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Abstract
Panama disease has had dramatic impacts for the banana industry. While the effects of
Panama disease have been extensively documented, there are few sources that quantify the damage
caused by the disease. This thesis uses remote sensing as a tool to investigate temporal changes in
banana acreage, as well as the crop status in terms of vegetative cover. The methodology has been
applied for the island of Mindanao (the Philippines). Banana areas are identified on remote sensing
images from several years using a supervised land cover classification. First, changes in banana area
was assessed using an overlay of maps. The crop status in the banana areas was evaluated using the
Normalized Difference Vegetation Index that was calculated for all the banana areas using the
remote sensing images. Results showed a net increase in banana acreage. Despite some fluctuations,
there does not seem to be a downward trend in the vegetative cover in the banana plantations.
However, one cannot be sure whether this is due to Panama disease since other factors, like the
2014-2016 El Niño season, interact.

i

Acknowledgements
I want to thank my supervisor Jetse for helping to keep me on track, and my parents for their
support. Special thanks to Renée and Hylke for their editing skills and listening to all my worries. Also
the bands Vektor and Kreator for making great music to write to.

ii

Contents
1 Introduction
2 Outline on Panama disease
3 Materials & Methods
3.1 Image selection and preprocessing
3.2 Identifying areas of banana
3.3 Assessing the vegetation cover of banana acreage
4 Results
4.1 Selected Landsat images
4.2 Identified banana areas
4.3 Vegetation cover of banana areas
5 Discussion
6 Conclusions
7 References
8 Appendix

iii

1
3
4
4
5
6
7
7
9
13
19
22
23
25

List of Figures
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Banana production in tons in the Philippines from 1980-2013
The island of Mindanao. Study area outlined in white.
A Landsat image showing the largest banana plantation of Mindanao.
Satellite images chosen for analysis.
Example of analysis process for identifying locations and vegetation cover of banana
acreage.
Training samples and classification results for satellite imagery.
Banana acreage between 2001-2016 superimposed over 2015 satellite image.
Areas of banana added and removed between 2001 and 2016 in the northern and
southern clusters of the study area.
Banana vegetation cover for the northern and southern clusters of banana in the study
area.
Differences in banana vegetation cover for adjacent years for the northern and southern
clusters of banana in the study area.
Differences in banana vegetation cover for the northern and southern clusters of banana
between 2016 & 2001 in the study area.
Distributions of NDVI values for banana acreage between 2001 and 2016.
Recorded monthly average rainfall and rainy days and humidity percentages for Davao
City.
Banana vegetation cover in 2001
Banana vegetation cover in 2007
Banana vegetation cover in 2013
Banana vegetation cover in 2015
Banana vegetation cover in 2001
Numerical differences in banana vegetation cover for adjacent years for the northern and
southern clusters of banana in the study area.
Numerical differences in banana vegetation cover for the northern and southern clusters
of banana between 2016 & 2001 in the study area.

1
5
6
9
10
11
12
13
14
16
17
18
21
25
26
27
28
29
30
31

List of Tables
1
2
3
4

Satellite images selected for further analysis.
Mean banana vegetation cover compared to banana acreage & unclouded plantation area
per year of satellite imagery.
Pixel counts for banana NDVI distributions per year of satellite imagery.
World Weather Online (2017) rainfall levels and humidity percentage for Davao City
compared to when the satellite images were taken.

