
 

 

 

 

 

 
 

C L U S T E R  S I X 
C O M P U T E R  S C I E N C E 

 
The color violet is synonymous with power, and the gem design is 

inspired by printed circuit boards often found in electronic 

devices, wherein a microchip is integrated into the middle. Hence, 

the gem is representative of a computer, in that it requires a power 

source and circuitry to function. Through scientific analysis of data 

done mainly through the power of computers, studies under this 

cluster aim to derive information that transcends electronic 

applications.  

 

These studies fall under the Industry, Energy, and Emerging 

Technology (IEET) Research Development Agenda, in line with 

goals to increase state-of-the-art information and communications 

technology (ICT) research and the utilization of computer-based 

systems in various industries and scientific fields. 
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In recent years, satellite imagery has become a popular subject of 
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together to estimate real-life variables in various fields, such as predicting 
poverty levels, detecting oil spills, and analyzing coal mine areas. With the 
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in the Philippines. The developed scripts were adapted and based on code 
from public GitHub repositories and existing research. The trained model 
was concluded to have high predictive power (r2 = 0.74), and can be used as 
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serve as an alternative method of collecting CO2 emissions data. 
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Introduction. - Data science uses statistics, 
artificial intelligence (AI), and available data from 
various sources to process into valuable information 
[1]. AI in data science looks for patterns, predicts 
outcomes, and offers evidence-based information 
using the data that it was given [2]. More and more 
AI-based tools and technologies are beginning to 
emerge as datasets begin to be more readily available 
online and in other publicly-available sources. A 
specific type of AI, the convolutional neural network 
(CNN), is mainly used for the analysis of images. It 
takes an input and extracts features from the image 
to be analyzed by neurons – an interconnected 
system of cells that takes input and multiplies it by a 
specific weight that constantly changes until the CNN 
can correctly predict an outcome.  

 
Recent studies were able to use satellite imagery 

to predict poverty levels in an area [3,4,5].  Other 
studies utilized satellite imagery for purposes such as 
detecting oil spills, analyzing coal mine areas, and 
detecting clouds [6,7,8]. The effectiveness of 
combining satellite imagery and AI and show how it 
has many potential uses in various fields.  

 
With the increase of CO2 concentration in the 

atmosphere, the need for “the quantification of the 
spatial distribution of CO2 in the atmosphere” was felt 
by researchers in the last decade [9]. The main focus 
of currently available literature on estimating CO2 
emissions focus on mathematical models that don’t 
utilize AI. [9,10]. The correlation of nightlights and 
CO2 emissions using satellite imagery has also been 
proven by studies,  where highly-lit points were 
characterized to be highly urbanized and were seen to 

have high CO2 emissions [9,11]. While using AI 
(specifically neural networks) to estimate CO2 

emissions is not an uncommon method [12], this 
study differs in that it develops a CNN that estimates 
CO2 emissions in specific 1km x 1km areas within the 
Philippines, and utilizes a transfer learning approach. 
Transfer learning is a method that utilizes the 
learning extracted from one problem or variable 
(such as nightlights data) and uses it to make better 
predictions for related data. 
 

The objective of this paper is to see how 
effective the use of AI with satellite imagery can be for 
the estimation of real-life variables, such as CO2 
emissions, in order to prove  its versatility as a tool to 
be used in a wide range of applications in various  
fields. As a tool specifically used to estimate CO2 
emissions, it could serve as an alternative method of 
collecting such data. Thus, the goal of this study is to 
develop an AI—specifically a CNN—that uses satellite 
imagery to estimate CO2 emissions in the Philippines. 
The specific objectives are enumerated below. They 
also serve as an outline for the succeeding Methods 
section.  
 

