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ABSTRACT

On August 29, 2005, Hurricane Katrina made landfall as a category three storm in southeast
Louisiana, with maximum wind speeds of 110 knots. This study analyzes Landsat imagery from
three distinct time-periods over Southeast Louisiana. One from 2003, prior to the hurricane;
another from 2005, shortly after the hurricane; and finally from 2020, 15 years after the hurricane
devastated the area. This study used a random forest (RF) land cover classification (LCC)
methodology within Google Earth Engine (GEE) in order to assess changes in land cover as well
as recovery. Additionally, this study uses Normalized Difference Vegetation Index (NDVI) to
assess changes in vegetation health throughout the three time-periods. These land cover change
detection metrics indicate a loss of wetlands, and NDVI indicates a drastic decrease in vegetation
health from 2003 to 2005. From 2003 to 2020, there is a notable decrease in NDVI and a
continued loss of wetland area since Hurricane Katrina. This is an urgent matter due to the
devastating effect this vegetation loss has on local ecology, including the many threatened and
endangered wildlife and marine species that call this area home.

Additional Index Words: NDVI, Wetlands, Random Forest, Google Earth Engine
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I. INTRODUCTION

Hurricane Katrina is one of the most catastrophic natural disasters in all United States history
[Knabb et al., 2005]. On August 29, 2005, Hurricane Katrina made landfall as a category three
storm in southeast Louisiana, with maximum wind speeds of 110 knots [NCDC, 2005]. This makes
Hurricane Katrina a major hurricane according to the Saffir-Simpson Hurricane Wind Scale.
Although the hurricane weakened to a Category 3 prior to landfall, it still carried with it much of
the storm surge it had built as a Category 5 in the Gulf of Mexico, with inundation reaching 30
feetin some areas [NCDC, 2005]. The estimated cost of damage from the hurricane is $125 billion
dollars [NCDC, 2005]. Tropical cyclones, “are one of the most common natural drivers of coastal
disturbance and widespread morphological change,” and major hurricanes like Hurricane Katrina,
“cause the most observable wetland loss” [Morton and Barras, 2011]. False color composite
images from October 4, 2003 and October 25, 2005 help to visualize the obvious changes to the
wetland composition in the area (Figure 1). This false color composite uses the near infrared band
displayed with the red image plane so that healthy vegetation appears red. The image on the left
is from October 4, 2003, prior to hurricane landfall, and the image on the right is from October
25, 2005, two months after hurricane landfall. There is a significant reduction of redness in the
image captured after landfall, and increased area of water, indicating decreased vegetation

health or total loss of vegetation.

Figure 1. Before and after false color composite Landsat images: October 4, 2003 (left) and
October 25, 2005 (right).

Wetlands have high levels of biodiversity and are a major source of carbon sequestration [Wright
& Gallant, 2007]. The Mississippi River delta specifically is a home for numerous endangered and
threatened animal species, [www.nwf.org]. Wetlands are not only important for biodiversity and
carbon sequestration but are also valuable for reducing the damaging effects of hurricanes on
coastal communities [Costanza et al., 2008].
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Hurricane Katrina moved directly north over the Mississippi River Delta region, putting much of
the wetland area in the most intense part of the eye wall, the northern section (Figure 2). One
study puts the value of the storm protection lost from Hurricane Katrina’s wetland destruction
at USD 1.1 billion [Costanza et al., 2008]. For this reason, it is important to study the rebound of
the coastal wetlands that were lost due to Hurricane Katrina, and to explore ways to decrease

hurricane impacts on coastal communities.

Figure 2. Map of study area, imagery coverage, and Hurricane Katrina track through the AOI.

