


years later), the yellow arrows the red deck cheround the pavilion, and the bl

arrows larger areas of red structu

Figure 54 Detailed vsualization of commercial freight wharf (highlight in Figure 50c); a) SAM green signature
with 0.42 threshold overlaid on PAMsharpened image, b) MF greesignature with 0.06 threshold overlaid or
PAN-sharpened image, ¢) MRgreer signature with 0.06 threshold overlaid on originaimultispectral image; red
arrows highlight PAN-sharpening mis-registration at image edge

Figure 54displays the area of interest highlighiFigure 5@, the commercie
freight wharf with a large numr of green containerized shipping paletFigure 54a is
for the SAM algorithm with a calculated threshofdct2 aniFigure 54 is for the MF
algorithm with a calculated threshold of 0.06. Oagain, both algorithms perform
what appears to be a near optimum degree. It canba noticed that at the eastern €

of both imagegthe dark pixels on tt western edge are water, but on the eastern ed
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non-pixels) that occasionally the polygons appednet falling over red containers,
possibly indicating false detection errors. Howewarestigation in the original MSI
scene (Figure 54c) shows that the original polyglacements are correct and therefore,
the displacement in the PAN-sharpened image mudubeo difficulties experienced by

the ENVI sharpening routine near image edges.

124



4. SUMMARY AND CONCLUSIONS

This work postulated that fully automated spediedet detection is possible
providing that a method for automatically determghan optimal search threshold exists
and that directed searches perform at least asawelanual in-scene searches. It
established the definition of small target fromvpoes literature as any object of interest
in the image that is smaller than the photographic circle of the image. It established
the definition of optimum threshold as one whichses the search results to minimize
the false and missed detection rates while simetiasly maximizing the true detection
rate. It then demonstrated that mathematicallyithiee spot at which the false detection
rate curve crosses the missed detection rate asritee threshold varies — it is labeled the
analytic sweet spot. This work documented experim#rat demonstrated that taking the
first order statistic of the histogram for targetettions with a threshold set inordinately
high will deduce a value near the analytic sweet fifreshold for that image. Next an
experiment was run to determine if directed seargmeduced results no worst at the
sweet spot then in-scene searches. A new, morsipigasual presentation was
constructed using a morphological approach idextifis the nearest neighbor inflation
target estimator which provides an approximatiotheftarget dimensions in pixel space.
Bringing these elements together, this work thes@nted a prototype fully automated

demonstration of the end-to-end process. Lastpgfitormed an assessment of the
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relative performance of target detection searckegyB-band, high resolution imagery
versus otherwise identical 4-band imagery.

Empirical data was generated sustaining the svpestas the intersection of the
missed detection and false detection curves. Th@recal data was plotted against the
histogram mean predicted data; the plots demoestraimarkable similarity. Statistical
analysis determined a high rate of correlation lketwthe empirically derived sweet spot
and the suggested mean approximation. Analysiseoflifference of the means and
Kolmogorov-Sminov similarity testing determinedthize plots were not significantly
different. The coefficient of determination betweba two sets of data indicates that one
is an excellent model for the other. The data \Wwas tegrouped by differing
characteristics (e.g., algorithm, signature) andmrralyzed producing near identical
results to the group as a whole. Therefore, ibrectuded that the first moment statistic of
the histogram of target detection results fromaorlgitantly large search threshold can
be used as predictor of the sweet spot metridi®isame image. Additionally, it was
noted that the histogram mean predictor tendsléztsa slightly more open threshold
than the empirically derived sweet spot. This mightaken into account when
automating this function to slightly tighten theué. Further, while this work
concentrated on multispectral directed searchessulggested metric and approximation
methodology are applicable to other domains.

An experiment was formulated to test the hypothéss directed search target
detection performs at least as well as in-scemgetatetection methods. Comparable

methods of determining true and false detectiossrédr directed and in-scene searches

126



across two algorithms, three signatures, and thmages was established and 162 search
runs were executed. The results were cataloguedmalgized both literally and
statistically. While individual head-to-head compans results varied, 88% of the
comparisons supported the hypothesis and in ordycase was the in-scene true
detection rate more than marginally better. Visntdrpretation of ROC curves of the
directed results and in-scene results clearly pteseappreciably better performance for
the directed search. In these cases it was nobgitr at the sweet spot but usually all
along the entire length of the ROC curve. The tesatlthe sweet spot were then
analyzed statistically. Again, the detection ratese significantly correlated and not
significantly different; however, area under theveuanalysis demonstrated that the
directed search presented a higher normalized titteate (over 9% higher) and
coincident lower normalized false detection rate@st 10%). As a generality, when
taken as a whole or in similar groups, the hypashiest directed search performs at least
as well as in-scene search was universally supphdrlewever, the sample size was small
and additional work needs to be completed with tgreaumbers of algorithms,
signatures, and images. Additionally, investigasbiould be made into the effects of
collection geometry on the results.

The Nearest Neighbor Inflation (NNI) target estioravas presented as well as
visual results supporting its usefulness. It cosvayvell defined polygon around the
target rather than points on one or more pixelss @blaptation in shapefile form provides
a more easily recognized target designation andeful in literal analysis. However,

more work needs to be performed to reduce erraggdatarget amalgamation when
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multiple targets adjacent to each other and whem#éarest neighborhood utilized is too
small to encompass the anticipated targets.

This work also supports the intuitive conclusioatt@-band VNIR data provides
better spectral search results than 4-band dadhaRtl ROC curve analysis similar to the
directed versus in-scene comparison was perforihelkarly demonstrated that in 72%
percent of the cased 8-bands performed at leatanelin half the cases it performed
significantly better. However, in almost 17% of teses the 4-band searches performed
better and in 50% of the cases at least as wel. Wbrk did not investigate to determine
if there was a particular set of circumstances.(éand placement relative to target
signature) that enabled the 4-band to outperfoerhtgher fidelity images. Statistical
analysis indicates that the detection rates wer@fsiantly correlated and not
significantly different; however, area under theveuanalysis demonstrated that the 8-
band search presented a higher normalized deteaetierfover 8%) and coincident lower
normalized false detection rate (almost 6.5%). Bhjgports the conclusion that,
generally, 8-bands of dimensionality are more Udéfin 4-bands in spectral searches.

Lastly, the prototype demonstration bringing tHier together supports the
premise that fully automated spectral small tadggéction is possible and a viable
alternative to manual in-scene search methodologies end-to-end runs produced
results that were visualized using standard elatigght table technology with
acceptable results.

This work is suggestive of several prospects falitehal research. The most

obvious one is to increase the depth and breadths#ork; performing additional tests
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with more algorithms, images, and signatures wpuégumably corroborate the
conclusions presented. Other specific avenuessefireh would investigate the nature of
an “exorbitantly high” seed threshold for the swsaat predictor. It is clear that too high
a threshold could overwhelm the results with ereor@ skew the mean to threshold that
is not actually optimum.

The directed search is premised on using spedtrahtsires that are modeled for
the specific collection geometry. While some wods lbeen done in this area, further
investigation as to the importance of collectioometry and the relative performance
difference in using nadir direct hemisphericaleetance values (DHR) versus BDRF
values is appropriate. Other effects of geometrgithether review, such as how does
the scattering angle affect the results — forwardoackward vs. side scatter geometries.
The 8-band versus 4-band search comparisons pobaitiecdotal evidence of the
importance of the number and placement of bandshwinegs further research.

In this work, the MF algorithm seemed to provideesior results to the SAM
algorithm. However, generating the covariance mdtn an entire image could become
computational taxing. Investigation into how vaxyithe size of the covariance kernel to
reduce computation complexity affects the errcgsatould prove interesting as
demonstrated for anomaly detection searches (Pegédr, 2007). Further research into
why this was the case and possible solutions shwolkke remarkable. Additionally,
follow through work on the trade-offs between aition and signature should be

performed to explain the difference noted in th@kis results.
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Also, in this work, reflectance was computed fqo-td-the-atmosphere values.
Many research and analysis efforts assume at-tegfiettance. Experiments to
determine the relative perform of detection attesgatsed on TOA and ground leaving
reflectance could be performed.

The nearest neighbor inflation target estimatauisently in a somewhat
rudimentary form. Further work might expand itss#wity to orientation and pixel
phasing, as well as, addressing driving down thettywes of errors. Additionally,
including other spatial qualities and/or constmsiich as target size, shape, and phasing
should be explored.

Lastly, it would prove immensely interesting to tise methods suggested here
against other phenomenology, e.g., thermal, torahete if these methods do indeed
transfer to other spectral domains. If this traresiee is confirmed, further tests
combining signatures from multiple sensors to @eampound signatures and
performing detection searches could be extremdiglgening. Also, extending the
algorithmic approach to incorporate a chain of atgms, for instance, an anomaly
detector with a target detection search on onlyati@malies, is an intriguing follow-on

to this work.
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5. APPENDIX A — DATA

5.1 Image Metadata

Table 14 Image metadata; a) columns 1-7, b) columi®&14, c) columns 15-16, d) columns 17-23, and ejumns
24-31

a) Image Picture Parent Bands Band Designations ULLon UL Lat

J4_4010_p009_01  J4_4010_p009_01_jpng 14_4010_p009_01 8 C(BBGYRREMNRLNIRZ  -118.4086775 33.94837114
J6_2040_p001_01  J6_2040_p001_01_jpng 16_2040_p001_01 8 C(BBGYRRENIRLNIR2Z  -118.4087113 33.95127224
1232010 p00L 01  J23_2010 p00L 01 jpng  J23_2010 p00L 01 8 CBBGYRRENIRLNIRZ  -118.4084754 3394949237
J4_Boat J4_Boat_j.png J4 Boat_Example 8 (BB GYRRENIRLNIR2 -118.283372 33.74520157

b\ LR Lon LR Lat Linel Line2 Samplel Sample2 Eup

o 83.1302672727273,96.240409576427, 69.0760068253968, 51.5356468983957, 41.9382491289199, 32.2442062340967,

-118.393679833.94371288 1352 1667 3400 4004 18.6627421638018, 15.2519609638554
83.1302672727273,96.240409576427, 69.0760068253968, 51.5356468983957, 41.9382491289199, 32.2442062340967,

-118.393822433.94080129 4338 4790 3429 4025 18.662742163801%8, 15.2519609638554
83.1302672727273,96.290409576427, 69.0760068253968, 51.5356468983957, 41.9382491289199, 32.2442062340967,

-118.393688133.94201198 1611 1861 3686 4248 18.6627421638018, 15.2519609638554
83.1302672727273,96.240409576427, 69.0760068253968, 51.5356468983957, 41.9382491289199, 32.2442062340967,

-118.267106733.72906394 1801 2700 8389 9036 18.6627421638018, 15.2519609638554

C ) Band Widths Esun

0.0473,0.0543, 0.0630, 0.0374, 0.0574, 0.0393, 0.09890, 0.0996 1758.2229,1974.2416, 1856.4104, 1738.4791, 1559.4555, 1342.0695, 1069.7302, 861.2866
0.0473,0.0543, 0.0630, 0.0374, 0.0574, 0.0393, 0.09890, 0.0996 1758.2229,1974.2416,1856.4104, 1738.4791, 1559.4555, 1342.0695, 1069.7302, 861.2866
0.0473,0.0543, 0.0630, 0.0374, 0.0574, 0.0393,0.09890, 0.0996 1758.2229,1974.2416, 1856.4104, 1738.4791, 1559.4555, 1342.0695, 1069.7302, 861.2866

0.0473,0.0543 0.0630, 0.0374, 0.0574, 0.0393, 0.09890, 0.0996 1758.2229,1974.2416,1856.4104, 1738.4791, 1559.4555, 1342.0695, 1069.7302, 861.2866

d ) Cal Factors SolarElev SolarAz SatElev SatAz SatView Diss::\'ce
0.009295654, 0.01783568, 0.01364197, 0.006810718, 0.01851735, 0.006063145, 0.02050828, 0.009042234 72.6  126.6 60.5 51.4 26.2  0.9892
0.009295654, 0.01783568, 0.01364197, 0.006810718, 0.01851735, 0.006063145, 0.02050828, 0.009042234 76.7 1443 60.6 305.9 26,1 0.9892
0.009295654, 0.01783568, 0.01364197, 0.006810718, 0.01851735, 0.006063145, 0.02050828, 0.009042234 73.8 126.0 47.0 1801 37.3  0.9892
0.009295654, 0.01783568, 0.01364197, 0.006810718, 0.01851735, 0.006063145, 0.02050828, 0.009042234 72.7 126.0 588 476 27.7 09892
e) Edown RGB Pansharp UR Lat LLLat URLon LLLon GSD

