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Abstract

Arguably the most popular remote-sensing products are classified images. However, there are no
definitive procedures to assess classification accuracy that simultaneously consider resources available and field
efforts. The explosive usage of unmanned acrial systems (UAS) in land surveys adds new challenges to
classification assessment, as orthorectified images usually contain significant artifacts. This study aims to
identify the optimal ratio between training and validation sample size within a supervised classification
approach applied to UAS orthophotos. As a case study, we used a wetland area west of Portland, OR, USA,
treated with various glyphosate formulations to control Phalaris arundinacea, commonly known as reed canary
grass. A completely randomized design with five replications and six glyphosate formulations was used to assess
P. arundinacea vigor following repeated herbicide applications. The change in P. arundinacea vitality was
monitored with high-resolution four-band imagery acquired with a SlantRange 3PX camera installed on a DJI
Matrice 210. The orthophotos created from images were produced with Pix4D, which was subsequently
preprocessed with ERDAS Imagine 2020 to reduce the noise, shadows, and artifacts. All images were classified
with the maximum likelihood classification algorithm. Simple random and stratified random sampling
methods were applied to collect trainingand validation samples, evaluating eight ratios of training to validation
samples to assess their classification accuracy. We found that increasing the training-to-validation sample size
ratio enhances accuracy, with the 3:1 ratio being the most reliable in classifying P. arundinacea vigor. Our study

provides evidence that image preprocessing and enhancement are essential for UAS-based imagery.
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Introduction

Phalaris arundinacea (reed canary grass) is a cold-seasonal, perennial rhizomatous plant belonging to the
Poaceac grass family (Heath and Barnes, 1985; Paveglio and Kilbride, 2000). P. arundinacea is a significant
threat to wetland ecosystems in the Pacific Northwest region of the United States and is considered an invasive
species due to its aggressive nature and rapid growth. P. arundinacea was introduced to Oregon in 1918 for its
agronomical potential (i.e., pasture forage) and for erosion control. Subsequently, P. arundinacea became
abundant in the Pacific Northwest, commonly in low-elevation wetlands, flood plains, and ditches. Its rapid
growth and spread restrict vegetation diversity and impede ecological restoration efforts.

Controlling P. arundinacea is difficult due to its high vegetative and sexual reproduction capabilities, as
well as its persistent rhizome system. Several methods are available to control P. arundinacea, including
mowing, tilling, grazing, prescribing fire, introducing competitive species, and applying herbicides. However,
most P. arundinacea control methods have proven ineffective except for herbicide treatments. Among the
herbicides available to control P. arundinacea, glyphosate was identified by Adams and Galatowitsch (2006) to
be one of the most effective. Inundation and dense vegetation complicate herbicide treatments (Sanna, 2020);
and public resistance to their use led to a desire to identify the least glyphosate concentration that would
effectively control P. arundinacea. We used remote sensing to evaluate the efficacy of experimental treatments
using different herbicide formulations as it has shown application in forestry and agriculture to map species
distribution and monitor invasive species (Kaskie ez 4/., 2019).

Compared to conventional field survey methods, remote sensing techniques, particularly unmanned
acrial systems (UAS), are more efficient and comprehensive in detecting and monitoring invasive species. One
of the main features of using UAS in vegetation detection is the production of high-resolution orthoimages,
which allows the delineation of small-sized plant species (Wang ez al., 2021). The vast majority of the UAS is
equipped with devices that have limited positioning abilities, namely GPS (i.e., location on Earth's Surface) and
with respect to the ground (i.e., pitch, roll, and yaw). The main procedures to produce orthoimages from photos
captured by sensors installed on UAS are based on structure from motion algorithms (SfM) (Schonberger and
Frahm, 2016; Jiang ez 4l., 2020). However, the UAS-based orthoimages contain many artifacts that directly
result from the combination of the lack of accuracy and precision of the equipment with the algorithm itself.

Remotely sensed products widely used in scientific investigations and decision-making are evaluated
based on their intended use (Stechman and Czaplewski, 1998). Therefore, the assessment of a classified image
became essential (Millard and Richardson, 2015). Various approaches may be employed for accuracy
assessment, ranging from expert knowledge to contingency matrices based on sampling strategies (Lu and
Weng, 2007). Many factors affect the assessment of the classified image (Foody, 2009; Millard and Richardson,
2015), including the size of the training sample (Congalton, 1991; Foody and Mathur, 2004), the number of
classes in the classification (Pal and Mather, 2003 ), the ability of the training data to adequately characterize
the classes being mapped (Foody and Mathur, 2004), and dimensionality of the data (Pal and Mather, 2003).
Moreover, ground reference data play a significant role in supervised image classification (e.g, training), and
they are generally assumed to be error-free, even though it is not necessarily true (Foody ez 4/., 2016). Training
samples are generally acquired from fieldwork or fine spatial-resolution images. The effects of reference data
error on training a supervised classifier are less studied, and growing literature highlights various issues and
concerns associated with reference data on image classification (e.g., Radoux ez a/., 2014; Powell ez al., 2004).

