid objects. 

3- Removal of surface laid objects 

In some cases surface laid objects can 'hide' some buried mines in the collimated images. 

So we might need to remove them. To do so we use the fact that uncollimated detectors 

respond primarily to surface laid objects. 

3-1- Model of the problem 

A model of the energy deposition in both collimated and uncollimated detectors is 

(Section 1): 

(c(x,y) = bc(x,y) + sc(x,y) + lc(x,y)     (1) 
\u(x,y) = bu(x,y) + su(x,y) + lu(x,y)    (2) 

If we assume that the soil is uniform without any slope, we can easily remove sc(x,y) 

and su(x,y) . To do so we consider that the energy deposition most represented in each 

detector is the energy deposition from the soil which we can extract using the histogram 

of the image. 

18 



3-2- Simple subtraction 

In a first approach we can assume that the energy deposition in the uncollimated detectors 

is only due to the reflection of the photons from surface laid objects, which means that: 

u{x,y) = lu(x,y) = aJc(x,y). 

So 
1 

K(x>y)=c(x>y) -L(x>y)=c(*>y) —J
u(*>y) 

l 
bc(

x> y)=c(x>y)—-u(x,y) 
a 

where or is a normalization factor. 

Figure 2 summarizes the method: 

Collimated image Uncollimated image 

Figure 2: Block diagram of the surface object removal method 
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Figure 3a represents the original collimated image and Figure 3b the output image of this 

surface object removing technique. 

100 
raster direction 

Figure 3a: Original collimated image. 2 buried mines centered at 
(150,70) and (50,160) and 3 surface laid objects 

Figure 3b: Image after removing surface 
laid objects 
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The resulting image is not very good because when removing the stick of wood from the 

collimated image we also remove a part of the energy deposition from the mine. Indeed, 

the uncollimated detector also responds to the buried objects. So u(x,y) is not equal to 

l(x,y) but u(x, v) = lu(x,y) + b*(x,y) (3), where s means that the energy deposition due 

to the reflection of photons from buried objects exists but its contribution to the total 

energy deposition is low. So to improve the result of the technique, taking into account 

this new element, we can develop a new technique. 

3-3- Interpolation and subtraction 

We can estimate b*(x,y) using the frontier pixels of the object on the uncollimated 

image and an interpolation technique based on Laplace's equation. 

Then, using equation (3), lu(x,y) can be estimated by: 

/„ (x, y) = u(x, y) - K (x, v) 

A 

And so, using equation (1), bc(x,y) is : 

bc{x,y) = c{x,y)-ic{x,y) = c(x,y) Ju(x,y) 

bc(x,y) = c(x,y) -±[u(x,y)-K(x,y)] 
a 

21 



Figure 4 shows the output of this new method when using the same collimated and 

uncollimated images as for Figure 3. 

100 
raster direction 

Figure 4: Image after removing surface laid objects (using interpolation and subtraction) 

So this method is more efficient in removing surface laid objects than the first one which 

didn't use the interpolation step. However, this second method requires a selection of the 

surface laid objects to remove. So far this selection has been done manually. We will 

discuss automatic selection in Section 6. 

4- Conclusion 

In this section we have presented some linear combination techniques based on the 

properties of the collimated and uncollimated images. Using these techniques we were 

able to remove surface laid objects and to point out buried mines. These methods appear 

to give an indication to the user that allows him to decide whether or not there is a mine 

buried in the soil. In the next section we introduce some filtering techniques. 

22 



Section 4 

Image Filtering 

1- Introduction 

In this section we study two filtering techniques designed to point out the buried objects 

in the collimated images. 

In Section 1 the physical system is modeled by: 

tc(x,y) = bc(x,y) + sc(x,y) + lc(x,y) 

\u(x, y) = bu (x, y) + su (x, y) + lu (x, y) 

The main purpose of this study is to apply some signal and image processing techniques 

that would help the user to make a decision regarding whether or not there a buried mine. 

So in an ideal situation we would like to extract bc (x, y) from the collimated images. 

2- Signal source separation 

Over the last decades, Signal Source Separation has been an important field of research in 

Signal Processing. This technique aims at extracting source signals from mixture signals. 

In our case we would like to extract bc(x,y) from collimated and uncollimated images. 
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Most of the Signal Source Separation techniques are based on the statistical independence 

of the source signals and aim at computing statistically independent outputs by linear 

combination of the inputs (the mixture signals). Figure 1 illustrates the principle: 

Mixture 
Separation 

system 

-^.  outputi 

-►  output2 

Figure 1: Signal Source Separation principle 

s}, s2: statistically independent source signals. 

x, x2: mixture signals. 

output^, output2: statistically independent signals. 

