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In this Quarter, we remapped Ocklawaha Prairie Restoration Area (OPRA) and Lake
Apopka North Shore Area (LANS) using segmentation results from eCognition software
package, and 8-band WorldView-2 (WV-2) imagery. LIDAR DEM was also included in the
classification because LIDAR DEM could improve classification accuracy as reported in
previous quarters. We also compared 4-band vs. 8-band WV-2 in mapping accuracy for OPRA.
In the last Quarter, data deliverables were produced using segmentation results from OTB/QGIS.
In this report, we provide the eCognition segmentation results, mapping accuracy, and final
classification maps. We used the same training points collected in the last Quarter and identified
corresponding training segments. We also developed detailed tutorials for object-based machine
learning training, classification, and mapping using ArcGIS, eCognition, and open source
WEKA (Appendix 1). We are developing tutorials using R and Python for machine learning
training and classification, and ensemble analysis. We will provide the tutorials in next project
year.

1. Results for OPRA

1.1 Segmentation result

The segmentation results from eCognition are provided in Figure 1. There were 73,001
segments for OPRA with a greatly reduced data volume compared to the previous OTB/QGIS
segmentation which produced 669,720 segments. Spectral and texture features were exported
from eCognition into ArcGIS for training data processing and preparation.

Figure 1 Segmentation from eCognition with a total of 73,001 segments for OPRA.
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1.2 Model performance

The performance of tested machine learning classifiers Artificial Neural Network (ANN),
Support Vector Machine (SVM), Random Forest (RF), and £ Nearest Neighbor (kNN) using 8-
band/4-band WV-2 imagery is displayed in Table 1. For this area, the accuracy was slightly
reduced compared to OTB/QGIS segmentation classification results (84.7%) but produced an
overall accuracy (OA) of 80.3% using SVM and ensemble analysis which combined the outputs
from ANN, SVM, and RF. The slightly reduced accuracy was mainly caused by the reduced
number of training samples for UH (Upland Hardwood) (1004 vs. 4156) used here. OTB/QGIS
produced more segments than eCognition, thus it resulted in more training samples for UH
which is the major community for this area. Identification of UH had a higher accuracy (>90%).
More training samples for this community could amplify the OA in QGIS. The application of 4-
band generated a comparable accuracy to the application of 8-band in the classification (Table

).

Table 1. Performance of each machine learning classifier and ensemble analysis for OPRA (8-
band/4-band); EA is ensemble analysis of ANN, SVM, and RF.

ANN kNN SVM RF EA
Overall Accuracy (%) | 77.5/77.0 | 73.5/73.1 | 80.3/78.0 | 79.7/79.7 | 80.3
Kappa Value 0.74/0.73 | 0.69/0.69 | 0.77/0.74 | 0.76/0.77 | 0.77

1.3 Classified maps

Classification maps from machine learning algorithms, and ensemble analysis are displayed
in Figure 2. In general, all classifiers produced a consistent spatial pattern with the existing map,
but classification maps provide a more realistic/natural edge of each patch and presence of small
patches within large communities. Pine Plantation was delineated from the original Upland and
mainly distributed in the lower right corner. For most regions, three classifiers (ANN, SVM and
RF) generated consistent classification, as shown in green in the uncertainty map in Figure 2 (g).
Red regions show a “warning sign” where classification from three classifiers were completely
inconsistent.

1.4 Analysis

For this area, an interesting finding is that in ANN classification of OTB/QGIS segments,
water was misclassified as Pasture, but here using eCognition, Open Water (OW) was accurately
identified in ANN (Figure 2e) and consistent with other classifiers. Similar to the OTB/QGIS
results, the error matrix, showing the performance of each classifier in identifying individual
classes, demonstrates that Bayhead/gall (BG), Cypress (CY), Forested Flatwood Depressions
(FD) and Hydric Hammock (HH) had a lower user’s accuracy (UA). BG and HH were confused
with Upland Hardwood (UH), while Palmetto Prairie (PP) was confused with Wet prairie/wet
pasture (WP). Much of the confusion was due to the small nature of most of these communities,
resulting in only a small number of training samples for each community. The error matrix is
large and uploaded as a separate Excel file.

Based on the comparison of classification accuracies using 4-band vs. 8§ band WV-2
imagery, we found that 4-band achieved a comparable accuracy as 8-band. This is consistent
with the results reported in the last Quarter. In addition, the time cost for segmenting 8-band
imagery and exporting the attributes in eCognition was doubled. The data volume was also
doubled. Since this result mirrored earlier results with other imagery, further testing using LANS
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imagery was not deemed necessary. We recommend using 4-band WV-2 imagery in future

mapping endeavors.
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Figure 2 (a) WV-2 pansharpened imagery; (b) reference map from aerial photography; Object-
based classifications from (¢) SVM, (d) RF, (¢) ANN, and (f) Ensemble analysis. (g) Uncertainty

from ANN, SVM, and RF for OPRA.



2. Results for West LANS

2.1 Segmentation result

The segmentation results for west LANS from eCognition are provided in Figure 3. There
were 65,650 segments for western LANS and the data volume was largely reduced compared to
the segmentation from OTB/QGIS which produced a total of 141,154 segments. Spectral and
texture features were exported from eCognition into ArcGIS for training data processing and
preparation.
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Figure 3 Segmentation from eCognition with a total of 65,650 segments for west LANS.
2.2 Model performance

The performance of machine learning classifiers ANN, SVM, RF, and kNN is displayed in
Table 2. For the west LANS, the accuracy was greatly improved using the eCognition
segmentation result (~10%) compared to the application of OTB/QGIS segmentation for
classifications from SVM (76.1% vs. 66.4%) and ANN (75.7% vs. 65.3%), but for RF, the
accuracy was only slightly increased from 74.3% to 75.7%. The best performance was from the
SVM classification which achieved an OA of 76.1% and Kappa value of 0.73. Ensemble analysis
(EA) of SVM, ANN, and RF slightly improved the OA to 77.5% and Kappa value to 0.74.
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Table 2. Performance of each machine learning classifier and ensemble analysis for west LANS
using 8-band imagery.

ANN kNN SVM RF EA
Overall Accuracy (%) | 75.7 67.9 76.1 75.7 77.5
Kappa Value 0.73 0.64 0.73 0.72 0.74

2.3 Classified maps

Classification maps from machine learning algorithms are displayed in Figure 4. In general,
all classifiers produced a consistent spatial pattern with the existing map, but classification maps
provide a more realistic/natural edge of each patch and presence of small patches within large
communities. Regions covered by cloud could not be mapped. The lower left corner in the
original vegetation map was Upland which was further detailed into Bare Soil (BS), Crops (AN),
Pine Flatwoods (PF), and Upland Hardwood (UH) in the classification map. The spatial patterns
of the classifications were also consistent with the OTB/QGIS results shown in the Quarter 2
report. For most regions, three classifiers generated consistent classification, as shown in green
in the uncertainty map in Figure 4 (g). Red regions show a “warning sign” where classification
from three classifiers are completely inconsistent.

2.4 Analysis

We analyzed the error matrix to identify communities with confusing spectral features.
Classification of Hydric Hammock (HH) and Palmetto prairie (PP) had a very low accuracy. HH
was confused with Shrub Swamp (SS), Hardwood Swamp (HS), and Upland Hardwood (UH).
PP was confused with HS, and UH. Both HH (covers about 1%) and PP (covers about 0.27%)
are minor communities for this area. Limited training samples were available for minor
communities. This impacted the effective identification of these minor communities. These
findings are consistent with the OTB/QGIS results.
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Figure 4 (a) WV-2 pansharpened imagery; (b) reference map from aerial photography; Object-
based classifications from (¢) SVM, (d) RF, (e) ANN, and (f) Ensemble analysis. (g) Uncertainty
from ANN, SVM, and RF for west LANS.

3. Results for East LANS

3.1 Segmentation result

The segmentation results for east LANS from eCognition are provided in Figure 5. There
were 145,374 segments for west LANS. Similarly, the data volume was largely reduced
compared to the segmentation from OTB/QGIS, which produced a total of 336,234 segments.
Spectral and texture features were exported from eCognition into ArcGIS for training data
processing and preparation.
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Figure 5 Segmentation from eCognition with a total of 145,374 segments for east LANS.

3.2 Model performance

The performance of classifiers ANN, kNN, SVM, and RF based on 10-fold cross validation
is displayed in Table 3. All achieved an OA above 75% except KNN. ANN achieved the best
result with an OA of 78% and Kappa value of 0.76. Ensemble analysis of ANN, SVM and RF
increased the OA to 79.3%. Similarly, the accuracy was increased around 10% using the
eCognition segmentation results compared to the OTB/QGIS segmentation. The error matrix is
large due to the classification of 17 communities in this area and is submitted separately as an
Excel file.



Table 3. Performance of each machine learning classifier and ensemble analysis for east LANS

using 8-band imagery.

ANN | kNN SVM RF EA
Overall Accuracy (%) | 78 68 77 76 80
Kappa Value 0.76 0.64 0.74 0.72 0.77

3.3 Classified maps

Classification maps from machine learning algorithms are displayed in Figure 6. In general,
all classifiers produced a consistent spatial pattern with the existing map, but classification maps
provide a more realistic/natural edge of each patch and presence of small patches within large
communities. Regions covered by cloud could not be mapped. Uplands were further detailed into
citrus groves (AN), Pine Flatwoods (PF), and Upland Hardwood (UH) in the classification map.
For most regions, three classifiers generated consistent classification, as shown in green in the
uncertainty map in Figure 6 (g). Red regions show a “warning sign” where classification from
three classifiers are completely inconsistent.

3.4 Analysis

Analysis of the error matrix showed that Hardwood Swamp (HS) was confused with Shrub
Swamp (SS) and Upland Hardwood (UH); Palmetto Prairie (PP, a minor community) was
confused with Dry Prairie (DP), WP, HM. Submerged Aquatic Beds (SAB, a minor community)
was confused with Open Water (OW) which includes water and free-floating plants. These
findings are consistent with the results from OTB/QGIS.

