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Abstract
The risk of death from snakebite has not been medically handled. The traditional treatment and lack
of knowledge of the society to distinguish visually venomous snakebites from the non-venomous
one, especially misidentification in visualization, are mains causes of it, particularly in rural areas.
This study aims to develop a snakebite identification system using Active Contour Model, K-Nearest
Neighbor, image processing tools and confusion matrix. Image processing tools is used in
processing of 20 images of snakebite. The Active Contour Model helped to detect bite points on the
image. The K-Nearest Neighbor method was used to classify snakebite images into venomous and
non-venomous classes whereas confusion matrix is used for performance measurement. Based on
parameter testing on K-Nearest Neighbor, we found that the best distance rule is correlation distance
with K = 3 and not using the distance weight helps to avoid a poor system performance. Implications
of the study include: (a) further development of snakebite visual detection to reduce the risk of death;
(b) development of appropriate technology to increase people knowledge on how to handle
snakebites accurately. The K-Nearest Neighbor method is more efficient and faster in big data
processing according to the needs of society.
Keywords: active contour, K-Nearest Neighbor, death

I.

INTRODUCTION

Indonesia, as one of the largest tropic countries, has a high risk of snakebites. Moreover, there is a high
number of Indonesian citizens who make their living in agriculture resulting in a high snakebite risk too. Based
on data, there were 12,739 – 214,883 snakebite cases in 2017 which caused estimated deaths of 20 – 11,581
victims. This number surely is only based on medical reports from particular hospitals and perhaps different
from the actual number. One factor is that many cases occurred in rural areas thus were only treated traditionally.
Hence, the estimated number of snakebite cases maybe does not represent the reality [1].
The main cause of death from snakebite cases is by reason of the venom squirted from snake’s canine teeth.
However, improper treatment as well as poor understanding in identifying whether the snakebites are originated
from venomous or non-venomous snakes, are also contributing factors. Regarding that, there is currently no
technology-based system to help people to deal with this matter.
Snakebite marks have a great importance to help medical personnel for the identification process [2] [3],
and good results will be obtained if the snakebite identification is done by an expert. A technology-based system
is needed to facilitate the process of identifying snakes through the bite marks. In this study, we discovered a
classification system to identify whether the snakebites are caused by venomous or non-venomous snakes using
Active Contour Model in preprocessing and K-Nearest Neighbor in classifying. The Active Contour Model
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method was chosen based on research conducted by Haijun Li on the "Contour Extraction of Skeletal Based
Hand-on Active Contour Model” [4]. We chose K-Nearest Neighbor as the classification method because KNN
is very fast in conducting training data, simple and easy to learn, and effective in the process of large-scale
training data [5]. Moreover, we also used confusion matrix as the performance measurement method in this
study [6].
Theoretical and practical implications of this study are: (a) further development of snakebite visual
detection to reduce the risk of death among society; (b) development of simple and appropriate technology to
expand society’s insight, especially rural citizens, on how to handle snakebites in which the consequences could
be fatal.
As for the limitation of this study is that the data consists of 20 images of snakebite marks; 13 of them are
originated from venomous snakes while 7 of them are caused by non-venomous snakes. The images have
uneven quality and condition. The images were acquired from the preceding author from this study [7]. All
images have been cut off beforehand at the bite area with the size of 400x400 pixel. This study focuses on
establishing a system that is accurate on preprocessing so that the result will turn out good after classification
system.
The next parts of this article include related studies and some theories as well as literature review in the
second part. The third part explains the system building process in preprocessing, characteristics extraction and
classification. Examination and system analysis process are in the fourth part. Lastly, the fifth part will cover
the conclusion and suggestions relating this study.
II. RELATED WORK
There are various kinds of snakes spread in the world, and the snakes are divided into two categories,
namely, venomous snakes and non-venomous snakes. To distinguish between the two snakes, we can see from
the teeth structure of the snake. Venomous snakes have two canines to squirt their venom while non-venomous
snakes do not have any specific teeth structure [8]. Snakebite cases are very common, it is reported [9] that
more snakebite cases occur than what we have seen only based on hospital reports. That is because many cases
occur in rural areas, or did not get treated in health facilities.
Bite mark is a physical change in the body that is caused by contact or interdigitation between the upper
and lower teeth of human or animal, this leads to a wounded tissue. Bite marks caused by wild animals are
mainly canines or cone-shaped canines [10].
In 2019, Astrima et al. [11] conducted a study about electrocardiogram signal classification using Principal
Component Analysis and Levenberg Marquardt Backpropagation to detect ventricular tachyarrhythmia, and the
results obtained are good to be used in a medical examination.
In 1995 in Brazil, a study was established to identify whether the snakebite is originated from venomous
or non-venomous snakes. They examined 42 images visually with the result of being able to recognize
venomous snakes with a positive predictive value of 89%, and a positive predictive value of 100% of nonvenomous snakebites [2]. It is currently necessary to develop research on the classification of venomous and
non-venomous snakebites by using image processing. Feature extraction is required in image processing to
detect snakebites through images.
Chomboon et al. [12] conducted a study related to various distance rules used in the K-Nearest Neighbor
method. There are some distance rules that they examined, then it was concluded that the distance rule
techniques of City-block, Chebychev, Euclidean, Mahalanobis, Minkowski, and Standardized Euclidean
Technique are distance rules with the best accuracy.
To determine the initial contour on the Active Contour Model is very necessary as it is needed as the first
step of the method. Hongshe Dang et al. [13] compared three methods to determine the initial contour
automatically on the Geometric Active Contour Model (GACM): watershed method, half manual method and
classical segmentation method. The study aimed to compare the segmentation effects and efficiency on the
applied model. The results show that the number of evolution based on initial contour using the watershed
model is much lower than the other two methods. The more segmentation efficiency is improved, the better the
segmented image, even with a complex background.
Adiwijaya et al. [14] found that KNN method can work well with further observation regarding the
parameters and attributes that will be used in distance rules in KNN.
Active Contour Model [15] or Snake model is a model used to do object segmentation in images. There is
a curve minimizing process in Active Contour Model and this is where this model differs from other
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segmentation models. The formation of contour curves depends on the accumulation of three types of energy
(𝐸𝑠𝑛𝑎𝑘𝑒 ) as follows.
(1)
𝐸
=𝐸
+𝐸
+𝐸
𝑠𝑛𝑎𝑘𝑒

𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙

𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙

𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡

In the processing, Active Contour Model will create an initial contour which surrounds the object, the
energy of the 𝐸𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 image affects the shrinkage of the curve, where the pattern follows the object pattern.
In the next step, the curve moves toward the object and adjusts to the shape of the object. The snake curve
consists of 𝐸𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 which causes the adjustment. The energy is the main factor that changes the shape of the
curve in accordance with the desired object shape. The energy calculation uses the following formula.
(2)

𝐹(𝐶) = 𝜇. 𝑙𝑒𝑛𝑔𝑡ℎ(𝐶) + 𝑣. 𝑎𝑟𝑒𝑎(𝑖𝑛𝑠𝑖𝑑𝑒 𝐶)

The variable area (𝑖𝑛𝑠𝑖𝑑𝑒 𝐶) is used when curve change process that only moves inward is desired. To
adjust the elasticity of the curve shape we need a variable that is variable μ. As an illustration, for instance
variable C is a snake curve, variables 𝑐1 and 𝑐2 represent the image average value (𝜇0 ) of the inner and outer
part of the curve, respectively. Then it is assumed that (a) the image (𝜇0 ) is divided into two regions, namely
(𝜇0𝑖 ) (the object to be segmented), (b) (𝜇0𝑜 ) (background object), and (c) the object pattern C, then the calculation
of the external energy of the image can be calculated with the following formula.
𝐹1 (𝐶) + 𝐹2 (𝐶) = ∫

|𝜇0 − 𝐶1 |2 𝑑𝑥 𝑑𝑦 + ∫

𝑖𝑛𝑠𝑖𝑑𝑒(𝐶)

|𝜇0 − 𝐶1 |2 𝑑𝑥 𝑑𝑦

(3)