2-1- Herault-Jutten signal separation method 

To test signal separation methods, when applied to the LMR imaging system, we used the 

Herault-Jutten method [3]. This method is based on a neural network which adapts its 

internal coefficients to achieve the statistical independence of the outputs. Figure 2 

explains the principle of this method: 

Statistical 
independence 
measurement 

^  outputx 

->.  output2 

Figure 2: Herault-Jutten Source Separation method 
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{output\ =JCj -alx>utput2 

output\ = x2-a2 .output\ 

By an iterative algorithm ax and a2 are adapted to achieve the statistical independence of 

the outputs. 

2-2- Results 

To test this method of signal separation, we first used a mixture of two spatially 

independent signals with a correlation coefficient of-0.29. This correlation coefficient is 

defined for two functions a and b by: 

P 

1       N   M _ 

(a,b)     MN^X%  
aaab var iance(a).war iance(b) 

where a and b are the mean values of a and b. 

\p\ e [0;l]. As \p\ increases, the spatial correlation between the two images increases. 

For these two test images the Herault-Jutten method is a success because the outputs 

correspond to the two original images, as shown in Figures 3. 
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Figure 3a: Source image 1 
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Figure 3b: Source image 2 
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Figure 3c: Mixture 1 
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Figure 3d: Mixture 2 
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Figure 3e: Signal estimated 1 Figure 3f: Signal estimated 2 
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Next, we apply this signal source separation method to different real LMR images. 

Each image was taken in standard conditions with a buried mine and a rock laid on the 

surface, and a flat and uniform soil. 

We didn't succeed in obtaining two output images, each representing the mine and the 

rock, as shown in Figure 4. 
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Figure 4a: Measured image 1 
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Figure 4c: Output image 1 
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Figure 4b: Measured image 2 
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Figure 4d: Output image 2 

Figures 4a, b, c, d:: Input and Output images of the Herault-Jutten method. 
These images are 29x29 pixels images with 2 mines centered in pixels (12;7) and (17;15). 

However, the Herault-Jutten algorithm converged, which means that the final outputs 

were uncorrelated images. So we can assume that the source images, which are the 
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images of the mine and the rock, are statistically dependent images ( because they can be 

considered as a linear combination of two statistically independent images (the outputs) ), 

which means that the fundamental assumption of the signal source separation techniques 

is not satisfied. So we cannot apply signal separation source techniques to estimate the 

image of each mine. 

The idea of using signal separation source techniques was maybe optimistic because we 

tried to retrieve the images of each single object (buried mines or surface laid objects), 

without giving the algorithm any information about the signal we were looking for. 

3- Optimal Filtering 

All we are interested in is the mine; everything else can be considered as noisy 

information and treated as noise. So far we have not used the information we have about 

the mine signal we are looking for. Thus, a new idea is to use a method that could 

distinguish the mine from the noise, using some information about the mine. 
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3-1- Optimal Filtering Theory 

First, we assume that we know exactly the signal of the mine we are looking for, b(x,y), 

and we note that n(x,y) is the noise in the image. Thus, the collimated image is 

c(x, y) = b(x, y) + n(x, y) 

If (x0,y0) is the center of the buried mine, then what we want to compute is the linear 

filter that maximizes the following signal-to-noise ratio that will point out the mine. 

Power, (x0,yQ) 
Z (x0,y0) = *-  at the location (x0,y0). 

Power\{x0,y0) 

.        (b1(x,y) = g*b(x,y) 
where, < 

\nl(x,y) = g*n(x,y) 

b(x,y) X  +   ) H 
"if 

G(Kl) ■>   ft,(x,jO + «i(*»>0 

"fay) 

Figure 5: Filtering sytem 

3-1-1- Powerbi(x0>y0) 

bx(x,y)  is a deterministic signal so  Powerbi(x0,y0)= b*(x0,y0). Using the inverse 

Fourier transform we can write: 

1     M-\N-l fa.        jv 

MN 1~o /=o M     N 

where 2?, (k, I) is the Fourier transform of Z>, (x, y). 
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£,(*,/) = G(Jfc, WM) 

i     M-\N-l fo. 7V 

MNf^to M     N 

where #(£,/) is Fourier Transform of b(x,y), 

3-1-2- Powerni(x0,y0) 

We assume that n(x,y) is a statistical signal, stationary to the second order so: 

Power^ (x0,y0) = E{n\(x0,y0)} = Tm (0) = TF'^a^ (*,/)}(0,0) 
i     M-lN-l j,r\      in 

1     M-W-i 

^III^of^cM) 
AZiV t=0 /=o 

where Q„(*,0 = #(M).tf(M)and ß^ (*,0 = #i(M)JVi(M) • N(k,l) and #,(£,/) 

are the Fourier Transforms of n{x,y) and »J(X,J) . 