In previous research, assessments of Hurricane Katrina land cover changes use multiple
methodologies [Rodgers et al., 2009; Reif et al., 2011; Evans et al., 2012]. One article examined
NDVI changes from Hurricane Katrina, assessing rebound over one year, within the Weeks Bay
Reserve in Alabama [Rodgers et al., 2009]. Rodgers’ analysis proved that the Normalized
Difference Vegetation Index (NDVI) is an important tool for change detection, and this study
replicates portions of that methodology. Another study used hyperspectral imagery and LIDAR
data to analyze land cover changes over a three-year period after Hurricane Katrina’s landfall,
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[Reif et al., 2011]. Of note, the Reif study did not use data prior to Hurricane Katrina’s landfall as
a control for the change analysis. Another study utilized 3-band Landsat derived imagery to
perform unsupervised (ISODATA) land cover classification (LCC) along the Mississippi Gulf Coast
[Evans et al., 2012]. Evans’ analysis focused on imagery prior to Hurricane Katrina (2005)
compared to imagery soon after Hurricane Katrina (2006) and performed simple change
detection as a percentage of land area.

Hurricane Katrina is a representative event that defines morphological changes to vegetation and
land cover that occurs because of traumatic natural disasters. Additionally, due to the time that
has elapsed since the disaster occurred, further analysis will assess recovery.

1. Objectives

After a thorough review of existing literature, no published analysis combines land cover
classification (LCC) and NDVI to quantify and qualify land cover rebound after 15 years of Katrina’s
landfall. The goal of this paper is to accomplish this analysis. This study uses Landsat 5 and
Landsat 8 surface reflectance tier one scenes from southeastern Louisiana to create multi-
temporal NDVI, which will assist in highly accurate LCC maps, created within Google Earth Engine
(GEE). This analysis employs these methodologies as a means of classifying and quantifying
vegetation changes. Put simply, this paper aims to answer the questions:

e How did Hurricane Katrina change the landscape of southeastern Louisiana?
e How has the landscape recovered now that 15 years have passed since the disaster?

Il. METHODS

The analysis began by gathering imagery in GEE for three time-periods: prior to hurricane landfall,
immediately after hurricane landfall, and 15 years after hurricane landfall [Gorelick et al., 2017].
This allows for a multi-temporal approach, assessing immediate damage, as well as rebound of
the wetland ecosystem. JavaScript coding, in Google Earth Engine (GEE), reduced the Landsat
image using a cloud sort method to select the least cloudy image for each time-period (Table 1).

Table 1. Imagery dates and satellite sensors.

LS1 Landsat 5 TM 30 meters 10/04/2003
LS2 Landsat 5 TM 30 meters 10/25/2005
LS3 Landsat 8 OLI 30 meters 10/02/2020

Each full resolution Landsat image covered the full extent of the AOI (Figure 2). Time-period one
and time-period two images (LS1 and LS2) are from the Landsat 5 thematic mapper satellite
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sensor, and time-period three (LS3) is from the Landsat 8 Operational Land Imager. The near
infrared band is especially important in this study due to the value it provides with regard to
vegetation health and biomass studies. Although the spectral, spatial and radiometric properties
of different Landsat sensors are very similar, there are small differences that can have significant
impacts on results. The band with the greatest root mean square deviation (RMSD) in surface
reflectance between the two satellites is the NIR band (Figure 3) [Roy et al., 2016].
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Figure 3. United States Geological Survey graph of spectral response for Landsat sensors. The red
box indicates the wavelengths captured by the near infrared band.

For this reason, it is important to employ harmonization techniques. Harmonization is a spectral
transformation function that standardizes the pixel spectral response, thereby minimizing the
constraints of different spectral, spatial and radiometric properties, so that images from different
sensors can be accurately compared [Roy et al., 2016]. JavaScript coding within GEE applies
established radiometric calibration coefficients to each image. This achieves the necessary
harmonization for accurate comparative analysis [Chander et al., 2009].

NDVI data reliably quantifies vegetation change, biomass and leaf area index, with success in
many coastal environments, [Rodgers et al., 2009]. The NDVI was calculated with the equation
NDVI = (NIR — Red)/(NIR + Red) where near infrared (NIR) is the near infrared TM band 4 or OLI
band 5, and Red is the visible red TM band 3 or OLI band 4, [Dong et al., 2014], [Markogianni et
al., 2013]. The NIR band corresponds to the long wavelength shoulder of the chlorophyll red-
edge, and the red band corresponds to the wavelengths with the maximum chlorophyll
absorption, [Jensen, 2005]. This means that high NDVI values are indicative of denser live green
vegetation.
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Further analysis was needed in order to quantify the change that had taken place. In order to
accomplish this it was necessary to change the image from floating point to integer by utilizing
the equation ((NDVI*0.5)+0.5)*100. This changed the values so that the image no longer ranged
from -1 to 1 but instead from 0 to 100. It is necessary to have all positive values so that proper
raster subtraction can take place. The resulting images were then subtracted using formula
ANDVI=NDVI>-NDVIi, where NDVI; is the most recent date, and NDVI; is the earlier date, in order
to assess the multi-temporal changes in NDVI, [Mancino et al., 2014]. The resulting layers have
positive values corresponding to increases in NDVI, and negative values corresponding to
decrease in NDVI.