Reference data is separated in two: one set for training and one set for validation. Reference data can be
obtained using different collection strategies (i.c., a single pixel, seeds, or polygon) and sampling designs, which
pose challenges to the classification and would influence classification results (Chen and Stow, 2002). For
example, the variability induced by different sampling designs could cause subsequent issues, the most famous
being unbalanced samples (Foody ez /., 2016). Small reference data errors can lead to large errors when
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assessing the accuracy of maps or producing estimates of class size. Foody ez a/. (2016) found that the estimated
value of ecosystem services for the conterminous USA determined using the National Land Cover Database
(2006) changed by almost 50% (i.c., from $1118 billion/year to $600 billion/year) after adjustment for known
errors.

The core concept of collecting training data is to generate a set of statistics that describe the spectral
response pattern for each landcover type to be classified (Lillesand e 4/., 2015). UAS-based orthophotos are
commonly analyzed using the same methods as aerial or space-borne images. We argue that the similarity in
accuracy assessment starts after the UAS images are preprocessed, which ensures a comparable quality to these
other types of images with respect to their spectral and spatial information. The main objective of the present
study is to identify an appropriate sampling strategy, ie., ratio between training and validation data, for
classifying orthophotos created using StM algorithms.

Materials and Methods

Odur study area is the Jackson Bottom Wetlands Reserve, west Portland, Oregon, USA. This area is a
former agricultural field currently dominated by P. arundinacea, Raphanus raphanistrum (wild radish), and
other herbaceous species. Along the central drainage ditch, a set of 5 plots covering 1,300 m* were randomly
located (Figure 1). To account for the spatial variability within the riparian area, we have replicated the
treatments on five sites with concentrations of 2% glyphosate as the active ingredient (Rodeo), an adjuvant,
modified vegetable oil (Competitor) with the addition of ammonium sulfate as a water conditioner (Kicker).

Esti, HERE, Gannin, FA0

Figure 1. Study area and the treatment plots

UAS image collection and image processing

The UAS images were collected using a multi-rotor DJI Matrice 210 platform equipped with the
multispectral sensor SlantRange 3PX. The sensor records spectral reflectance in four bands (i.e., green, red, red
edge, and near-infrared) with a 2.5 cm spatial resolution. For ground validation, we also acquired true-color
images (i.e., red, green, and blue bands) using a Zenmuse X4S camera, which has a spatial resolution of 1.8 cm.
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To delineate the P. arundinacea, we carried out a two-stage procedure (Jensen, 1996; Lillesand ez a/., 2015), the
first focused on preparing the image for analysis (i.e., preprocessing stage), and the second concentrated on
extracting information from the image (i.c., the processing stage). Because the images captured with the UAS
were not orthorectified, before starting the analysis, we combined them with the SfM algorithm implemented
in the Pix4D software (Pix4D 2017). The orthophotos were preprocessed to climinate artifacts and enhance
the spectral and spatial signatures and finally classified (Figure 2).

NS o g .

Figure 2. Raw images and unprocessed orthophotos were created from the images acquired with the
SlantRange 3PX sensor

We preprocessed and enhanced the UAS-based orthophotos from the SfM algorithms to remove
artifacts and errors by using routines within ERDAS Imagine 2020 (ERDAS IMAGINE Help, 2019). The best
method(s) for image enhancement depend on the user's needs; no predetermined or standard method fits all
situations. We used an 8-step preprocessing approach to create an image deemed suitable for classification. Four
main image enhancement techniques, including Fourier transformation, radiometric, spatial, and spectral
enhancements were applied to increase the amount of information extraction from the raw (unrefined) data
(Figure 3). To improve classification accuracy, we added five spectral indices (Jensen, 1996) to the four-band
images resulting from the preprocessing. These techniques amplify the visual distinctions or segregation among
the features in the scene and improve visual interpretability (Lillesand ez /., 2015).