(i)  Design an algorithm for the CNN model; 
  

(ii)  Collect latest (at the time of development) 
satellite imagery and CO2 emissions data; 

  
(iii) Code the scripts for data preprocessing, CNN 
model training, and evaluating the model’s 
estimations using Python 3.8; 
 
(iv) Train the CNN using the collected data; and 
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(v) Train a ridge regression model using the 
CNN’s extracted features for evaluation and data 
visualization of results 
 
Methods. - This study consisted of five phases: 

Design, Data Collection (for data pre-processing), 
Development, Training, and Evaluation. The Design 
phase was for the creation of the algorithm for the 
CNN model; Data Collection phase was for the 
collection of images and nightlight values for pre-
processing used for training the developed program; 
Development phase was for the coding and debugging 
of the scripts; Training phase was for the tuning and 
fitting of the model, and; Evaluation was for the 
training of the ridge regression model for evaluation 
and data visualization of  results. 

 
Design phase.     During the Design phase, a 

flowchart and the equivalent pseudocode of the 
program’s process were made to be used as a basis for 
the creation of our actual program during the 
Development phase. The flowchart presented the 
various parts of the process in an human-readable 
format that can then be converted to code. This phase 
employed the use of open-source codes by Jean et al. 
[4] and Tingzon et al. [5] that were available on the 
authors’ GitHub repositories. 

 
Data Collection phase.     In order to properly train 

the AI, certain data were gathered and  pre-processed. 
This study used the Open-Data Inventory for 
Anthropogenic Carbon dioxide (ODIAC) of the 
National Institute for Environmental Studies (NIES) 
Japan for the year 2015 [13]. The data points for the 
Philippines were filtered out, as seen in Figure 1. 
Daytime satellite images were then collected through 
a script that downloads 1 km by 1 km Google Static 
Maps API images according to the given data points 
from the CO2 emissions data. Nighttime lights data 
was collected from the Visible Infrared Imaging 
Radiometer Suite (VIIRS) Day/Night Band (DNB) data 
of the Earth Observation Group, Payne Institute for 
Public Policy [14].  

 
Development phase.     The method used in the 

developed scripts were adapted from the transfer 
learning approach used by Jean et al. [4] Daytime 
satellite image features were extracted by the CNN to 
estimate the CO2 emission level in an area.  

 
 The scripts were developed based on the 

algorithm made in the design phase as well as open-
source scripts and codes from similar studies publicly 
available on GitHub [15,16,17]. Python 3.8 was the 
primary programming language used for 
development, and the scripts were coded in 
JupyterLab 1.1.4 and JupyterNotebook 6.0.1.  

 
The first three scripts were used for the pre-

processing of data. The first script filtered out the CO2 
emission data points for the Philippines. The second 
script downloaded the daytime satellite images for 
each datapoint with a zoom level of 13, and the third 
script compiled the corresponding nighttime 
radiance for the coordinates of each CO2 emission 
datapoint.  

 

 
 

Figure 1. Philippine CO2 emission data points. The data 
points for the Philippines were filtered out from the ODIAC 
dataset. 
 

The first script also created a dataframe with the 
latitude and longitude values, the corresponding CO2 
emission. These values were then exported into a 
comma-separated values (.csv) file. 
 

The second script downloads 400 px by 400 px 
Google Static Maps API  images at a zoom level of 13 
(corresponding to an estimated 1 km by 1 km area) for 
each data point. A total of 79942 unique images were 
downloaded.  
 

The third script collected the corresponding 
nightlight radiance for each point in the dataset. The 
values were then appended to the data frame  created 
in the first script. 

 
The fourth script was for the training. In its initial 

stages, the dataset and the corresponding images were 
divided into two folders: 80% of the images were used 
for training and the remaining 20% were used for 
validation/testing of the model. Three nighttime light 
intensity classes were obtained by fitting a mixture of 
three Gaussian distributions to the relative 
frequencies of the nighttime light intensity values. 
 

Training phase.     The training phase aimed to 
train the CNN with images so that it could create its 
own model in order to analyze patterns and make 
accurate estimations close to the given CO2 data.  