For both west and east LANS, applying eCognition segmentation results increased accuracy
around 10% compared to the application of OTB/QGIS Large Scale Mean Shift segmentation
algorithm. The total number of segments from eCognition was also largely reduced, which made
data processing and analysis in later steps easier. Hardwood Swamp, Shrub Swamp, and Upland
Hardwood are difficult to differentiate each other. Marsh and prairie are both herbaceous and
difficult to differentiate. An inclusion of the canopy height model may help differentiate these
communities.

So far all validations were based on the reference samples collected from the original
vegetation datasets. District also provided some field collected data for a few areas. In next
Quarter, we will validate the classified maps using these field data, map areas with newly
collected imagery. We will examine the newly collected imagery and get rough ideas of the
change occurred for each area. If large changes were occurred between 2017 and 2021 and
training samples are difficult to identify from the 2021 imagery, we will go to the field and
collect training samples for some specific areas. In next project year, we will generate vegetation
maps from the 2021 imagery and collect some field data to further calibrate the models and
validate the final maps.
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Figure 6 (a) WV-2 pansharpened imagery; (b) reference map from aerial photography; Object-
based classifications from (c) SVM, (d) RF, (¢) ANN, and (f) Ensemble analysis. (g) Uncertainty
from ANN, SVM, and RF for east LANS.
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4. Files for Quarter 3, 2021
Products in 2021 Quarter 3 are summarized in Table 4, and uploaded to District’s ftp site.

Table 4. Products in Quarter 3, 2021 provided by FAU.

Areas Products

OPRA ArcGIS shapefiles of ANN, SVM, RF, Ensemble Analysis,
East LANS Uncertainty; Excel file of error matrix

West LANS
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Appendix 1 Mapping Tutorial

Vegetation Mapping Using WorldView 2 Imagery, LIDAR DEM, and Object-based Machine
Learning Classification

Caiyun Zhang
Florida Atlantic University
9/17/2021

This document describes the full tutorial for object-based machine learning classification and
mapping of vegetation communities in the District wetlands using software packages ArcGIS,
eCognition, and open source package WEKA. We use data from west Lake Apopka North Shore
(LANS) as an example in this tutorial. ArcGIS skills are required.

Part I Identification of Communities to be Mapped

For a project area, based on the original plant community map data, we need to check which
community’s name need to modify to be consistent with the new names required by the District.
This can be conducted in ArcGIS. A detailed tutorial of community name revision was provided
in Quarter 1 report. Here, we added string type fields “New Name” and “Name” to save the
community abbreviations and names to be used for mapping. The old community abbreviations
and name are “V” and “VEG” used by the District in the original map data, as shown in Figure 1.

Table Of Contents nx
%:[8]¢ 8= Table Bl 73
C oty EREECT

= E3 JAS/WMD\Project_Data\Apopka\Part_1 Veg_Original X
E v VEG New_Name Name Class ~

[ <all other values> 4B [Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

Name 4B |Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

[ Anthropogenic AB | Submerged Aguatic Beds SAB Submerged Aguatic Beds 14

B Bare Soil A8 Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

I Deep Marsh AR Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

R »|AB Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

I Dry Prairie AB | Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

I Hardwood Swamp 4B |Submerged Aquatic Beds  |SAB Submerged Aquatic Beds 12

I Hydric Hammock AB | Submerged Aqualic Beds. SAB Submerged Aquatic Beds 14

I Levee/Road AB  |Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

M Mixed Herbaceous Marsh AB  |Submerged Aguatic Beds SAB Submerged Aquatic Beds 14

M Palmetto Prairie AB  |Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

I Pasture AB Submerged Aquatic Beds SAB Submerged Aquatic Beds 14

B Shrub Swamp BA Barren Areas BS Bare Soil 2

I Submerged Aquatic Beds BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

Il Upland Hardwood BA  [Baren Areas BS Bare Sol 2

I Water BA |Barren Areas BS Bare Soi 2

Il Wet Prairie/Wet Pasture BA  |Barren Areas BS Bare Soil 2

BA Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA Barren Areas BS Bare Soil 2

BA Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA  |Barren Areas BS Bare Soil 2

BA Barren Areas BS Bare Soil 2

BOD  |Buiding AN Anthropogenic 1

BD Building AN Anthropogenic 1

BD Building AN Anthropogenic 1

BD Building AN Anthropogenic 1

BD Building AN Anthropogenic 1

BO  |Buiding AN Anthropogenic 1

BD  |Buiding AN Anthropogenic 1

BD Building AN Anthropogenic 1

B |Building AN Anthropeaenic 1

Figure 1 Plant communities with revised names and corresponding abbreviations in the original
map data. “V”” and “VEG” are original names; “New_Name” and “Name” are added fields to
save the revised names and abbreviations.
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After name modification, we can find the total number of communities to be mapped. District
also requires to detail areas labeled as “Upland” which may include Pines (Pine Flatwoods),
crops (Anthropogenic), or other communities. These communities should also be included in
mapping. The communities are finally encoded as numbers which are easier to use in the
classification, as shown in Figure 1, an integer type field is added and we use a sequential
number to represent each community as “1, 2, 3, ..... ”. We create a text file

“Veg Code WestApopka.txt” to save this. This file will be used later, as shown in Figure 2. For
western Lake Apopka, we have a total of 17 classes to be identified. It is better to include very
minor communities in the end in case we need to drop them in the classification if inadequate
training samples are collected.

| Veg_Code_WestApopka.txt.txt - Notepad - O XOOE

File Edit Format Wiew Help
klassiude, Community, Name ~
, AN, Anthropogenic

, BS, Bare 5p0il

DM, Deep Marsh

DP, Dry Prairie

HH, Hydric Hammock

HM, Mixed Herbaceous Marsh
HS, Hardwood Swamp

LR, Levee/Road

, OW, Water

18, PA, Pasture

11, S5, Shrub Swamp

12, UH, Upland Hardwood

13, WP, Wet Prairie/Wet Pasture
14, SAB, Submerged Aquatic Beds
15, PP, Palmetto Prairie

16, PF, Pine Flatwoods

17, Cloud, Cloud

™

a

b e

a

(el e EL I TR W R M WE I N S
-

Ln 1, Cel1 100%  Windows (CRLF) UTF-8

Figure 2 Text file to save the Class Code (numbers), Community, and Name to be used in the
classification and mapping. Note here “Upland” is further classified into Pine Flatwoods, and
Upland Hardwood. Cloud also appeared on the satellite imagery and was identified.

Part II Image Segmentation

To conduct object-based image classification, image segmentation is needed. We use Trimble
eCognition Developer 10.1 for image segmentation. Steps are provided below.
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Start eCognition Developer 10.1, and click Create New Project . This step requires
you to load in the imagery and we can navigate to the satellite imagery to be segmented,
and name this project, as shown in Figure 3. Then Click OK.

Create Project

Project  Image Layers Thematic Layers Metadata

Project Name WestApopka
Map

dinate System
lution (Meters) Resolution m/p)

- -
0.3
-

lUse geocoding
Pixel size (unit)
auto

Meters

Imag... | File Location > Insert

MD'\Data_Original\8BandsPan\Apopkal10_13_ 2019 WW02_OrthoRe | = Remove

WMD\Data_Original\8BandsPan\Apopkal10_13 20 Edit

LS IWMD\Data_Original\8BandsPanapopkal10_13

\5IWMD\Data_Original\8BandsPan\Apopkal10_13_2019 !
WMD\Data_Original ndsPan‘\Apopka'10_13_201
MD\Data_Original\8BandsPan\Apopkal10_13_201
MD\Data_Original\8BandsPan\Apopkal10_13_201

Thematic L: Insert

Remowve
Edit
[EELEERE Insert
Remove
Edit

Preview

Figure 3 Create a new project and load in imagery in eCognition.
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e There are 8 bands of WorldView-2 satellite imagery, as shown in Figure 3. In View
Settings, we can change the imagery display as false color composite by using layers 7
(Near infrared), 5 (Red), and 3 (Green), as shown in Figure 4. This will enhance the
imagery display. If View Settings does not appear in the main window, you can go to
menu View->View Settings to dock it in the main window.

View Settings :

Figure 4 Image composite modification in eCognition.

e Multiresolution image segmentation: in Process Tree window, right click and select Add
New Process, the Edit Process window will appear, as shown in Figure 5. In Algorithm
select multiresolution segmentation, and algorithm parameters, set the Scale parameter to
150 (a small value will generate more objects, the dataset will be larger). Other
parameters use default. Click Execute. Be patient, this will take a while, and maybe a few

hours if large imagery is loaded.

Edit Process
Namns.

A stornatic Apply an optimization procedure which locally minimizes the average heterogeneity of image objects for a given resolution.
Automatic

do
Algorithm
multiresolution segmentation|

Domain Algorithm parameters

Value

Value e existing level Yes

4 Level Settings
Lew 18 New Level

From Parent

Figure 5 Edit process to set up multiresolution segmentation algorithm in eCognition.
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e Export the segmentation results as ArcGIS shapefile: in Process Tree, right click and
select Add New Process, the Edit Process window will appear. In Algorithm, select
“export vector layer”, in Algorithm parameters, set export path to where you want to save
the shapefile; set Attributes to include layer mean, standard deviation, and texture
attributes (GLCM) to be used in the classification, Shape Type to Polygon; Export Type:
Smoothed; Export Format to Shapefile as shown in Figures 6-8. Click Execute. This may
take more than 10 hours due to the large dataset.