0.021994, 0.022652, 0.018155, 0.014847, 0.012688, 0.089060, 0.69326, 0.39858 0J4_4010_p009_01_ps_jpng  33.9499388 33.94213606 -118.3936634 -118.4087 2.267
0.021994, 0.022652, 0.018155, 0.014847, 0.012688, 0.089060, 0.69326, 0.39858 016_2040_p001_01_ps_jpng  33.9497148 33.94236224 -118.3938247 -118.408712 2.262
0.021994, 0.022652, 0.018155, 0.014847, 0.012688, 0.089060, 0.69326, 0.39858 0J23_2010_p001 01 ps_j.png 33.94948586 33.94201847 -118.3936802 -118.408477 2.840
0.021994, 0.022652, 0.018155, 0.014847, 0.012688, 0.089060, 0.69326, 0.39858 0J4_Boat _ps j.pn; 33.74718222 33.72705374 -118.2672418 -118.2832581 2.325
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5.2 NEF Generated Spectral Signatures

Table 15 NEF generated spectral signatures by image

Parent Color NEFID Spectrum
J4_4010_p009_01 Blue-90 0623UUUPNT  1.0158E-011.0409€-01 7.1606E-02 5.3163E-02 6.2630E-02 7.4691E-02 1.5187E-011.9798E-01
J4_4010_p009 01 Red-90 0607UUUPNT  5.5972E-025.3741E-02 6.3331E-02 3.1014E-014.6562E-01 5.2848E-01 4.7024E-01 4.4926 E-01
J4_4010_p009_01 VYellow-90 0050UUUPNT 0.0417970.13916 0.37310 0.47248 0.54518 0.58368 0.58512 0.60690
J6_2040_p001_01 Blue-90 0623UUUPNT  1.5170E-01, 1.6716E-01, 1.2317E-01, 9.6917E-02, 1.1691E-01, 1.4162E-01, 2.8684E-01, 3.7077E-01
J6_2040_p001_01 Red-90 0607UUUPNT  1.1477E-01, 1.0326E-01, 1.0126E-01, 4.0006E-01, 5.4980E-01, 6.2886E-01, 5.6317E-01, 5.4089E-01
J6_2040_p001_01 VYellow-90 0050UUUPNT 0.0796360.24213 0.55056 0.56866 0.59681 0.63852 0.637340.65791
123_2010_p001_01 Blue-90 0623UUUPNT  9.4460E-02, 9.2565E-02, 6.0258E-02, 4.2436E-02, 4.8559E-02, 5.5864E-02, 1.1056E-01, 1.4080E-01
123_2010_p001_01 Red-90 0607UUUPNT  5.4854E-02, 5.2622E-02, 6.2876E-02, 3.1239E-01, 4.7179E-01, 5.3482E-01, 4.7611E-01, 4.5413E-01
J23_2010_p001_01 Yellow-90 0050UUUPNT 0.0446220.14494 0.38442 0.48479 0.5589%6 0.59631 0.595440.61535
J4_Boat_Example Red-B 1311VUUFAB  0.0457269, 0.0340137, 0.0390843, 0.223024, 0.557769, 0.652998, 0.675228, 0.678212
J4_Boat_Example Blue-B 1309UUUFAB  0.162876, 0.224914, 0.0506324, 0.0232133,0.0276193, 0.0348613,0.299468, 0.485533
J4 Boat_Example  Green-90  0999UUUPNT _ 0.0579209,0.0614639,0.0855405,0.0695748,0.0887664,0.251656,0.522831,0.538036
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6. APPENDIX B - MATLAB SOURCE CODE

6.1 Directed Search Data Generator

6.1.1 Main Program

function  varargout = mainlO(varargin)

% MAIN6 MATLAB code for main6.fig

%  MAING, by itself, creates a new MAING or rai
%  singleton*.

%

%  H=MAING returns the handle to a new MAING6
%  the existing singleton*.

%

%  MAING6('CALLBACK' hObject,eventData,handles,.

%  function named CALLBACK in MAIN6.M with the
arguments.

%

%  MAING('Property','Value',...) creates a new

%  existing singleton*. Starting from the left

pairs are

%  applied to the GUI before main6_OpeningFcn g
%  unrecognized property name or invalid value
application

%  stop. All inputs are passed to main6_Openin

%

%  *See GUI Options on GUIDE's Tools menu. Cho
one

% instance to run (singleton)".

%

% See also: GUIDE, GUIDATA, GUIHANDLES

ses the existing

or the handle to

..) calls the local
given input

MAING or raises the
, property value

ets called. An
makes property

gFcn via varargin.

ose "GUI allows only

% Edit the above text to modify the response to hel p main6

% Last Modified by GUIDE v2.5 21-Feb-2013 16:54:12

% Begin initialization code - DO NOT EDIT

gui_Singleton = 1;

gui_State = struct( 'gui_Name' mfilename,
'gui_Singleton' , gui_Singleton,
'gui_OpeningFcn' , @main6_OpeningFcn,
'gui_OutputFcn' , @main6_OutputFcn,
'gui_LayoutFcn' 0
'gui_Callback’ I)E

if nargin && ischar(varargin{1})
gui_State.gui_Callback = str2func(varargin{1});
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end

if nargout

[varargout{l:nargout}] = gui_mainfcn(gui_State,
else

gui_mainfcn(gui_State, varargin{:});
end

% End initialization code - DO NOT EDIT

% --- Executes just before main6 is made visible.
function
% This function has no output args, see OutputFcn.

% hObject handle to figure

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% varargin command line arguments to main6é (see V

% Choose default command line output for main6
handles.output = hObject;

% Update handles structure
guidata(hObject, handles);

% UIWAIT makes main6 wait for user response (see Ul
% uiwait(handles.figurel);

var = get(handles.Merit, 'Value' );

var2 = sprintf( '%5.49" , var);
set(handles.SliderText, 'Value' , var);
set(handles.SliderText, 'String' , var2);
set(handles.BufferSize, Value' 1),
set(handles.BufferSize, 'String’ , 1)

% --- Outputs from this function are returned to th

function  varargout = main6_OutputFcn(hObject, eventdata, ha
% varargout cell array for returning output args (

% hObject handle to figure

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% Get default command line output from handles stru
varargout{1} = handles.output;

% --- Executes on selection change in Image.

function  Image_Callback(hObject, eventdata, handles)
% hObject handle to Image (see GCBO)

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (
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% Hints: contents = cellstr(get(hObject,'String")) returns Image
contents as cell array

% contents{get(hObject,'Value")} returns sel ected item from
Image
set(gcf, 'Pointer’ , 'watch' );

global imagesXLS;
global NefXLS;
global beginningNef;

[r1, r2, imagesXLS] = xlIsread( 'ImageData.xlsx' );
xlssize = size(imagesXLS,1);
txt = [;

for z=2:xlssize;
if cellzmat(imagesXLS(z,26));
txt2 = strcat(char(imagesXLS(z,1)), "(PS) )
else ;
txt2 = char(imagesXLS(z,1));
end;
txt = strvcat(txt, txt2);
end;
set(hObject, 'String' , txt);
%fill matching spectra
[r1, r2, NefXLS1] = xlIsread( 'NefSpectra.xIsx' );
xlssize = size(NefXLS1,1);
txt =I;
ptr = get(hObject, 'Value' )+1;
parent = char(imagesXLS(ptr,3));
NefXLS = NefXLS1(1,:);
for z = 2:xlssize;
tmp = cell2mat(NefXLS1(z,1));
if ~isnan(tmp);
if stremp(char(NefXLS1(z,1)),parent);
txt = strvcat(txt, char(NefXLS1(z,2)));
NefXLS = [NefXLS;NefXLS1(z,:)];

end;

end;
end;
beginningNef = txt;
set(handles.Spectra, 'String' , beginningNef);
drawnow;
set(gcf, 'Pointer’ , ‘arrow' );
% --- Executes during object creation, after settin g all properties.

function  Image_CreateFcn(hObject, eventdata, handles)

% hObject handle to Image (see GCBO)

% eventdata reserved - to be defined in a future v ersion of MATLAB
% handles empty - handles not created until afte r all CreateFcns
called

% Hint: listbox controls usually have a white backg round on Windows.
% See ISPC and COMPUTER.
if ispc && isequal(get(hObject, 'BackgroundColor’ ),
get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObiject, '‘BackgroundColor’ , 'white' );
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end

global imagesXLS;
global NefXLS;
global beginningNef;

[r1, r2, imagesXLS] = xlIsread( 'ImageData.xlsx' );
xlssize = size(imagesXLS,1);
txt = [;

for z = 2:xlssize;
if cellzmat(imagesXLS(z,26));
txt2 = strcat(char(imagesXLS(z,1)), ' (PS)
else ;
txt2 = char(imagesXLS(z,1));
end;
txt = strvcat(txt, txt2);
end;
set(hObject, 'String' , txt);
%fill matching spectra
[r1, r2, NefXLS1] = xlIsread( '‘NefSpectra.xIsx' );
xlssize = size(NefXLS1,1);
txt = [;
ptr = get(hObject, 'Value' )+1;
parent = char(imagesXLS(ptr,3));
NefXLS = NefXLS1(1,:);
for z = 2:xlssize;
tmp = cell2mat(NefXLS1(z,1));
if ~isnan(tmp);
if stremp(char(NefXLS1(z,1)),parent);
txt = strvcat(txt, char(NefXLS1(z,2)));
NefXLS = [NefXLS;NefXLS1(z,:)];
end;
end;
end;
beginningNef = txt;

% --- Executes on button press in SAM.

function  SAM_Callback(hObject, eventdata, handles)
% hObject handle to SAM (see GCBO)

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% Hint: get(hObject,'Value') returns toggle state o

% --- Executes on button press in ED.

function  ED_Callback(hObject, eventdata, handles)
% hObject handle to ED (see GCBO)

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% Hint: get(hObject,'Value') returns toggle state o

% --- Executes on button press in SSS.
function  SSS_Callback(hObiject, eventdata, handles)
% hObject handle to SSS (see GCBO)
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% eventdata reserved - to be defined in a future v ersion of MATLAB
% handles structure with handles and user data ( see GUIDATA)

% Hint: get(hObject,'Value') returns toggle state o f SSS

% --- Executes on button press in Execute.
function  Execute_Callback(hObject, eventdata, handles)
% hObject handle to Execute (see GCBO)

% eventdata reserved - to be defined in a future v ersion of MATLAB

% handles structure with handles and user data ( see GUIDATA)

global imagesXLS;

set(handles.Status, 'String' )

set(handles.Hits, 'String' )

drawnow;

mimage = get(handles.Image, 'Value' );

if get(handles.SAM, 'Value' ) == get(handles.SAM, 'Max' );
malgorithm = 'SAM' ;

elseif  get(handles.LSMA, 'Value' ) == get(handles.LSMA, 'Max' );
malgorithm = 'LSMA' ;

elseif  get(handles.MFSAM_ratio, 'Value' ) == get(handles.MFSAM_ratio,

'Max' );
malgorithm = 'ratio’ ;

elseif  get(handles.MF, 'Value' ) == get(handles.MF, 'Max' );
malgorithm = 'MF' ;

end;

mmerit = get(handles.Merit, 'Value' );

%Directed Search

zxls = get(handles.Image, 'Value' )+1;

fname = strcat(char(imagesXLS(zxls,3)), " ,char(imagesXLS(zxls,1)));
[img, imgHdr] = enviread(fname);

%end,;

[lines, samples, bands?2] = size(img);

bands = cell2mat(imagesXLS(zxls,4));
firstsample = cell2mat(imagesXLS(zxls,12));
lastsample = cell2mat(imagesXLS(zxls,13));
firstline = cell2mat(imagesXLS(zxls,10));
lastline = cell2mat(imagesXLS(zxIs,11));