The supervised classification methodology chosen for this study is Random Forest (RF)
Classification. Through iterative analysis on the training dataset of target classes, the RF
supervised classification method has often proven successful, particularly for wetland and
mangrove classification [Tian et al, 2016]. Additionally, research finds that RF classifiers
outperform other methods such as decision tree, classification and regression tree, maximum
likelihood and support vector machine, [Na et al., 2010; Rodriguez-Galiano et al., 2012; Tian et
al., 2016; Wang et al., 2019].

The fusion of remote sensing data, such as medium resolution Landsat imagery, band ratios such
as NDVI, and supervised LCC methods such as RF, combine to result in improved classification
accuracy, [Jia et al., 2014].

The analyst trained the RF classifier in GEE for each time-period, and completed multiple
classification iterations until the results met visual satisfaction. Next, the analyst downloaded the
results locally and imported into ArcGIS Pro for a thorough accuracy assessment. A combination
approach using stratified random and equalized stratified random assessment points ensured an
appropriate point spread throughout the dataset while maintaining a minimum number of 50
points per class [Ramezan, Warner & Maxwell, 2019]. The analyst assessed each point by viewing
the Landsat imagery and recording the class at each point without view of the LCC. This ensured
there was no bias in the ground truth field. ArcGIS Pro tools computed the confusion matrix for
each time-period (Tables 2-4).

The error matrix has been standard practice for measuring the accuracy of Landsat imagery
derived maps since the 1980s [Congalton, 2001]. The Kappa coefficient is a measure of statistical
significance that answers the question of whether a map is significantly better than random
chance [Congalton, 2001]. Kappa values better than 0.80 represent strong agreement
[Congalton, 2001].
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2003 Confusion Matrix

Class Name Wetlands Othe': Rish Doty Water Bare Earth Low/_Med'um Total User Accuracy Ka;.)p.a
Vegetation Urban Density Urban Coefficient
Wetlands 238 8 0 6 2 4 258 0.922481 0
Other 13 93 1 0 0 0 107 0.869159 0
Vegetation
High Density 0 0 60 0 0 0 60 1 0
Urban
Water 1 0 0 352 0 0 353 0.997167 0
Bare Earth 2 1 1 1 42 13 60 0.7 0
Low/Medium 3 3 2 0 1 61 70 0.871429 0
Density Urban
Total 257 105 64 359 45 78 908 0 0
LCENTED 0.92607 0.885714 0.9375 0.980501 0.933333 0.782051 0 0.931718 0
Accuracy
e 0 0 0 0 0 0 0 0 0.907438
Coefficient

Table 2. Accuracy assessment confusion matrix, 2003

In the 2003 imagery, some classes performed better than others, but the overall accuracy was
still a high 93%, and the Kappa coefficient was just over 90%.

2005 Confusion Matrix

Other High Density Low/Medium Kappa
Wetlands Vegetation Urban Water Bare Earth Density Urban Total User Accuracy Coefficient
Wetlands 233 9 0 10 4 5 261 0.89272 0
Other 17 68 0 0 1 1 87 0.781609 0
Vegetation
High Density 0 0 52 1 2 5 60 0.866667 0
Urban
Water 1 0 0 364 0 0 365 0.99726 0
Bare Earth 4 3 1 1 55 3 67 0.820896 0
Low/Medium
————— 3 5 0 0 10 46 64 0.71875 0
Total 258 85 53 376 72 60 904 0 0
LCENTED 0.903101 0.8 0.981132 0.968085 0.763889 0.766667 0 0.904867 0
Accuracy
Kappa 0 0 0 0 0 0 0 0 0.868985
Coefficient
Table 3. Accuracy assessment confusion matrix, 2005
Alicia Williams The Pennsylvania State University July 27, 2021
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The imagery from 2005 had some minor cloudiness that did affect the classifier performance. Still
the overall accuracy was a reasonable 90% and the kappa coefficient was nearly 87%. This is a
more than satisfactory classification result [Congalton, 2001].