Edit Process

Nams. Algorithm Description

e ‘ Export image object shapes into a vector file.
Automatic

Domain Algorithm parameters
im Parameter
Export mode
Export tem name

number of objects

Export Format
Export format

=thing changes only

Number of cycles 1

Execute

Figure 6 Export segmentation results to ArcGIS shapefile.
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Select Multiple Features

zed features
= W Object features
= Q Image layer
= ® Mean
Brightness
Max.

ncel-based
Scene-based
Quantile
Skewness

ransformation

[ +] E Thematic layer
|+ D Paoint cloud
1} Class

tinne tonhiects

- @ Customized features
®m Object features
( or features
5 Point features (point cloud)
Map features
Project features

|+ m Variables and Array features

= ® Object features
= * Image layer
= ® Mean
Layer 1
Layer 2
Layer 3
Layer 4
= B Standard deviation
Layer 1

Layer 3
Layer 4
= D Texture
= ® Haralick texture

=- B All directi
GLCM

GLCM Entro
=- B All directio

GLCM Entropy (all dir.)

=B GLCM Mean
= W All directions

GLCM Mean (all dir.)

Figure 8 Select textures (a lot of them are correlated and here we only select including GLCM
contrast, Entropy, and Mean all directions).
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After export the vector segmentation file, we can close eCognition. Segmentation result for west
LANS is displayed in ArcGIS in Figure 9.

fable OF Contents 7 x
(8|S 8 E Teble O x
8 & Layers ERE AL SR
5 £ JASIWMD\Project_Dats\Apopka\West_eCog -
Segmentation X
mentation .
FID |_Shape * | OBJECTID | GLCM_ Contr | GLCM_Corre | GLCM_Eniro | GLCM_Mean_| Mean_Layer | Mean Lay_1 | I~
» 0 Polygon 1 188.304449 0.937232 8.495396 126.282401 50.178455 £1.067088 |
1|Polygen 2 249.5T1549 | 0.935573 8.781696 126.9163 99.698533 | 114559268
2|Polygon 3 161.256211 0.948456 7.84708 126.551087 83.253505 | 6141472
3|Polygen 4 274.218022 0.92116 8.579034 126.257297 83.51139 73.010008)
#[Polygon S| tsssioiss|  0oseves|  Bs0s0s|  125002672|  67.34354s|  Sadisess
5 |Polygon [ 162.821022 0.957469 842456 127 603858 67274096 | 530625
6| Polygon 7 229.9326 0.93485 8611148 126.53908 86.953937| 83856874
7 | Polygon ] 238.111959 | 0.925343 8592188 127570122 38704223 40385884 |
3| Polygon 9 221.395258 | 0.939685 8608438 128124302 35.831963 34160843
9 |Polygon 10 206.027383 | 0945438 8234319 127 593026 60644212 55989536
10 |Polygon " 188.195915 0.925624 8322028 126.28077 86273412 71926328
11|Polygon 12 1568.603124 | 0.781016 8560274 126.600801 258.770305 | 268425127
12 |Polygon 13 286.395793 | 0.912355 8.162451 126.189669 84617813 45595265
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Figure 9 Exported segmentation ArcGIS shapefile with corresponding attributes.

Part IIT Add NDVI and LiDAR DEM Attributes

Normalized Difference Vegetation Index (NDVI) and/or other spectral indices might be useful
for vegetation classification. LIDAR DEM may also help improve classification accuracy. We
can use ArcGIS zonal statistics function to add these attributes in the classification. Steps are
below.

e In ArcGIS, load in the segmentation shapefile file.

e Create four float type fields named as “NDVI_Mean” (NDVI mean), “NDVI_STD”
(NDVI standard deviation), “DEM_Mean” (DEM mean), and “DEM_STD” (DEM
standard deviation) to the segmentation file. These fields will save the NDVI and LiDAR
DEM attributes.

e Load in the 8-band WV-2 imagery, using the imagery->Raster Functions->NDVI
function to get the NDVI imagery. Ensure the visible band is set band 5, and infrared
band is set to band 7, and the Scientific Output is checked. The result is displayed in
Figure 10.

e Use the Zonal Statistics as Table function to generate the statistics of NDVI for each
object, and the result will be a table, as shown in Figure 11.

e Join the statistical table with the segmentation file, and then calculate the NDVI M and
NDVI_STD two attributes from the statistical table using the mean and standard
deviation.
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Similarly, load in the LIDAR DEM layer and conduct zonal statistics, and get the

L]
DEM M and DEM_STD two attributes.
Contents v X ~ | Raster Functions
3
T [ seorcn £ -] ®
LONM/Bon |
Drawing Order & ¢ Raster
s
4[] Map é [ 190CT13160741-PS245-012970015030_01_PODT_PS_8Band.tebittf
4[7] NDVI_190CTI3160741-Ps2A5-012970015030.01 12 j Visible Band ID
Value 4 [s
T 08326 Infrared Band ID
N A [
Scientific Output

4 [7] 190CTI3160741-PS2AS-012970015030_01_POOT,
RGB
I Red: Channel 1 from D:\Landinfo\Floridain
I Green: Channel 2 from D:\Landinfo\Floridalil
I Biue: Channel 3 from D:\Landinfo\Florida\in
World Topographic Map
World Hillshade

Figure 10 Derivation of NDVI imagery using the WV-2 imagery.

Geoprocessing

®

Parameters Environments

Zonal Statistics as Table

Input raster or feature zone data

| Segmentation.shp

Zone field

| OBJECTID

Input value raster
| MNDVI_190CT13160741-P52A5-012970015030_01_P001_PS_8Band_16&bit.tif_1

Output table

| Zonal5t_shp1
Ignore NoData in calculations
Statistics type

| Al
[] Process as multidimensional

Figure 11 Generation of statistics of NDVI for each image object.
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Part IV Training Sample Selection

Training samples are often selected from the image objects. Since the segmentation dataset has a
large volume, it is challenging to manually select reference image objects directly from the
segmentation file. We developed the point training sample selection approach to solve this issue.
Steps are below.

e Create a new point vector shapefile in ArcGIS->View->Catalog Pane, and make sure the
projection of this point layer is consistent with the current layers (i.e. the existing veg
maps, using NAD 1983 HARN UTM Zone 17N), and then add an integer type new
field “Class” in this point layer, which will be used to label the community.

e Load in this point dataset, original vegetation map dataset, corresponding satellite WV-2
imagery, and aerial photography used to create the old vegetation map.

e Edit this point layer in ArcGIS, and start adding points for each community based on the
existing vegetation map (the one you have edited with new community names), and the
satellite imagery. Highlight the community where you want to put training points and
note its distribution and the coverage of this community, then start adding training points
in Edit->Create. Make sure each point is within each community by changing each
community symbol (the existing vegetation map) to be hollow, and checking the
underlying imagery, to see whether each training sample point added looks like the
intended community. After creating points for each community, label the points with the
class code developed for each community as shown in Figure 3. Also make sure these
training points are well spread over the AOI where the community is located. Figure 12

displays an example of the training points.
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Figure 12 Labeled training points to be used for collecting training data.
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e After editing the point training data layer, the point layer can then be spatially joined with
the segmentation polygon shapefile, and then exported. The Avg Class field will be in
the joined polygon file. The default value is 0, polygons with non-zero value are the
training object polygons. In this way, the training objects/segments can be identified,
selected and exported as csv file as training data. In the export step, make sure the
attributes of other point features will not be exported. Only export eCognition exported
attributes, NDVI, and LiDAR attributes and the class code with non-zero values.

e The interface for the spatial join between the point layer and segmentation polygon layer
is displayed in Figure 13, and the final training objects are shown in Figure 14. The
exported csv text file is displayed in Figure 15.

loin Data >

Join lets you append additional data to this layer's attribute table so you can,
for example, symbolize the layer's features using this data.

What do you want to join to this layer?

Join data from another layer based on spatial location '

1. Choose the layer to join to this layer, or load spatial data from disk:

K+ Training points |

2. You are joining:  Points to Polygons

Select a join feature dass above. You will be given different
options based on geometry types of the source feature dass
and the join feature dass.

(@) Each palygon will be given a summary of the numeric attributes of
the poirts that fall inside it, and a count field showing how mary
points fall inside it.

How do you want the attributes to be summarized 7
Average (] Minimum [] standard Deviation
[]5um [] Maximum [] Variance

() Each polygon will be given all the attributes of the point that is
closest to its boundary, and a distance field showing how close the
point is (in the units of the target layer).

Mate: A point falling inside a polygon is treated as being closest to
the polygon, {i.e. a distance of 0).

3. The result of the join will be saved into a new layer.
Spedify output shapefile or feature dass for this new layer:

J\SJWMD"\Data_Original\Join_Output shp I=
About joining data Cancel

Figure 13 Spatially join the segmentation polygon file with the labeled point layer to identify the
training polygons.
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Figure 14 Identified training objects/polygons and its corresponding attribute table.
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412206741999995, 128.267639577000011, 131, 490828755000010,319.046726469000021,500.911500869999998,554.031195608¢
961678180000007, 145.306942393000014, 168.888921713000002, 286. 6457 ,407.714 4,473.587296887¢

547726653000004, 54.136552132695957,45.135441350659995, 225.263329354000002, 398.417950237000014, 436.95029917100C
370218300999994,51.029052876199998,42.320646910659999, 293, 497869455999589, 587, 774743366000052, 630, 958452386958
405876219899996, 80.564748470695994,77.625264643600005, 327.236767819000022, 580. 872265345000031, 626. 777699364998
770138830999997, 368.934293193999974, 383, 360602094000001, 534. 150523560000011,744.953534031000004, 893.393979058C

0,126.
593853545429559, 127 .
781840236880001, 126.
664746626170000, 127.
766121708650000, 126.
£39593506190001,127.
118032543030001, 124.
550912671220001,127.
£35044450460001, 127 .
728160446780000,127.
534130448538859, 126.
873761017190001, 127.
395481855399589, 126.