𝑜𝑢𝑡𝑠𝑖𝑑𝑒(𝐶)

Based on the value of the internal energy and th energy from the segmented object (C), the C curve will
become larger or smaller. The snake curve shifts by the following condition.
𝑖𝑛𝑓 {𝐹
(𝐶) + 𝐹2 (𝐶)} ≈ 0 ≈ 𝐹1 (𝐶) + 𝐹2 (𝐶)
𝐶 1

(4)

It can be concluded that segmentation will be completed when 𝐹1 (𝐶) ≈ 0 dan 𝐹2 (𝐶) ≈ 0, or when the C
curve is exactly at the segmented area. The curve stops changing its shape as the energy value 𝐶 = 𝐶 ′ . It is also
based on two formulas above that the equation of energy total used to minimalize curve form is as follows.
𝐹(𝐶, 𝑐1 , 𝑐2 ) = 𝜇. 𝑙𝑒𝑛𝑔𝑡ℎ(𝐶) + 𝑣. 𝑎𝑟𝑒𝑎(𝑖𝑛𝑠𝑖𝑑𝑒 𝐶) + ∫

|𝜇0 − 𝐶1 |2 𝑑𝑥 𝑑𝑦 + ∫

𝑖𝑛𝑠𝑖𝑑𝑒(𝐶)

|𝜇0 − 𝐶1 |2 𝑑𝑥 𝑑𝑦 (5)

𝑜𝑢𝑡𝑠𝑖𝑑𝑒(𝐶)

K-Nearest Neighbor (K-NN) is a classification method of a set of data based on a data learning that has
been classified previously. The working principle of K-NN is to acquire the nearest distance between test data
and 'k' nearest neighbors in train data. Train data is projected into a multidimensional space where each
dimension represents the features of the data. The space is divided into parts based on train data classification
[16].
In K-NN, there are some distance measurements that can be used, they are as follows [17] [12]:
1. Euclidean Distance,
2
𝑑𝑠𝑡
= (𝑥𝑠 − 𝑦𝑡 )(𝑥𝑠 − 𝑦𝑡 )′
(6)
𝑤ℎ𝑒𝑟𝑒
𝑑𝑠𝑡 = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑣𝑒𝑐𝑡𝑜𝑟 𝑥 𝑡𝑜 𝑦
𝑥 = 𝑑𝑎𝑡𝑎 𝑥 𝑣𝑒𝑐𝑡𝑜𝑟
𝑦 = 𝑑𝑎𝑡𝑎 𝑦 𝑣𝑒𝑐𝑡𝑜𝑟
2.

City-block Distance,
𝑛

𝑑𝑠𝑡 = ∑|𝑥𝑠𝑗 − 𝑦𝑡𝑗 |
𝑗=1

𝑤ℎ𝑒𝑟𝑒
𝑥 = 𝑑𝑎𝑡𝑎 𝑥 𝑣𝑒𝑐𝑡𝑜𝑟
𝑦 = 𝑑𝑎𝑡𝑎 𝑦 𝑣𝑒𝑐𝑡𝑜𝑟
𝑗 = 𝑠𝑢𝑚 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠

(7)
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Correlation Distance,
(𝑥𝑠 − 𝑥 ′ 𝑠 )(𝑦𝑡 − 𝑦 ′ 𝑡 )′

2
𝑑𝑠𝑡
= (1 −

√(𝑥𝑠 −

𝑥′

𝑠 )(𝑥𝑠

−

𝑥′

𝑠 )′√(𝑦𝑡

−

𝑦′

𝑡

(8)