iv

8
18
19
22

1. Introduction
Panama disease has severely affected the banana industry since its discovery in 1890 (Ploetz
1994). The disease is responsible for largely wiping out the Gros Michel cultivar in the 1950s and the
subsequent global shift to the Panama disease-resistant Cavendish cultivar (Ploetz 1994). However,
the switch to Cavendish did not resolve the problem entirely, as a strain of Panama disease (Tropical
Race 4: TR4) that could infect Cavendish bananas was discovered in Southeast Asia in the early 1990s
(Ploetz 2015). Since then, TR4 spread throughout Southeast Asia, Australia and China and was found
locally in Africa and the Middle East (Ploetz 2015). Once again, the viability of a banana cultivar is in
danger of being wiped out, and no proper cultivar substitute has been found yet (Ploetz 1994; Prisco
2016). The threat posed by Panama disease has been documented extensively by news sources
(Leatherdale 2016; Prisco 2016). Part of what makes Panama disease so problematic is that it is
incredibly difficult to control the soil borne diseases (Ploetz and Churchill 2011; Robinson and Galán
Saúco 2010; Stoorvogel Forthcoming 2017). It can remain in the soil for decades, and spreads easily
in soil and water (Ploetz 2015). The disease is also incredibly resilient, allowing for easy infection of
new areas (Ploetz 2015). Currently, the best options for overcoming the disease are breeding a new
banana cultivar resistant to TR4, and quarantining affected areas (Ploetz 1994; Prisco 2016). The
question of whether bananas would become extinct became a widespread urban legend, and was
eventually picked up by various sources based on rumors and misinformation (Mikkelson 2015).
Though alarmist publications on bananas have been around since at least 2003 (Mikkelson
2015), it remains difficult to find figures on the damage caused by Panama disease (Ploetz 2015). For
instance, in the Philippines, banana production has remained constant despite the loss of at least
1,000 hectares by Panama disease on the island of Mindanao in 2011 (Lacorte and Quiros 2011), and
at least $400 million USD in damages (The Indonesian banana). The most likely cause for the
consistence of banana production is the founding of new plantations in areas so far untouched by the
disease. According to Cheshire (2016), over 2,000ha were lost during 2015, or 5.1% of total banana
acreage in Mindanao due to a combination of Panama disease and El Niño.
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Figure 1: Banana production in tons in the Philippines from 1980-2013 (FAOSTAT 2016).
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Currently, it remains difficult to track the damage caused by Panama disease. However,
remote sensing could offer a possible solution, and has been used before in the context of banana
identification, measuring yields, and combating disease (Johansen et al. 2009; Munar-Vivas et al.
2010; Veldkamp et al. 1990). While it is difficult to attribute observed loss of acreage to any specific
factor, it can nevertheless help in examining damaged banana areas. Classification of banana areas is
necessary and can be highly efficient if automated methods are available. This thesis aims to
investigate the following research questions:
- Is it possible to formulate an automated method of classifying banana areas?
- How much banana acreage has been added and lost in Mindanao between 2001 and 2016?
- How has the vegetation cover of banana areas changed in Mindanao between 2001 and
2016?
To aid in answering the research questions, this thesis will use the island of Mindanao, the
Philippines as a study area, and will examine 15 years of satellite imagery.
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2. Outline on Panama disease
Panama disease is a soil borne fungal disease. It is a type of Fusarium wilt and is caused by
the pathogen Fusarium oxysporum (or Foc). Several races of Panama disease exist, of which races 1,
2, and 4 attack edible banana cultivars (Ploetz and Churchill 2011; Robinson and Galán Saúco 2010).
Race 1 and Tropical Race 4 are the most well-known types of Panama disease. Race 1 is responsible
for ending the commercial viability of the Gros Michel banana cultivar in the 1950s. As a result, Gros
Michel was replaced by the Race 1-resistant Cavendish cultivar (Ploetz 1994). TR4 is the race now
responsible for causing widespread devastation to the Cavendish cultivar in Asia (Ploetz and Churchill
2011).
While Panama disease most visually affects the leaves, it usually infects the plant via the
roots (Robinson and Galán Saúco 2010). The disease spreads through the roots and stem and makes
its way to the leaves, and symptoms tend to be appear on older leaves on the plant first (Robinson
and Galán Saúco 2010). The leaves yellow prematurely, generally starting around the margins of the
leaf and spreading to the midrib (Robinson and Galán Saúco 2010). This is followed up by necrotic
patches appearing on the margins of the leaf, and the connection between leaf and stem turning
brown and buckling (Robinson and Galán Saúco 2010). The plant dies as the buckled leaves hang
around it, most often after the plant has flowered (Robinson and Galán Saúco 2010). From a remote
sensing perspective, patches of banana in plantations that reduce the vegetative cover before
reverting entirely into bare soil can be seen as possible evidence that Panama disease has infected
the plantation.
Panama disease spreads most often through infected plant material and surface water runoff
(Robinson and Galán Saúco 2010). Additionally, the pathogen is incredibly hardy. It can stay in the
soil for decades (Ploetz 2015) and is fairly resistant to changes in climate. It can survive for some time
and be spread via contaminated clothing, footwear, and farming tools (Ploetz 2015). Furthermore,
more recent research identifies banana weevils as another possible disease spreading agent (Ploetz
2015). TR4 is believed to have originated in Southeast Asia, but has spread to Australia, China,
Indonesia, Malaysia, the Philippines and Taiwan in the early 2000s (Ploetz 2015). More recently, TR4
has made inroads in the Middle East and Africa, as it was identified locally in Jordan, Lebanon, and
Mozambique (Ploetz 2015; Prisco 2016). It is feared that if TR4 spreads further into Africa, and into
the Americas, it would devastate banana plantations owned by smallholders (Ploetz and Churchill
2011).
Not only does Panama disease easily spread, controlling it proves difficult. The pathogen can
stay in the soil for a very long time, and is nigh impossible to remove (Ploetz 1994). As a result, the
most effective countermeasure is currently quarantine (Ploetz 2015). Research into biocontrol
measures is inconclusive, while fungicides and chemical agents are of questionable effectiveness
(Ploetz 2015). Though avoiding banana monoculture on a small scale could reduce losses, this is not
always ideal (Ploetz 2015). Sterilizing the soil through intense heat, known as rice hull burning in
Indonesia and the Philippines could remove the pathogen from the very top of the soil, but because
the sterilization does not extend deep into the soil, it is a very limited solution (Ploetz 2015).
Developing more banana cultivars more resistant to Panama disease and TR4 is the best long term
solution, but these few cultivars are currently not yet feasible for mass production (Ploetz 2015).
3