415098056599994, 54.065967016499957,47.749946455259998, 266. 652523537999582, 537, 902227457999970, 575. 421824801958
146469401000004,71.823052520299996,74.161085653500003,212.917870990000011,399,513218187999996, 345, 592174833000
991115518000001, 867.457471026000007,892.517487583000047, L051. 875311 ,1126.2 026,1216.3984892
247162514999999, 38.615027646100003,33.511157187999999, 226.098538705000010, 464.248025276000021, 502. 57089257500C
772541681000007, 581.5465916590000034, 625, 3¢3163538999988, 633, 857905846955976,840. 1769437000000358,895.123324357C
7590750 ,50.8653568853995997,50.0 +218.35 01,416.475847151999972, 463. 923035328000
996683653000005,852.15 ,880. 7000008, 902.180661578000013, 950. 390585242000043, 987 . 983638677C

564836470000003, 55.

778403901000004, €5.
850053446599993, 61.
14459959200000€, 66.
428309540000001, 76.

0989314

,53.
566458740599557, 55,
833503807300005,63.
472442363100001, 65.
693301997600003,51.
389558232900001, 56

52

7,329,
219599244300002,272.
€91783157200000, 229,
282600864559999, 415,
070505287899998, 235.
418678714500002, 283,

91520

18,581,
499118357999559,457.
097397432000008,382.
266174351999973,739,

817706388000033, 617.
TE8035263999973,497.
869644278000010, 405.
©903278097999987, 768,

6530

1821

3,448,

17,487,
398450847000015, 625.

047814718000
356801007558
512558244995
267831411888
774970623000

170.488391648995593, 0. 545754775888000, 8. 243098973000002, 62 £39150888999577, 568 . 42111302385¢

[ JASIWMD\Project_Dats\ApopkatWest_eCog\Training' Training1.csv - Notepads++ O X

File Edit Search View Encoding Language Settings Tools Macro  Run
cHHEE S smk|iae|nsax|ER
[ Training1 csv 3 |

iy Standard ¢,Standard 5,S5tandard €,S5tandard 7,WDVI Mean,NDVI_STD,DEM Mean,DEM STD,Class
19.330267318200001,32.6475995549999958,11.065536073600001,23.754475265899998,27.3078596205199999,34.587784793300003,67.970395249300004,60.65948
'1.604473540599997,32.725040916499999,10.183487906900000,18.556619155300002,19.863516591000000,39.347071325400002,57.66521319585899998,62.59746
'9.586131048900000, 34.599097013200002,10.933549432700000,17.347349789799999,16,5948088343500000,34.275608917200003,54.930754100600000,56.49150
15.522429435500001,28.406250000000000,9.500252016130000,13.,314794108499999,13.1065946160800000,30.906822695599999,53.415850975200001,56.492831
12.060459835400003,12.834516037500000,5.248084019300000,12.078780474800000,11.382340281899999,41.697134295200001,71.345085788199995,73.618797
'1.718329306200005,40.985157059000002,11.491888160200000,16.044657215600001,16.367602706500001,21.734333597300001,37.127841796900000,38.71514
132514180499999, 16.073694057600001,5.2558344964810000,2.997484539100000,3.410924236410000,4.885759927230000,6.151595126360000,4.92416231043000
1,119.880073800999995, 60.927429274300003,20.170356703600000,13.722472899300000,12.6155959134500000,30.669178223300001,39.1652758023200003,39.01
124.761487603000006, 50.508429752100000,12.285950413200000,15.041137701200000,14.910896561100000,43.180983953300000, 62.939210975000002,60.263
1,119.742269852000007, 67.870165657799994,22.176387912900001,25.169583929500000,29.572125008200000,27.186557893400000, 36.4587955952700001, 42.68
10.792421746300001,20.782537067500002,6.925205930810000,21.545195285999998,18.009216785200000,51.1834594654500002,77.875871073499994,53.410750
,118.492266543000000,52.089429003399999,5.299220539629999,10.9261625845000000,12.064858860000000, 16.243665534500000,21.747904560900000,23.242
12.026761332600003,23.523393409500001,4.501911523760000,11.507583002100001,12.425128541899999,24.075253145700000,37.790267750500001,40.129162
»,151.435530086000000,63.291240275300002,24.243553008599999,35.273502787600002, 30.25081706584589858588,83.153121685200006,116.534610211000000,113.
i1.100883194399995,27.431023759199999,6.415056526720000,12.745507683900000,13.549602161199995,28.584807491599995, 50.562347065099999,53.724251
,199.029818495999990,170.412705272000011,115.55587726588000005,29.9821872512400000,30.176738120200000, 32.050472401299999, 40.307266241400001,41.
14.977154811700004,41.195230125499997,10.221841004200000,18.944169538299999,24.473986131600000,27.899198519500001,46.554935592299998,51.795897
'8.736612273000006,29.459894277200000,10.773845093100000,15.190868003400000,16.900580895099999,33.569975102400001,51.757966691500002,55.20589
150476344299999,15.471392432300000,4.723827977820000,3.419145628050000,3.834572552520000,5.860441816850000,9.2760628016900000,5.08230901812999
125.568089990999994, 45.438797061499997,7.129660238750000, 13.286806930399999, 14.611598961000000,24.033373296099999, 37.763487271000002,39.539
.026427208900003,28.128506955799999,5.842320755590000,10.060786733800001,10.1595262447200001,22.579932374799998, 39, 087197674800002, 40.497189
16.296931956300000, 28.160844471400001,8.929222357230000,14.760825581500001,14.824124898899999,33.572163804900001,56.918481744899999,57.451576
12.525498358799993, 34.405972300099997,7.513649827880000,12.770450115599999,13.201882611300000,27.7454%0724000000,43.4123820192600002,45.312148
.735438954000003,33.673289183199998,7.317371370350000,14.226552178500000,15.005206054300000,23.11%2%8575700000,39.271185061200001,44.159907
.990797546000000,8.842791411040000,4.272239263800000,7.3599405283800000,8.582516208020000,31.232343340800000,70.785212184299994,63.457839351
\13 757.343399252000040, 697.841795831000013,589.564136824999991,11.897308123500000,14.557578608500000,14.034572505800000,13.663580533799999,1
17.320545924000001, 25.374400590200000,8.152342309110001,23.072167682800000,28.133090650100002,46.526617895199993,62.521976076300000,71.808885
13.676091783900006,39.99550%499100002,10.191364421399999,16.878600538100000,16.006415132800001,25.117312503600001,44.3%3576154200001,48.27692
13.008429926199%9%4,32.44783%831400003,10.874604847200001,11.812011133300000,12.755041470600000,30.683503455455%5%5%%,55.48537714395595957,46.41939
15.475740762599%5%7,31.086530515900002,7.830362412940000,13.677954711500000,13.871187502555555,26.7285548408555%5%3,44.870278527495959595,47.155693
,125.671709733555%5%%0, 72.469005221600000,26.90119155915900002,15.240711472255555,17.445054411400000,23.4255134058%5959%%, 35, 658389654099999,37.26 w
< >

Plugins  Window 2
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Mormal text file Ln:1 Col:1 Pos:1 UTF-& INS

length : 2,824,508
Figure 15 Continued. Note last attribute is the class attribute to save class code of the training
samples. It is an integer corresponding Figure 2 (the text file we created for vegetation community
coding)

lines : 6,586 Windows (CR LF)
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Part V Machine Learning Model Development

We use the exported training data in csv file to develop a machine learning model. Here we use
WEKA, an open source machine learning package
(https://www.cs.waikato.ac.nz/ml/weka/index.html) to conduct this major step. WEKA contains

tools for data preparation, classification, regression, clustering, association rules mining, and
visualization. Steps are below.

Download WEKA from https://www.cs.waikato.ac.nz/ml/weka/index.html or
https://sourceforge.net/projects/weka/ and install the stable version for Windows.
WEKA tutorial and relevant documents can be found from
https://waikato.github.io/weka-wiki/documentation/

Increase WEKA data processing memory. The default memory is small and easy to crash
when process large datasets like ours. To increase WEKA memory, start Command
Prompt and go to the path (e.g. my WEKA is installed in “C:\Program Files\Weka-3-8-
5”) where WEKA is installed, type in command (after type in click enter) as below:

cd C:\Program Files\Weka-3-8-5

E¥ Command Prompt — O *

Microsoft Windows [Version 18.8.19843
{c) Microsoft Corporation. All rights r

C:\Users\czhang3»cd C:\Program Files\Weka-3-8-5_

Then type in
weka.jar -Xmx 1024m

WEKA will start automatically and get into the Explorer interface with an increased
memory to 1024 mb.

WEKA Explorer is a GUI environment for exploring data. The Weka GUI Chooser has
menus like Program to set up log window, Tools, and Visualization. The function of each
menu is detailed in WEKA tutorial. We will use Explorer to complete our task.

In Weka Explorer’s Preprocess, click Open file... and load in the csv training data we
exported from ArcGIS, as shown in Figure 16 (ensure File Type is CSV data file, and the
file extension name is .csv). Figure 17 shows the training data load in interface.

Save the training data as ARFF file by clicking the save button. WEKA processes and
develops models using ARFF (Attribute-Relation File Format). ARFF is an ASCII text
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file that describes a list of instances sharing a set of attributes. Details of ARFF and
organization of ARFF can be found in WEKA tutorial. The saved ARFF of training data
is displayed in Figure 18.

& Open ped
LookIn: [ﬁTraining |'] l [ﬁ J l @ J l ﬁ' J [ = H =1 J
[ﬁ‘ Results D Invoke options dialog

ﬁ‘ Results_Tiantian

Training1.csv

=4t dB2E

File Mame: Training1.csv

Files of Type: | CSV datafiles (*.csv) =)

[ Open ] l Cancel J

Figure 16 Training csv text file load in WEKA (note the Files Type, and file extension
name is lower letter csv).
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o Weka Explorer

J F‘reprocessT Classify I Cluster TAssociate T Select attributes T Visualize T RConsole T Dl4j Inference ]

l Cpenfile... J l Open URL... J l Open DB... J l Generate.. J Undo

Filter

| Edit...