3-1-3- Optimal Filter 

Finally, 

z2Cwo) = 

1     M-lN-l fa. 1V 

-i- ££G(M)*(M)exp(2/,K-f + A» 

1     M-l.V-1 

T^£I|G(M)| ßOT(M) 
(1) 

If we assume that n(x,y)is a white noise, then Q.m(k,l) = K, V(k,l). Then, using the 

Cauchy-Schwartz inequality, we can show that the linear filter g(x,y) that 

maximizes % 2(xQ,y0) is: 
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3-3- Prewfaitening step 

When computing the optimal filter we made the assumption that the noise signal n(x,y) 

is a white noise. In the previous situation the energy deposition from the soil can be 

considered as a white noise. Indeed, if we consider that the energy deposition from the 

mine is very low compared to the energy deposition from the soil, then the 

autocorrelation function of the noise is very similar to the autocorrelation function of the 

collimated image. Figure 7 displays this autocorrelation function which is very close to 

the autocorreleation function of a white noise, a Dirac function. 

Raster Direction (pixels) 0    0 Vehicle Motion (pixels) 

Figure 7: Autocorrelation function of the collimated image 

However, this condition is not always true, and so the filter we use may sometimes not be 

the optimal filter. So in this case we must compute the optimal filter without making this 

assumption. To avoid resolving the difficult equation (1), a solution to is to bypass this 

difficulty by using a prewhitening step. 
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The prewhitening step consists of a filter, h(x,y), that 'whitens' the noise n(x,y), before 

filtering the collimated signal c(x, y). 

b(x,y) 0 H(k,l) ■>  b2(x,y) + n2(x,y) 

n(x,y) 

Figure 8: Prewhitening system 

Several filters have been developed to whiten a signal. The one we used in this study is 

the one of L.P. Yaroslavsky [4]. 

If we let «(&,/) be the Fourier Transform of the collimated image where all the pixels in 

part occupied by the buried objects have been put to zero, then the whitening filter 

frequency response is: 

\a(k,ty 

Then what we maximize is: 

Powerb (x0,y0) 
Z (x0,y0)~ > where the noise n2 (x, v) is a white noise. 

Powerni(x0,y0) 

Using the previous method we can easily compute the optimal filter that separates 

b2(x,y) from the noise. However, we are not interested in b2{x,y), which is a filtered 

image of b(x,y) by h(x,y), but in b(x,y). So we can add a last step which is the inverse 

filtering h~\x, y). Thus, the global filtering system is: 
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b(x,y) Q- H(k,l) 

c2(x,y) 

—► G(k,l) 

cx{xty) 

 ► H-\k,l) -► c3(x,y) 

n(x,y) s    ^~ v_ 

Whitening 
filter 

Optimal 
filter 

Inverse-whitening 
filter 

Figure 9: Global optimal filtering system with prewhitening and inverse whitening step. 

In this case g(x,y) is the filter that optimizes j2*262, but we are not sure that it is the 

filter that maximizes the signal-to-noise ratio after the last inverse-filtering step. 

This method gives better results than the previous one without the prewhitening step 

when the noise is not white. This is shown in figures 10b and 10c. 

Figure 10a: Collimated image. Plastic mine centered at pixel 
(95,70) with a DOB of 3 inch. 
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Vehicle Motion (pixels) 

Figure 10b: Filtered image using the 
method without prewhitening step. 

(the cross marks the pixel where %r 

has been maximized) 

20 40 60 80 100        120 
Vehicle Motion (pixels) 

Figure 10c: Filtered image using the 
method with prewhitening step. 

(the cross marks the pixel where %   has 
been maximized) ^4 



These two different methods of optimal filtering are able to point out some buried objects 

that were not visible in the original collimated image. The choice of the method 

(prewhitening or not prewhitening) mainly depends on the nature of the noise. However, 

the method without the prewhitening step appears to be very sensitive to the nature of the 

noise. 

4- Conclusion 

In this section we first introduced some signal separation techniques which failed in 

producing images containing only buried objects because the assumption of the statistical 

independence of the source signals is not true. Next we studied an optimal filter which 

produced some interesting results because it is able to point out buried objects even when 

they are deep-buried. 

The last technique of optimal filtering required the user to select a region where a mine 

seemed to be buried. In the next section we introduce a new technique of image 

processing, neural networks, that could help us to move toward an automatic filtering 

process of the images. 
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Section 5 

Neural Network 

l-Introduction 

The human brain is a very complex system capable of thinking, remembering and problem 

solving using neurons. Some studies have shown that the brain stores information as 

patterns. Some of these patterns are very complicated and give us the ability to recognize 

objects from many different angles. This process of storing information as patterns, 

utilizing those patterns, and then solving problems, encompasses a new field in computing 

that we use in this section to improve LMR images with the goal of deciding whether or 

not there is a buried mine. 
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2- From biological neurons to artificial neurons 

2-1- Biological neurons 

The individual neurons are complicated. They have a myriad of parts, sub-system, and 

control mechanisms, and there are over one hundred different classes. We will focus only 

on the simplest neuron. 

This neuron is a simple processing element that receives and combines signals from other 

neurons through input paths called dendrites. If the combined input signal is strong 

enough, the neuron 'fires', producing an output signal along the axon that connects to the 

dendrites of many others neurons. 