 
In the first part of the training, we fine-tuned a 

pre-trained model, VGG F, to estimate nighttime light 
intensity at various locations given the corresponding 
daytime satellite images. This pre-trained model 
network is an eight-layer deep convolutional neural 
network (DCNN), which had been originally designed 
and trained for image classification on ImageNet [18]. 
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The training method and code were heavily adapted 
from Mather’s Predicting Poverty repository on 
GitHub [15] and the Pytorch CNN Training Method 
[19]. 

 
After training, the model was then tested by 

making estimations using the testing data set. 
 
Evaluation phase.     Once the CNN was trained, the 

extracted features were then used to train a ridge 
regression model. It specifically used k-fold cross-
validation. Python was also used in data visualization, 
specifically for the creation of the graphs. 
 

Data Analysis.     For data visualization and 
analysis, this study used Python 3.8 and different 
libraries that were available and used for statistical 
calculations and data visualization such as NumPy, 
Pandas, Scikit-learn, and Matplotlib. 

 
This analysis utilized a cross-validation 

technique, which is a data resampling method that 
assesses the generalization ability of a predictive 
model and prevents overfitting. The k-fold cross-
validation technique is much less prone to selection 
bias compared to other cross-validation methods. In 
k-fold cross-validation, the process starts out by 
dividing the dataset into given k subsets and uses k-1 
subsets as the training sets while the remaining set 
serves as the testing set. This cross-validation method 
is then repeated k times, using different testing sets 
from the original k subsets each time. The k value for 
this study was 5, similar to that of Jean et al. [4]. 
 

Safety Procedure. As this study focused on AI, all 
processes were done on a computer. There were no 
major ethical issues dealt with. The data used is 
publicly available and the source codes are open-
access.  

 
Results and Discussion. - The aim of this study is 

to develop a convolutional neural network to analyze 
CO2 emissions in the Philippines using satellite 
imagery, and see how effective the use of AI with 
satellite imagery can be for the estimation of real-life 
variables (such as CO2 emissions). This was done by 
creating the algorithm for the program, collecting 
data that would be used for pre-processing and 
training, developing the scripts used for the program, 
and then evaluating and visualizing the results. The 
evaluation phase specifically employed k-fold cross 
validation, with various libraries in Python such as 
Matplotlib used for data visualization. 
 

The current results, shown in Figure 2, showcase 
strong predictive power using the model trained on a 
dataset with 79942 data points. With a r2 value of 0.74, 
this means that the trained model fits the data well, 
with 74% of the total variation being accounted for.  

 

 
Figure 2. Philippine results. Predictions and reported r2 
value are from five-fold cross-validation. Green line shown 
is the line of best fit. 
 

To assure the accuracy of this statistic, five 
random sampling trials were performed. Five 
thousand random points were selected from the data 
set and were processed through the final script to 
predict emissions. The summary of trials is presented 
in Table 1.  

 
Table 1. Summary of five trials of 5000 randomly selected 
points. 

Trial R2   Ridge Score 
(Validation) 

Ridge Score 
(Training) 

1 0.64 0.62 0.85 

2 0.69 0.66 0.86 

3 0.65 0.63 0.84 

4 0.66 0.57 0.92 

5 0.65 0.58 0.90 

Ave 0.66 0.61 0.87 

 
The average r2 value of the five trials is 0.66, and 

the average ridge score for validation is 0.61. 
Compared to the final result’s r2 of 0.74 and ridge 
score for validation of 0.73, there is some difference. 
The small disparity can be explained by the fact that 
the trials only used 5000 data points, which affects the 
forward pass process within the predicting 
consumption script. Still, the results are notable as it 
shows that 5000 data points (6.7% of the original 
79942) can already show high predictive power, 
explaining up to 69% of the variance.  