Save.. J

l Choose J|Nune

“ Apply J Stop

Current relation Selected attribute

Name: GLCM_Contr
Missing: 0 (0%)

Aftributes: 25
Sum of weights: 6585

Relation: Training1
Instances: 6585

Distinct: 6585

Type: Mumeric
Unique: 6585 (100%)

Attributes Statistic

| Value

Mini.rnurn
l All J l Mone J l Invert J l Pattern J m:)::lum
StdDev

No. | | Name

2 ] GLCM_Corre
3 [J GLCM_Entro
4[] GLCM_Mean_
5[] Mean_Layer
6] Mean_Lay_1
7 ] Mean_Lay_2
8 (] Mean_Lay 3
9] Mean_Lay 4
10 (] Mean_Lay 5

63.319
4101.961
293.14
206.604

11 ] Mean_Lay_8

12 ] Mean_Lay 7
| class: Class uum)

|v][ Visualize All |

13 [ Standard_d
14 ] Standard_1
15 ] Standard_2
16 ] Standard_3 ~
17 [] Standard_4 L
18 ] Standard_5
19 ] Standard_g
20 (] standard_7
21 (] NDVI_Mean
22 (] NDVI_STD

23 | DEM_Mean
24 ] DEM_STD

25 ] Class

T
6332
Status

T
202z fid

Transferred Training1 into R as “rdata”

1
4101 96

o] -

Figure 17 Load in training csv file in WEKA. If unexpected attributes were exported from
ArcGIS, here you can check these attribute and click the Remove button.
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[ JASIWMD\Project_Data\Apopka\West_eCog\Training\temp.arff - Notepad++ - O X
File Edit Search VWiew Encoding Language Settings Tools Macre Run  Plugins  Window 7 X
FYE=] 2l B | | @ x| EE| =
\jtemparﬂﬂl

1 k@:elation Trainingl ~

@arcribute GLCM Contr numeric
@arcribute GLCM Corre numeric
Battribute GLCM Entro numeric
Rattribute GLCM Mean numeric
@attribute Mean Layer numeric
Rattribute Mean Lay 1 numeric
@attribute Mean Lav_2 numeric
10 @attribute Mean Lay 3 numeric
11 @attribute Mean Lay ¢ numeric
Rattribute Mean Lay 5 numeric
13 @attribute Mean Lav_6€ numeric
1 RBattribute Mean Lay 7 numeric
RBattribute Standard d numeric
Racttribute Standard 1 numeric
Battribute Standard 2 numeric
Battribute Standard 3 numeric
RBattribute Standard ¢4 numeric
Rattribute Standard 5 numeric
Battribute Standard € numeric
Battribute Standard 7 numeric
Rattribute NDVI_Mean numeric
@artribute NDVI_STD numeric
@attribute DEM Mean numeric
Battribute DEM STD numeric
Rattribute Class numeric

I TS

Bdata
327.327801,0.897542,8.6902,126.711803,56.8587611,54.0558638,282.057775,561.640414,600.491508,69.330267,32.6476,11.065536,23.754475,27.3078
253.816656,0.9364€3, 60122,126.650242,€60.€13202,54.552653,274.645754,513.813235,560.597195,71.604474,32.725041,10.183488,18.556615,15.
296.259317,0.922239, T6877,126.279475,71.069692, 56.6093863,357.029636,614.299954,657.047233,89.586131,34.599097,10.933549,17.34735,16.9
247.334835,0.924869, £30405,126.201205,52.333417,46.604335,260.853075,501.383821,547.377016,65.522429,28.40625,9.500252,13.314794,13.10
126.375656,0.960105,8.26391, 127 7202,23.816917,22.577349,126.430031,255.386318,276.531365,32.06046,12.834516,5.248084,12.07878,11.3823
567973,0.935831,8.756363,127.210023,€7.495081,67.6597963,194.754788,316.571798,333.335002,71.718325,40.585157,11.451888,16.044657,16.
4535,0.814351,8.962424,127.006281,31.739 ,36.283046,36.670018,31.960814,13.5665,32.832514,16.073694,5.258345,2.9974585,3.410924,4.8
22131,0.923929,8.597083,126.23646,114.1 31,103.333333,319.315498,474.6165851,520. 9422,119.880074,60.927429,20.170357,13.722473,1
.952117,8.065062,126.65 7,103.475041,88.680331,455.719835,780.157521,824.225289, 124.761485,50.50843,12.28595,15.041138,14.
.86%85,%9,08791,127.838 147 .253394,379.715038, 425. 545,119 25.165584,29.
13,0.943115,8.690635,127.267427,48.203624,35.859143,258.745634,493.531796,528.183855,60.792422,20. 5206,21.545195,18.00
084605,0.938632, 664346,126.218379,125.087917,126.584952,362.805442,555.781021,625.112571,118.492267,52.089429,58.299221,10.926163,1
100R7_0_915355_8_R73187_128_0R1032_46.910716_43_R4635_106_ 059338338 _A97433_3R2.0N4915_52 026T&1_23_523393_4_501912_11_.507583.12_425 ¥
< >

MNormal text file length: 1,584,786 lines: 6,615 Ln:1 Col:1 Pos:1 Unix (LF} UTF-8& INS

Figure 18 Saved ARFF of training data from WEKA. Note that all attributes are numerical.

e Revise the ARFF. In WEKA, attributes can be numerical (a real or integer number), string (a
list of characters), or nominal (a predefined list of values). Since we will do classification,
rather than regression, we need to revise the last attribute Class into nominal. To do this, we
can open this ARFF text file using notepad++ (https://notepad-plus-plus.org/downloads/),
and revise:

@attribute Class numeric- > @attribute Class {1, 2, 3,4,5,6,7,8,9, 10, 11, 12, 13, 14, 15,
16,17}

Note here we have 17 classes to classify (refer to Figure 2, and each class is encoded into
numbers). After revision, the ARFF looks like Figure 19.
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[ JASIWMD\Project_Data\Apopka\West_eCog\Training\ Training1.csv.arff - Notepad-++ - O X

File Edit Search VWiew Encoding Language Settings Tools Macre Run  Plugins  Window X
sHHERGA s mB|oe | ax|BE =1 o BENBE
Btemp aff £ [ Training1.csv.arff B |

@relation Trainingl -~

Ractribute GLCM Contr numeric
Rattribute GLCM Corre numeric
Battribute GLCM Entro numeric
Rattribute GLCM Mean numeric
Rattribute Mean Layer numeric
Rattribute Mean Lay 1 numeric
@attribute Mean Lav_2 numeric
RBattribute Mean Lay_3 numeric
RBattribute Mean Lay 4 numeric
Rattribute Mean Lay 5 numeric
@attribute Mean Lav_6€ numeric
@attribute Mean_Lay_7 numeric
RBattribute Standard d numeric
Racttribute Standard 1 numeric
Battribute Standard 2 numeric
Battribute Standard 3 numeric
RBattribute Standard ¢4 numeric
Rattribute Standard 5 numeric
Battribute Standard € numeric
Battribute Standard 7 numeric
Rattribute NDVI_Mean numeric
@artribute NDVI_STD numeric
@attribute DEM Mean numeric
Battribute DEM STD numeric
@attribute Class {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17}

[T

6

[T

[N SN S XY

@

Bdata
327.327801,0.897542,8.6902,126.711803,56.8587611,54.0558638,282.057775,561.640414,600.491508,69.330267,32.6476,11.065536,23.754475,27.3078
253.816656,0.936463,8.760122,126.650242,60.613202,54.552653,274.645754,513.813235,560.597199,71.604474,32.725041,10.183488,18.556615,15.
296.259317,0.922239,8.876877,126.279475,71.0696%92, 56. 609863,357.029636, 614.299954, 657.047233,89.586131,34.599097,10.933549,17.34735,16.9
247.334835,0.924869,8.630405,126.201205,52.333417,46.604335,260.853075,501.383821,547.377016,65.522429,28.40625,9.500252,13.314794,13.10
.375656,0.960105,8.26391,127.797202,23.516917,22.577349,126.430031,255.386318,276.531365,32.06046,12.834516,5.248084,12.07878,11.3823
217.567973,0.935831,8.756363,127.210023,67.455081,67.657563,194.794788,316.571798,333.335002,71.718325,40.985157,11.451888,16.044657,16.
.4535,0.814351,8.962424,127.006281,31.7359888, 36.283046,36.670018,31.960814,13.5665,32.832514,16.073694,5.258345,2.997485,3.410924,4.8
358.822131,0.923929,8.597083,126.23646,114.148831,103.333333,319.315498,474.616851,520.189422,119.880074,60.927429,20.170357,13.722473,1
126.952752,0.952117,8.065062,126.6585587,103.475041,86.680331,455. 719835, 780.157521,824.225289,124.761488,50.50843,12.28595,15.041138,14.
617.978525,0.86985,59.08791,127.838022,147.272835,164.5582586,277.253394,379.715035,425.588545,119.74227,67.870169,22.176388,25.169584,25.
.69213,0.943115,8.650635,127.267427,48.203624,38.855143,258.745634,493.531756,528.183855,60.752422,20.782537,6.525206,21.545195,18.00
233.084605,0.938632,8.664346,126.218379,125.087917,126.584952,362.805442,555.781021,625.112571,118.492267,52.089429,5.299221,10.926163,1
333.10087,0.915355,8.873187,128.081032, 46.919716,43.84635,196.0559348,335.697433,382.004915,52.026761,23.523393,4.501912,11.507583,12.425
.737755,0.94958,8.725645,12€.321587,134.55026€, 105.868805,339.667826,416.402374,393.437781,151.43553,€3.29124,24.243553,35.273503,30.
210.028787,0.94047,8.711733,127.404502,54.677945,51.336111,226.11892,351.155741,439.52407,61.100883,27.431024,6.418087,12.745508,13.5456
418.810469,0.906895,8.456383,127.011043,197.624028,208.879862,226.701383,289.1642158,305.952031,199.029818,170.412705,118.558773,29.92187
.568385,0.926477,8.656158,126.535457,90.684519,89.513975,309.52954,521.040669,550.89364,94.977155,41.19523,10.221541,15.94417,24.473%
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Figure 19 Revised ARFF ready to develop model.