3. Materials & Methods
The objective of this study is to find the amount of hectares of banana on Mindanao, discern
their relative health, and verify how many hectares have been lost and replaced as a consequence.
This was tackled by the following three-part procedure: selection and preprocessing of (Landsat)
satellite images, identification of banana areas on these satellite images, and determining the
vegetation cover of these areas. Preprocessing consisted of identifying areas of clouds and their
shadows on the Landsat images, and removing them from the following analysis. Areas of banana
were determined first by identifying them visually on the Landsat images, and then using the visually
identified banana acreage as training areas for an automated classification. The banana areas found
via the classification were then manually delineated by comparing them visually with Google Earth
imagery. Finally, fluctuations in the vegetation cover of the banana areas over the years were
assessed through the use of a vegetation index.

Figure 2: The island of Mindanao. Study area outlined in white.
3.1 Image selection and preprocessing
When selecting satellite images that can be used to examine the changes in banana acreage,
several criteria must be taken into account. The images must be readily available, consistently target
the same area and there should be a large back catalogue of images dating back to at least 2000. For
these reasons, images taken by the Landsat 7 and Landsat 8 satellites were used. Additionally, cloud
cover must be below 10%. As a result of these criteria, five satellite images were used for analysis.
The red, green, blue, and infrared (NIR) bands of these images were used for analysis.
While the images received from Landsat were already mostly preprocessed, clouds and cloud
shadows had to be removed as they would interfere with the vegetation analysis. Fmask, as
introduced by Zhu and Woodcock (2012; 2015) was used to remove clouds and cloud shadows. The
cloud masks produced by Fmask were converted to .tif files and loaded in ArcMap. The cloud masks
were then used to clip the Landsat images so only the parts without clouds or cloud shadows
remained. The red, green, blue and NIR bands were also used to create true and false-color
composites of the area in preparation for the next step.
4

3.2 Identifying areas of banana
Locating areas of banana was essentially done in two steps. First, some areas were identified
manually on the Landsat images. Second, these manually identified areas were used as training
samples for an automatic classification to find other banana areas. The manually identified areas
were found with the help of the compiled true-color composite of the Landsat images.
Banana acreage can be manually identified via satellite images. It can be recognized via
pattern recognizing or a cell-based approach. When viewed from above, bananas appear to be grown
in rows, which are part of rectangular plots. This pattern is reasonably easy to recognize visually. The
cell-based approach is partially based on the fact that banana also grows year round, which means
there are no fluctuations in vegetation cover when banana acreage from different months are
examined. Below is an example of a visually identified banana plantation:

Figure 3: A Landsat image showing the largest banana plantation of Mindanao.
The visually identified banana areas could now be used as training samples to discover other
banana areas in the satellite image. Easily identifiable banana areas such as the one in Figure 3 were
then used as training samples for a Maximum Likelihood Classification, based on their spectral
signatures in the green, red and NIR bands. Maximum Likelihood Classification compares the spectral
signatures of the training samples with those of the entire satellite image, and classifies the image
into categories depending on how close the signatures match with the category. Training samples of
the visually identified banana acreage were taken using the false-color composites of the Landsat
images. In each image, training samples were also taken for miscellaneous vegetation (to further
differentiate it from banana vegetation) and bare soil. Each image was then subject to a Maximum
Likelihood supervised classification. Spectral signatures that diverged more than 1% from the training
samples were not used for the classification.
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Using the results of the Maximum Likelihood Classification, the identified banana areas then
had their borders manually delineated. These delineated borders were used to create polygons
representing the areas of banana plantations. The plantation polygons created for the 2015 Landsat
image were used as a basis when creating the plantation polygons of the different years. The
plantation polygons of 2015 were compared with the classification results of different years to create
plantation polygons for those years. To check for false positives and negatives in the classification
results, the Landsat images were compared with Google Earth images of that year. The false
negatives (i.e. banana acreage that is not identified as such) were included in the plantation
polygons, whereas the false positives were excluded.
3.3 Assessing the vegetation cover of banana acreage
The health of the banana acreage can be assessed by Vegetation Indices. Because Landsat
images have a 30-meter pixel resolution, it is impractical to assess vegetation via Leaf Area Index.
Instead, it is possible to use vegetation index such as the Normalized Difference Vegetation Index
(NDVI) to examine mean differences in vegetation cover between different years. In this case, areas
within banana acreage that have NDVI values akin to bare soil could be interpreted as being
destroyed or quarantined due to Panama disease or other illnesses. As such, an NDVI was calculated
for each Landsat image using the following formula:
(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑑𝑑 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑅𝑅𝑅𝑅𝑅𝑅 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) × 100
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑅𝑅𝑅𝑅𝑅𝑅 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏)

The vegetation index results were then clipped to the polygons representing the banana
acreage. To aid in assessment, the area of the plantation polygon for that year was compared to the
area within that had NDVI values (i.e. not an area covered by clouds or cloud shadows). This helps
assess how much of the discovered banana areas were covered by clouds and cloud shadows, and as
a result how accurately the mean NDVI values represent the banana areas for each year. Finally, the
distribution of the NDVI values found for bananas for each year of Landsat imagery was also
compared.
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4. Results
Remote sensing is a possible method to investigate damage to banana areas by agents such
as Panama disease. Damage to banana areas can be viewed by examining the area of banana
plantations added and lost over time, and by viewing the change of their vegetation cover over time.
Hence, the results section has been split into three parts. The first section details the satellite images
selected for the analysis. The second section details the locations of banana areas. The third section
details the vegetation cover of banana and their change between 2001 and 2016.
4.1 Selected Landsat images
While Landsat has a substantial database of collected imagery, only a select few were worth
using for identification of areas of banana due to their cloud cover levels. The following satellite
images were selected from the Landsat database, and used for all further analyses:
Table 1: Satellite images selected for further analysis.
Year Date
Cloud Cover Metadata (%) Calculated Cloud & Cloud Shadow (%)
2001 22 May
10%
17%
2007 5 April
7%
18%
2013 20 March 6%
11%
2015 19 March 9%
22%
2016 8 January 8%
14%