)
)(𝑦𝑡 −

𝑦′

𝑡

)′

𝑤ℎ𝑒𝑟𝑒
1

𝑥 ′ 𝑠 = ∑𝑗 𝑥𝑠𝑗
𝑛
1

𝑦′𝑡 = ∑𝑗 𝑦𝑡𝑗
𝑛

𝑥 = 𝑑𝑎𝑡𝑎 𝑥 𝑣𝑒𝑐𝑡𝑜𝑟
𝑦 = 𝑑𝑎𝑡𝑎 𝑦 𝑣𝑒𝑐𝑡𝑜𝑟
III. RESEARCH METHOD
This study used 20 images; 14 images for train data and 6 images for test data. Train data consists of 9 images
of venomous snakebite and 5 images of non-venomous snakebite, while test data consists of 4 images of
venomous snakebite and 2 images of non-venomous snakebite. The feature from each image was extracted and
then divided into train data and test data. Classification class is divided into two, V (venomous) and NV (nonvenomous). Figure 1 shows image example of venomous and non-venomous snakebite.

(a)

(b)

Fig 1. (a) venomous snakebite, (b) non-venomous snakebite [7]

A. System Design
On this research, system designed to identify snakebite marks used digital image processing with the input
of snakebite image and the output of the results of the classification of input data. The system consists of three
stages: preprocessing stage, feature extraction stage and classification stage. In this study, we used Active
Contour Model and K-Nearest Neighbor classification method. Figure 2 shows the system block diagram.

START

IMAGE

PREPROCESSING

CLASSIFICATION

CLASSIFIC
ATION
RESULTS

END

Fig 2. System block diagram

FEATURE
EXTRACTION
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B. System Flow
The system flow consists of two stages: train stage and test stage. Snakebite image is required as the input
in the initial process, then the preprocessing stage uses Active Contour (Snake) method, which then the image
feature is extracted. The image feature will be stored in database train whereas test image feature will be stored
in database test which will be used as data in the classification process. Figure 3 shows the system flow.

START

IMAGE

FEATURE
EXTRACTION

PREPROCESSING

DATA TRAIN

END

CLASSIFIC
ATION
RESULTS

DATA TEST

CLASSIFICATION

Fig 3. Flow system diagram

Figure 3 illustrates the system flow of stage process. All images that have passed the train and test stage
will go through the process of preprocessing and feature extraction. All image features will be stored in database
(train data or test data), where the database will be used for reference or comparison data for classification.
C. Preprocessing Stage
Preprocessing stage flow diagram is shown in Figure 4.

GRAYSCALING

MEDIAN FILTER

IMAGE
BINARIZATION

MEDIAN FILTER

ACTIVE
CONTOUR
MODEL

DELETING
OBJECT WITH
CERTAIN PIXEL

CLEAR OBJECT
THAT IS
CONNECTED TO
THE IMAGE
BORDER

MORPHOLOGI
OPENING

IMAGE
COMPLEMENT

Fig 4. Preprocessing flow diagram

1.

Before going through the preprocessing stage, all input images will be converted to grayscale so that
the image matrix will have a 2-dimensional size, this stage is called Grayscaling.
2. The image will be filtered to create a smoother image data. The filter used is the Median Filter.
3. Binarization is used to change the image pixel value to 0 or 1 only. This stage uses the imbinarize
function with the adaptive threshold in MATLAB programming.
4. Image complement will change the image value of 1 to 0, vice versa. This process will make the
recognized object have the value of 1.
5. Morphology with the open operation is a Morphology that uses erosion operation then followed by
dilation operation, this process is used for separating objects that are neighboring.
6. Objects that are attached to the edge of the image will be removed because it can affect the recognition
of objects or bite marks by using the imclearborder function in MATLAB programming.
7. Object removal to eliminate noise that is still recognizable. In this stage, objects that are considered
noise will be eliminated. The object to be deleted is an object sized between 50 and 1450 pixels.
8. In the final stage, Active Contour method is used to identify bite marks. The Active Contour stage
starts with the initial contour, then evolution or initial contour iteration will shrink and detect objects
in the image. Active Contour Model is used to help object or bite points detection.
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Fig 5. Active contour model process result