e Load in the revised ARFF file in WEKA: use Open File..., and now the Files of Type should
be Arff data files (*arff). If we check the Class attribute in Attributes, we can see this
attribute is now Nominal type, and the visualization shows the total number of training
samples for each class, as shown in Figure 20.
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& Weka Explorer — [m] x

| [ Preprocess | Classity | Cluster | Assaciate | Select atirbutes | Visualize | RConsole | DI4j Inference |

{ Open file J l Open URL J { Open DB J l Generate Jg Undo D Edit J { Save J

Filter

Choose |Nonhe Apply
Current relation _ Selected attribute
Relation: Training1 Attributes: 25 Name: Class Type: Nominal
Instances: 6585 Sum of weights: 6585 Missing: 0 (0%) Distinct 17 Unique: 0 (0%)
Altributes. Na. | Label | Count | Weight |
11 575 575.0 &
2 2 151 1510
L Al L None L Invert L Pattern | 3 3 121 121.0
4 4 193 193.0
Mo. || Name | 5 5 123 123.0
1 ] GLCM_Contr 6 B 808 3080
2 ] GLCM_Corre [ 756 756.0
3 ) GLCM_Entro 8 8 224 2240
4[] GLCM_Mean_ a9 273 273.0
5[ ] Mean_Layer 10 10 360 360.0
6 [ mean_Lay_1 1M 1 1358 1358.0
7 [ Mean_Lay_2 12 12 1043 1043.0
& [ | Mean_Lay_3 13 13 68 68.0
9 [ | Mean_Lay_4 14 14 172 172.0
10 (] Mean_Lay_5 15 15 61 61.0 .

11 [ ] Mean_Lay 6
12 | mean_Lay_7
13 || Standard_d
14 [_| Standard_1
15 [ | Standard_2
16 || Standard_3
17 [ ] Standard_4
18 [_| standard_5
19 [_| Standard_6

Class: Class (Mom) TJ[ Visualize All J

1352

20 [ Standard_7 1043
21 || NDVI_Mean
22 | NDVI_STD
23 [_| DEM_Wean = 758
24 | DEM_STD
25 B Class
A75
260
i3
224
193 184
172
@_J b = e
. 5 n -

Status

Transferred Training1 into R as “rdata” Log w x0

Figure 20 Revised Arff training data file. Again, here if you see unexpected attributes, you can
select these attributes and click the Remove button to drop them in the training process. If you
accidently dropped some attributes, you can click the Undo button to call them back.

e Now data process is done and we can develop model using the Classify tab.

e C(Click the Classify tab, in Classifier, click Choose, we can see a lot of classifiers available in
WEKA. Here we will test Artificial Neural Network (ANN), Random Forest (RF), Support
Vector Machine (SVM), and k Nearest Neighbor (kNN) algorithms.

e Letus work on ANN first: Choose->functions->MultilayerPerceptron. This is the commonly
used Multiple Layer Perceptron (MLP) neural network classifier. Left Click the selected
classifier in the text box next to Choose, the GenericObjectEditor dialog box will appear as
shown in Figure 21. This is the place we can adjust input parameters required by each
algorithm. There are three critical parameters in MLP: hiddenLayers (the number of hidden
layers), Learning Rate (the learning rate), and trainingTime (the total cycles the MLP). They
are highlighted in Figure 21. We should use a smaller learning rate like 0.1 (the default is
0.3), and set the training time to 300 to avoid over training. If we click the More button, more
information about the selected classifier and the meaning of each parameter will appear like
Figure 22. After set up the classifier, Click OK.

29



& weka.gui.GenericObjectEditor x
weka.classifiers functions MultilayerPerceptron

About

r .

A classifier that uses backpropagation to learn a multi-layer perceptro
to classify instances.

( More :

Capahilities |

D

GUI |False v
autoBuild [True |v]

batchSize 100
debug [False |v]
decay [False |v]
doMotCheckCapabilities | False |v]

—
hiddenLayers Ia

learningRate

01~

02

momentum
nominalToBinaryFilter [True |v]
normalizeAttributes [True | ']
normalizeMumericClass [True |']
numDecimalPlaces I2
reset [True |v]
resume [False | ']
seed IU
@ingﬂme 300 5 |
validationSetSize 0
validationThreshold | 20
[ Open... J l Save... J l DK J l Cancel

Figure 21 Interface of MLP ANN in WEKA.
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& Information >

NAME A
weka.classifiers.functions. MultilayerPerceptron

SYMNOPSIS

A classifierthat uses backpropagation to learn a multi-layer perceptron to classify instances.
The network can be built by hand or or set up using a simple heuristic. The network parameters
can also be monitored and modified during training time. The nodes in this network are all
sigmoid (except for when the class is numeric, in which case the output nodes become
unthresholded linear units).

OPTIONS

seed — Seed usedto initialise the random number generator.Random numbers are used for
setting the initial weights ofthe connections between nodes, and also for shuffling the training
data.

momentum — Momentum applied to the weight updates.

nominalToBinaryFilter — This will preprocess the instances with the MominalToBinary filter. This
could help improve performance ifthere are nominal attributes in the data.

hiddenLayers — This defines the hidden layers of the neural network. This is a list of positive whole
numbers. 1 for each hidden layer. Comma separated. To have no hidden layers puta single 0
here. This layer definition will only be used if autobuild is set. There are also wildcard values: "a’' =
(attribs + classes) ! 2, = attribs, ‘0" = classes , 1T = attribs + classes.

validationThreshold — Used to terminate validation testing. The value here dictates how many times
in a row the validation set error can get worse before training is terminated.

normalizeAttributes — This will normalize the attributes. This can help improve performance of the
netwaork. This is not reliant on the class being numeric. This will also normalize nominal attributes
(after they have been run through the nominal to binary filter if that is in use) so that the binary
values are between -1 and 1

GUI— Brings up a gui interface. This will allow the pausing and altering of the neural network
during training.

*To add a node, left click (this node will be automatically selected, ensure no other nodes were
selected).

*To select a node, left click on it either while no other node is selected or while holding down the
control key (this toggles selection).

*To connect a node, first have the start node(s) selected, then click eitherthe end node or on an
emply space this will create a new node that is connected with the selected nodes). The selection
status of nodes will stay the same afterthe connection. (Mote these are directed connedtions. Also,

a connection between two nodes will not be established more than once and certain connections
oot oo doosood e bo ioaaolid s st bo oo o do

1
| Y

Figure 22 Detailed explanation of the selected MLP classifier.
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e After set up the classifier, Click More options on the Weka Explorer interface as shown in
Figure 23. This brings up the setup of output selection, as shown in Figure 24. Choose CSV,
and click Evaluation metrics as shown in Figure 25. Then Click OK.

& Weka Explorer - O X

[ Preprocess T Classify | Cluster | Associate I Select aftributes T Visualize I RConsole I D4 Inference ]
Classifier

L Choose "MullilayBrPer\:emrun -L0A-M0.2-N300-VO-50-E20-Ha

Testoptions Classifier output
() Use fraining set 656,13:13,616,+,0.41 a
) Supplied test set €57,13:13,11:11,+,0.392 r
€58,13:13,11:11,+,0.435
(®) Crossvalidation Folds 10
i === Stratified cross-validation ===
M === Summary ===
Wore options... Correctly Classified Instances 4484 63.0942 %
Incorrectly Classified Instances 2101 31.9058 %
Kappa statistic 0.635
{ (Nom) Class E } Total Number of Instances €585
Start Stop === Detailed Accuracy By Class ===
TP Rate FE Rate FPrecision Class
0.758  0.014  0.840 1
0.57€  0.003  0.813% 2
0.505  0.004  0.815 3
0.601  0.007  0.71Z 4
0.000  0.000 2 5
0.588  0.053  0.610 €
0.515  0.058  0.53% 7
0.563  0.011  0.653 8
0.740  0.004  0.8%0 9
0.861  0.011  0.814 10
0.778  0.14¢  0.584 11
0.781  0.051  0.742 1z
0.044  0.000  0.500 13
0.535  0.006  0.702 14
0.000  0.000 2 15
0.696  0.006  0.667 16
0.988  0.001  0.98% 17
Weighted Rvg.  0.681  0.054 2
== Confusion Matrix ==
& b ¢ d4d e £ g h 1 3 k¥ 1 m n o p g <-classifiedas
4% 10 s € o0 S5 o0 2 2z & 2 s52 0 0 0 23 41 a=
1$ & 0 14 o 2z 0 1 6 1l 0 o0 ©0 0 0 0 11 b=2
2 010 o © 2 1 o 5 0 1 0 0 © 0 0 0| ¢c=3
€ 2 0 16 0 2 3 € 0 2 & 0 0 0 0 0 0l d=i4 -

Status. S

oK Log #}. x0

Figure 23 Setup of other parameters.

o Classifier evaluation options *
] output model

(] output models for training splits

(/] Output per-class stats

|| output entropy evaluation measures

/] output confusion matrix

(] store test data and predictions for visualization

] Collect predictions for evaluation based on AUROC, etc

D Error plot point size proportional to margin
e

Output predictio Choose | CSY > ‘

[_J Cost-sensitive evaluation =

Random seed for XVal / % Split 1
D Preserve order for % Split

Output sour WekaClassifier

S Evaluation metrics.. 2

L oK J

Figure 24 Setup of outputs.
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&F Manage evaluation metrics

)L

All Mone

)|

Invert

Pattern

J | J

Ma. | | Name

l

1 ] correct
2 [ Incorrect
3 [] Kappa
4 | | Total cost
5| | Average cost
6 | | KB relative
7 || KB information
8 | | Correlation
9| | Complexity 0
10 || Complexity scheme
11 || Complexity improvement
12 || MAE
13 || RMSE
14 || RAE
15 || RRSE
16 || Coverage
17 || Region size
18 (/] TP rate
19 || FP rate
20 [#f] Precision
21 || Recall
22 |_| F-measure
23 | MCc
24 || ROC area
25| | PRC area

OK

I

Cancel

J

Figure 25 Setup of evaluation metrics. We only select Corrected, Incorrect, Kappa, TP Rate
(User’s accuracy), and Precision (Producer’s accuracy).