4 Parts of a 
Typical Nerve Cell 

Dendrites: Accept Inputs 

Soma: Process the inputs 

Axon: Turn the processed inputs 
into outputs 

Synapses: The electrochemical 
contact between neurons 

Figure 1: A simple neuron 
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2-2- Artificial neurons 

An artificial neuron tries to imitate the previous biological neuron. Figure 2 shows the 

schematic representation of an artificial neuron. 

I-Zv   x j  Summation 

Y = f(l) Transfer 

Oitpit 
Path 

Figure 2: A basic artificial neuron. 

The input signals are represented by x0,xl,x2,...,xn; these signals are continuous 

variables. Each of the inputs is modified by a weight, w0,wl,w2,...,wn, whose function is 

analogous to that of the synaptic junction in a biological neuron. This artificial processing 

element consists of two parts: The first simply sums the weighted inputs resulting in a 

quantity /. The second part is a nonlinear filter, called the activation function, through 

which the signal flows. Figure 3 shows a typical activation function. 
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Figure 3: A typical activation function. 

0(7) = —j-, where a is a coefficient that adjusts the abruptness of this function as it 

changes between the two asymptotic values. 

3- Artificial neural networks 

3-1- Architecture of artificial neural networks 

An artificial neural network can be defined as: 

A data processing system consisting of a large number of simple, highly 

interconnected neurons in an architecture inspired by the structure of the cerebral cortex 

of the brain 

These processing elements (neurons) are usually organized into a sequence of layers with 

full connections between the layers. This arrangement is shown in Figure 4, where the 

input layer is a buffer that presents data to the network. The top layer is the output layer 
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which presents the output response to a given input. The other layers are called hidden 

layers because they usually have no connection to the outside world. 

Output 
Buffer 

Middle 
(Hidden) 
Layer 

Output 
Buffer 

ifilayei 

/"Layei 

i™ layer 

*/ *h 

Figure 4: Example of a neural network architecture. 

Two general kinds of neural networks are in use: the heteroassociative neural network in 

which the output vector is different than the input vector, and the autoassociative neural 

network in which the output is identical to the input. 

A typical neural network is 'fully connected', which means that there is a connection 

between each of the neurons in any given layer with each of the neurons in the next layer 

as shown in Figure 5. However, this is not the only kind of neural network; others have 

have been developed, like the feedback neural network where the output of one layer 

routes back to a previous layer. This one is shown in Figure 6. In our study we will use a 

heteroassociative, feedforward neural network. 
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Figure 5: Simple feedforward neural network 

feedback 

Competition 
(or inhibition) 

Feedback 

Figure 6: Simple network with feedback and competition. 
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3-2- Training an artificial neural network 

Artificial neural networks perform two major functions: learning and recall. Learning is the 

process of adapting the connection weights in an artificial neural network to produce the 

desired output vector in response to a stimulus vector presented to the input buffer. Recall 

is the process of accepting an input stimulus and producing an output response in 

accordance with the network weight structure. 

The learning rules of neural computation indicate how connection weights are adjusted in 

response to a learning example. In supervised learning, the artificial neural network is 

trained to give the desired response to a specific input stimulus. In unsupervised learning 

there is no specific response sought, but rather the response is based on the network's 

ability to organize itself. Only the input stimuli are applied to the input buffers of the 

networks. The network then organizes itself internally so that each neuron responds 

strongly to a different set of input stimuli. These sets of input stimuli represent clusters in 

the input space. 

In our application of neural networks to LMR images we will use the supervised learning 

technique. 

3-2-1- Supervised learning 

The goal of supervised learning is to train the neural network to give a desired response to 

a specific input stimulus. We will call X the input learning vector, Zthe output learning 

vector and 7 the computed output of the neural network. Figure 7 shows the principle of 

the supervised learning technique. 
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Figure 7: A neural network with supervised learning. 

To start the learning process, we first randomly initialized all the coefficients wy of each 

layer and computed the first output of the network Y. The inputs to the comparator are the 

desired output vector Z and the actual output pattern Y. The error coming from the 

comparator is then utilized in the weights-adjusting algorithm to determine the amount of 

the adjustment to be made in the weights in each layers. This is an error-backpropagation 

process. This process occurs over and over until the error reaches a desired value. 
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3-2-2 Backpropagation training for a multilayer neural network 

The error used in the backpropagation learning process is the square error defined by: 

Error =£2=[Z-Y]2 

The method used to decrease this error, modifying the weights of the neural network, is 

the delta rule. This rule indicates that the change in a weight is proportional to the rate of 

the square error, e2 with respect to that weight: 

de2 

A"W = -n P9.r dw, m,r 

In our study we used some neural networks with 2 and 3 layers. To understand how this 

delta rule is applied we will study a 2 layer neural network (the 3 layer neural network is 

very similar). Figure 8 represents a 2 layer neural network. 

rnm,2 

Figure 8: Sketch of multilayer network showing the symbols and indices used in deriving the 
backpropagation training algorithm. 