%adjustment for pan sharpened pictre
pansharp = cell2mat(imagesXLS(zxls,26));
%calc lat/lon

LonUL =cell2mat(imagesXLS(zxls,6));
LonLL = cell2mat(imagesXLS(zxls,30));
LonUR = cell2Zmat(imagesXLS(zxls,29));
LonLR = cell2mat(imagesXLS(zxls,8));
LatUR = cell2mat(imagesXLS(zxls,27));
LatLR = cell2mat(imagesXLS(zxls,9));
LatUL = cell2mat(imagesXLS(zxIs,7));
LatLL = cell2mat(imagesXLS(zxls,28));
RowUL = cell2mat(imagesXLS(zxls,10));
RowUR = cell2mat(imagesXLS(zxls,10));
RowLL = cell2mat(imagesXLS(zxls,11));
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RowLR = cell2mat(imagesXLS(zxls,11));

ColUL = cell2mat(imagesXLS(zxls,12));

ColUR = cell2mat(imagesXLS(zxls,13));

ColLL = cell2mat(imagesXLS(zxls,12));

ColLR = cell2mat(imagesXLS(zxls,13));

rightcol = ColUR - ColUL + 1;

lowerrow = RowLL - RowUL + 1;

% cpts = [1 1;rightcol 1; 1 lowerrow; rightcol lowe rrow];
cpts = [1 1;samples 1; 1 lines; samples lines];

mpts = [LonUL LatUL; LonUR LatUR; LonLL LatLL; LonL R LatLR];

t4 = cp2tform(cpts, mpts, 'projective’ );
%t4 = cp2tform(cpts, mpts, 'affine’);

%ephemeris data

effBandWidth = eval(strcat( T, char(imagesXLS(zxls,15)),

Esun = eval(strcat( T, char(imagesXLS(zxls,16)), T N;
absCalFactor = eval(strcat( T, char(imagesXLS(zxls,17)),

Eup = eval(strcat( T, char(imagesXLS(zxls,14)), T );
Edown = eval(strcat( T, char(imagesXLS(zxls,24)), T );

d = cell2mat(imagesXLS(zxls,23));

solarZenith = 90-cell2mat(imagesXLS(zxls,18));
solarElev = cell2mat(imagesXLS(zxls,18));
viewAngle = cell2mat(imagesXLS(zxls,22));

%Get selected NEF spectrum
global NefXLS;

mspectra = get(handles.Spectra, 'Value' )+1;

R_nef = eval(strcat( T, char(NefXLS(mspectra,4)), T N;

hits = [];

hitsall = [];

if get(handles.wAtmo, 'Max' ) == get(handles.wAtmo, 'Value'
wAtmo = true;

else ;
wAtmo = false;

end;

%Preparation
%create reflectance cube
if fname(l) == 'K
sensor = K
else ;
sensor = "WV' ;
end;
orig_img = img;
set(handles.Status, 'String’ , 'Refl" );
set(handles.Status, 'ForegroundColor’ , 'Black );
drawnow;

rname = strcat(char(imagesXLS(zxls,3)), 'IData/Reflectance.mat'

listing = dir(rname);
if size(listing,1);

load(rname);
else ;
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for y=1liines;
z =rem(y, 10);
if z==0;
set(handles.Status, 'String' , 'Refl" );
set(handles.Status, 'ForegroundColor’ , 'Black );
set(handles.Hits, 'String' , hum2str(y));
drawnow;
end;
for x = l:samples;
if reshape(img(y, x, 1:bands2),bands2,1) ~=
zeros(bands2,1);
L_tgt = zeros(1, bands2);
R_pix = zeros(1, bands?2);
for b =1:bands2;

[L_tgt(b), E] = Radiance(img(y, X, b),
absCalFactor(b), effBandWidth(b),Esun(b), d, solarzZ enith, sensor);
if wAtmo;
R_pix(b) = AtmoCorrectl1(tru e, L_tgt(b),
solarZenith, viewAngle, E, d, Esun(b), Eup(b), Edow n(b));
else ;
R_pix(b) = AtmoCorrectl(fal se, L_tgt(b),
solarZenith, viewAngle, E, d, Esun(b), Eup(b), Edow n(b));
end;
img(y.x,b) = R_pix(b);
end;

%add lat/lon for TL & BR to pixel vector
tpts = [(x) (V)];
latlon = tformfwd(t4, tpts);
img(y, X, b+1) = latlon(1); %lon
img(y, X, b+2) = latlon(2); %lat
tpts = [(x+1.0) (y+1.0)];
latlon = tformfwd(t4, tpts);

img(y, X, b+3) = latlon(1); %lon
img(y, X, b+4) = latlon(2); %lat
end;
end;
end;
clc
clc
save(rname, 'img' );
end;
%MF prep
if (strcmp(malgorithm, 'MF" ) || (strcmp(malgorithm, 'ratio’ NI
(stremp(malgorithm, 'ACE" ));

%find mean, covariance, inverse covariance
set(handles.Status, 'String' , 'Mean' );
set(handles.Hits, 'String' )
drawnow;

imgtemp = img(:,:,1:bands?2);

iM = reshape(img_mean(imgtemp),bands2,1);
set(handles.Status, 'String' , 'Cov' );
drawnow;
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iC = img_cov(imgtemp);
set(handles.Status, 'String’ , 'invCoVv' );
drawnow;
invC = inv(iC);
end;
%LSMA Prep
if (strcmp(malgorithm, 'LSMA" ));
endM =]
%background signatures for linear least squares
%get six modeled signatures
for z = 2:size(NefXLS,1);
isig = char(NefXLS(z,2));
if stremp(char(NefXLS(z,1)), char(imagesXLS(zxls,1)))
stremp(isig(1:5), 'LU-90" );
tmp = eval(strcat( T , char(NefXLS(z,4)), T );
endM = [endM, tmpT;
end;
end;
%add image mean as background
mu = reshape(img_mean(img(;,:,1:bands2)),bands2 ,1);
endM = [endM, mul];
%add NEF target signature
endM = [endM, R_nefT;
end;

%Algorithm processing loop
R_nef = reshape(R_nef,bands2,1);

hitctr = 0;

hits = [];

imgTgt(1:lines, 1:samples) = NaN;

buff = get(handles.BufferSize, 'Value' );

for y = 1+buff:lines-buff; %lines

z = rem(y, 10); %display status

if z==0;
set(handles.Status, 'String' , hum2str(y));
set(handles.Status, 'ForegroundColor' , 'Black );
set(handles.Hits, 'String' , hum2str(hitctr));
drawnow;
end;
for x = 1+buff:samples-buff; %samples

if reshape(img(y, x, 1:bands2),bands2,1) == zeros(ban
%check for masked pixel
continue ;
end;
R_pix = reshape(img(y, x, 1:bands2+4),bands 2+4,1);

%algorithms
%SAM
if stremp(malgorithm, 'SAM" );
%add matching lat/lon to NEF vector
t = R_nef;
t(bands2+1,1) = R_pix(bands2+1); %lon
t(bands2+2,1) = R_pix(bands2+2); %lat
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t = reshape(t,bands+2,1); %R_pix

p = reshape(R_pix(1:bands2+2),bands2+2, 1);
%determine if potential target

tl = R_nef;

pl = reshape(R_pix(1:bands2),bands2,1);

SAM1 = acos(dot(t1, p1)/(norm(tl)*norm( pl)));
if SAM1 > mmerit;

continue

end;

%perform nearest neighbor search
hitctr = hitctr + 1;

t = reshape(p(1:bands2),bands2,1); %make the target = the
current pixel vector
hitctrb = hitctr; %check for hit already part of larger
target
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if ~isnan(imgTgt(y,x))
hitctrb = imgTgt(y,x);
end;
end;
end;
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if reshape(img(ynn, xnn, 1:bands2),bands2,1) ==
zeros(bands2,1); %check for masked pixel
continue ;
end;
p = reshape(img(ynn, xnn,1:band s2),bands2,1);
%get the nearest neighbr pixel vector
SAM = acos(dot(t, p)/(norm(t)*n orm(p)));
if ((SAM <= mmerit) && (isnan(imgTgt(ynn,xnn))));
imgTgt(ynn,xnn) = hitctrb;
% if isnan(imgTgt(y,x)); % check for hit
already part of larger target
% imgTgt(ynn,xnn) = hit ctr;
% else;
% imgTgt(ynn,xnn) = img Tot(y,x);
% end;
hits =
[hits;hitctrb,img(ynn,xnn,9),img(ynn,xnn,10),img(yn n,xnn,11),img(ynn,xn
n,12),xnn,ynn,SAM1,SAM];
end;
end;
end;
end;
%LSMA
if stremp(malgorithm, 'LSMA" );
p = reshape(R_pix(1:bands2),bands2,1);
[weights, dummy, resid, exitflag] = Isq nonneg(endM, p);
% b = ones(8,1);
% Ib = zeros(8,1);
% ub = ones(8,1);
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% [weights,resnorm,resid, exitflag] =
Isglin(endM,p,endM,b,[],[],1b,ub);
sumW = sum(weights);
mixW = weights .* (1/sumW);
bestfit = 0;
bctr = 0;
for zz = 1:size(mixW(;,1));
if mixW(zz,1) > bestfit;
bestfit = mixW(zz,1);
bctr = zz;
end;
end;
%check if it matches search and converged
if (exitflag == 1) && (bctr == bands?2);
LSMA = bestfit;
else ;
LSMA = 0;
end;
if LSMA < mmerit;
continue ;
end;
%perform nearest neighbor search
hitctr = hitctr + 1;
endM1 = endM(:,1:bands2-1);

endM1 = [endM1, pJ; %make the target = the current pixel
vector
hitctrb = hitctr; %check for hit already part of larger
target
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if ~isnan(imgTgt(y,x))
hitctrb = imgTgt(y,x);
end;
end;
end;
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if reshape(img(ynn, xnn, 1:bands2),bands2,1) ==
zeros(bands2,1); %check for masked pixel
continue ;
end;
p = reshape(img(ynn, xnn,1:band s2),bands2,1);
%get the nearest neighbr pixel vector
[weights, dummy, resid, exitfla g]=
Isgnonneg(endM1, p);
% b = ones(8,1);
% Ib = zeros(8,1);
% ub = ones(8,1);
% [weights,resnorm,resid, exitf lag] =

Isglin(endM1,p,endM,b,[],[],Ib,ub);
sumW = sum(weights);
mixW = weights .* (1/sumW);
bestfit = 0;
bctr = 0;
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for zz = 1:size(mixW(;,1));
if mixW(zz,1) > bestfit;
bestfit = mixW(zz,1);
betr = zz;
end;
end;
%check if it matches search and converged
if (exitflag == 1) && (bctr == bands?2);
LSMAL = bestfit;

else ;
LSMAL = 0;
end;
if ((LSMA1 >= mmerit) && (isnan(imgTgt(ynn,xnn))));
% imgTgt(ynn,xnn) = hitctr;
% hits =
[hits;hitctr,img(ynn,xnn,9),img(ynn,xnn,10),img(ynn ,xnn,11),img(ynn,xnn

,12),xnn,ynn,LSMA,LSMA1];
imgTgt(ynn,xnn) = hitctrb;

hits =
[hits;hitctrb,img(ynn,xnn,9),img(ynn,xnn,10),img(yn n,xnn,11),img(ynn,xn
n,12),xnn,ynn,LSMA,LSMA1];
end;
end;
end;
end;
%MF
if strcemp(malgorithm, 'MF' );

p = reshape(img(y,x,1:bands2),bands2,1)
MF = (R_nef-iM)' * invC * (p-iM);
if (MF/1000) < mmerit;
continue ;
end;
%perform nearest neighbor search
hitctr = hitctr + 1;
t = reshape(p(1:bands2),bands2,1); %make the target = the
current pixel vector
hitctrb = hitctr; %check for hit already part of larger
target
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if ~isnan(imgTgt(y,x))
hitctrb = imgTgt(y,x);
end;
end;
end;
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if reshape(img(ynn, xnn, 1:bands2),bands2,1) ==
zeros(bands2,1); %check for masked pixel
continue ;
end;
p = reshape(img(ynn, xnn,1:band s2),bands2,1);
%get the nearest neighbr pixel vector
MF1 = (t-iM)' * invC * (p-iM);
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if ((MF1 > mmerit) && (isnan(imgTgt(ynn,xnn))));