Satellite
Landsat 7
Landsat 7
Landsat 7
Landsat 8
Landsat 7

For Table 1, the Cloud Cover Metadata percentage refers to the cloud cover percentage
displayed in the metadata for the corresponding Landsat image. The Calculated Cloud & Cloud
Shadow percentage refers to the amount of cloud and cloud shadow that was identified by Fmask
analysis.
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Figure 4: Satellite images chosen for analysis. Top: 2001, 2007 (left, right). Center: 2013, 2015 (left,
right). Bottom: 2016.
Note the no-data stripes that exist in the images for 2007, 2013, and 2016. These lines exist due to
the failure of the Landsat 7 satellite’s Scan Line Corrector.
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4.2 Identified banana areas
To prepare for analysis, the selected satellite images had clouds and cloud shadows removed
from their images. Next, training samples for banana acreage, bare soil, and miscellaneous
vegetation were drawn for each year of Landsat imagery. These training samples were used in a
supervised classification to identify banana areas on each image. Below is an example of the analysis
process:

Figure 5: Example of analysis process for identifying locations and vegetation cover of banana
acreage.
While the main clusters of banana areas mostly overlapped when comparing the
classification results for different years, there is a pronounced salt-and-pepper effect (see Figure 5 &
6). The unreliability caused by the salt-and-pepper effect makes the classified images insufficient for
identifying banana areas.

9

Figure 6: Training samples and classification results for satellite imagery.
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Due to the problems caused by the salt-and-pepper effect, borders for clusters of bananas
were delineated using Google Earth and the classification images. In the image below, all identified
banana clusters between 2001 and 2016 are displayed:

Figure 7: Banana acreage between 2001-2016 superimposed over 2015 satellite image.
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The following images show the locations of the identified banana areas, and which locations
were added and removed since between 2001 and 2016. Note that the areas of banana acreage are
shown in two different frames so as to show a higher resolution.

Figure 8: Areas of banana added (left) and removed (right) between 2001 and 2016 in the northern
and southern clusters of the study area.
While the total banana acreage increased by a significant amount between 2001 and 2016,
there do not seem to be many areas that have become bare or converted into different vegetation.
This would imply that damaged banana acreage is mostly not clustered enough to be visible by
simply delineating borders of banana acreage. This agrees with the hypothesis that extra banana
plantations are being founded to compensate for harvest losses from agents such as Panama disease.
Hence, it is necessary to identify the amount of vegetation cover in the banana areas.
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4.3 Vegetation cover of banana areas
Now that the banana areas are identified, their vegetation cover can be investigated. An
NDVI was calculated for all banana areas.
Note that all NDVI values denoted in this paper have been multiplied by 100 compared to the
usual method. The images below display the NDVI values of the banana areas for each year of
satellite imagery. Note that the areas of banana acreage are shown in two different frames so as to
show a higher resolution. Larger vegetation cover maps for individual years can be found in the
Appendix.

Figure 9: Banana vegetation cover for the northern and southern clusters of banana in the study area.
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Because the NDVI values for areas of banana were calculated for each year, it is possible to
compare the NDVI values of banana for differing years. This was conducted in two different ways.
First, adjacent years had their banana NDVI values compared, and second, the banana vegetation
cover of 2016 was also compared with that of 2001 for an overview. For all cases, the NDVI values of
earlier year were subtracted from the later year. Hence, decreases in vegetation cover show as
negative numbers, and increases in vegetation cover as positive numbers. For the display of this data,
the choice was made to group changes of NDVI into 3 categories: positive change (NDVI changes by
10 to 100), negative change (NDVI changes by -10 to -100), and little change (NDVI changes by -10 to
10). The ‘little change’ category was expanded beyond ‘no change’ to allow for changes in climate
between years. Figures showing the numerical change in NDVI are available in the Appendix.
Note that the areas of banana acreage are shown in two different frames so as to show a higher
resolution. Areas that display a drop in NDVI between years and remain constant afterwards can be
considered as likely having Panama disease.
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Figure 10: Differences in banana vegetation cover for adjacent years for the northern and southern
clusters of banana in the study area.
Figure 10 shows that while most banana areas stay relatively constant in vegetation cover,
there are still sufficient clusters where a sizeable decrease in vegetation cover can be detected. That
said, there are notable instances where the vegetation seems to be improving again. Not only does
there seem to be a surprising increase in vegetation cover for large sections of banana between 2013
15

and 2015, one of the plantations in the southern cluster also has a sizeable vegetation cover increase
between 2007 and 2013. When regarding the difference between 2016 and 2001, a more mixed
picture emerges:

Figure 11: Differences in banana vegetation cover for the northern and southern clusters of banana
between 2016 & 2001 in the study area.
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When examining Figure 11, it becomes apparent that the surprise increase of banana NDVI in
2015 was no measurement error. While most of the vegetation cover increases witnessed in 2015
have been tempered, some still remain. Furthermore, some vegetation cover decreases that are
apparent between 2016 and 2015 are also visible between 2016 and 2001. Both examples can be
witnessed within the southernmost banana cluster of Figure 11.
Furthermore, the mean NDVI value for all banana areas for each year of satellite imagery was
calculated to offer a representative view of banana vegetation cover for each year, discounting area
covered by clouds. The plantation polygons were used to calculate the area of the banana acreage
for each year. Those figures are not affected by cloud cover. Lastly, the percentage of banana
acreage not covered by clouds was also calculated. This calculation serves as an accuracy indicator
for the mean NDVI values for each year.
Table 2: Mean NDVI
satellite imagery.
Year Mean NDVI
2001 35
2007 28
2013 27
2015 39
2016 35

values compared to banana acreage & unclouded plantation area per year of
Banana acreage (ha)
31,649
37,008
38,546
39,273
39,273

Banana area not covered by cloud or shadow (%)
98%
62%
82%
95%
82%

Table 2 confirms several observations witnessed before. As seen in Figure 10, vegetation
cover decreases steadily between 2001 and 2013, before a sudden spike in banana NDVI values in
2015 that is mostly smoothed out in 2016. As with Figure 8, the amount of banana acreage lost
between years does not compare with the amount that has been added through the years, and the
net change in banana acreage between years has never been negative.
Finally, the distribution of banana NDVI values was examined. The banana NDVI distributions
for each year were also compared, as seen below:
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Figure 12: Distributions of NDVI values for banana acreage between 2001 and 2016.
As seen in Figure 12, most years show a comparatively lower and more spread out peak. For
2007 and 2013, both years with a lower mean NDVI value, not only is the peak located at a lower
NDVI value, but the slopes of their distributions are distinctly unequal. For 2007 and 2013, the left
side of the distribution (i.e. lower NDVI values) encompasses a larger range compared to its right
side. Furthermore, not only do 2001 and 2016 both have 34 as a mean banana NDVI value, their
distributions are remarkably similar. However, the distribution for 2015 is considerably different to
the rest. The peak of the banana NDVI distribution for 2015 is not only significantly higher, but its
slopes have a much smaller range than the other distributions. Hence, the banana NDVI values for
2015 seem to clustered together far more closely when compared to other years.
Table 3: Pixel counts for banana NDVI distributions per year of satellite imagery.
Year
Count
2001 345,450
2007 256,550
2013 349,256
2015 416,337
2016 359,717
For the most part, the pixel counts in Table 3 reflect how much banana acreage was not
covered by clouds or cloud shadows (see Table 2). For instance, the high pixel count available for
2015 is caused not only because 39,273 hectares of banana acreage was witnessed that year, but
95% of the banana area was not covered by cloud or cloud shadows. While the higher pixel count in
2015 helps explain why the distribution of banana NDVI values for that year is so different, it is only
part of the answer.
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5. Discussion
Though areas of banana were effectively classified via remote sensing, there were some
drawbacks. One major drawback is that identification of banana areas via the supervised
classification showed a salt-and-pepper effect in large sections of the map. Considering that banana
plantations tend to have clearly defined borders, this is quite surprising, and counterproductive to
the results. The salt-and-pepper effect from the classification analyses makes it infeasible to move to
fully automated classification. There are several possible reasons as to why this occurs. The first
possibility is that the areas with the salt-and-pepper were roughly equal in characteristics matching
those of banana areas and miscellaneous vegetation. The second possibility is that these are wild
bananas that don’t group together at the same scale as the agricultural plantations. To eliminate the
problem of the salt-and-pepper effect, it became necessary to delineate the borders of identified
banana acreage. A different method of eliminating the salt-and-pepper effect would be to use an
automated method of identifying sufficient clusters of identified bananas. However, these were not
attempted in this paper and have their own advantages and disadvantages.
While Landsat images were used for all analyses, Google Earth was used a tool to check for
false positives and negatives resulting from the supervised classification. While the easy availability
and high resolution of imagery make Google Earth useful, it has some drawbacks. While Google Earth
does offer historical imagery, both their availability and resolution generally decrease the further
back one goes. Hence, it was sometimes necessary to use lower-resolution imagery or imagery of
similar yet not identical years to when checking for false positives and negatives.
Although supervised classification was a useful automated technique for identifying banana
plantations, its ability to detect false negatives is somewhat problematic. Banana areas that are
sufficiently ravaged by Panama disease may not be identified as banana but as bare soil instead. In
this case, the only contingency that the supervised classification provides is by checking if any areas
that once identified as banana are now bare soil. However, few of these areas were found when
comparing classification results of different years. Finally, an attempt was made to use homogeneous
training samples, so that banana, bare soil, and miscellaneous vegetation areas can be strongly
identified. However, this can make it difficult to identify locations that are so ravaged by Panama
disease that they can equally likely show up as banana or bare soil.
In this paper, two identifiers have been used in investigating crop loss due to factors such as
Panama disease. The first identifier is simple conversion or destruction of banana plantations, while
the second is a reduction in vegetation due to factors such as illness or quarantine. Surprisingly,
when viewing the results, neither identifier seems to visibly impact banana acreage. According to
Table 2, net banana acreage has increased since 2001, though the rate of net added banana acreage
seems to have slowed down. According to Table 2, while on average the vegetation cover of the
banana areas has decreased between 2001 and 2013, it spikes to a maximum in 2015 while in 2016
the mean vegetation cover is roughly equal to that of 2001. However, there exist some possible
explanations for these contradictory results.
The first explanation relates to the study area. The study area (including the water of Davao
Gulf) is approximately 31,270 km2, compared to Mindanao’s area of 104,530 km2. As such, the study
19