Ij : result of the summation of the weighted inputs for the neuron / of the layer/'. 
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<D, . = /(/,,), where /is the activation function. 

wki : weight of the output of neuron k, layer j-1, sent to neuron i, layer j. 

3-2-2-1- Calculation of weights for the output-layer neurons 

The error of the neuron q of the output layer is: 

s2=e2
g=[zg-09af 

The delta rule indicates that the change in a weight is proportional to the rate of the square 

of the error with respect to that weight, that is: 

Aw».2=-»7. 
de\ 

p,i dw 
P9<2 

where TJ   is a constant of proportionality called the learning rate. To evaluate this partial 

derivative, we use the chain rule of differentiation: 

de\ _ de\ d®qa dlg,2 

d»V2     ^,2 d/,.2 dw^ 

Then we can show that: 

AWW,2=-^ 
de2 

p,q dw 
= -Tjp^2a[zq -Oq^2[l-Oga}opA 

pq2 

w„,(iV + l) = w_,(iV) + Aw >?,2 

where N is the number of the iteration involved, and a the coefficient of the activation 

function. An identical process is performed for each weight of the output layer to give the 

adjusted values of the weights. 
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3-2-2-2- Calculation of weights for the hidden layer neurons 

Since the hidden neurons have no target vectors the problem is a bit different. We must 

use the errors of all the output neurons: 

So using the delta rule: 

^,1=-%. 
de2 

dw
hP,x 

"  ds 
~rlKp2-i~zi 

Pl^hp,! 

And then using once more the chain rule of differentiation we can show: 

Aw*,, =m,PT2<x(zq -^i^il-^^lv^alo^il-^p^h 
9=1 

"wW+V^w^W + Aw^ 

4- Application of neural networks to LMR images 

As a human, looking at both collimated and uncollimated images, we are able to identify 

surface-laid objects. So we would like to teach the neural network to recognize surface- 

laid objects and remove them from collimated images. Thus, during the learning step we 

will present to the network some original input images containing buried mines and 

surface-laid objects, and the corresponding output collimated images from which the 

surface-laid objects have been removed. 
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4-1- Build the input and the output 

4-1-1- Nature of the input and the output 

We want the neural network to learn how to remove surface-laid objects using collimated 

and uncollimated image properties (shift in the position of the buried objects in the 

collimated images and information about the surface-laid objects in the uncollimated 

images). Information in both uncollimated images are very similar. Because the larger the 

input vector is, the more complicated the neural network is, we will only use one of the 

uncollimated images in the input vector. So the input vector will contain information from 

both collimated images and from one of the uncollimated images. 

The corresponding output vector is an image of the exact same mine as for the input 

image, at the same location and the same DOB, but without any surface-laid object, or 

without any slope. 

During the learning step we will present to the system some images containing some 

surface-laid objects and some buried mines at certain positions. However, we want the 

network to be able to give good results wherever the objects are. So we will not present 

to the system all of the images, but some region of the images, so that the input contains 

information about the local variation of the energy but no information about the position 

of the object. We used some 3*3 or 5*5 pixel square regions. So the input vector contains 

the values of the pixels of 3*3 pixel square regions, centered at the same position on both 

collimated images and on the uncollimated image. 
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To use the information from the neighbor pixels, we associated to the input vector a single 

output pixel which represents the value of the pixel of the output image at the same 

location as the center of the squares. Figure 9 represents the input and the output vectors 

of the neural network. 

Collimated i 

Uncollimated i 

Collimated j 

 V 

f 

■I — 
Input vector 

Neural 
Network 

Output/ 

Figure 9: Representation of the input and the output of the neural network 
(/" and./ mean the front and the rear). 

4-1-2- Rescale the input and the output vectors 

The energy deposition in the detectors depends on different factors (nature of the soil, 

kind of mine,...etc. ), so to design a network able to achieve good results in every 

situation, we have to rescale the input and the output images so that each image contains 

values included in the same range so that the neural network could be used in as many 

cases as possible. 
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We used the following normalization method: 

(IOcyy-E.,), 

/-.(*,*) =  „    „/^where/^v)^7^ Esoü) 

Maxil^y)) Et soil 

where I(x,y)is the original image and Ema ,the energy deposition from the soil, is 

supposed to be the energy deposition most represented in the image which we extract by 

looking at the histogram of the image. 

This normalization method computes the relative enegy value of each pixel compared to 

the energy of the soil, and then divides by the maximum relative value for all of the pixels. 

4-2- Set the parameters of the network 

When the architecture of the neural network has been chosen we have to choose the 

number of layers, the number of neurons in each layer, and the activation function. 

4-2-1- number of layers and neurons 

In this study we arbitrarily decided to use a 3 layer neural network. So now we have to 

choose the number of neurons in each layer. 

As the number of neurons increases, the performance of the system increases; but the 

number of neurons is limited by the number of learning examples. Indeed, it has been 

proven that to design a system that is able to generalize what it has learned from examples, 

the number of neurons must be about 10 times lower that the number of learning vectors. 