The initial step for image enhancement is the Fourier Transform (FT) of the raw image, which
decomposes the digital image into its sine and cosine components (Haque and Uddin, 2011). This tool
provides options to reduce striping, noise, and other periodic anomalies associated with raster imagery. Editing
the resulting Fourier image is an interactive process, and there is no specific rule(s) for determining what works
best for the given image. Thus, the image analyst has to manipulate the FT analysis with the tools available in
the Fourier editor to select the best techniques and parameters that perform well (ERDAS IMAGINE Help,
2019).
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Figure 3. Flow diagram deployed for image per-processing and enhancement. Flow chart symbols are
defined according to Hebb (2012)

We sharpened and edge-enhanced the features in the image using a high-pass filter to enervate the low-
frequency components (i.c., bright areas) and pass the high-frequency components (i.c., dark areas); and then a
wedge filter that extends from the center to the outer edge of the FT image to help remove the horizontal and
vertical low-frequency components. Even after performing the FT analysis, the resulting orthomosaic images
contained systematic horizontal banding patterns possibly introduced during the image mosaicing stage; these
were removed by a de-strip algorithm.

To aid in identifying the different vegetation types, a Wallis adaptive filter was used to increase contrast
and improve luminance using a Principle Components transformation (ERDAS IMAGINE Help, 2019;
Noviello ez al., 2013). This filter uses an analyst-specified moving window to scan the raster, stretching the
contrast to alter the distribution of the image digital number values within the 0 - 255 range of the display
device and utilize the full range of values linearly). The result of this procedure is that the clarity between each
landcover type increased, allowing the analyst to demarcate the vegetation types more confidently.

The Crisp filter was used to additionally sharpen the images through convolution with an inverted point
spread function (PSF) kernel. The PSF measures the image's blurring due to the sensor system's characteristics
(ERDAS IMAGINE Help, 2019). This unique filter increases the fine details of the image, such as P.
arundinacea clump edges, without affecting broader-scale features. This option also sharpens the overall
luminance of the image.

Interference of atmospheric effects on image acquisition can limit the dynamic range of imagery and
appear to have haze or reduced contrast. These effects can be reduced by applying a noise-removal filter that
identifies noisy pixels by comparing each pixel with its surrounding pixels. This filter removes noise along edges

in flat areas while preserving the subtle details in an image, such as thin lines (ERDAS IMAGINE Help, 2019).
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Additional spectral enhancement techniques were applied to the multi-band images to generate new
bands which are interpretable to the human eye (i.c., creating indices) through mathematical transformations
and algorithms (ERDAS IMAGINE Help, 2019). These indices enhance or differentiate the landcover features
that cannot be detected in the original color bands while minimizing shadow effects. For this study, we
generated five indices: the Difference Vegetation Index (DVI), Normalized Difference Vegetation Index
(NDVI), Green Normalized Difference Vegetation Index (GNDVI), Improved Modified Chlorophyll
Absorption Ratio Index (MCARI), and Modified Red Edge Simple Ratio Index (MRESR). A nine band-

enhanced ortho-mosaic resulted from the application of these multiple filters and algorithms.

Image classification and accuracy assessment

We identified five land cover classes for image classification to assess the efficacy of the glyphosate
formulations to control P. arundinacea: healthy P. arundinacea (H), unhealthy P. arundinacea (U), ground
(G), other vegetation (V), and shadow (S). Among the rich ecosystem of image classification procedures, we
evaluated several that were parsimonious in terms of training and accuracy sample sizes. Procedures that require
large samples, like most machine learning techniques, inherently preclude a formal assessment of the effort that
should be placed into selecting these samples. We, therefore, focused on a classification approach that best
provides accurate results as a function of training and validation data size. Several trial-and-error tests suggested
that the maximum likelihood algorithm, a supervised classification approach, provided the desired traits. Our
target population was the pixels of the preprocessed orthophoto that represent the five land cover classes.

To evaluate the accuracy of the image classification, Stehman & Czaplewski (1998) described three
essential components: (i) sample design, (ii) response design, and (iii) estimation and analysis protocol. We
considered a set of homogeneous pixels on each land cover class, a polygon, as population elements in the
training stage, with the classified individual pixels considered population elements in the validation stage. We
used in-situ information extracted through photo-interpretation of the high-resolution true-color images to
identify training sample polygons. Given the small number of land cover classes (five) and the homogeneity of
the land within each plot, we randomly distributed each class's training sites throughout each plot to acquire a
set of spatially homogeneous data (Khorram ez al., 2012). To ensure statistical validity (Strimbu, 2014), we
collected 10 polygons for each category to adequately capture the variability in each land cover category without
incurring significant field sample collection effort. This resulted in 50 training polygons (i.c., 10 polygons for
each of the five classes) for each herbicide treatment plot, for a total of 250 polygons.