 
The trials’ ridge scores for training are much 

higher compared to their respective ridge scores for 
validation, which may show that there is some 
overfitting. In the final result, however, the difference 
between the training ridge score (0.78) and the 
validation ridge score (0.74) is much smaller, showing 
that a bigger dataset helps minimize overfitting. 

 
The ODIAC dataset served as the proxy ground-

truth data in this study but can also be used as a basis 
for a comparison of the model’s performance.  In a 
study by Chen et al. [20], the ODIAC dataset’s 
predictions among 14 large cities were compared to 
emission inventory statistics. This revealed that in
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some cities, especially in developing countries, the 
dataset overestimates. As Chen states, this 
overestimation could be due to the “poor correlation 
between nightlight intensity with human activity [...] 
in developing countries.” This is similar to a problem 
Jean et al. [4] cites, in which areas with very low light 
levels (often in developing countries) often show little 
variation, leading to models incapable of 
distinguishing differences in economic activity. Jean 
et al. improved upon existing studies by using a 
transfer learning approach in their model, which 
allowed them to have better estimates in countries 
and areas with minimal nightlight data. This study 
applied a similar approach; it was based on the 
transfer learning approach by Jean et al., which 
utilized both daytime images and nighttime data to 
estimate CO2 emissions, thus making predictions 
within the Philippines - especially in areas that are 
darker or with low luminosity values - more accurate. 

 
Though the results cannot be directly compared, 

due to the models measuring different variables, a 
comparison may offer some valuable insight. It was 
found that the developed model of this study 
estimates CO2 emissions better than how the models 
of Jean et al. (r2

max = 0.55) and Tingzon et al. (r2 = 0.63) 
predict economic status. 

 
Limitations. One of the primary concerns in this 

study was the lack of “true” ground truth data. 
Directly-measured CO2 emissions data in the 
Philippines could not be found available in any of the 
country’s database agencies, despite many efforts. 
Because of this, the study decided to use the ODIAC 
dataset as a proxy for ground truth data, which, while 
still a valid substitute, may contain overestimations 
and underestimations in urban areas and rural areas 
respectively as it is based on space-based nighttime 
light data and individual power plant 
emission/location profiles.  

 
Due to restraints in time and processing power, 

data points with no emissions (data points with a value 
of 0) were removed, which left the 79942 data points 
which were then used for the rest of the study. It is 
recommended that in future studies and 
developments, all data points, including those with 0-
emission values, should be included. 

 
A heatmap couldn’t be done in this study due to 

the lack of time and experience on the part of the 
researchers. 

 
Conclusion. - Through the development of the 

scripts, adapted from and based on the publicly 
available GitHub repositories of Jatin Mather (2016) 
and Jean et al. (2016), this study was able to conclude 
that the developed convolutional neural network 
model used to estimate CO2 emissions in the 
Philippines has strong predictive power. It improves 
upon ODIAC, an existing CO2 dataset, by looking at 
both daytime and nighttime images and data through 
transfer learning. The developed scripts and CNN 
model can be used as a starting point for more fully 
developed software and models that can serve as an 
alternative method of collecting CO2 emissions data. 

 
Recommendations. - Though the scripts and 

algorithms may prove themselves to be valid 

processes with strong predictive power, concerns may 
arise if the dataset itself has some issues - such as 
overestimations and underestimations - similar to 
that of ODIAC. It is recommended that, if there is 
access to a cleaner dataset of direct measurements 
from the Philippines rather than estimations, future 
researchers may want to utilize that instead.  

 
This model is limited to data in 2015. It is possible 

that this model could be used for more recent years, 
but further research is required in order to confirm 
so. 