The system can been represented the following way: 
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Input X neurons 

Input layer 

Y neurons 

Hidden layer 

Z neurons 
Output 

Output layer 

If the size of the input vector is: numrowx numcol, then the condition to be satisfied for 

the number of neurons is: 

num_col >10.(X J.Z) 

4-2-2- The activation function 

To choose the activation function we have to take into account the characteristics of the 

normalized images which contain pixels into the interval [-1;1] where 0 corresponds to the 

energy deposition due to the soil. So to keep values included into the interval [-1;1] and 

centered around 0 we use the activation function: 

<I>(x) = —arctan(a.x) 
it 

where a is the coefficient of the activation function which can be set to different values. 
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o .e 1 

Figure 11: Activation function for different values of a. 

So increasing a allows the neural network to be very selective, while decreasing a causes 

the activation function to become less sensitive to the variation of x. 

4-3- Choice of the learning examples 

The choice of the learning input and output vectors is very important because the 

performances of the system will mostly depend on it. We used three sets of images: 

Image set 1: surrogate plastic mine with a DOB of 1". Surface laid objects: triangular 

wood piece, soda can, bolt, nut. 

Image set 2: surrogate steel mine with a DOB of 1". Surface laid objects: 2 pieces of 

wood and a rock. 

Image set 3: surrogate plastic mine with a DOB of 1". Surface laid objects: 2 pieces of 

wood and 2 rocks. 
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These 3 image sets provide 2147 learning input vectors. Figures 9a, b, c, d represent 

Image set 1. 

Figure 9a: Input rear collimated image 

20   «0   60   80   100  120  1«  160  180  200 

Figure 9b: Input front collimated image 

20        40        60       80       100      120      1«     1«      ISO      200 

Figure 9c: Input rear uncollimated image 

Figure 9a, b, c, d: Example of a typical learning set of images 

Figure 9d: Output rear collimated 
image 

5- Experimental results 

To test this method we have trained the network under different conditions, using different 

sizes of the input vectors [(3*3) pixels or (5*5) pixels from each of the three input 

images], different number of neurons, different values for the a coefficient of the 

activation function, and different learning images from the three previous sets. 

Because a backward shifting appears in the front collimated image and a forward shifting 

appears in the rear collimated image, we trained two different networks to teach them to 
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recognize the backward shifting for one and the forward shifting for the other. These 

networks are then used to respectively filter the front and the rear collimated images. The 

following results were obtained with the network trained to filter the rear collimated 

image. 

5-1- Size of the selection square 

Using a 5*5 square pixel to take into account the neighborhood of a pixel appeared to 

give better results, which tends to prove that using information from neighbor pixels is an 

interesting idea. However, the drawback of such a method is that the network output 

associated with an n*n input image is a (n-2)*(n-2) image. 

5-2- Influence of the number of neurons 

When using a large number of neurons (more than the number of learning vectors), the 

system computes very good output images when applied to one of the learned images, but 

Ms to provide good results for non-learned images, as shown in Figures 10 and 11. In 

this example we used a neural network containing 75 neurons in the first layer, 50 in the 

second layer, and 1 in the output layer (we call it 75*50*1 network). The total number of 

neurons is 9425 which is larger than the number of learning vectors (2147). 
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Figure 10a: Input rear collimated image 
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Figure 10b: Input rear uncollimated image 
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Figure 10c: Output rear collimated image Figure lOd: Theoretical output rear collimated 
image used during the learning step 

Figures 10: Inputs and output of the neural network, when using a set of images presented to 
the system during the learning step. 

Figure 11a: Input rear collimated image Figure 1 lb: Input rear uncollimated image 
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Figure lie: Output rear collimated image 

Figures 11: Inputs and output images of the neural network, 
when applied to a non-learned set of images 
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To get a network to be able to compute good results in every situations we need to verify 

the condition num_col>\0.(XY.Z). Thus, we used a 5*3*1 network (five neurons in 

the input layer, 3 in the hidden layer and one in the output layer) and a 3*2*1 network. 

These networks do not provide as good results as the previous one when the input is a 

learned-image, however, they are better when applied to non-learned vectors. 

We need the total number of neurons to be less than the number of learning vectors, but 

we also need enough neurons to model the system This is the reason why the 5*3*1 

network gives better results than the 3*2*1 network. 

5-3- Influence of the «coefficient 

This coefficient sets the way the output of a neuron reacts to an input signal. The bigger 

this coefficient is, the more difference a neuron makes between two values close to 0 and 

the less difference it makes between two larger values. The lower this coefficient is, the 

less difference a neuron makes between two values close to 0. Experimentally it appears 

that 0.5 is a good value for this coefficient. 

5-4- Final results 

Finally the neural network used was a three layer, 5*3*1 network, with an «coefficient of 

the activation function equal to 0.5, a 3*3 pixel selection square, and using image sets 1,2 

and 3, or the image sets 1 and 3 as learning images. 