% imgTgt(ynn,xnn) = hitctr;
% hits =
[hits;hitctr,img(ynn,xnn,9),img(ynn,xnn,10),img(ynn ,xnn,11),img(ynn,xnn

,12),xnn,ynn,MF,MF1];
imgTgt(ynn,xnn) = hitctrb;
hits =
[hits;hitctrb,img(ynn,xnn,9),img(ynn,xnn,10),img(yn n,xnn,11),img(ynn,xn
n,12),xnn,ynn,MF,MF1];
end;
end;
end;
end;
%MF/SAM Ratio
if strcemp(malgorithm, 'ratio’ );
%SAM part
tl = R_nef;
pl = reshape(R_pix(1:bands2),bands2,1);
SAM = acos(dot(t1, p1)/(norm(t1)*norm(p 1)));
if SAM ==0.0;
SAM = 0.001;
end;
%MF part
p2 = reshape(img(y,x,1:bands2),bands2,1 );
MF = (R_nef-iM)" * invC * (p2-iM);
%ratio part
mfsam = MF/SAM,;
if mfsam < mmerit;
continue
end;
%perform nearest neighbor search
hitctr = hitctr + 1;

t=pl; %make the target = the current pixel vector
hitctrb = hitctr; %check for hit already part of larger
target
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if ~isnan(imgTgt(y,x))
hitctrb = imgTgt(y,x);
end;
end;
end;
for ynn = y-buff:y+buff;
for xnn = x-buff:x+buff;
if reshape(img(ynn, xnn, 1:bands2),bands2,1) ==
zeros(bands2,1); %check for masked pixel
continue ;
end;
pn = reshape(img(ynn, xnn,1:ban ds2),bands2,1);
%get the nearest neighbr pixel vector
SAM1 = acos(dot(t, pn)/(norm(t) *norm(pn)));
if SAM1 ==0.0;
SAM1 = 0.001;
end;
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MF1 = (t-iM)" * invC * (pn-iM);
mfsaml = MF1/SAM1;
if ((mfsaml >= mmerit) &&
(isnan(imgTgt(ynn,xnn))));
imgTgt(ynn,xnn) = hitctrb;
hits =
[hits;hitctrb,img(ynn,xnn,9),img(ynn,xnn,10),img(yn
n,12),xnn,ynn,mfsam,mfsam1];
end;
end;
end;
end;
end;
end;
if size(hits,1) > 0;
delete( 'RXhits.xlIsx' );
Xlswrite( 'RXhits.xlIsx' , hits);
end;

%create shapefile
set(gcf, 'Pointer' , ‘'watch' );
if size(hits,1) > 0;
%Target shapefile
%get lat/lon data
ctr = size(hits,1);

if pansharp;
fname =

n,xnn,11),img(ynn,xn

strcat(char(imagesXLS(zxls,3)), ‘" ,char(imagesXLS(zxls,26)));

jimg = imread(fname);

[dline, dsample, dbands] = size(img);
[pline, psample, pbands] = size(jimg);
factL = pline/dline;

factS = psample/dsample;

fname =

strcat(char(imagesXLS(zxls,3)), " ,char(imagesXLS(zxls,2)));

dimg = imread(fname);
else ;
fname =

strcat(char(imagesXLS(zxls,3)), ‘" ,char(imagesXLS(zxls,2)));

dimg = imread(fname);
end;

%find unique entries
hits = real(hits);
hits = sortrows(hits,1);
uhits = unique(hits(:,1));
sizeUhits = size(uhits,1);
%shapefile
[Targets(1:sizeUhits).Geometry] = deal(
for i= 1l:sizeUhits;
[r,c] = find(hits(:,1)==uhits(i));
unique
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lon = [];

lat = [];
ctr=0;
for j= l:size(r,1); %gather all the lat/lon

z = size(lon,2);
lon(z+1) = hits(r(j),2);
lat(z+1) = hits(r(j),3);
lon(z+2) = hits(r(j),4);
lat(z+2) = hits(r(j),5);
end;
minx = min(lon"); %identify TL & BR
maxx = max(lon’);
miny = min(lat');
maxy = max(lat);
%populate shapefile entry
Targets(i).BoundingBox = [minx miny; maxx m axy];
lonl = [minx maxx maxx minx minx];
latl = [maxy maxy miny miny maxyf];
Targets(i).Lon = lon1,;
Targets(i).Lat = latl;
Targets(i).Lon1 = hits(r(j),2);
Targets(i).Latl = hits(r(j),3);
Targets(i).tgt = hits(r(1),1);
Targets(i).x = hits(r(1),6);
Targets(i).y = hits(r(1),7);
Targets(i).Merit = hits(r(1),8);
Targets(i).Meritl = hits(r(1),9);
end;
dspec = makedbfspec(Targets);
if stremp(malgorithm, 'ratio’ );
fname = strcat(char(imagesXLS(zxls,3)), 'IData/! , 'R-
char(imagesXLS(zxls,1)), -, char(NefXLS(mspectra,2)), U
malgorithm);
elseif  strcmp(char(imagesXLS(zxls,1)), '‘J4_4010 _p009_01 ps'
fname = strcat(char(imagesXLS(zxls,3)), 'IData/! , 'PS-'
char(imagesXLS(zxls,1)), -, char(NefXLS(mspectra,2)), U
malgorithm);
else
fname = strcat(char(imagesXLS(zxls,3)), 'IData/! , 'E-
char(imagesXLS(zxls,1)), -, char(NefXLS(mspectra,2)), U
malgorithm);
end;
% if wAtmo;
% fname = strcat(fname, '-AC");
% end,
fname = strcat(fname, “B" , num2str(buff));
tmp = num2str(mmerit);
tmp = strrep(tmp, )
fname = strcat(fname, -, tmp);
shapewrite(Targets, fname, 'DbfSpec’ , dspec);
fname = strcat(fname, "mat' ); %save off hits list for potential
later use
save(fname, ‘hits'  );
end;
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set(handles.Status,
set(handles.Status,
set(handles.Hits,
drawnow;
set(gcf,

'String' , 'Complete’ );
'ForegroundColor’ , 'Red" );
'String’ , hum2str(size(hits, 1)));
'Pointer’ , ‘arrow' );
%draw image window
if size(hits,1) > 0;
isfig = exist(
if isfig;
close
end;
fig = figure;

fig )

fig ;

if get(handles.PanSharp, 'Value'
imagesc(jimg);
outsamples = round((cell2mat(hits(:,2))-1
outlines = round((cell2mat(hits(:,1))-1).
else ;
imagesc(dimg);
outsamples = hits(;,6);
outlines = hits(;,7);
end;
hold on;
if strcmp(char(NefXLS(mspectra,2)), '‘Red" ) ||
strcemp(char(NefXLS(mspectra,2)), 'Red-90' );
scatter(outsamples, outlines, 10, '+,
else ;
scatter(outsamples, outlines, 10, '+, g )
end;
fname = strrep(fname, )
title(fname);
impixelinfo;
end;

%
%

% --- Executes on slider movement.

function  Merit_Callback(hObject, eventdata, handles)
% hObject handle to Merit (see GCBO)

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% Hints: get(hObject,'Value') returns position of s
% get(hObject,'Min") and get(hObject,'Max")
of slider

var = get(hObject, 'Value' );

var2 = sprintf( '%5.4g" , var);
set(handles.SliderText, 'Value' , var);
set(handles.SliderText, 'String' , var2);

% --- Executes during object creation, after settin

function  Merit_CreateFcn(hObject, eventdata, handles)
% hObject handle to Merit (see GCBO)

% eventdata reserved - to be defined in a future v
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% handles empty - handles not created until afte
called

% Hint: slider controls usually have a light gray b
if isequal(get(hObiject, 'BackgroundColor’ ),

get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObject, '‘BackgroundColor' ,[.9.9 .9]);

end

set(hObject, 'Value' , 0.5);

function  SliderText_Callback(hObject, eventdata, handles)

% hObject handle to SliderText (see GCBO)
% eventdata reserved - to be defined in a future v
% handles structure with handles and user data (

% Hints: get(hObject,'String') returns contents of
% str2double(get(hObject,'String")) returns
SliderText as a double

var = get(hObject, 'String’ );
var = str2num(var);

var2 = sprintf( '%5.4g" , var);

var = str2num(var2);

set(handles.Merit, 'Value' , var);
set(hObject, 'Value' , var);
drawnow;

% --- Executes during object creation, after settin

function  SliderText_CreateFcn(hObject, eventdata, handles)
% hObject handle to SliderText (see GCBO)

% eventdata reserved - to be defined in a future v

% handles empty - handles not created until afte

called

% Hint: edit controls usually have a white backgrou
% See ISPC and COMPUTER.

if ispc && isequal(get(hObject, 'BackgroundColor’ ),

get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObject, '‘BackgroundColor' , 'white' );
end

function  Status_Callback(hObject, eventdata, handles)

% hObject handle to Status (see GCBO)
% eventdata reserved - to be defined in a future v
% handles structure with handles and user data (

% Hints: get(hObject,'String') returns contents of
% str2double(get(hObject,'String")) returns
as a double
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% --- Executes during object creation, after settin

function  Status_CreateFcn(hObject, eventdata, handles)
% hObject handle to Status (see GCBO)

% eventdata reserved - to be defined in a future v

% handles empty - handles not created until afte

called

% Hint: edit controls usually have a white backgrou
% See ISPC and COMPUTER.

if ispc && isequal(get(hObject, '‘BackgroundColor' ),

get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObiject, 'BackgroundColor’ , 'white' );
end

% --- Executes on selection change in Spectra.

function  Spectra_Callback(hObject, eventdata, handles)
% hObject handle to Spectra (see GCBO)

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% Hints: contents = cellstr(get(hObject,'String’))
contents as cell array

% contents{get(hObject,'Value")} returns sel
Spectra

% --- Executes during object creation, after settin

function  Spectra_CreateFcn(hObject, eventdata, handles)
% hObject handle to Spectra (see GCBO)

% eventdata reserved - to be defined in a future v

% handles empty - handles not created until afte
called
global beginningNef;

set(hObject, 'String' , beginningNef);

% Hint: listbox controls usually have a white backg
% See ISPC and COMPUTER.

if ispc && isequal(get(hObject, 'BackgroundColor’ ),

get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObject, '‘BackgroundColor' , 'white' );
end

function  Hits_Callback(hObject, eventdata, handles)

% hObject handle to Hits (see GCBO)
% eventdata reserved - to be defined in a future v
% handles structure with handles and user data (
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% Hints: get(hObject,'String') returns contents of Hits as text

% str2double(get(hObject,'String")) returns contents of Hits as
a double
% --- Executes during object creation, after settin g all properties.

function  Hits_CreateFcn(hObject, eventdata, handles)

% hObject handle to Hits (see GCBO)

% eventdata reserved - to be defined in a future v ersion of MATLAB
% handles empty - handles not created until afte r all CreateFcns
called

% Hint: edit controls usually have a white backgrou nd on Windows.
% See ISPC and COMPUTER.
if ispc && isequal(get(hObject, 'BackgroundColor’ ),
get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObject, 'BackgroundColor’ , 'white' );
end

% --- Executes on button press in wAtmo.

function  wAtmo_Callback(hObject, eventdata, handles)

% hObject handle to wAtmo (see GCBO)

% eventdata reserved - to be defined in a future v ersion of MATLAB
% handles structure with handles and user data ( see GUIDATA)

% --- Executes on button press in PanSharp.
function  PanSharp_Callback(hObject, eventdata, handles)
% hObject handle to PanSharp (see GCBO)

% eventdata reserved - to be defined in a future v ersion of MATLAB
% handles structure with handles and user data ( see GUIDATA)
% Hint: get(hObject,'Value') returns toggle state o f PanSharp

function  BufferSize_Callback(hObject, eventdata, handles)

% hObject handle to BufferSize (see GCBO)

% eventdata reserved - to be defined in a future v ersion of MATLAB
% handles structure with handles and user data ( see GUIDATA)