 
A direct comparison between the accuracy of the 

ODIAC dataset and the accuracy of the developed 
model (compared to existing emission inventories) 
through graphs or a heatmap may also give additional 
insights.  
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Saba banana is one of the Philippines’ main export products but has a 
fast ripening process which affects its quality and marketability. Most 
instruments utilized in measuring banana quality are destructive. However, 
few have used 2D-image analysis in assessing the ripeness of the banana. 
This paper presents the evaluation of the ripening stage of Saba banana 
using 2D-image analysis as an alternative, non-destructive method. The 120 
banana images were pre-processed by obtaining the mask to remove the 
background, retaining only the region of interest, which was further 
converted into HSV and Grayscale. Ninety of the processed images were 
utilized as training data sets and the rest as testing data sets for the Support 
Vector Machine (SVM) where the overall agreement is 70%. The researchers 
recommend that future studies increase the texture features of the Gray 
Level Co-occurrence Matrix (GLCM) Analysis to improve the performance 
of the SVM. 
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Introduction. - Bananas are the top traded fruit 

worldwide, and it is one of the top fruit exports of the 
Philippines [1]. Therefore, it is important to ensure 
the quality (appearance, texture, flavor, and nutritive 
values) of the banana being exported and consumed 
locally because it affects their profitability [2].  

 
There are four major cultivars of bananas in the 

Philippines and Musa acuminata x balbisiana (Saba) is 
one of the country’s main products [22]. It is rich in 
vitamins and minerals and is also included in many 
Filipino dishes. M. acuminata x balbisiana is also used 
as a supplement or an alternative staple food from 
rice and corn in rural areas [3]. There was also a lack 
of research articles involving the analysis of the 
different ripening stages of this specific variety of 
banana using 2D image analysis. Bananas tend to be 
eaten at their mature stage which is why they are 
usually harvested at the mature green stage and 
remain without significant changes depending on the 
temperature, humidity, and age of the banana at the 
time of harvest. This is because the ripening process 
of bananas is irreversible once it starts because it 
brings about physical and chemical changes to the 
bananas [4]. It can be observed with the alterations in 
the fruit texture, the changes in the peel color (usually 
from green to yellow), the appearance of brown spots, 
and the synthesis of volatile components [5]. Bananas 
are known to have seven stages in the ripening 
process, as seen in Table 1, which are usually assessed 
through visual comparison of the colors of the peels 
[6]. As the banana ripens, its shape, size, color, and 
texture change which are observed by producers to 
decide when to harvest, transport, and sell the fruit [7]. 

The ability to identify maturity will help farmers 
optimize the harvesting phase [8].  
 
Table 1. The stages of banana ripening based on peel color [6].  

Ripening stage Banana peel color 

 
Unripe 

1 Dark Green 

2 Light green, traces of yellow 

 
 
 

Ripe 

3 More green than yellow 

4 More yellow than green 

5 Green tip and yellow 

6 All yellow 

Overripe 7 Yellow, flecked with brown 

 
The usual methods for determining fruit quality 

involve destructive and time-consuming measures 
such as evaluation of dry matter content, total soluble 
solids content, sugar content, and juice acidity. Thus, 
non-destructive alternatives such as image analysis 
are encouraged [12]. As manual inspections tend to be 
tedious, subjective, and non-uniform, image analysis 
using different image processing techniques has been 
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used to assess and evaluate the ripening process of 
bananas. Techniques such as the use of colorimeters 
[11], feature extraction and texture analysis [7], 
imaging and spectroscopy [12], color histogram [7], 
and many others have been used over the past few 
years. Many algorithms have also been utilized for the 
purpose of identifying the different ripening stages of 
bananas such as the use of the Gray Level Co-
occurrence Matrix (GLCM) for processing; Support 
Vector Machine (SVM) and K-nearest Neighbor 
(KNN) for recognition [13]; Fuzzy Color Histogram 
(FCH) and Movement Imagination (MI) methods for 
feature extraction [14]; Artificial Neural Network 
(ANN) to increase quality detection [15], and many 
others have been proven to be effective and usable in 
real-life applications. There are also new and efficient 
techniques that are based on the Hue Saturation Value 
(HSV) colorspace, development of brown spots, and 
texture analysis of the banana. According to Tichkule 
and Gawali [20], non-destructive applications that can 
use texture analysis techniques on the products are 
good alternatives for effective food quality 
assessment because they contain information on the 
color and geometric structure of the fruit.  