Figures 12,13, 14, 15 and 16 show the outputs of the network when different images are 

applied. 
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Figure 12a: Input rear collimated image Figure 12b: Input rear uncollimated image 
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Figure 12c: Output rear collimated image Figure 12d: Theoretical output rear 
collimated image used during the 

training step 

Figures 12: Inputs and output of the neural network, when using a set of 
images presented to the system during the learning step. 

The learning images are made of the image sets 1,2 and 3. 
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Figure 13a: Input rear collimated image Figure 13b: Input rear uncollimated image 
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Figure 13c: Output rear collimated image 

Figures 13: Inputs and output images of the neural network, 
when applied to a non-learned set of images. 

The learning images are made of the image sets 1,2 and 3. 
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Figure 14a: Input rear collimated image Figure 14b: Input rear uncollimated image 
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Figure 14c: Output rear collimated image 

Figures 14: Inputs and output images of the neural network, 
when applied to a non-learned set of images. 

The learning set is made of the image sets 1,2 and 3. 
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Figure 15a:Input rear collimated image Figure 15b: Input rear uncollimated image 
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Figure 15c: Output rear uncollimated image 

Figures 15: Inputs and output images of the neural network, 
when applied to a non-learned set of images. 

The learning set is made of the image sets 1 and 3. 

59 



50 tDO 150 

Figure 16a: Input rear collimated image Figure 16b: Input rear uncollimated image 

Figure 16c: Output rear collimated image 

Figures 16: Inputs and output images of the neural network, 
when applied to a non-learned set of images. 

The learning set is made of the image sets 1 and 3. 
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So the network is able to remove the surface-laid objects when applied to non-learned 

images. However, the results seem to depend nighty on the learning step. Indeed, we 

trained two different networks with the exact same internal characteristic but with two 

different kinds of learning images, one containing only the images of some plastic mines, 

another containing the images of plastic and metal mines. The network trained with the 

first set gives better results when applied to a plastic mine. This can be explained by the 

fact that the first network focuses on energy peaks, while the second network computes 

its internal weights to model both a peak and a depression of energies. So the first one is 

better when applied to plastic mines. 

6- Conclusion 

In this section we introduced the neural networks, their biological basis and their ability to 

learn. We designed a simple feedforward network in an attempt to remove surface-laid 

objects, using information from collimated and uncollimated images. 

The results of this very first attempt, even if they are not perfect, are interesting because 

this system succeeded in removing surface-laid objects from unknown collimated images; 

we employed a very simple feedforward neural network and we used only three sets of 

images during the learning step. 

For these reasons we continue to investigate using neural networks as a surface-laid object 

removal technique, and improve the system. 
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Three important elements to work on to improve the quality of the results are: 

(1) the architecture of the network ( a neural network with feedback 

would allow the system to compute the output using the neighbor 

pixels it has already calculated) 

(2) the number of learning sets of images (the more information we give 

to the network during the learning step, the better the system is ). 

(3) The learning images. Computing different networks for specific 

situations ( plastic mine, metal mine,... ) could highly improve the 

quality of the results. 
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Section 6 

Automatic Image Processing 

The final goal of the signal and image processing techniques applied to the LMR, would 

be an automatic processing of the images. The introduction of the neural networks has 

been a first step in that direction. In this section we study this aspect more carefully. 

1- Introduction 

The neural network technique does not need human intervention during the process; the 

images are automatically processed. However, some other methods that have been 

previously developed need the user to select an object. So to achieve an automatic 

treatment in these cases, we need to design a technique that is able to recognize these 

objects; this is called object recognition. 

2- Object recognition 

2-1- Contour detection 

Contour detection is the first task in the object recognition process. Numerous contour 

detection methods have been developed so far. Most of these methods are based on the 
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computation of the gradient of the image and on the use of a threshold. They are very 

efficient when applied to images with very sharp edges. However, in the case of LMR 

images this condition does not hold, because energy transition from the soil to a buried 

object is soft. Thus, these methods are not efficient when applied to LMR images, as 

shown in Figure lb. 

50 100 150 200 250 
Vehicle Motion (pixels) 

Figure la: Collimated image 
Vehicle Motion foixelel 

Figure lb: Result of the Sobel 
contour detection method 

Another method of contour detection would be the use of the energy level. Indeed, the 

contour of a mine is defined by a constant energy level. However, in this case, as shown 

in Figure 2, we have to choose the energy contour levels corresponding to the edge of a 

mine. 

100 ISO 200 
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Figure 2: Energy level detection method 
(applied to Figure la image) 
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So these two contour detection methods are not very efficient when applied to LMR 

images. 

A solution for this problem may be the use of the neural network. It might be possible to 

teach the network to recognize contours by providing it with the gradient function at each 

pixel location, and the value of the neighbor pixels. 