Test Options: this is to set up the test modes including using training set (The classifier is
evaluated on how well it predicts the class of the instances it was trained on); Supplied test
set (The classifier is evaluated on how well it predicts the class of a set of instances loaded
from a file. Clicking the Set... button brings up a dialog allowing you to choose the file to test
on); Cross-validation (The classifier is evaluated by cross-validation, using the number of
folds that are entered in the Folds text field), and Cross-validation (The classifier is evaluated
by cross-validation, using the number of folds that are entered in the Folds text field). We
will use cross-validation options. More options can be set by clicking More options...

33



e Select (Nom) Class as the attribute to be classified. Then Click Start. WEKA will run the
classifier and the bird will be moving around and stop when the classification is completed.
The output will be in the text box of Classifier output as shown in Figure 26. Left click the
output, and use Ctrl+A to select all, and Ctrl+C to copy, and then paste the output to a new
txt file to save the output of the classification. You can also automatically save the output to a
csv file by setting up in More options.

& Weka Explorer - m] X

[ Preprocess T Classify T Cluster TAssuciate T Select attributes T Visualize T RConsole T Dl4j Inference W
Classifier

L Choose J‘Muhilayerpen:eptmn -L0A-MO2-N300-Y0-50-E20-Ha |

Test options JaSSTET T i
(_) Use training set [a
. . Correctly Classified Instances 4424 68.0942 %

I Supplied test set el Incorrectly Classified Instances 2101 31.9058 &
(®) Cross-validation Folds 10 Happa statistic 0.835
Total Number of Instances €535
() Percentage split
=== Detailed Accuracy By Class ===
L More options.. J
TP Rate [P Rate FPrecision Class
0.758 0.014 0.840 1
l (Nom) Class |/ J 0.576 0.003 0.813 2
0.50% 0.004 0.815 3
Start Stop 0.601 0.007 0.712 4
0.000 0.000 ? 5
Resuitlist (right-click foroptions) 0.589  0.053  0.610 &
0.519 0.058 0.538 7
functions MultilayerPerceptron 0.011 0.653 a
11:41:00 - functions MultilayerPerceptron 0.004 0.530 9
11:56:36 - functions MultilayerPerceptran 0.011 0.814 10
12:02:30 - functions MultilayerPerceptron 0.144  0.584 1L
0.781 0.051 0.742 12
0.044 0.000 0.500 13
0.535 0.008 0.702 14
0.000 0.000 2 15
0.896 0.006 0.667 16
0.88% 0.001 0.968 17
Weighted Avg. 0.esl 0.054 ?
=== Confusion Matrix ===
a b c 4 = £ g n i 3 ¥ 1 m mn o p g <-- classified as
438 10 5 3 a 5 a 22 2 g 2 52 0 a a 23 41 a=1
15 87 0 14 0 2 0 1 € 11 0 0 0 0 0 0 11 b=2
2 0 110 0 0 2 1 0 5 0 1 0 0 0 0 0 01 c=3
€ 2 0 116 0 26 3 € 0 26 8 0 0 0 0 0 01 d=1
a a a a a a 43 a 1 a 70 El 0 a a a ol e=753
0 0 5 1 0 476 5 4 € 0 298 0 0 13 0 0 01 £=6
0 0 0 2 0 56 392 0 1 2 177 125 0 1 0 0 01 g=71
44 5 0 8 0 15 1 126 0 20 4 0 0 1 0 0 01 h=2a
Q 1 7 3 Q 15 1 2 202 Q 20 Q 0 21 Q Q 11 i=9
2 2 a 11 a 3 a 21 2 310 1 3 1 1 a a ol j=10
0 0 2 0 0 145 133 0 0 01057 18 2 1 0 0 01 k=11
1 0 0 0 0 4 121 0 0 1 83 815 0 1 0 17 01 1=12
0 0 0 0 0 16 0 0 1 25 15 3 0 0 0 01 m=13
2 a [3 2 a 14 1 a 2 a 53 a 0 az a a ol n=14
0 0 0 0 0 0 19 1 0 1 10 30 0 0 0 0 01 o =15
7 0 0 0 0 0 0 0 0 0 0 28 0 0 0 80 01 p =16
0 0 0 0 0 1 0 0 0 1 0 0 0 0 0 0 182 | q=17
Iid

Status

Building model for fold 1 Log % x1

Figure 26 Classified output: Correctly classified instances (overall accuracy), incorrectly
classifier instances (error), Kappa statistics (Kappa value), TP, FP, and Precision of each class,
and error matrix.

e The result list: left clicking can save the model, view in different window, delete model, etc.
When you run multiple times of a model, you may need to delete the results to release the
memory.

e Similarly, we can run the SVM classifier by clicking Choose functions->SMO. SMO refers
to the specific efficient optimization algorithm used inside the SVM implementation, which
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stands for Sequential Minimal Optimization. There are two critical parameters in configuring
SVM, C parameter, called the complexity parameter which controls how flexible the process
for drawing the line to separate the classes can be. A value of 0 allows no violations of the
margin, whereas the default is 1. The other key parameter in SVM is the type of Kernel to
use. The simplest kernel is a Linear kernel that separates data with a straight line or
hyperplane. The default in Weka is a Polynomial Kernel that will separate the classes using a
curved or wiggly line, the higher the polynomial, the more wiggly (the exponent value). A
popular and powerful kernel is the RBF Kernel or Radial Basis Function Kernel that is
capable of learning closed polygons and complex shapes to separate the classes. It is a good
idea to try a suite of different kernels and C (complexity) values on your problem and see
what works best. Here we choose the RBF Kernel (Figure 27). By left clicking the text box
of selected RBF kernel, it will bring up the configuration of the RBF kernel (Figure 28). We
can set the gamma to 5.0.

3 weka.gui.GenericObjectEditor x

weka.classifiers.functions. SMO

About

Implements John Platt's sequential minimal optimization More
algorithm for training a support vector classifier.
Capabilities

batchSize 100

L«

buildCalibrationModels | False

— >

calibrator Choose ||Logistic -R 1.0E-8 -M -1 -nurn-decimal-places 4

<

checksTurnedOf | False

L«

debug |False

<

doMotCheckCapabilities | False

epsilon | 1.0E-12

L=<

filterType | Mormalize training data

Qnm Choose |RBFKernel -C 250007 -G 5.0 )

numDecimalPlaces 2

numFolds | -1

randomSeed 1

toleranceParameter  0.001

[ Open... J [ Save... J [ 0K J [ Cancel J

Figure 27 SVM configuration.
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&3 weka.gui.GenericObjectEditor et

weka.classifiers functions. supportvVector RBFKernel

About

[ g |

The RBF kernel : Kix, v} = expl-gamma*(x-y*2) Mare

| Capaviliies |

gamma 5.0

cacheSize 250007

debug [False |‘l’]

l Open... J l Save... J [ Ok J l Cancel J

Figure 28 RBF kernel configuration.

e After trying different parameters and run the model, you can save the model with the highest
overall accuracy and outputs to a text file. The SVM output is shown in Figure 29.
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&) Weka Explorer - m] ®

[ Preprocess T Classify T Cluster TAssociate T Select aftributes T Visualize T RConsole T Dl4j Inference w

Classifier

Choose |SMO-C5.0-L0.001-P 1.0E-12-N0-Y-1 -5 1 -K "weka classifiers functions supportvector RBFKermel -C 250007 -G 5.0" -calibrator "weka. classifiers functions Logistic -R 1.0E-8 -M -1 -num-decimal-places 4"

Test options _ Classifier output
(_) Use training set === Stratified cross-validation === "
() Supplied test set === Swmmary === r
@ Cross-validation Folds |10 Correctly Classified Instances 4772 72.4677 %
Incorrectly Classified Instances 1813 27.5323 &
\_J Percentage split % 66 Kappa statistic 0.£245
Total Number of Instances 6585
{ More options.. J
=== Detailed Accuracy By Class ===
‘ (Nom) Class E TP Rate FP Rate Precision Class
0.816 0.014 0.847 1
Start 0.003 0.836 z
— - ) 0.001  0.952 3
Resuit list {right-click for options) 0.005 0.805 n
0.000 0.000 H 5
12:02:30 - functions MultilayerPerceptron 0,635 0,041 0.632 e
12:10:24 - functions MultilayerPerceptran 0.581 0.053 0.587 7
13:24'52 - functions SMO 0.634 0.004 0.845 g
0.872 0.002 0.95¢ 9
0.903 0.008 0.855 10
0.856 0.143 0.600 11
0.750 0.037 0.784 12
0.000 0.000 0.000 13
0.552 0.003 0.841 14
0.000 0.000 2 15
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0.584 0.000 0.955 17
Weighted Avg. 0.725 0.050 H
=== Confusion Matrix ===
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0 0 0 0 0 101 9l 0 0 0 1163 3 0 0 0 0 01 =11
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0 0 0 1 0 18 € 0 0 0 33 4 0 0 0 0 01 m=13
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ELS T

Status

oK i Log ‘“x x0

Figure 29 Output of SVM classifier.

e Running kNN: Click the “Choose” button and select “IBk” under the “lazy” group. Click on
the name of the algorithm to review the algorithm configuration. KNN works by storing the
entire training dataset and querying it to locate the &£ most similar training patterns when
making a prediction. The size of the neighborhood is controlled by the & parameter; thus £ is
an important parameter. Weka can automatically discover a good value for k using cross
validation inside the algorithm by setting the crossValidate parameter to True. Another
important parameter is the distance measure used. This is configured in the
nearestNeighbourSearchAlgorithm which controls the way in which the training data is
stored and searched. The default is a LinearNNSearch. Clicking the name of this search
algorithm will provide another configuration window where you can choose a
distanceFunction parameter. By default, Euclidean distance is used to calculate the distance
between instances, which is good for numerical data with the same scale. Manhattan distance
is good to use if your attributes differ in measures or type. It is a good idea to try a suite of
different & values and distance measures and see what works best. Here we set k to 5 and
selected Linear NN search and Euclidean distance (Figure 30).
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&3 weka.gui.GenericObjectEditor by

weka.classifiers.lazy |1BE

About

K-nearest neighbours classifier. Mare
Capabilities

batchSize 100

crossValidate | True | r]

debug |False ,r]
distanceWeighting [Nn distance weighting .‘r]
doMotCheckCapabilities [ False | v]
meanSquared | False ,r]

nearestieighbourSearchAlgaorithm (l Choose iLinearNNSearch -A "welka. core Euclid

numbDecimalPlaces 2

windowsize 0

[ Open... J [ Save.. J [ OK J [ Cancel J

D

Figure 30 kNN configuration in WEKA.