For validation, which is based on the information acquired during the response design, we considered
individual pixels belonging to each class as the population elements. Previous studies showed that choosing the
sample unit (for validation data) depends on the project objectives, landscape characteristics, and practical
constraints (Seltman, 2015). We selected individual pixels, racher than sets of pixels, as the sample units to cope
with the large-scale landscape features (e.g., P. arundinacea-dominated vegetation) and take advantage of the
high spatial resolution of the orthophoto. To ensure consistency across the training and validation stages of the
classification, we used simple random sampling to select a constant number of pixels from each class. This
method allows stratifying a user-defined number of random points to the distribution of thematic layer classes.
We collected 10 pixels for each land cover class. Because the response design involves collecting information
relevant to the reference land cover, we used high-resolution true-color images and in-sizz (field) collected
photographs to validate the selected pixels. We chose this approach for validation because of the reduced size
of each individual to be classified (e.g., leaves or flowers) and because previous studies by Janssen and Vanderwel
(1994) and Franklin ez 4/. (1991) showed that individual pixels are more appropriate for a pixel-based
classification approach.

We assessed the quality of the classification by constructing a confusion matrix from which we
computed the user (Eq. 1) and producer (Eq. 2) accuracy for cach class, as well as the overall accuracy (Eq. 3),
and Cohen's Kappa coefficient (Eq. 4). Producer accuracy is the probability that a value in a given class was
classified correctly, whereas user accuracy is the probability that a value predicted to be in a particular class really
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is that class. The Kappa coefficient measures the agreement between classification and truth values. For
example, a Kappa coefficient of 1 represents a perfect agreement, while a value of 0 represents no agreement

(Foody, 2002).

Number of correctly classified pixels in each category 1

User Accuracy =
Y Total number of pixes in that catagory

Number of correctly classified pixels in each category 2

Producer Accuracy =
Y = Total number of training set pixels of that catagory

Total number of correclty classifed pixels 3

0 LA =
verai Accuracy Total number of reference pixels

NZi=1 mii =Y, (Gi Ci) 4
N2-3" (Gi Ci)

Kappa (k) =

where: i is the class number, N is the total number of classified values compared to truth values, mi, i is
the number of values belonging to the truth class i that have also been classified as class i (i.c., values found along
the diagonal of the confusion matrix), C; is the total number of predicted values belonging to class i, and G; is
the total number of truth values belonging to class i.

Experimental design for assessing the sampling strategy

We used a partial factorial experiment of eight trials that covered a large range of combinations between
training and validation plots to evaluate the performance of the supervised image classification (Table 1).
Treatment plots 1 and 2 for used for training, and 3, 4, and 5 for validation, except when three plots were used
for training, in which case plot 3 was used for training. For simplification, we convey the findings as the ratio
between the number of plots used for training and the number of plots used for validation (Table 1).

Table 1. The experimental design was used to assess the sampling strategy

Trial | Training plot(s) Validation plot(s) Training samples Validation samples Ratio
1 1 3 5x10 5x10 1:1
2 1 3+4 5x10 5x20 1:2
3 1 3+4+5 5x10 5x30 1:3
4 1+2 3 5x10 +5x10 5x10 2:1
5 1+2 3+4 5x10 + 5x10 5x20 2:2
6 1+2 3+4+5 5x10 + 5x10 5x30 2:3
7 1+2+43 4 5x10 +5x10 +5x10 5x10 3:1
8 1+2+43 445 5x10 + 5x10 +5x10 5x20 3:2

We used ANOVA to identify the most suitable ratio of sizes between training and validation (Winer et
al., 1991); and evaluated the normality assumptions using the Shapiro-Wilk test, the homoskedasticity
assumption with the Levene test, and the independence assumption with the Durbin-Watson test. For the
ANOVA, the dependent variable is one of the six assessment metrics, and the predictor variable is the ratio
between the size of the training data and validation data (Eq. 5). Rather than using the ratios as actual values,
we have grouped them in three classes: one which has the training dataset larger than validation dataset (labeled
Larger), one that has the training and validation equal in size (labeled Even), and the last one that represents
the case when training data is smaller than the validation data (labeled Smaller).
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Assessment metric = Ratio training to validation data 5

Where the assessment metric is one of six variables: overall accuracy, the Kappa value, and the producer
or the user accuracy associated with the healthy or unhealthy P. arundinacea; the number of training plots takes

the value 1, 2, and 3, and the number of validation plots also takes the value 3, 4, or 5.