2-2- Labeling task 

Once the contours have been detected, the next step is to label each object and to then 

put into relation the objects in each image. This labeling task can be easily done by using 

connected neighborhood relations. At the end of this step we have an image where each 

pixel contains the number of the object it is part of ( see Figure 3). 
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Figure 3: Resulting image 
of the labeling task. 
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3- Conclusion 

The major difficulty in the process of object recognition is the contour detection task. It 

may be possible to use a neural network to do this. 

An automatic object recognition method would allow us to develop new image 

processing techniques based on shape comparison of objects, symmetry between objects, 

object shifting, geometry, and so on. All these methods might give precious information 

that would help the user to decide whether or not there is a buried mine. 
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Section 7 

User Interface 

1 -Description of user interface 

Several signal and image processing techniques have been developed in this study that 

the user may want to use on site to improve the images. So we designed a user interface 

that allows the user to easily apply these filters to LMR images. To run this interfere the 

user needs to go to the directory :\programs\image filter, and run the program main. 

This interfece, programmed in the Matlab language, is made of a control window which 

contains three major control commands, as shown in Figure 1: 

Images command: open, save, print and clear the desired image. 

Filter command: perform the selected filtering on the selected image 

Linear combination command: perform linear combination manipulation 

on the selected images. 

Using this interfece the user can easily apply successive filters to one image. 
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optimal!*«   :     | 

remove obfocfr     • | 

Figure 1: Command window of the user interface 

2- Command description 

In this subsection we describe each command. But each filter is based on the same 

scheme: select the filter, select the image to filter and follow the instructions displayed 

in the dialog box. 

2-1- Image command 

open...: opens a desired image of format matflle or textfile. 

save as... : asks the user to select an image and then save it, 

print: asks the user to select an image and then print it. 

clear images: clear all the images. 

2-2- Filter 

wiener: asks the user to select an image and then apply the Wiener filter. This filter may 

be used as a first step to remove noise from the image before applying any other filter. 
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histogram equalization : asks the user to select an image and then equalize its histogram. 

This filter may be used to point out some objects which do not appear in the original 

image because their energy deposition is very low compared to the energy deposition of 

the soil. 

optimal filter: asks the user to choose an image and to select a region with the mouse and 

then apply the optimal filter to that image. This filter maximizes the signal-to-noise ratio 

in the selected region, pointing out the buried object that may be in that zone. 

neural network: asks first which collimated image the user wants to filter (front or rear), 

then ask the user to select 3 images (2 collimated and 1 uncollimated), and then apply the 

neural network. This filter may be used to remove surface laid objects, but also to point 

out some buried objects which weakly appear in the original collimated image. 

remove object: asks the user to select a pair of collimated and uncollimated images, to 

choose the number of objects to remove from the selected collimated image, and then to 

select with the mouse the object. Finally, the program performs a subtraction-interpola- 

tion method to remove the objects. This method may be used to remove some surface- 

laid objects that may hide some buried objects. 

2-3- Linear combination 

subtraction : asks the user to select the subtraction factor and then the two images to 

subtract: normalization factor ( noted 'norm* ) performs: 
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energy image, . 
output = imagel -xmage2 

energy image2 

Selected value (noted 'value') ask the user to enter the subtraction factor a and then 

performs: 

output = imagex - aimage2 

This method can be used to remove surface-laid objects (select a collimated image, an 

uncollimated image and the normalization factor), or to point out a buried object which 

then appears as two different objects of opposite intensity and shifted in the vehicle 

motion direction (select the two collimated images and the normalization factor). 

addition : ask the user to enter the value of the addition factor a, the two images to add, 

and then performs: 

output = imagex + aämage2. 

This method may be used to remove the energy deposition from the soil in some specific 

situations. 

3- Architecture of the program 

In this study of LMR. signal and image processing techniques we used Matlab to test each 

method. We used this same software to design the user interface. 

Each program contains at its very beginning a brief description of what it has been 

designed for. Figure 2 presents the architecture of the program. 
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Conclusion 

In this report we studied different kinds of image filtering techniques applied to LMR 

images. We first introduced some image enhancement techniques that improve the 

visibility of the image and sometimes point out some details. Next, we looked at some 

linear combinations of the images which gave us information regarding the presence of a 

buried mine. Then, we introduced the optimal filter which is an efficient way to pick out 

mine from the soil, and at the end we studied the use of the neural network as a surface- 

laid object removal technique. The neural network method appears to be a very efficient 

method because even a very simple network, trained with very few images, gave good 

results. We will continue studying these networks, working on new architectures and 

acquiring new learning images, because the more images we use during the learning step 

the better the network is. 

These image processing techniques sometimes give very useful information regarding the 

presence of a buried mine. This is why we will continue to investigate other techniques, 

especially object recognition techniques, that would lead to an automatic treatment of the 

images. 

We should also look to develop neural networks that could be used to detect an object's 

contour, to compute the DOB of a mine, and/or to perform distortion removal (image 

enhancement) of distorted images. 
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