 
The results of this study will benefit researchers 

who aim to further enhance the use of 2D-image 
analysis as a non-destructive assessor of quality. 

 
This study aimed to predict the ripening stages 

(unripe, ripe, and overripe) of Musa acuminata x 
balbisiana (Saba) using 2D-image analysis. Specifically, 
it aimed to: 

 
(i) analyze the ripe, unripe, overripe stages of 
Saba banana by applying the Hue Saturation 
Value (HSV) and Grey-level Co-occurrence 
Matrix (GLCM) feature extraction techniques. 
 
(ii) compare the HSV of the unripe, ripe, and 
overripe Saba bananas using histograms. 
 
(iii) determine the different ripening stages of 
the bananas using the SVM.  

 
Methods. - The Saba bananas were acquired from 

the local farmers in Leganes, Iloilo, Philippines. The 
samples were grouped into ripe, unripe, and overripe 
stages by. This research utilized 120 banana samples 
overall, 40 for each ripening stage. From each 
ripening stage, ten of the images were processed while 
the rest were used to train the SVM. The images were 
converted into binary images [7]. Next, the images 
underwent image segmentation which produced the 
original picture without the background [8]. For the 
feature extraction, the HSV color space was used to 
categorize each pixel based on its color and brightness 
and the GLCM was used in measuring the texture of 
the image. The final process utilized an SVM to 
differentiate the ripe, unripe, and overripe bananas 
[7].  

 
Program Implementation.     The Python 

programming language of version 3.7.10 was 
implemented through Google Colaboratory which 
was mounted onto specific Google Drive folders 
where the acquired images were uploaded. 

 

Sample Collection.     The Saba banana samples 
collected in Leganes, Iloilo were identified and 
grouped by a qualified banana farmer. Six hands of 
bananas which were classified as unripe, ripe, and 
overripe were collected. Unripe bananas are green 
(stage 1 - stage 2), ripe bananas are usually yellow 
(stage 5 - stage 6) and overripe bananas are yellow with 
brown spots (stage 7) [8]. Forty (40) individual bananas 
were chosen from each ripening stage having 120 
samples in total. 

 
Image Acquisition.     Images of the samples were 

acquired inside an enclosed black cardboard box by 
taking photos using a mobile phone model Vivo 1806 
with a 9.8MP camera which was attached to a phone 
stand 19 cm above the surface of the black cloth. The 
picture was taken in a room with a temperature of 
302°C [17] and with one major source of white light 
being an LED ring light [12]. Overall, 120 pictures 
were taken and transferred from the mobile phone to 
a Google Drive folder in JPEG format [18].  

 
Table 2. The camera control settings used during image 
acquisition. 

Variable  Settings 

Image Size 2160 x 4560 

Magnification  1.0x 

Flash  No Flash 

Image Type JPEG  

Aperture  f/2.0 

 
Table 3. The specifications of the LED Ring light used during 
image acquisition. 

Variable  Settings 

Brand SANYK 

Model  10 inches live fill light 

Outer Ring Size  26cm 

Light Cold Light  

Dimmable Yes 

Color Temperature 2700-7000K 

Color Rendering Index RA/CRI:80 

Overall lumens  600-1300LM 

Number  of Lamp Beads 120PCSA 

Working Power Supply DC 5V/1A 

Power 12W/24W 

Lamp Bead Model 2835 LED 

Light Angle 120 
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Table 4. Raw images of three Musa acuminata x balbisiana 
samples from each ripening stage (unripe, ripe, and overripe). 