Results

The primary goal of the study is to use orthophotos to estimate the efficacy of various herbicide
formulations to control P. arundinacea. Obtaining accurate classifications is vital to obtain valid estimates of
P. arundinacea vigor among the experimental herbicide formulations. However, collecting training data
requires methodological choices that are in essence tradeoffs between quality (i.e., high accuracy) and quantity
(i.e., the effort to collect training and validation data) (Millard and Richardson, 2015). Determining the correct
proportion of samples for the training and validation data is challenging because of the size of the individual
objects being classified (i.c., leaves and flowers) as well as the land cover variance.

Sampling strategies using only one training dataset showed a gradual decrease in overall accuracy and
Kappa-value when the validation sample size increased. The decrease is dramatic, as for a 1:1 ratio training —
validation, the overall accuracy and Kappa values were 68% and 60%, respectively, whereas, for a 1:3 ratio, the
same metrics were 37% and 20%, respectively. The same trend was observed for the user and producer
accuracies of each class, which decreased when the training-to-validation sample ratio changed from 1:1 to 1:3

(Table 2).

Table 2. Assessment metrics for the classifications executed using maximum likelihood. The symbols in
the table are H for healthy P. arundinacea, U for unhealthy P. arundinacea, G for ground, V for other
vegetation, and S for shadow

Trial | Ratio | H U G \4 S OA | Kappa AC:;::CY
N T TR T n e R T e
O o o v il o
3| 8 T e T ] YO | w0 e
4 9.1 100.0 90.0 100.0 60.0 70.0 84.0 20.0 Producer

83.3 81.8 90.9 66.7 100.0 User
s | 22 T T T e e ] 90 | 0 e
6 | 2 T sse T e s wa ] S0 | %0 g
7| % e e T e e Taoea ] 00 | B0 e
P 32 T e e ] B0 | 85 e

When two training datasets were used, we observed a similar trend of decreasing overall accuracies and
Kappa values, similar to one training dataset. A reduction in Kappa value and overall accuracy was noticed
when the validation sample size increased (Table 2) from 80% to 56% and 84% to 65%, respectively. The

decreasing trend in assessment statistics with the increase in the number of validation datasets was found when
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three training datasets were used, as the overall accuracy reduced from 80% to 75% and the Kappa value from
75% to 68.5% (Table 2).

Similar to the overall accuracy and Kapaa coefficient, we observed enhancements of both producer and
user accuracies at the class level with the increase in the number of training samples relative to the number of
validation samples. Notably, an improvement in the healthy and unhealthy P. arundinacea classes was observed,
which is helpful in achieving the study’s primary goals (Table 2).

The ratio between training and validation data revealed no significant differences among the trials (p-
value=0.17), which was surprising given the importance of training data. A close examination of the results
pointed to two reasons for these results: the first is related to the small sample size (only eight cases), and the
second is due to the large variability induced by some unrealistic scenarios, such as when one plot was used for
training and three for validation (Table 1). We conducted a separate ANOVA, which considered only realistic
cases (i.e., commonly encountered in applications); namely, the validation is not triple the size of the training
data (Figure 4). In this situation, we found significant differences among the approaches (p-value = 0.027). The
contrast occurs between the larger and even sampling plots (p-value = 0.03). Interestingly, the larger and smaller
are not significantly different (p-value > 0.05), which is the direct result of the large variability still existing
within each sampling strategy.

a — b — C 00-
80~
| |

90-

70- |

Kappa Value

Cverall Accuracy
Producer Accuracy (H)

|
|

5 E L S E L . . .
Ratio (Training/Validation) Ratio (Training/Validation) Ratio (Training/Validation)

60-

S E L s E L 5 E L
Ratio (Training/\alidation) Ratio (Training/Validation) Ratio (Training/Validation)
d g0- € 100- f
‘ | |
- 3
T 85- ‘ = -
L =, 90 5
(&) =
z T o >
g 3 g
3 80- 51 i
§ i: 80- § ‘
5 i | <
% 75" 3 2 5o-
o i
& 70 o
70-
3

Figure 4. Box plot of the six assessment statistics across the ratio of the training and validation datasets
sizes. The symbols are S for < 1 ratios, E for even ratios, and L for > 1 ratios. The accolades represent non-
significant differences.