2020 Confusion Matrix

Class Name Wetlands Othef High Density Water Bare Earth Low/_Med'um Total User Accuracy Ka;.:p'a
Vegetation Urban Density Urban Coefficient
Wetlands 222 5 0 3 6 2 238 0.932773 0
Other 23 79 0 0 1 1 104 0.759615 0
Vegetation
High Density 0 0 54 1 0 5 60 0.9 0
Urban
Water 1 0 0 375 0 0 376 0.99734 0
Bare Earth 4 3 5 5 39 4 60 0.65 0
Low/Medium
Dansity Urban 0 7 3 0 4 57 71 0.802817 0
Total 250 94 62 384 50 69 909 0 0
Producer 0.888 0.840426 0.870968 0.976563 0.78 0.826087 0 0.908691 0
Accuracy
Kappa 0 0 0 0 0 0 0 0 0.874465
Coefficient

Table 4. Accuracy assessment confusion matrix, 2020

In 2020 imagery, the overall accuracy was again a satisfactory 90% and the kappa coefficient was
just over 87%. The classifier did struggle to achieve these results due to the sun glint in the image,
and required multiple iterations to achieve these results.

Once the LCC outputs met accuracy standards, as confirmed by the accuracy assessment metrics,
the change detection process continued within GEE. Changes were assessed between LCC
outputs from time-period one (LCC1) and time-period two (LCC2), between LCC2 and time-period
three (LCC3), and finally between LCC1 and LCC3 (Figure 3).

Change
Ls1 Detection

) ) . Accuracy Change
LS2 Clip ~ Harmonize Classification Detection

Assessment

Change

LS3 Detection
Key = Intermediate Output
= Imagery Input = Intermediate Task
= Task Dark Green = Final Output

Figure 3. Change detection workflow diagram
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Ill. RESULTS
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Figure 4. False color satellite imagery and LCC maps from time-period one (2003).
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Figure 5. False color satellite imagery and LCC maps from time-period two (2005).

Alicia Williams The Pennsylvania State University July 27, 2021
Anw220@psu.edu Page | 11



mailto:Anw220@psu.edu

Hurricane Katrina: A Land Cover Change Detection Analysis Spanning 15 Years

I wetianas [ water ’X
- Other Vegetation \:l Bare Earth N

25

0
- High Density Urban - Low/Medium Density Urban Riomaters

Figure 6. False color satellite imagery and LCC maps from time-period three (2020).

Alicia Williams The Pennsylvania State University July 27, 2021
Anw220@psu.edu Page | 12



mailto:Anw220@psu.edu

Hurricane Katrina: A Land Cover Change Detection Analysis Spanning 15 Years

Figure 7. NDVI, 2003

Very healthy vegetation (darker greens) is apparent in the suburban areas south of Lake
Pontchartrain as well as in the dense wetland areas of eastern Plaguemines Parish.
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Figure 8. NDVI, 2005

After Hurricane Katrina passed through the area, the previously healthy vegetation turned to
either unhealthy or even non-existent vegetation, indicated by the more neutral to brown colors.
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Figure 9. NDVI, 2020

The greenness, related to vegetation occurrence, increased in the boxed areas indicating a return
of healthy vegetation. Still, it is visually apparent that the full extent of healthy wetlands has not
returned.
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Figure 10. NDVI Change, 2003 to 2005

From 2003 to 2005, the NDVI change detection results showed the expected drastic reduction in
NDVI over a large part of the AOI. This decrease is most notable in the dense wetlands found
toward the center of the AOI. It is also interesting to note the decrease of NDVI in the dense
urban and suburban areas south of Lake Pontchartrain. The storm surge inundation and
subsequent levee breaks caused extreme flooding in this area, inundating homes and destroying
much of the vegetation.
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Figure 11. NDVI Change, 2005 to 2020

