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General Steps Used to Extract Thematic Land-Cover
Information from Digital Remote Sensor Data

State the nature of the land-cover classification problem.
* Specify the geographic region of interest.
* Define the classes of interest.
* Determine if it is to be a hard or fuzzy classification.
* Determine if it is to be a per-pixel or object-oriented classification.
Acquire appropriate remote sensing and initial ground reference data.
* Select remotely sensed data based on the following criteria:
- Remote sensing system considerations
- Spatial, spectral, temporal, and radiometric resolution
- Environmental considerations
- Atmospheric, soil moisture, phenological cycle, etc.
* Obtain initial ground reference data based on:
- A priori knowledge of the study area
Process remote sensor data to extract thematic information.
* Radiometric correction (or normalization) (Chapter 6).
* Geometric correction (Chapter 7).
* Select appropriate image classification logic:
- Parametric (e.g., maximum likelihood, clustering)
- Nonparametric (e.g., nearest-neighbor, neural network)
- Nonmetric (e.g., rule-based decision-tree classifier)
* Select appropriate image classification algorithm:
- Supervised, e.g.,
- Parallelepiped, minimum distance, maximum likelihood
- Others (hyperspectral matched filtering, spectral
angle mapper — Chapter 11)
- Unsupervised, e.g.,
- Chain method, multiple-pass ISODATA
- Others (fuzzy c-means)
- Hybrid involving artificial intelligence (Chapter 10)
- Expert system decision-tree, neural network
* Extract data from initial training sites (if required).
* Select the most appropriate bands using feature selection criteria:
- Graphical (e.g., cospectral plots)
- Statistical (e.g., transformed divergence, TM-distance)
* Extract training statistics and rules based on:
- Final band selection (if required), and/or
- Machine-learning (Chapter 10)
* Extract thematic information:
- For each pixel or for each segmented image object (supervised)
- Label pixels or image objects (unsupervised)
Perform accuracy assessment (Chapter 13).
* Select method:
- Qualitative confidence-building
- Statistical measurement
* Determine number of samples required by class.
* Select sampling scheme.
* Obtain ground reference test information.
* Create and analyze error matrix:
- Univariate and multivariate statistical analysis.
Accept or reject previously stated hypothesis.
Distribute results if accuracy is acceptable.
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TM Band 5

Two-dimensional Feature Space Plot

2. Commercial

1. Residential
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3. Wetland

5. Water

TM Band 4

120

Plot of the Charleston, SC,
Landsat TM training statistics
for five classes measured Iin
bands 4 and 5 displayed as
cospectral parallelepipeds.
The upper and lower limit of
each parallelepiped is :10 .
The parallelepipeds are
superimposed on a feature
space plot of bands 4 and 5.
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Using a one-standard deviation threshold (as shown in the figure), a
parallelepiped algorithm decides BV, iIs in class c¢if, and only If:

:uck O-ck — BVle — :uck +O—
where
2,3, ..., m number of classes, and

1,2, 3
1,2,3,...,n, number of bands.

c
K
Therefore, if the low and high decision boundaries are defined as:

Lck = Hy — O

ck

and
Hy =ty + 0y

the parallelepiped algorithm becomes L, < BV”k <H,



H o
ClassR: B, 36.7 4.3
ClassR: B 55.7 10.72
ClassC: B, 548  3.88
ClassC: B 774 11.16
ClasswL:B, 20.2 1.88
ClassWL:B; 28.2 431
ClassF: B, 39.1 511
ClassF: B 355 641
Class W: B, 9.3  0.56
Class W: B: 5.2 0.71



Points aand b are pixels in
the image to be classified.
Pixel ahas a brightness
value of 40 in band 4 and 40
In band 5. Pixel 6 has a
brightness value of 10 in
band 4 and 40 in band 5.
The boxes represent the
parallelepiped decision rule
associated with a £1s
classification. The vectors
(arrows) represent the
distance from aand 6to the
mean of all classes in a
minimum distance to means
classification algorithm.
Refer to the results of
classifying points aand 6
using both classification
techniques.
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Lck<:a<:Hck I—ck<:b<:Hck
Class R: B4 36.7-4.53=31.27 36.7+4.53=41.23
Class R: B5 55.7-10.72=44.98 55.7+10.72=66.42
Class C: B4 54.8 - 3.88=50.92 54.8+ 3.88=58.68
Class C: B5 77.4-11.16=66.24 77.4+11.16=88.56
ClassWL:B4  20.2-1.88=18.32 20.2+ 1.88=22.08
Class WL:B5 28.2- 4.31=23.89 28.2+ 4.31=32.51
Class F: B4 39.1- 5.11=33.99 39.1 + 5.11=44.21
Class F: B5 39.9-6.41=29.0935.5+6.41=41.91
Class W: B4 9.3-0.56=8.74 9.3 + 0.56=9.86 -
Class W: B5 5.2-0.71=4.49 5.2+0.71=5.91

< <XzZzzZzZ2zZzzZz<<
zZz2Z2<LXZz2Z2Z22222

Then pixel abelongs to Forest class
and Pixel b belongs to none of classes
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A The distance used In a
minimum aistance to
means classification
algorithm can take
two forms:

the Euclidean

A B distance based on the
: Pythagorean theorem

and

the “round the block™
0 distance.

! b, . The Euclidean
distance is more
computationally
Intensive.

Euclidean distance Round the block distance

2 2
DB =v X (q-b) Dgp= X 1 (a;-b)

=1 i



Brightness Values in Band 5
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Maximum Likelihood Classification Algorithm
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Probability Density Functions Derived from Multispectral Training Data
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Probability Density

Band 2

Maximum Likelihood Classification

Likelihood of unknown
measurement vector X
belonging to forest
1s greater than the
likelthood of it
belonging to
agriculture:
assign pixel
to forest
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TM image of Tehran (1984) ETM+ image of Tehran (2007)




TM image of Tehran (1984) Classified TM image of Tehran (1984)



ETM+ image of Tehran (2007) Classified ETM+ image of Tehran (2007)



Classified ETM+ image of Tehran (2007)

Classified TM image of Tehran (1984)