% Hints: get(hObject,'String') returns contents of BufferSize as text
% str2double(get(hObject,'String')) returns contents of
BufferSize as a double

var = get(hObject, 'String'  );

var = str2num(var);

var2 = sprintf( '%5.49" , var);

var = str2znum(var2);

set(hObject, 'Value' , var);
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% --- Executes during object creation, after settin

function  BufferSize_CreateFcn(hObject, eventdata, handles)
% hObject handle to BufferSize (see GCBO)

% eventdata reserved - to be defined in a future v

% handles empty - handles not created until afte

called

% Hint: edit controls usually have a white backgrou
% See ISPC and COMPUTER.

if ispc && isequal(get(hObject, '‘BackgroundColor' ),

get(0, ‘'defaultUicontrolBackgroundColor' )
set(hObiject, 'BackgroundColor’ , 'white' );

end

set(hObject, Value' , 1);

junk = 1;

% --- Executes on button press in b4data.

function  b4data_Callback(hObject, eventdata, handles)
% hObject handle to b4data (see GCBO)

% eventdata reserved - to be defined in a future v

% handles structure with handles and user data (

% Hint: get(hObject,'Value') returns toggle state o

6.1.2 Atmospheric Correction

%Cosine estimation of atmospheric transmittence

function  rho = AtmoCorrect(withAtmo, rad, solar_zenith,
sensor_viewangle, E, d, E_sun, E_up, E_down);

if withAtmo;
partl = (rad-E_up-E_down)*pi*(d"2);
part2 =

(cosd(sensor_viewangle)*cosd(solar_zenith)*E_sun*co
rho = partl/part2;
else
% partl = rad*pi*(d"2);
% part2 = E_sun*cosd(solar_zenith);
partl = rad;
part2 = E_sun*cosd(solar_zenith);
rho = partl/part2;

rho = rho/10;
rho = rad/10000;
end;
if rho<0.001;
rho = 0.001;
elseif rho>1.0;
rho = 0.99;
end;
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6.1.3 Graphical User Interface (GUI) Screenshot
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Figure 55 Screenshot of GUI

6.2 Prototype Automated Detection

%Automated Target Detection

clear;
clc;

global imagesXLS;
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global NefXLS;
global beginningNef;
global imagesXLS;

%% Set desired parameters

malgorithm = 'SAM' ;

mspectra = 2+1; %from NEF table

firstRun = false;

ptr = 5+1; %image selection from image table 5=boat

%get image path & file

[r1, r2, imagesXLS] = xlIsread( 'ImageData.x|sx' );
xlssize = size(imagesXLS,1);
txt =I;

for z = 2:xlssize;
if cell2mat(imagesXLS(z,26));
txt2 = strcat(char(imagesXLS(z,1)), ' (PS)
else ;
txt2 = char(imagesXLS(z,1));
end;
txt = strvcat(txt, txt2);
end;
%fill matching spectra
[r1, r2, NefXLS1] = xlIsread( '‘NefSpectra.xIsx' );
xlssize = size(NefXLS1,1);
txt = [;
parent = char(imagesXLS(ptr,3));
NefXLS = NefXLS1(1,:);
for z = 2:xlssize;
tmp = cell2mat(NefXLS1(z,1));
if ~isnan(tmp);
if stremp(char(NefXLS1(z,1)),parent);
txt = strvcat(txt, char(NefXLS1(z,2)));
NefXLS = [NefXLS;NefXLS1(z,:)];
end;
end;
end;

zxls = ptr;

fname = strcat(char(imagesXLS(zxls,3)), " ,char(imagesXLS(zxls,1)));

txt = strcat( ‘fname=",fname);
disp(txt);

[img, imgHdr] = enviread(fname);

[lines, samples, bands2] = size(img);

bands = cell2mat(imagesXLS(zxls,4));
firstsample = cell2mat(imagesXLS(zxls,12));
lastsample = cell2mat(imagesXLS(zxls,13));
firstline = cell2mat(imagesXLS(zxls,10));
lastline = cell2mat(imagesXLS(zxls,11));

%adjustment for pan sharpened pictre
pansharp = cell2mat(imagesXLS(zxls,26));
%ocalc lat/lon
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LonUL =cell2mat(imagesXLS(zxls,6));
LonLL = cell2mat(imagesXLS(zxls,30));
LonUR = cell2mat(imagesXLS(zxls,29));
LonLR = cell2mat(imagesXLS(zxIs,8));
LatUR = cell2mat(imagesXLS(zxls,27));
LatLR = cell2mat(imagesXLS(zxls,9));
LatUL = cell2mat(imagesXLS(zxls,7));
LatLL = cellzmat(imagesXLS(zxls,28));
RowUL = cell2mat(imagesXLS(zxls,10));
RowUR = cell2mat(imagesXLS(zxls,10));
RowLL = cell2mat(imagesXLS(zxls,11));
RowLR = cell2mat(imagesXLS(zxls,11));
ColUL = cellzmat(imagesXLS(zxls,12));
ColUR = cell2mat(imagesXLS(zxls,13));
ColLL = cell2mat(imagesXLS(zxls,12));
ColLR = cell2mat(imagesXLS(zxls,13));
rightcol = ColUR - ColUL + 1;

lowerrow = RowLL - RowUL + 1;

cpts = [1 1;samples 1; 1 lines; samples lines];

mpts = [LonUL LatUL; LonUR LatUR; LonLL LatLL; LonL R LatLR];

t4 = cp2tform(cpts, mpts, 'projective’ );

%ephemeris data

effBandWidth = eval(strcat( T , char(imagesXLS(zxls,15)),

Esun = eval(strcat( T, char(imagesXLS(zxls,16)), T N;
absCalFactor = eval(strcat( T, char(imagesXLS(zxls,17)),

Eup = eval(strcat( T, char(imagesXLS(zxls,14)), T N;
Edown = eval(strcat( T, char(imagesXLS(zxls,24)), T );

d = cell2mat(imagesXLS(zxls,23));

solarZenith = 90-cell2mat(imagesXLS(zxls,18));
solarElev = cell2mat(imagesXLS(zxls,18));
viewAngle = cell2mat(imagesXLS(zxls,22));

%Get selected NEF spectrum
global NefXLS;
R_nef = eval(strcat( T, char(NefXLS(mspectra,4)), T );

WAtmo = true;

%Preparation

%create reflectance cube
sensor= 'WV';
orig_img = img;

rname = strcat(char(imagesXLS(zxls,3)), 'IData/Reflectance.mat'

listing = dir(rname);
if size(listing,1);
load(rname);
else ;
disp( refl” ),
for y = l:lines;
z =rem(y, 10);
if z==0;
txt = strcat( 'Refl = , nuM2str(y));
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disp(txt);
end;
for x = l:samples;

if reshape(img(y, x, 1:bands2),bands2,1) ~=

zeros(bands2,1);
L_tgt = zeros(1, bands2);
R_pix = zeros(1, bands2);
for b =1:bands2;
[L_tgt(b), E] = Radiance(img(y,

absCalFactor(b), effBandWidth(b),Esun(b), d, solarzZ

R_pix(b) = AtmoCorrectl(true, L

solarZenith, viewAngle, E, d, Esun(b), Eup(b), Edow

img(y,x,b) = R_pix(b);
end;

%add lat/lon for TL & BR to pixel vector

tpts = [(x) (Y)];
latlon = tformfwd(t4, tpts);
img(y, X, b+1) = latlon(1);
img(y, X, b+2) = latlon(2);
tpts = [(x+1.0) (y+1.0)];
latlon = tformfwd(t4, tpts);
img(y, X, b+3) = latlon(1);
img(y, X, b+4) = latlon(2);
end;
end;
end;
save(rname, 'img' );
end;

90%%9%0%% %% %% %% %% %% %% %%

%MF prep
if stremp(malgorithm, 'MF' );
%find mean, covariance, inverse covariance
disp( 'img mean' );

imgtemp = img(:,:,1:bands?2);
iM = reshape(img_mean(imgtemp),bands2,1);
disp( 'img cov' );
iC = img_cov(imgtemp);
invC = inv(iC);
end;

R_nef = reshape(R_nef,bands2,1);
hitctr = 0;
buff = 1;
if firstRun;
disp( first' );
imgVals = zeros(lines, samples, 8);

for y= 1llines; %lines
z =rem(y, 10); %display status
if z==0;
txt = strcat( first Lines =
disp(txt);
end;
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for x = l:samples; %samples

if reshape(i

mg(y, X, 1:bands2),bands2,1) ==

zeros(bands2,1); %check for masked pixel
continue

end;

R_pix = reshape(img(y, x, 1:bands2+4),b

%algorithms
%SAM
if stremp(m

algorithm, 'SAM" );

%determine if potential target
p = reshape(R_pix(1:bands2),bands2,
SAM = acos(dot(R_nef, p)/(norm(R_ne
imgVals(y,x,1) = pow10_round(SAM, -
imgVals(y,x,2) = R_pix(bands2+1);
imgVals(y,x,3) = R_pix(bands2+2);
imgVals(y,x,4) = R_pix(bands2+3);
imgVals(y,x,5) = R_pix(bands2+4);
imgVals(y,x,6) = NaN;

imgVals(y,x,7) =;
imgVals(y,x,8) = x;
end;
%MF

if strcemp(malgorithm, 'MF' );
p = reshape(R_pix(1:bands2),bands2,

MF = (R_nef-iM)" *
MF = MF/1000;

invC * (p-iM);

imgVals(y,x,1) = pow10_round(MF, -2
imgVals(y,x,2) = R_pix(bands2+1);
imgVals(y,x,3) = R_pix(bands2+2);
imgVals(y,x,4) = R_pix(bands2+3);
imgVals(y,x,5) = R_pix(bands2+4);

imgVals(y,x,6) = NaN;
imgVals(y,x,7) =;
imgVals(y,x,8) = x;
end;
end;
end;
fname = strcat(char(imagesXLS(zxls,3)), 'IData/!
char(imagesXLS(zxls,1)), ', char(NefXLS(mspectra,2)),
malgorithm);
save(fname, 'imgvals' );
else ;
fname = strcat(char(imagesXLS(zxls,3)), 'IData/!
char(imagesXLS(zxls,1)), ', char(NefXLS(mspectra,2)),
malgorithm);
load(fname);
end;
disp( 'Get first mean’ );
txt = strcat( '‘Algo =" , malgorithm);
disp(txt);
txt = strcat( 'NEF ="', NefXLS(mspectra,?2));
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disp(txt);

%remove non-values

tars = reshape(imgVals,][],8);
[r,c]=find(~isnan(tars(:,1)));
tars = tars(r,:);

vals = tars(:,1);

vals = reshape(vals,[],1);

%first pass
m1l = powl0_round(mean(vals), -2);
sl = pow10_round(std(vals), -2);

if stremp(malgorithm, 'SAM'" );
vv = find(vals > (m1-sl1));
else ;
vv = find(vals < (m1+s1));
end;
vals = vals(~ismember(1:size(vals, 1), w));
txt = strcat( 'mean 1l=" , hum2str(m1));
disp(txt)
txt = strcat( 'std1 =" , hum2str(sl));
disp(txt)

%second pass
disp( 'Get second mean' );
if stremp(malgorithm, 'SAM'" );
m2 = powl10_round(mean(vals), -2);
s2 = pow10_round(std(vals), -2);
SS = m2-s2;
else ;
m2 = powl10_round(mean(vals), -2);
s2 = pow10_round(std(vals), -2);
SS = m2+s2;
end;
txt = strcat( 'mean 2 ="' , hum2str(m2));
disp(txt)
txt = strcat( 'std 2 =" , hum2str(s2));
disp(txt)
txt = strcat( 'sweet spot =" , hum2str(ss));
disp(txt)