area encompasses less than one third of Mindanao. It is possible that the banana plantations most
heavily affected by factors such as Panama disease were not included in this study area. This is
reinforced by the amount and variety in banana areas. While little can be done to stop a disease as
virulent as Panama disease, each banana plantation has differing amounts of resources available to
quarantine and combat diseases such as Panama disease, and effectiveness of quarantine measures
can determine how widespread an agent such as Panama disease is throughout a plantation.
The second explanation relates to the distribution of NDVI values. If one regards the map
showing the difference in vegetation cover between 2001 and 2016, the largest plantation shows
what is mostly a decrease in vegetation cover while there are multiple spikes showing a massive
increase in vegetation. If this is also the case for other years, it could mean that these spikes skew the
results at showing there is much less vegetation being lost than there is. As such, it may also be
important to compare the area of vegetation lost and gained.
Finally, the change in vegetation cover between 2013 and 2015, as well as 2015 and 2016 is
strange. It is as if the vegetation cover spiked for that year, despite there being little reason to.
Considering that the 2013 and 2015 images were taken the same time of year, as well as the fact that
banana plants are green all year round does not provide a plausible explanation. The 2015 image is
the only one that used data derived from the Landsat 8 satellite, but it is unsatisfactory that this is
the only reason why this perceived vegetation spike exists. However, climate and moisture level data
may provide an explanation.