Discussion

Increasing the number of training samples while the number of validation samples is kept constant (i.e.,
increase the ratio training-validation) refines the land-cover classification, particularly for classes with closer
characteristics (e.g,, spectral reflectance and structural appearance). Furthermore, the acquisition of a larger
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number of training samples can increase the robustness of the classifier in the allocation of the pixels in the
appropriate class.

We have selected the image classifier following the recommendation of Sisodia ez a/. (2014), who argued
that maximum likelihood is a robust approach because there are fewer chances of misclassification if the data is
normally distributed (Lillesand ez 4/, 2015). However, the normal distribution of training samples is rarely
achieved, so the outcomes would be affected by violating the Gaussian assumption. Furthermore, more training
data leads to a narrower probability density function while reducing the overlaps between the central tendency
describing each class. Narrower probability functions increase the probability of assigning a pixel to the
appropriate class with confidence but reduce the chance of assigning all pixels to predefined classes (i.c., there
will be many unclassified pixels).

When the ratio of training to validation samples is larger than 1, particularly the 3:1 and 3:2 ratios, we
observed a lower producer accuracy for the shadow class compared to when the ratio is less than or equal to
one. This result is due to the improvement in maximum likelihood performance when the training sample size
is larger than the validation sample size. Previously classified pixels as a shadow in one or less training-validation
ratios were allocated to other classes (i.c., healthy and unhealthy P. arundinacea or other vegetation), leading
to a lower producer accuracy for class S (shadow).

Due to the terrain, sun angle, or vegetation type, airborne sensors capture lower reflectance values when
there is a greater vegetative cover that produces shade. Consequently, image prepossessing and enhancing steps
are essential before performing image classification, particularly for images acquired from UAS. Generally, we
classify the low-radiance areas as shadows; therefore, some vegetation will be included as shadows. Using pre-
processed images and a high sampling ratio would potentially reduce the effects of low radiance and eventually
enhance image classification accuracy by distinguishing the fine spectral characteristics captured by the UAS
SENnsors.

For equivalent sizes of training and validation data, we observed a high overall accuracy Kappa value and
producer accuracy for the vigorous P. arundinacea. Decreasing the training-to-validation sample ratio lowered
the overall performance and Kappa value (Figure 4). The ANOVA pointed to a significant decrease in the
performances of all the assessment metrics when the ratio of training to validation increased above one. This
supports the findings of other studies that maximum likelihood supervised classification performs better with
a higher number of training samples.

Conclusions

Remote-sensing image classification is a complex process that requires consideration of many factors,
among which the classification algorithm and selection of training and validation samples are critical choices
(Lu and Weng, 2007). We argue that image preprocessing and enhancing are essential for the classification of
orthophotos created using SfM algorithms, which is the case for almost all images acquired with UASs. Besides
removing many artifacts created by the SfM, image preprocessing and enhancement allow the usage of spectral
information even when less energy is available. Acquisition of a sufficient number of training samples and their
representativeness is critical for image classifications (Landgrebe, 2003; Pal and Mather, 2003), especially when
the landscape is complex and heterogeneous. The present study confirms that increasing the ratio between
training and validation sample size enhances classification accuracy in complex vegetation. Supraunitary ratios
(ie., 2:1 or 3:1) are more reliable than unitary or subunitary ratios (e.g., 2:2 or 1:3) because the maximum
likelihood classifier performs robustly with a higher number of training samples. The increase in the number
of training samples narrows the probability density function describing each land class, which is essential in the
separation of complex vegetation types and reduces the shadow effect.

Conventional supervised image classification approaches aim to fully describe all land cover classes based on
their spectral characteristics (Sampat ez al., 2005). Successful supervised classification combines a method
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suitable to the data along with sufficient training samples (Lu and Weng, 2007). The ability to determine or
quantify the functional and optimum number of training samples increases the efficiency of image
classification. Throughout past decades scientists and practitioners have made progress in developing various
classification techniques for improving classification accuracy (Stuckens ez 4/., 2000; Pal and Mather, 2003;
Gallego, 2004). However, classifying remotely sensed data into a thematic map remains a challenge because of
many factors, such as the complexity of the landscape in a study area, selected remotely sensed data, and image-
processing and classification approaches (Lu and Weng, 2007). In this study, we suggest that image
preprocessing and establishing an appropriate training data collection procedure that is convenient for the
study will lead to an accurate thematic map.
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