Figure 5 shows the result of the Active Contour Model process applied at the preprocessing step. The blue
lines indicate initial contour, while the red lines indicate final contour that detect the objects in the image.
After all the preprocessing step was done, an additional step during the process was added to maximize the
results of the preprocessing step. However, this additional step was only done to the venomous snake bite
images, with only taking two objects that have been detected by the previous processing step. This additional
step was not applied to the non-venomous snake bite images. Afterwards, the image was saved in .tiff format.
D. Feature Extraction
Feature extraction is used to extract the features from each image, those features then will be used in the
classification stage. The feature is the mean distance between each object or snakebite marks and the number
of objects or snakebite marks in the image. The feature will be stored into two variables. The first variable is
used to store the mean distance between objects, whereas the second variable is used to store the number of
objects. Figure 6 illustrates the feature extraction flow diagram.
AVERAGE
DISTANCE
BETWEEN
OBJECTS

NORMALIZATION

FEATURE
EXTRACTION

CLASSIFIC
ATION
RESULTS

NUMBER OF
OBJECTS

NORMALIZATION

Fig 6. Feature Extraction flow diagram

There is a normalization stage in the feature extraction process. Normalization is the process of scaling the
attribute values from the data so that it can lie in a certain range [18]. Several methods for data normalizing are
as follows:
1. Min-Max Normalization, is a normalization method by performing a linear transformation of the
original data so that it will produce a balance between each data [19].
𝑥 − min(𝑥)
𝑥𝑛𝑜𝑟𝑚 =
(9)
max(𝑥) − min(𝑥)
𝑤ℎ𝑒𝑟𝑒
𝑥𝑛𝑜𝑟𝑚 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒
𝑥 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑣𝑎𝑙𝑢𝑒
min(𝑥) = 𝑚𝑖𝑛𝑖𝑚𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑎𝑡𝑎
max(𝑥) = 𝑚𝑎𝑥𝑖𝑚𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑎𝑡𝑎
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2.

Z-score Normalization, is a normalization method that is based on data mean and standard deviation
[18].
𝑥 − mean(𝑥)
(10)
𝑥𝑛𝑜𝑟𝑚 =
stdev(𝑥)
𝑤ℎ𝑒𝑟𝑒
𝑥𝑛𝑜𝑟𝑚 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒
𝑥 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑣𝑎𝑙𝑢𝑒
mean(𝑥) = 𝑚𝑒𝑎𝑛 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑑𝑎𝑡𝑎
stdev(𝑥) = 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑑𝑎𝑡𝑎

3.

Decimal Scaling Normalization, is a normalization method by moving the decimal value of the data
in the desired direction [20].
𝑥
𝑥𝑛𝑜𝑟𝑚 =
(11)
10𝑖
𝑤ℎ𝑒𝑟𝑒
𝑥𝑛𝑜𝑟𝑚 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒
𝑥 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑣𝑎𝑙𝑢𝑒
𝑖 = 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒

We used Min-Max Normalization method in this study because its application is very suitable with this
research.
E. Classification Stage
The next stage is the classification process to group images based on the features obtained so that
classification class can be determined. Classification is divided into two class: venomous (V) and nonvenomous (NV). Whereas the classification method used in detecting snakebites is K-Nearest Neighbor. This
method works by identifying unknown data classes based on data from the nearest neighbor whose class is
known [21].
The obtained distance values are then sorted from the smallest to the largest distance values. Then, we
select the K top data has been sorted based on the smallest distance value, the class is determined by the majority
of the K top data.
F. System Performance Measurement
System performance measurement in this study uses confusion matrix. Confusion matrix will take record
of classification result for each class and then the system will determine sensitivity, specificity and accuracy
value. Sensitivity value shows the value of positive-valued class data which is predicted accurately to be
positive, while specificity shows the value of negative-valued class data which is predicted accurately to be
negative. The accuracy value indicates overall system performance in classifying test data.
𝑡𝑝
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
(12)
𝑡𝑝 + 𝑓𝑛
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑡𝑛
𝑡𝑛 + 𝑓𝑝