%processing loop
hitctr = 0;
hits = [];
buff = 1;
disp( 'start’ );
tars = reshape(imgVals,][],8);
[r,c]=find(~isnan(tars(:,1)));
tars = tars(r,:);
tars = sortrows(tars,[7 8]);
if strcemp(malgorithm, 'SAM" );
[r,c]=find(tars(:,1) <= ss);
else ;
[r,c]=find(tars(:,1) >= ss);
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end;
tars = tars(r,:);
ii = size(tars,1);

txt = strcat( i=" , huma2str(ii));
disp(txt);
figure;
histnorm(tars(:,1),0:0.05:1, ‘plot"  );
for i= 1
z = rem(i, 100); %display status
if z==0;
txt = strcat( i Lines ="' , hum2str(i));
disp(txt);
end;
hitctr = hitctr+1;
y = tars(i,7); %get line
x = tars(i,8); %get sample
t = reshape(img(y, X, 1:bands2),bands2,1); %make the target = the

current pixel vector
hitctrb = hitctr;
it ((y==1) || (y==lines) || (x==1) || (x==samples));

continue ;
else ;
for ynn = y-buff:y+buff; %check if part of larger target
for xnn = x-buff:x+buff;
if (~isnan(imgVals(ynn,xnn,6)));
hitctrb = imgVals(ynn,xnn,6);
break ;
end;
end;
if (hitctrb ~= hitctr);
break ;
end;
end;
for ynn = y-buff:y+buff; %NNI
for xnn = x-buff:x+buff;
if reshape(img(ynn, xnn, 1:bands2),bands2,1) ==
zeros(bands2,1); %check for masked pixel
continue
end;
p = reshape(img(ynn, xnn,1:bands2), bands2,1);
the nearest neighbor pixel vector
if strcemp(malgorithm, 'SAM" );
SAM = acos(dot(t, p)/(norm(t)*n orm(p)));
if (SAM <= ss);
imgVals(ynn,xnn,6) = hitctr b;
end;
else ;
if reshape(img(ynn, xnn, 1:bands2),bands2,1) ==
zeros(bands2,1); %check for masked pixel
continue ;
end;
MF = (t-iM)' * invC * (p-iM);
MF = MF/1000;
if (MF >=ss);
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imgVals(ynn,xnn,6) = hitctr b;
end;
end;
end;
end;
end;
end;

%create shapefile

disp( 'create shp' );

tars = reshape(imgVals, [],8);

[r,c]=find(~isnan(tars(:,6))); %select only pixels with target
designator

tars = tars(r,:);

[r,c]=find(tars(:,6) > 0);

tars = tars(r,:);

ii = size(tars, 1);

if ii>0;

%find unique entries
hits = sortrows(tars,6);
uhits = unique(tars(:,6));
sizeUhits = size(uhits,1);

%shapefile

[TargetsE(1:sizeUhits).Geometry] = deal( 'Polygon'  );

for i= 1l:sizeUhits;

[r,c] = find(tars(:,6)==uhits(i)); %get hits matching this

unique

lon = [J;

lat = [];

ctr =0;

for j= l:size(r,1); %gather all the lat/lon

z = size(lon,2);

lon(z+1) = tars(r(j),2);
lat(z+1) = tars(r(j),3);
lon(z+2) = tars(r(j),4);
lat(z+2) = tars(r(j),5);

end;
minx = min(lon"); %identify TL & BR
maxx = max(lon");
miny = min(lat');
maxy = max(lat);

%populate shapefile entry
TargetsE(i).BoundingBox = [minx miny; maxx maxy];
lonl = [minx maxx maxx minx minx];
latl = [maxy maxy miny miny maxyf];
TargetsE(i).Lon = lon1;
TargetsE(i).Lat = lat1;
TargetsE(i).Lon1 = tars(r(j),2);
TargetsE(i).Latl = tars(r(j),3);
TargetsE(i).tgt = tars(r(1),6);
TargetsE(i).x = tars(r(1),8);
TargetsE(i).y = tars(r(1),7);
TargetsE(i).Merit = tars(r(1),1);
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end;

dspec = makedbfspec(TargetsE);

fname = strcat(char(imagesXLS(zxls,3)), 'IData/!

char(imagesXLS(zxls,1)),
malgorithm);
fname = strcat(fname,
tmp = numa2str(ss);

tmp = strrep(tmp, P

fname = strcat(fname,
shapewrite(Targetsk, fname,
end;

"B’

, char(NefXLS(mspectra,2)),

, hum2str(buff));
);
, tmp);

'DbfSpec’ , dspec);

160



REFERENCES

A Look Back ... CORONA: The Nation’s First Photorecaimssance Satellite. (2010,
August 19)Central Intelligence Agencyretrieved January 31, 2012, from
https://www.cia.gov/news-information/featured-stanghive/2010-featured-story-
archive/corona-the-nation2019s-first-photorecorsaise-satellite.html

A Short History of Ballooning. (n.d.NOVA Retrieved January 30, 2012, from
http://www.pbs.org/wgbh/nova/space/short-historsbafiooning.html

Adler-Golden, S. M., Levine, R. Y., Mathew, M. VRichtsmeier, S. C., Bernstein, L. S.,
Gruninger, J., ... Ratkowski, A. (2008). Shadow-irstve material
detection/classification with atmospherically catesl hyperspectral imagery. Spectral
Sciences, Inc. Retrieved from http://www.spectahfpdf/sr149JPL.pdf

Allred, C. L., Jeong, L. S., & Chetwynd, J. H. (B99FLAASH, a MODTAN4
atmospheric correction package for hyperspectral edrievals and simulations. Broc.
of the 7th Ann. JPL Airborne GeoScience WorkgMap. Publication 97-21, pp. 1-6).
Pasadena, CA: Jet Propulsion Laboratory. Retriéwed
ftp://137.78.180.197/pub/docs/workshops/98_docdf2.p

Arfken, G. B., & Weber, H. J. (2005). Chapter 1¢olsability. InMathematical Methods
for Physicistg6th ed., pp. 1121-1123). Burlington, MA: Elseviarademic Press
Publications.

Ashton, E. A. (1999). Multialgorithm solution foumated multispectral target
detectionOptical Engineering38(4), 717—724.

Ashton, E. A., & Schaum, A. (1998). Algorithms thie detection of sub-pixel targets in
multispectral imageryPhotogrammetric Engineering & Remote Sensid7), 723—
731.

Aspinall, R. J., Marcus, W. A., & Boardman, J. \R0Q2). Considerations in collecting,
processing, and analysing high spatial resolutygelrspectral data for environmental
investigationsJournal of Geographical Systepd$1), 15-29.

Bajorski, P., lentilucci, E. J., & Schott, J. RO@). Comparison of basis-vector selection

methods for target and background subspaces ag@ppisubpixel target detection. In
Proceedings of SPIE/ol. 5425, pp. 97-108). SPIE. doi:10.1117/12.%24

161



Balloons in the American Civil War. (n.dl).S. Centennial of Flight Commission
Retrieved January 30, 2012, from
http://www.centennialofflight.gov/essay/Lighter_thanir/Civil_War_balloons/LTA5.ht
m

Bar-Tal, M., & Rotman, S. R. (1996). Performanceaswement in point source target
detectionInfrared physics & technologg7(2), 231-238.

Barnes, L. R., Gruntfest, E. C., Hayden, M. H., 8 D. M., & Benight, C. (2007).
False alarms and close calls: a conceptual modeaofing accuracyweather and
Forecasting22(5), 1140-1147. doi:10.1175/WAF1031.1

Bartlein, P. (2013). Geographic Data Analysis: \di&ation and Data Analysis.
University of Oregon. Retrieved from
http://geography.uoregon.edu/geogr/topics/ttest.htm

Baumann, P. R. (2009). History of remote sensiatglite imagery (Part Il). Retrieved
January 30, 2012, from
http://www.oneonta.edu/faculty/baumanpr/geosat2/R@%istory%2011/RS-History-
Part-2.html

Bayhan, D. (2002History of remote sensind@echnical University of Istanbul.

Beauchemin, M., & Fung, K. B. (2001). On statidtizand selection for image
visualization Photogrammetric engineering and remote sensii(p), 571-574.

Beckmann, P., & Spizzichino, A. (1963)he scattering of electromagnetic waves from
rough surfacegVol. 4). Oxford, England: Pergamon Press.

Bergman, S. M. (1996, DecembeFhe utility of hyperspectral data to detect and
discriminate actual and decoy target vehid®kaster of Science in Systems Technology,
Scientific and Technical Intelligence). Naval Poattpate School, Monterey, CA.

Bernstein, L., & Adler-Golder, S. (201Xigh-speed atmospheric correction algorithms
for spectral image processingresented at the Earth Science Technology Forum,
Pasadena, CA. Retrieved from
http://esto.nasa.gov/conferences/estf2011/presensdBernstein ESTF2011.pdf

Bernstein, L. S. (2005). Validation of the QUicknatspheric correction (QUAC)
algorithm for VNIR-SWIR multi- and hyperspectralagery (Vol. 5806, pp. 668—678).
Presented at the Algorithms and Technologies foltishectral, Hyperspectral, and
Ultraspectral Imagery XI, SPIE. doi:10.1117/12.6833

Bernstein, L. S. (2012). Quick atmospheric cormcttode: algorithm description and
recent upgrade®ptical Engineering51(11), 111719. doi:10.1117/1.0E.51.11.111719

162



Bhanu, B. (1986). Automatic target recognition:t&taf the art surveyAerospace and
Electronic Systems, IEEE Transactions @), 364—379.

Bhanu, Bir, Dudgeon, D. E., Zelino, E. G., Rosafél., Casasent, D., & Reed, I. (Eds.).
(1997). Guest editorial introduction to the speisalie on automatic target detection and
recognition.|lEEE Transactions on Image Processiffl), 1-6.

Bockaert, V. (2012). Circle of confusiobDigital Photography ReviewRetrieved January
29, 2012, from
http://www.dpreview.com/learn/?/Glossary/Opticatle _of Confusion_01.htm

Bromley, M. (2009, August 10). AGITK — NEFDS - Pimienal tools strategic
overview. National Geospatial-Intelligence Agency.

Buganim, S., & Rotman, S. R. (2006). Matched fdtear multispectral point target
detection. InProceedings of SPIfp. 63020Z2-63020Z-8). San Diego, CA, USA.
doi:10.1117/12.678168

Campbell, J. B. (2007)ntroduction to Remote Sensi(wth ed.). New York: The
Guilford Press.

Carevic, D. (1999)A Kalman filter-based appraich to target detectaond target-
background separation in ground penentrating radata (Technical Report No. DSTO-
TR-0853) (p. 21). Salisbury Australia: DSTO Eledios and Surveillance Research
Laboratory. Retrieved from http://www.dtic.mil/dtidfulltext/u2/a370784.pdf

Chang, C.-I., Du, Q., Sun, T.-L., & Althouse, M. .1(1999). A joint band prioritization
and band-decorrelation approach to band seleabiohyfperspectral image classification.
Geoscience and Remote Sensing, IEEE TransactiqQrd¥@), 2631 —2641.
doi:10.1109/36.803411

Chang, C.-l., & Wang, S. (2006). Constrained baeidction for hyperspectral imagery.
Geoscience and Remote Sensing, IEEE Transactiodgl@), 1575 — 1585.
doi:10.1109/TGRS.2006.864389

Chavez Jr., P. S. (1996). Image-Based AtmospheniceCtions -Revisited and
Improved.Photogrammetric Engineering and Remote Senéa®), 1025— 1036.

Chen, J. Y., & Reed, I. S. (1987). A detection alfon for optical targets in clutter.
Aerospace and Electronic Systems, IEEE Transacbongl), 46-59.

Clark, R. M. (2010)Intelligence Analysi¢3rd ed.). Washington, DC: CQ Press.

163



Cohen, Y., Blumberg, D. G., & Rotman, S. R. (208)bpixel hyperspectral target
detection using local spectral and spatial inforamatlournal of Applied Remote
Sensing6(1), 063508-1.

Congalton, R., & Green, K. (2009ssessing the Accuracy of Remotely Sensed Data:
Principles and Practicegnd ed.). Boca Raton, FL: CRC Press.