From 2005 to 2020, there was an increase in NDVI in the wetland areas of northeast Plaguemines
parish as well as noticeable increase within the urban and suburban areas along the south shore
of Lake Pontchartrain. Some areas of previously destroyed vegetation regrew in the 15 years
following the hurricane, especially along the Mississippi River.
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Figure 12. NDVI Change, 2003 to 2020

Overall, there was a notable decline in NDVI from 2003 to 2020, especially in the dense wetland
areas of northeast Plaguemines parish. Although some areas appear to have recovered to pre-
Katrina levels of vegetation health, a large area of vegetation remains destroyed.
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Figure 13. Top four class changes, 2003 to 2005

Classification 2003 | Classification 2005 Area (Sq. Km.)
Wetlands Water 195.9174
Other Vegetation Wetlands 186.426
Wetlands Other Vegetation 169.5762
Wetlands Bare Earth 94.3821

Table 5: LCC Change, 2003 to 2005

From 2003 to 2005, there was a large loss of wetland area. These areas changed to water, other
vegetation and bare earth. The most significant change was from wetlands to water, with 195
square kilometers of wetland loss.
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Figure 14. Top four class changes, 2005 to 2020

Classification 2005 | Classification 2020 Area (Sg. Km.)
Wetlands Water 295.2738
Wetlands Other Vegetation 215.5707

Other Vegetation Wetlands 149.1561
Water Wetlands 83.4615

Table 6: LCC Change, 2005 to 2020

From 2005 to 2020, wetlands did show a rebound, and the other vegetation and water class
changed to the wetland classification. Once again, the most significant change was from wetlands

to water, with 295 square kilometers of wetland loss.

Alicia Williams
Anw220@psu.edu

The Pennsylvania State University

July 27, 2021


mailto:Anw220@psu.edu

Hurricane Katrina: A Land Cover Change Detection Analysis Spanning 15 Years

e -

Land Cover Classification (LCC) Change Detection
4 Largest Changes by Area: 2003 to 2020

/
-

=3
- Wetlands to Water

i Wetlands to Other Vegetation
:l Other Vegetation to Wetlands

- Water to Wetlands Kilometers

Figure 15. Top four class changes, 2003 to 2020

Classification 2003 | Classification 2020 Area (Sq. Km.)
Wetlands Water 420.4854
Wetlands Other Vegetation 178.8804

Other Vegetation Wetlands 127.8252
Water Wetlands 60.0705

Table 7: LCC Change, 2003 to 2020

From 2003 to 2020, there has been a prominent change. By far the most significant change is
from wetlands to water, with over 420 square kilometers of wetland loss in this time-period. This
indicates that a large area of wetlands that existed 2003 were destroyed, and can likely be
considered a permanent loss.
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IV. DISCUSSION

Decrease in NDVI was especially profound in the urban areas south of Lake Pontchartrain, and in
the wetland areas of northeast Plaquemines parish. The overall result of this research is that
marsh vegetation was lost, most likely due to the catastrophic storm surge and resulting
saltwater inundation from Hurricane Katrina. Increased rip currents, wave action, and wind likely
caused this widespread destruction of an already fragile landscape [Shirley, 2012]. Since 2003,
the results indicate a loss of over 420 square kilometers of wetlands to the water class. This
wetland loss is ongoing, and will be permanently lost without proper mitigation efforts. This
wetland loss is certainly an urgent matter due to the devastating effect on local ecology, including
the many threatened and endangered wildlife and marine species that call this area home. In
addition to the local ecology, mitigation of wetland loss decreases hurricane impacts on coastal
communities since wetlands buffer wind, waves, and surge action.

1. Future Work

This analysis will continue for every year from 2003 through 2020 to trace the exact timing of the
major changes in land cover, and to discover a cause for the continuing wetland loss found in this
analysis. This analysis will include other disasters, such as Hurricane Isaac and the Deep Water
Horizons oil spill, that are likely to have had an impact on the wetlands in the area.
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