𝑡𝑝 + 𝑡𝑛
𝑡𝑝 + 𝑓𝑛 + 𝑡𝑛 + 𝑓𝑝

(13)
(14)

True positive (tp) is the number of venomous snakebites that are accurately classified as venomous
snakebites, True negative (tn) is the number of non-venomous snakebites that are accurately classified as nonvenomous snakebites, False positive (fp) is the number of non-venomous snakebites that are inaccurately
classified as non-venomous snakebites, and False negative (fn) is the number of venomous snakebites that are
inaccurately classified as venomous snakebites.
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In this study, sensitivity value shows the system ability to classify images into venomous snakebite class,
whereas specificity shows the system ability to classify images into non-venomous snakebite.
IV. RESULTS AND DISCUSSION
System testing was done to obtain the best parameter value to produce an optimum system. Table I shows
the testing scenarios done in this research.
TABLE I
SYSTEM TESTING SCENARIO

No.

Testing Scenario

Aim

1

Change the distance functions, by comparing
classification results using several distance
functions (Euclidean, City Block, Correlation)

Understand and
analyze the best
distance function

2

Search for the best nearest neighbor (K) value
in the classification system with the K-Nearest
Neighbors method. The K values used were 1,
3, 5, 7, 9

Understand and
analyze the best nearest
neighbor (K) value

3

Understand the effect of the usage of distance
weight (1/distance) in the K-Nearest
Neighbors classification system

Understand the effect
of distance weight

First Scenario
The first test scenario was done to understand the effect of various distance functions in the K-Nearest
Neighbors method on the accuracy of the system. The distance functions used in this research are Euclidean,
city block and correlation. The objective of this testing is to determine the best distance rule used in this study.
Testing was done using 14 train data and 6 test data that were previously selected. Train data consisted of 9
images of venomous snake bites and 5 images of non-venomous snake bites, while test data consisted of 4
images of venomous snake bites and 2 images of non-venomous snake bites. The calculation of sensitivity,
specificity and accuracy of the testing is shown in Table II.
TABLE II
SYSTEM TESTING RESULTS USING VARIOUS DISTANCE FUNCTIONS, (A) EUCLIDEAN, (B) CITY BLOCK, (C) CORRELATION
(A)

K

Euclidean
Sensitivity

Specificity

Accuracy

1

100%

100%

100%

3

100%

100%

100%

5

100%

50%

83.33%

7

100%

50%

83.33%

9

100%

50%

83.33%
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(B)

K

City Block
Sensitivity

Specificity

Accuracy

1

100%

100%

100%

3

100%

100%

100%

5

100%

50%

83.33%

7

100%

50%

83.33%

9

100%

50%

83.33%

(C)

K

Correlation
Sensitivity

Specificity

Accuracy

1

100%

0%

66.67%

3

100%

100%

100%

5

100%

100%

100%

7

100%

100%

100%

9

100%

100%

100%

Second Scenario
The second test scenario was done to understand the effect of K values used in the K-Nearest Neighbors
method on the accuracy of the system. The Correlation distance function was used together with the K-Nearest
Neighbors method in the second scenario. The test was performed to determine the change in K value made in
this study, and to determine the best K value. The variation of K values used in the second scenario were odd
numbers between 1 and 10. Testing was done both on the test data and train data, which consisted of 14 train
data and 6 test data.
TABLE III
TABLE OF TESTING RESULTS OF THE VARIATION OF K VALUES ON THE SYSTEM ACCURACY

K

Correlation
Sensitivity

Specificity

Accuracy

1

100%

0%

66.67%

3

100%

100%

100%

5

100%

100%

100%

7

100%

100%

100%

9

100%

100%

100%
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Fig 7. Graph of testing results of the variation of K values on the system accuracy