Cook, M. K., Peterson, B. A., Dial, G., Gibson, Gerlach, F. W., Hutchins, K. S., ...
Bowen, H. S. (2001). IKONOS technical performansgegsment. IAerospace/Defense
Sensing, Simulation, and Contrd{sp. 94-108). Retrieved from
http://proceedings.spiedigitallibrary.org/proceegdaspx?articleid=914025

Darken, C. J., & Jones, B. E. (200Cpmputer graphics-based target detection for
synthetic soldier¢éDTIC Document). Monterey, CA: Naval PostgraduaédoolDTIC
Document. Retrieved from
http://oai.dtic.mil/oai/oai?verb=getRecord&metadttix=html&identifier=ADA55143
1

De Backer, S., Kempeneers, P., Debruyn, W., & Sotiers, P. (2005). A band selection
technique for spectral classificatidBeoscience and Remote Sensing Letters, |2EH,
319 — 323. doi:10.1109/LGRS.2005.848511

Diffraction limited photography: pixel size, apediand airy disks. (2012¢ambridge in
Color. Retrieved January 29, 2012, from
http://www.cambridgeincolour.com/tutorials/diffrea-photography.htm

DigitalGlobe. (2011). DigitalGlobe: Worldview-2 Sdlite. DigitalGlobe, Inc.Retrieved
April 4, 2011, from http://www.digitalglobe.com/ied.php/88/WorldView-2

Dong-Chan, O., & Yong-Hwan, L. (2009). Energy détatbased spectrum sensing for
sensing error minimization in cognitive radio netk International Journal of
Communication Networks and Information Secufi(}). Retrieved from
http://www.google.com/url?sa=t&rct=j&g=minimize+nsisd+detections&source=web&
cd=4&cad=rja&ved=0CDwQFjAD&url=http%3A%2F%2Fijcng%2Findex.php%2Fi
jcnis%2Farticle%2Fdownload%2F1%2F1&ei=8iXPUeb-
ELaj4APPvOHIBQ&uUsg=AFQjCNEjAktnOpZ6VKkBfPgvoUGmMKnGEg4

Eckstein, B. A., & Irvine, J. M. (2001). Evaluatitige benefits of assisted target
recognition. InProceedings of the 30th on Applied Imagery Patiecognition
Workshop(pp. 39-45). Washington, DC.

Eikvil, L., Aurdal, L., & Koren, H. (2009). Classtfation-based vehicle detection in high-
resolution satellite imagekSPRS Journal of Photogrammetry and Remote Sensing
64(1), 65-72.

164



Escadafal, R., & Huete, A. R. (1991). Influencelaf viewing geometry on the spectral
properties (high resolution visible and NIR) ofesged soils from Arizona. In
Proceedings of the 5th International ColloquiumRinysical Measurements and
Signatures in Remote SensiiMpl. 319, pp. 401-404). Courcheve, France: Euaape
Space Agency. Retrieved from http://horizon.docutaigon.ird.fr/ex|-
doc/pleins_textes/pleins_textes 6/b_fdi_33-34/38adr1

Galvéo, L. S., Roberts, D. A., Formaggio, A. R.nNua, |., & Breunig, F. M. (2009).
View angle effects on the discrimination of soyb&arieties and on the relationships
between vegetation indices and yield using off-nbigperion dataRemote Sensing of
Environment1134), 846-856.

Geospatial Intelligence Basic Doctrine. (2006, 8eyter). National Geospatial-
Intelligence Agency.

Gillespie, A. R., Adams, M. O., Willis, S. C., &daher lll, A. F. (1990). Interpretation
of residual images: spectral mixture analysis o RN5 images. IrProc. 2nd AVIRIS
WorkshopPasadena, CA: Jet Propulsion Laboratory.

Giri, C. P. (Ed.). (2012). 11. Land-Cover Changedbton. InRemote Sensing of Land
Use and Land Cover: Principles and Applicatiqpp. 153-158). Boca Raton, FL: CRC
Press.

Global Trends 2025: A Transformed World. (2008, Biober). National Intelligence
Council. Retrieved from www.dni.gov/nic/NIC_2025oj&ct.html

Gomez, R. B. (2001). Spectral library issues indmgpectral imaging applications. In
Proc. 5th Joint Conf. Standoff Detection for Chexhand Biological Defense
Williamsburg, VA.

Gomez, R. B. (2002). Hyperspectral imaging: a udefthnology for transportation
analysisOptical Engineering41, 2137.

Gonen, M. (2006). Receiver operating character(&{©C) curves. IfProceedings of the
Thirty-first Annual SAS Users Group Internationalr@erence San Francisco,
California: SAS Institute, Inc.

Gonzalez, R. C., & Woods, R. E. (200B)gital Image Processin3rd ed.). Upper
Saddle River, NJ: Pearson Education, Inc.

Grossman, S. (2012). Spectral image based smgéditteercognition. IrProceedings of
ASPRS 2018p. 1-12). Sacramento, CA: ASPRS.

Grossman, S. 1. (2013). A morphological adaptatespectral target detection searches.
Remote Sensing Letterg10), 965—-968. doi:10.1080/2150704X.2013.822999

165



Groves, P. (2003Rrank Ordering with Accuracy Selection (ROWAS) fygpéispectral
Band SelectionUniversity of lllinois.

Gu, Y., Zhang, Y., & Zhang, J. (2008). IntegratmfrSpatial-Spectral Information for
Resolution Enhancement in Hyperspectral ImalfgsSE Transactions on Geoscience
and Remote Sensip(5), 1347-1358. doi:10.1109/TGRS.2008.917270

Hecker, C., van der Meijde, M., van der Werff, &.yan der Meer, F. D. (2008).
Assessing the Influence of Reference Spectra oth8ia SAM Classification Results.
IEEE Transactions on Geoscience and Remote Sed€ifig), 4162—-4172.
doi:10.1109/TGRS.2008.2001035

Hemphill, J. (2004). Aerial Imaging Past, Presem Ruture; Changing Times Reflect
Discovery.Earth Imaging Journal14-17.

Heo, J., & FitzHugh, T. W. (2000). A standardizadiometric normalization method for
change detection using remotely sensed imagfrgtogrammetric Engineering &
Remote Sensing6(2), 173-181.

Herold, M., Gardner, M. E., & Roberts, D. A. (200Spectral resolution requirements
for mapping urban areakEE Transactions on Geoscience and Remote Seddif®),
1907-1919. doi:10.1109/TGRS.2003.815238

Herold, M., Gardner, M., Noronha, V., & Roberts,(2003). Spectrometry and
hyperspectral remote sensing of urban road infregtre.Online Journal of Space
Communications3.

Holmes, Q. A., Schwartz, C. R., Seldin, J. H., Wtjg. A., & Witter, L. J. (1995).
Adaptive multispectral CFAR detection of land minesoc. SPIE 2496 421-432.
doi:10.1117/12.211339

Howari, F. M. (2003). Comparison of spectral matghalgorithms for identifying
natural salt crustdournal of Applied Spectroscaop0(5), 782—787.

Jenson, J. (2005htroductory Digital Image Processin@rd ed.). Upper Saddle River,
NJ: Pearson PrenticeHall.

Johnson, P. E., Smith, M. O., & Adams, J. B. (19%2nple algorithms for remote
determination of mineral abundances and particessirom reflectance spectdaurnal
of Geophysical Research7(E2), 2649—-2657.

Kanodia, A., Hardie, R. C., & Johnson, R. O. (1983nd selection and performance
analysis for multispectral target detectors usiathed Bomem spectrometer data. In
Aerospace and Electronics Conference, 1996. NAECE29%., Proceedings of the IEEE
1996 NationakVol. 1, pp. 33—-40).

166



Karacali, B., & Snyder, W. (2002). Automatic targetection using multispectral
imaging. InApplied Imagery Pattern Recognition Workshop, 2008ceedings. 31st
(pp. 55-59).

Karacali, Bilge, & Snyder, W. (2002). Automaticdat detection using multispectral
imaging. In D. H. Schaefer (EdRroceedings of the 31st Applied Imagery Pattern
Recognition Workshofpp. 55-59). Washington, DC: IEEE Computer SociBgtrieved
from http://ieeexplore.ieee.org/xpls/abs_all.jspanber=1182255

Kaufman, Y. J. (1984). Atmospheric effect on spaBaolution of surface imagery.
Applied Optics23(19), 3400-3408.

Kerekes, J. (2008). Receiver operating characiedstve confidence intervals and
regions.Geoscience and Remote Sensing Letters, |BEE, 251-255.

Kim, M., Holt, J. B., Eisen, R. J., Padgett, K.|$&m, W. K., & Croft, J. B. (2011).
Detection of swimming pools by geographic objectdzhimage analysis to support West
Nile Virus control effortsPhotogrammetric Engineering & Remote Sensirgll),
1169-1179.

Kolodner, M. A. (2007). An automated target det@mtsystem for hyperspectral imaging
sensorsJohns Hopkins Technical Dige&f(3), 208-217.

Koopman, B. O. (1956). The theory of search. IkgehdetectionOperations Research
4(5), 503-531.

Koran, N. (2012). Depth of field and diffractionef®eved January 29, 2012, from
http://www.normankoren.com/Tutorials/MTF6.html

Kramer, H. J. (n.d.). Observation of the Earth kadEnvironment: Survey of Missions
and Sensors. Retrieved January 29, 2012, from
http://events.eoportal.org/presentations/7484/1800html

Krishnamurthy, K., Willet, R., & Raginsky, M. (n)dTarget Detection Performance
Bounds in Compressive Spectral Imaging.

Kruse, F., Lefkoff, A., Boardman, J., Heidebred¢ft, Shapiro, A., Barloon, P., & Goetz,
A. (1993). The Spectral Image Processing SysteSB1 interactive visualization and
analysis of imaging spectrometer d&amote Sensing of Environmeft, 145-163.

Kutser, T., Miller, I., & Jupp, D. L. (2006). Mappmg coral reef benthic substrates using
hyperspectral space-borne images and spectralibristuarine, Coastal and Shelf
Science70(3), 449-460.

167



Larsen, S. @., Koren, H., & Solberg, R. (2009).fiicanonitoring using very-high-
resolution satellite imagerf2hotogrammetric Engineering & Remote Sensiig7),
859-869.

Lee, T. Y., & Kaufman, Y. J. (1986). Non-Lambertigifiects on remote sensing of
surface reflectance and vegetation indegoscience and Remote Sensing, IEEE
Transactions on(5), 699-708.

Levin, A., Fergus, R., Durand, F., & Freeman, W(Z007). Image and Depth from a
Conventional Camera with a Coded Apert&k€M Transactions on Graphic26(3).

Lobell, D. B., Asner, G. P., Law, B. E., & Treuha®. N. (2002). View angle effects on
canopy reflectance and spectral mixture analyseooiferous forests using AVIRIS.
International Journal of Remote Sensi@§(11), 2247-2262.

Luc, B., Deronde, B., Kempeneers, P., Debruyn,8\Pyovoost, S. (2005). Optimized
Spectral Angle Mapper classification of spatialgtdrogeneous dynamic dune
vegetation, a case study along the Belgian coastimS. Liang (Ed.)The 9th
International Symposium on Physical MeasurementisSignatures in Remote Sensing
Beijing.

Manolakis, D. (2004). Hyperspectral signal modeld emplications to material detection
algorithms. Presented at the International Conferem Acoustics, Speech, and Signal
Processing, Montreal, Quebec: IEEE.

Manolakis, D. (2005). Taxonomy of detection algams for hyperspectral imaging
applicationsOptical Engineering44(6), 066403—-066403. doi:10.1117/1.1930927

Manolakis, D., Lockwood, R., Cooley, T., & Jacobsdn(2009). Is there a best
hyperspectral detection algorithm?Rroceedings of SPIfpp. 733402—733402-16).
Orlando, FL, USA. doi:10.1117/12.816917

Manolakis, D., Marden, D., & Shaw, G. A. (2003).g¢yspectral image processing for
automatic target detection applicatiobscoln Laboratory Journall4(1), 79-116.

Manolakis, D., & Shaw, G. (2002). Detection aldamis for hyperspectral imaging
applicationsSignal Processing Magazine, IEEE(1), 29-43.

McConnell, T. (2009, September 16). Terrorist S#élsaleh Nabhan killed by US
commandos in Somalia. Retrieved April 10, 2011mfro
http://www.timesonline.co.uk/tol/news/world/afrieaticle6836129.ece

Messinger, D., McKeown, D., & Raquefio, N. (2011¢nite sensing aid to the Japanese
earthquake and tsunami relief eff@PIE Newsroondoi:10.1117/2.1201107.003785

168



Metzler, M. (2010, April 13)Overview/Surface Optical Material Propertig3resented
at the NEFDS Training, Las Cruses, NM.