Running RF: Click the “Choose” button and select “RandomForest” under the “trees” group.

Click on the name of the algorithm to review the algorithm configuration. Two

parameters

are important in RF. numlterations -- The number of trees in the random forest. numFeatures

-- Sets the number of randomly chosen attributes. If 0, int(log_2(#predictors) +

1) is used.

We can test different parameters. RF also can identify variable of importance by setting
computeAttributeImportance to true. The interface of RF is displayed in Figure 31. Similarly,

the outputs can be saved to a text file.
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&3 weka.gui.GenericObjectEditor

weka.classifiers trees RandomForest

About
o
Class for constructing a forest of random trees. Mare
Capabilities
bagSizePercent 100
batchSize 100
breakTiesRandomly [False |v]
calcOutOfBag lFaIse |v]
—
@teﬁﬁrihutelmpnnance [True ) |v]
debug lFaIse |v]
doNotCheckCapabilities | False v
maxDepth 0

numDecimalPlaces 2

numExecutionslots 1

numFeatures

numlterations

outputQutOfBagComplexityStatistics [False

printClassifiers [False

seed 1

storeCutOfBagPredictions [False

[ Open... J l Save... J [ Ok J l Cancel

Figure 31 RF configuration in WEKA.

39




e You can also test other classifiers in WEKA.

e Now we need to generate predictions for all image objects based on models developed from
reference samples. A similar data processing steps in ArcGIS and WEKA are needed as
below.

o In ArcGIS, in the segmentation file exported from eCognition and added DEM and
NDVI features, add a new field Class as integer type, and set all values to 1, then
export the attribute table to a csv file. Note: only all numerical attributes and the Class
fields are exported. These features and attribute names must be same as the training
data used in WEKA. A screenshot of this ARFF dataset is shown in Figure 32.

o Similarly, load in the csv file in WEKA and save it as ARFF, and revise the Class
attribute as nominal and has values same as the training ARFF. All attribute types and
name must be consistent with the training ARFF.

o Load in the training ARFF file, and click Classify tab, similarly set up the classifier,
in Test options, select Supplied test set, click Set, and load in the ARFF to be
predicted (Figures 33, 34).

o Save the output in the text box of Classifier output as a text file (*.txt).

[ JASIWMD\Project_Data\Apopka\West_eCoghTraining\InputForPrediction.csv.arff - Notepad++ — O X
Eile Edit 3earch View Encoding Language Settings Tools Macro Run  Pluging Window 1 X
oD Ry \ layl2x|BE =1 ERRho=|® )
[ InputForPrediction csv arff £ I

1 @relation InputForPrediction ~

@attribute GLCM Contr numeric
@attribute GLCM Corre numeric
@atcribute GLCM Entro numeric
Battribute GLCM Mean_ numeric
@attribute Mean Layer numeric
@attribute Mean Lay l numeric
@attribute Mean Lay 2 numeric
10 @attribute Mean Lay 3 numeric
11 Battribute Mean Lay 4 numeric
12 Battribute Mean Lay 5 numeric
3 @attribute Mean | Lay_6€ numeric
Battribute Mean Lay_7 numeric
Battribute Standard_d numeric
@attribute Standard 1l numeric
@attribute Standard 2 numeric
@attribute Standard 3 numeric
@attribute Standard 4 numeric
@attribute Standard 5 numeric
@attribute Standard_ € numeric
Battribute Standard_7 numeric
Battribute NDVI_Mean numeric
@attribute NDVI_STD numeric
@attribute DEM Mean numeric
@attribute DEM STD numeric
@attribute Class {1, 2, 3, 4, 5, 6, 7, &, §, 10, 11, 1z, 13, 14, 15, 1&, 17}

Bdata

138.304449,
249.57154%,
.256211,

.8372332,8.495386,126.282401,59. 178455, 51. 067088, 330. 838058, 657. 143565, 719.474027,75. 16544¢,31.857581,10.715162, 16.73937,17.7
835573, 1656,126.9163, 99, 658533, 114.5502¢5, 158, ”15564,434 150693,327.015727, 85, 652021, 51, 813354, 15, 526421, 24. 603625, 31.3

. 2 518,15.62
. ,41.980754,12.4 . 63,20.2
41,506 dqos‘l 544.441694,79.931034,31.916297,5.108742, 12.655291,14.12
361,386.412651,423.643449,74.604292,29.111446,5.895331, 21, 330804, 19.533¢
4,433.060165,464.415511,91.513043,53.326675,19.7

4304 35.831963,34. 72,2 86,275.965057,45.010534,15.302415,4.9

.599026,60.644212,55.9 2 703728,67.334205,259,523218,9.377371,23. 0016:1;,45 1
322028, 126 7,8€.273412,71.926326,456.526195,864.993451,583.190887,110, r13.921087,14.412197,17.
©0274,126.600801,258.770305,268.425127,392.719543,512.764264,554.835025,240.937817, .568528,119.034264,39.2145
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Figure 32 Input dataset in ARFF format for prediction. A total of 65650 records/instances/objects
to be predicted.
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Figure 33 Setup prediction dataset.

&3 Test Instances - O >
Relation: InputForPrediction Atftributes: 25
Instances: 7 Sum of weights: 7

Open file... l Open URL... J

@nm}mass |\v]

Close

Figure 34 Ensure Class is set to Class (attribute to be predicted).
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Open the text file, revise and drop the useless information at the beginning and the end, and
only keep the prediction part, as screenshot in Figure 35.

| *RF_Prediction txt - Notepad — O =
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Figure 35 Output of the revised prediction text file.
Revise this text file, replace “:” with *,”, and add “x, x” to the beginning of the file, as shown
in Figure 36. This is to revise a format ArcGIS can read and join with the segmentation file
to get the class prediction value.
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Figure 36 Revised RF prediction text file to be read in ArcGIS. First column Inst# can be
used to join in ArcGIS, Column prediction is the predicted class.

e Following similar procedure to generate prediction files from SVM, ANN, kNN or any
classifier you selected in WEKA, and revise the text file readable in ArcGIS.

Part VI Final Mapping

Now machine learning training and classification have completed. The prediction results will be
imported into ArcGIS. Steps are below.

e In ArcGIS, load in the segmentation file, and uncheck all fields except FID, and then export
this segmentation shapefile to be used for mapping (e.g., mapping.shp). In this way, the large
file size with many attributes can be largely reduced and easier to handle.

e Load in this mapping.shp, add a new integer field named as ID, and calculate this new filed
as FID+1, and add integer fields named RF, SVM, ANN, and kNN.

e Load in the prediction text (*.txt, Figure 36), then join the mapping.shp with this prediction
text based on ID, and Inst#, and then get the value of RF field from the prediction column.
Similarly, we can get SVM, ANN, and kNN prediction, respectively.
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e Add an integer Uncertainty field, select if RF=SVM, and SVM=ANN, then assign value to 1
(full agreement), and select RF<>SVM, RF<>ANN, and SVM<> ANN, then assign value to
3 (No agreement), and then change the default value 0 to 2 (partial agreement).

¢ Dissolve the RF, SVM, ANN, and Uncertainty fields to get the final mapping shapefile.

e Add name: load in the name text file (Figure 2), and join this text file with the final mapping
shapefile to get the community abbreviations and full name to the final mapping files. An
example of the attribute table of the final shapefile from the RF classification is displayed in
Figure 37.

Table O =
ERAR—RAR"- L4
RF x
FID Shape® | RF | Community Name
k 0] Pohygon 1| AN Anthropogenic
1 [Pohygon 2| BS Bare Soil
2 [Pohygon 3| DM Deep Marsh
3 [Pohygon 4| DP Diry Prairie
4 [Pohygon 5| HH Hydric Hammock
5 [Pohygon 6| HW Mixed Herbaceous Marzh
G [Pohygon 7| HS Hardwood Swamp
T [Pohsgon 2| LR Levee/Road
2 [Pohygon o) Ow Water
5 [Pohlygon 10| PA Pasture
10 | Polygon 11| 55 Shrub Swamp
11 | Polygon 12| UH Upland Hardwood
12 | Polygon 13| WP Wet Prairie/\Wet Pasture
13 |Polygon 14| S5AB Submerged Aguatic Beds
14 | Polygon 15| PP Palmetto Prairie
15 | Polygon 16| PF Pine Flatwoods
16 | Polygon 17| Cloud Cleud
TR 1% m E (0 out of 17 Selected)

Figure 37 The attribute table of the final RF classification shapefile in ArcGIS.
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