Figure 13: Recorded monthly average rainfall and rainy days (left) and humidity percentages (right)
for Davao City (World Weather Online 2017).
According to Figure 13, there was a sharp drop in rainfall after December 2014, along with a
noticeable drop in atmospheric moisture. The delay in the Philippine rainy season is due to the 20142016 El Niño season (de la Cruz 2014). As a result of the drought, 2,931 hectares of banana were
damaged (Ranada 2015). However, considering the still low rainfall and humidity levels in 2016, it
may mean that the banana plantations have not yet fully recovered. As such, the interference of El
Niño makes it difficult to accurately compare the vegetation cover of 2015 and 2016 with those of
2001-2013. Note that the dataset from World Weather Online only goes back to January 2009, which
means that climate information is unavailable for 2001 and 2007.
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Table 4: World Weather Online (2017) rainfall levels and humidity percentage for Davao City
compared to when the satellite images were taken.
Year
Date
Rain (mm) Humidity (%)
2013 20 March 166
82
2015 19 March 13
70
2016 8 January 5
72
Judging from the data from World Weather Online (2017), the images for 2013, 2015, and
2016 were taken during months with little rainfall (compare Table 4 with the maximum rainfall of
538 mm during September 2010). This makes sense, because less rainfall implies that there are less
clouds which obscure the satellite image. However, with less rain, there is less moisture available for
the banana plant, which may adversely affect the vegetation index values of the banana plant,
despite the use of irrigation. Similarly, some of the satellite images could have been taken while
banana plants were replanted or harvested, which can also adversely affect vegetation cover
measurements.
One other study that deals with the identification of banana plantations was conducted by
Johansen et al. (2009). Johansen et al. (2009) used data acquired from the SPOT-5 satellite and a
digital elevation model to map an area in northwest Australia. To identify banana clusters, the
authors used object-oriented classification, making use of a process tree. The process tree would
attempt to classify land cover as one of the land types (water, rainforest, rangelands, and cultivated
lands, with the leftovers referred to as unclassified) (Johansen et al. 2009). The results of the process
tree were compared to their own manual delineation of banana clusters. While their conclusion
showed that object-oriented classification is a potent technique for identifying banana clusters, there
are some shortcomings which make the technique less ideal for this study. For instance, Johansen et
al. (2009) used the SPOT-5 satellite for data. While SPOT-5 does have a superior resolution of 2.510m depending on the mode used (compared to Landsat 7 and 8’s 30m), SPOT imagery covers a
smaller area than Landsat imagery and is less available. Furthermore, the authors note that without a
high resolution such as 2.5m captured close to nadir, it is difficult to apply their object-oriented
classification method (Johansen et al. 2009). Additionally, fallow, young, and damaged banana plants
were difficult to identify with object-oriented classification (Johansen et al. 2009), which makes it
impractical when investigating damage by agents such as Panama disease.
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6. Conclusions
Panama disease remains a major problem for banana farmers in Asia and the banana
industry at large. While the effect of the disease has been extensively documented, there are few
sources which quantify the damage caused by the disease. As such, this thesis aimed to examine
ways in which the evolution of banana acreage can be tracked, using the Philippine island of
Mindanao as a study area. This was conducted by examining both the amount of banana acreage
added and lost, and the vegetation cover of the banana areas. To achieve this, banana and nonbanana areas were differentiated from each other via a supervised classification. The classification
was used as a basis to manually delineate the extent of the banana clusters. Using the delineated
banana areas, their vegetation cover could then be assessed and compared with each other.
While it is possible to map the locations and evolution of banana areas over time,
cataloguing the damage caused by Panama disease remains difficult. Currently, results found for
Mindanao do not seem to show a significant decrease in banana acreage. Instead there seems to be
a net increase in banana acreage. While this does agree with the hypothesis that new plantations are
being founded to replace those that are too damaged, the area encompassed by banana clusters
does not sufficiently show the effect of Panama disease. When examining the differences in
vegetation cover within the banana clusters, there do not seem to be a significant changes in
vegetation cover, despite some fluctuations. Furthermore, it is difficult to quantify the effect that the
El Niño season of 2014-2016 had on the results. It is also important to make sure the satellite
imagery remains consistent with each other.
Still, promising options are available to further refine the automated classification of banana
acreage. Object-oriented classification may prove useful if it is possible to apply the method to lower
resolutions and larger scales. Another possibility is to construct a method that can identify
sufficiently large clusters of banana, which will reduce the need for manual delineation. Both options
are feasible stepping stones when working towards a fully automated classification system for
bananas.
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8. Appendix

Figure 14: Banana vegetation cover in 2001.
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Figure 15: Banana vegetation cover in 2007.
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Figure 16: Banana vegetation cover in 2013.
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Figure 17: Banana vegetation cover in 2015.
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Figure 18: Banana vegetation cover in 2016.

29

Figure 19: Numerical differences in banana vegetation cover for adjacent years for the northern and
southern clusters of banana in the study area.
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Figure 20: Numerical differences in banana vegetation cover for the northern and southern clusters
of banana between 2016 & 2001 in the study area.
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