Metzler, M. (2011, August 31INEFDS Exploitation AlgorithmdPresented at the
NEFDS Training, Springfield, VA.

Meyer, G. W., & Westlund, H. B. (2002). A BRDF dasse employing the Beard-
Maxwell reflection model. IfProc. Graphics Interfac€p. 189-201). Calgary, Alberta:
University of Oregon.

Mikhail, E. M., Bethel, J. S., & McGlone, J. C. (0. Introduction to Modern
PhotogrammetryNew York: John Wiley & Sons, Inc.

Molero, J. M., Paz, A., Garzén, E. M., MartinezAJ.Plaza, A., & Garcia, I. (2011).

Fast anomaly detection in hyperspectral images RXhmethod on heterogeneous
clusters.The Journal of Supercomputingf(3), 411-419. doi:10.1007/s11227-011-0598-
0

Moore, R. (2004)Hunting Down Saddam: the Inside Story of the SearcthCapture
New York: St. Martin’s Press.

NGA Strategy: 2013-2017. (2013). National Geospd#tilligence Agency. Retrieved
from

https://www1.nga.mil/About/NGAStrategy/Document8839 NGA%20Strat%20Pub_P
ublic_Web.pdf

Nidamanuri, R. R., & Zbell, B. (2011). Normalizegestral similarity score (N$as an
efficient spectral library searching method for ésgpectral image classificatidiEEE
Journal of Selected Topics in Applied Earth Obseoves and Remote Sensjdgl),
226-240. doi:10.1109/JSTARS.2010.2086435

Park, S.-E., Yamaguchi, Y., Singh, G., & Kobayashi(2012). Polarimetric SAR
remote sensing of earthquake/tsunami disasté€selmscience and Remote Sensing
Symposium (IGARSS), 2012 IEEE Internatiqpal 1170-1173). Retrieved from
http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnum®@51340

Pegler, K., Colemen, D., Pelot, R., & Keller, C(B007). An enhanced spatio-spectral
template for automatic small recreational vess&dai®n.Photogrammetric Engineering
& Remote Sensing3(1), 79.

People’s Daily Online - Chinese Defense. (2010,ilAQr Russia’s inflatable decoy

weapons and military hardware in pictures. Retdedene 24, 2011, from
http://www.peopleforum.cn/redirect.php?tid=14138&aeastpost

169



Perkins, N. J. (2006). The inconsistency of “optincatpoints obtained using two
criteria based on the receiver operating charatiegurve American Journal of
Epidemiology1637), 670-675. doi:10.1093/aje/kwj063

Photonics Dictionary. (2012hotonics.comRetrieved January 29, 2012, from
http://www.photonics.com/Directory/Dictionary/Defiion.aspx?type=2&DictionarylD=
2679

Podger, N. E., Cowell, W. B., & Taylor, M. H. (201GeoEye-1 radiance at aperture
and planetary reflectance. Geoeye. Retrieved from
http://www.geoeye.com/CorpSite/assets/docs/techpipers/2011/GeoEye-

1 Radiance_at_Aperture.pdf

Price, J. C. (1994). Band selection procedure faltispectral scannerépplied Optics
33(15), 3281-3288. d0i:10.1364/A0.33.003281

Quilan, B. L., & Foschi, P. (2012). Identificatiaf waste tires using high-resolution
multispectral satellite imageri?hotogrammetric Engineering & Remote Sensitg),
463-471.

Ready, J. (2012). Optical detectors and humanigioFundamentals of Photoni¢p.
417). SPIE. Retrieved from
http://spie.org/Documents/Publications/00%20STEPR@uIe%2006.pdf

Reed, I. S., & Xiaoli, Y. (1990). Adaptive multipleand CFAR detection of an optical
pattern with unknown spectral distributidBEE Transactions on Acoustics, Speech and
Signal Processing38(10), 1760-1770.

Remote Sensinglintroduction and History. (n.d.NASA Earth ObservatoryRretrieved
January 30, 2012, from http://earthobservatory.gasd-eatures/RemoteSensing/

Ren, H., Du, Q., Chang, C.-1., & Jensen, J. O. 80Comparison between Constrained
Energy Minimization based approacheslBEE (pp. 244-248). Greenbelt, MD: IEEE.
Retrieved from
file://IC:/Users/Stan/Documents/GMU/GGS _ 796/Docuts&omparison%20between%
20Constrained%20Energy%20Minimization%20based%2@aghes.pdf

Riguer, G., Tatarchuk, N., & Isidoro, J. (2003).aReme depth of field simulation.
ShaderX2: Shader Programming Tips and Tricks witled@X, 9, 529-556.

Roberts, D., Dennison, P., Ustin, S., Reith, EM&rais, M. (1999). Development of a
regionally specific library for the Santa Monica Mdains using high resolution AVIRIS
data. InProceedings 8th AVIRIS Earth Science Workdjpo).

170



Rogers, P. (2012). Machine learning and the impodabf accurate scattering
characterization to modern remote sensing. Coi@arporation.

Sabins, F. F. (2007Remote Sensing: Principles and Interpretati8rd ed.). Long
Grove, IL: Waveland Press, Inc.

Sabol, D. E., Adams, J. B., Smith, M. O., & GillespA. R. (1990). Target detection
thresholds using imaging spectrometer dat&rbc. 2nd AVIRIS Workshdpp. 99—
108). Pasadena, CA: Jet Propulsion Laboratory.

Satellite Imaging Corporation. (2012). Charactdraaof satellite remote sensing
systems. Retrieved from http://www.satimagingcaymfcharacterization-of-satellite-
remote-sensing-systems.htmi

Satellite Imaging Corporation. (n.d.). GeoEye-2B& imagery and satellite system
specificationsSatellite Imaging CorporatiarRetrieved March 20, 2011, from
http://www.satimagingcorp.com/satellite-sensorséyes2.html

Schaum, A. (2006). Hyperspectral detection algorghfrom old ideas to operational
concepts to next generation (Vol. 6233, pp. 623823305-17). Presented at the
Algorithms and Technologies for Multispectral, Hyggectral, and Ultraspectral Imagery
XIll, Orlando, FL: SPIE. do0i:10.1117/12.665754

Schiller, S. J., Helder, D., Pagnutti, M., Ryan, & Zanoni, V. (2003, December 2).
Implementation of Vicarious Calibration for High&f@al Resolution SensarPresented
at the International Workshop on Radiometric andr@etric Calibration, Gulfport, MS.
Retrieved from
http://www.isprs.org/proceedings/2003/isprs_ceogkalwop/Documents/Schiller/Schille

r.ppt

Schott, J. R. (2007Remote Sensing - The Image Chain Apprdaak ed.). New York:
Oxford University Press.

Settle, J. (2002). On constrained energy minimireéind the partial unmixing of
multispectral imagesseoscience and Remote Sensing, IEEE TransactiQa)(@),
718-721.

Shaw, G. A., & Burke, H. K. (2003). Spectral imagiior remote sensind.incoln
Laboratory Journal14(1), 3—-28.

Short, Sr., N. M. (n.d.). History of remote sensiimgthe beginningRemote Sensing
Tutorial. Retrieved January 30, 2012, from http://rst.gsfsa.gov/Intro/Part2_7.html

171



Skurichina, M., Verzakov, S., Paclik, P., & Duin, (2006). Effectiveness of spectral
band selection/extraction techniques for specttd.&tructural, Syntactic, and
Statistical Pattern Recognitio®41-550.

Sohn, Y., & Rebello, N. S. (2002). Supervised ansupervised spectral angle
classifiersPhotogrammetric Engineering and Remote Sen§8d2), 1271-1282.

Soille, P. (2003). Erosion and Dilation. Morphological Image Analysis: Principles and
Applications(2nd ed., pp. 63—-103). New York: Springer-Verlag.

Soofbaf, S. R., Fahimnejad, H., Zoej, M. J. V., &jsradi, B. (2007). Anomaly
Detection Algorithms for Hyperspectral ImageryAroceedings, Remote Sensing and
Image Processinpp. 1-8). Hyderabad, India: Geospatial Media @achmunications
Pvt. Ltd.

Stefanou, M. S. (2008gpectral Image Utility for Target Detection Applimas (Doctor
of Philosophy). Rochester Institute of Technoldggchester, NY. Retrieved from
https://www.cis.rit.edu/~cnspci/references/thesetigirfanou2008.pdf

The CORONA Gallery - Images from Space. (n.d.)rieee¢d January 31, 2012, from
http://www.geog.ucsb.edu/~kclarke/Corona/gallery®.ht

Torrance, K., & Sparrow, E. (1967). Theory for sffecular reflection from roughened
surfacesJournal of the Optical Society of America5%(9), 1105-1114.

Toure, S. I, Stow, D. A., Weeks, J. R., & Kumar(#13). Histogram curve matching
approaches for object-based image classificatidaraf cover and land use.
Photogrammetric Engineering & Remote Sensit$g5), 433—-440.

University of California Santa Barbara. (n.d.). aBarbara Urban Spectral Library.
Retrieved May 28, 2011, from http://www.geogr.uni-
jena.de/~c5hema/spec/sburbspec_main.htm

University of Toronto. (1987 Gatellite and Airborne Surveillance for Arms Cohtro
Verification, Peacekeeping, Crisis Monitoring amav8reignty(Workshop). Toronto.
Retrieved from http://www.walterdorn.org/pub/24

Updike, T., & Comp, C. (2010, November 11). Raditmoeuse of WorldView-2
imagery | Technical note. DigitalGlobe, Inc.

Weber, K. T., & Chen, F. (2010). Detection threslsdior rare, spectrally unique targets
within semiarid rangeland®hotogrammetric Engineering & Remote Sensi@jl1),
1253-1259.

172



West, J. E. (2005Matched filter stochastic background characteriaatfor
hyperspectral target detectiqiMaster of Science Degree). Rochester Institute of
Technology, Rochester, NY.

Wilks, D. S. (2006a). Chapter 3: Empirical disttibus and exploratory data analysis. In
Statistical Methods in the Atmospheric Scier(@esl ed., pp. 50-54). Burlington, MA:
Elsevier Academic Press Publications.

Wilks, D. S. (2006b). Chapter 6: Statistical Fostr®y. InStatistical Methods in the
Atmospheric Sciencégnd ed., pp. 179-254). Burlington, MA: Elseviezallemic Press
Publications.

Wong, D. W. S., & Lee, J. (2005). Hypothesis TesterStatistical Analysis of
Geographic Informatiorfpp. 127-181). Hoboken, NJ: John Wiley & Sons, Inc

Xie, F., Chen, D., Meligrana, J., Lin, Y., & Ren, {2013). Selecting key features for
remote sensing classification by decision-theonetigh set modePhotogrammetric
Engineering & Remote Sensjit$(9), 787—797.

Zhang, L., Zou, B., Wei, T., & Zhang, Y. (2007).r§ats detection and analysis in
coastal area using Polarimetric SAR imagesSynthetic Aperture Radar, 2007. APSAR
2007. 1st Asian and Pacific Conference(pp. 453—-456). Retrieved from
http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnun¥h418648

Zomer, R. J., Trabucco, A., & Ustin, S. L. (200Bilding spectral libraries for wetlands
land cover classification and hyperspectral remsetesingJournal of Environmental
Management®9((7), 2170-2177.

Zweig, M. H., & Campbell, G. (1993). Receiver-operg characteristic (ROC) plots: a
fundamental evaluation tool in clinical medici@inical Chemistry39(4), 561-577.

173



BIOGRAPHY

Stanley I. Grossman graduated from James Madisgh School, Vienna, Virginia, in
1971. He received his Bachelor of Science from Acaer Sentinel University in 2001
and his Master of Business Administration from graJniversity in 2010. He has been
employed by the Department of Defense since 200@ally serving as a Geospatial
Analyst, he quickly moved to the Acquisitions Dit@ate responsible as a Program
Manager and then Branch Chief for the developmeatsuite of remote sensing
exploitation software. He is currently the Chiettlinologist for the System
Implementation Group in the Technology Directorate.

174