Third Scenario
The third test scenario was done to understand the effect of distance weight used in the K-Nearest
Neighbors method on increasing the system accuracy. Testing by distance weight is intended to increase the
level of accuracy in this study. The distance weight used in the third scenario was 1/distance. The distance setup technique used in this scenario was correlation and the K values used in this scenario were odd number
between 1 and 10. Testing was done to 14 train data and 6 test data. The ‘No’ on Table IV implies that the
testing of the classification system did not use distance weight, while the ‘Yes’ on Table IV implies that the
classification system used distance weight.
TABLE IV
THE EFFECT OF THE USAGE OF DISTANCE WEIGHT ON THE CLASSIFICATION SYSTEM

K

No

Yes

Sensitivity

Specificity

Accuracy

Sensitivity

Specificity

Accuracy

1

100%

0%

66.67%

100%

0%

66.67%

3

100%

100%

100%

100%

0%

66.67%

5

100%

100%

100%

100%

0%

66.67%

7

100%

100%

100%

100%

0%

66.67%

9

100%

100%

100%

100%

0%

66.67%

Analysis of Testing Results
The usage of Active Contour Model in this research did not show maximum results. The application of this
method did not show any significant differences in the system. This is caused by the Active Contour Model that
only works well with data with even quality and with single objects. However, the method can still be applied
to this system, specifically at the preprocessing step.
It can be seen on Table 3 that there is no significant difference of the sensitivity, specificity and accuracy
values with K values 1, 3, 5, 7 and 9 using Euclidean and City Block distance functions. Both distance functions
showed identical accuracy values. However, differences in sensitivity, specificity and accuracy values was seen
in the usage of the correlation distance function. The correlation technique succeeded in classifying test data
with accuracy of 100% at K values K = [3 5 7 9], but failed in classifying data at K=1. Euclidean and City Block
techniques could only classify data with accuracy of 100% at K values K = [1 3], this is because in correlation
technique the determination of closeness or K value is determined based on the statistical dependency between
two vectors and uses modified probabilities.
As shown in Table III and Figure 7, it can be said that the variation of K values affected the system’s
accuracy in the classification process, this is because the higher the K value the higher the amount of nearest
neighbors used in the classification process. K values of 3, 5, 7 and 9 showed sensitivity, specificity and
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accuracy of 100%, which means that the system has the ability to identify venomous snake bites and nonvenomous snakebites correctly.
Table IV shows that distance weight greatly affected the classification system. The sensitivity, specificity
and accuracy table shows that the usage of distance weight resulted in unfavorable results. The usage of distance
weight resulted in sensitivity of 100%, specificity of 0% and accuracy of 66.67% for all K values, which means
all test data in the class ‘venomous bite’ could be classified correctly, while the class ‘non-venomous bite’ could
not be classified correctly. The classification system showed better results without the application of distance
weight in the classification process, with sensitivity, specificity and accuracy of 100% at K values 3, 5, 7 and
9.
V. CONCLUSION
Based on the various test scenarios, it can be concluded that the system has the ability to classify venomous
and non-venomous snakebite images with sensitivity, specificity and accuracy up to 100% using the correlation
distance function, K=3 value and without applying distance weight. Accuracy of 100% was obtained because
of the additional process at the preprocessing step by taking two points or objects of the snake bite detected at
the preprocessing step and this process was only done to the venomous snake bite images. This caused the
venomous snake bite image to only have two points or objects detected. However, it can be said that the usage
of Active Contour Model in this system not maximal, that is because the method did not show a significant
difference in detecting the object bite points in the image. The result of a study by Rayiemas [7] shows an
effective snakebite detection system with the accuracy value of 80% the value of K = 13.
This research succeeded in obtaining accuracy of 100%. However, the writer is aware that further research
must be done to develop an optimal snakebite identification system. The preprocessing step in this research is
still considered poor, this is because of the unbalanced data quality which caused the preprocessing algorithm
to not have the ability to work maximally to all of the images processed. The result of this study could be used
as a reference for further studies so that the more optimal method could be implemented. The writer suggests
to use evenly distributed data and use a more optimal preprocessing technique in future research. Future research
is also expected to add machine learning algorithms in the preprocessing step that can be useful in detecting
bite spots precisely, so that there is no noise detected.
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