Samples Unripe Ripe Overripe 

1 

   

2 

   

3 

   

 
Projected Area Estimation.     The bananas were cut 

into six planes in the longitudinal axis. Each 
perpendicular cut was measured using a Vernier 
caliper, while the internal and external lengths of the 
bananas were measured using a flexible ruler [10]. The 
area of the banana was calculated by solving for the 
summation of the individual elements: the mean 
value of the ring thickness, area of the sectoral 
frustum, and center of the curvature.  

 
Pre-processing.     The images were converted into 

the HSV colorspace. Afterwards, it was converted into 
grayscale and further converted into binary images 
which served as segmentation masks [19]. 

 
Image Segmentation.     Using the segmentation 

masks, the RGB banana images were separated from 
the unwanted regions where only the regions of 
interest were kept [8] which are the areas of the 
images that were used for analysis [20].  

 
Feature Extraction.     The study focused on 

measuring the sample images’ color and texture 
features. The HSV method was used to evaluate the 
color, amount of color, and brightness of the images. 
Afterwards, the HSV values were extracted and 
plotted into a histogram for each ripening stage where 
the data was analyzed [7]. The GLCM was used to 
investigate the texture, specifically, the contrast and 
homogeneity of the pixels [7,12]. 

 
Recognition.     The SVM model was trained using 

90 testing images with 30 from each ripening stage. 
The SVM was then used in order to predict the 
ripening stages of the Saba bananas based on the data 
sets from the feature extraction process [7]. 

 
Data Analysis.     The classification of bananas 

based on their ripening stages was analyzed using the 

HSV and GLCM for color and texture features, 
respectively. For the HSV extraction, the data 
obtained were from the colors of the pixels generated 
from the HSV color space. These pixels were plotted 
on a histogram. The GLCM extraction focused on 
obtaining the value for the contrast [8] and 
homogeneity [12] using the following formulas:  

 
Where μ4 is the fourth moment about the mean, 

and σ2 is the variance.  

 
 
Where K is the size of the co-occurrence matrix, 

𝑃𝑖𝑗 is the estimate of the probability of a pair of points 
having values that satisfy an operator, and i and j are 
values of intensity. 

 
The contrast and homogeneity values were then 

placed on a matrix and were sorted into pairs 
according to their banana sample [21]. Using 
Microsoft Excel, the mean and standard deviation of 
the texture values were calculated. The SVM was used 
to compare its predictions with the actual ripening 
stages of the samples. 

 
Safety procedure.     The mandated safety protocols 

of the LGUs for the COVID-19 were followed during 
the conduct of the data gathering by the researchers.  

 
Results and Discussion. - Figures 1, 2, and 3 show 

the average hue, saturation, and intensity values from 
the ten segmented unripe, ripe, and overripe banana 
images, respectively, which were obtained from the 
HSV color feature extraction process. The hue values 
for the unripe stage are between the range of 90 to 
110, while the ripe and overripe stages have hue values 
in between the range of 50 to 70 with the ripe banana 
samples having the highest frequency of pixels and 
the overripe bananas having the lowest frequency of 
pixels. For the saturation, ripe bananas had the 
highest saturation value being 0.6 - 0.8 while unripe 
bananas had the lowest saturation ranging only from 
0.4 - 0.6. Lastly, for the intensity, the unripe bananas 
have the most diverse range of brightness from 50 to 
250 while the overripe bananas had the least diverse 
range of brightness from 150 to 200. 

 

 
Figure 1. The average HSV histogram of the unripe samples. 
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Figure 2. The average HSV histogram of the ripe samples. 

 

 
Figure 3. The average HSV histogram of the overripe 
samples. 
   

The contrast and homogeneity values were 
obtained using Python in Google Colaboratory, 
meanwhile, Microsoft Excel was used to calculate the 
mean of the values and their standard deviation. 
Normalization of data was done to obtain the best 
performance for the system with values between zero 
and one [23]. From Table 4, the overripe bananas have 
obtained the lowest normalized texture feature value 
for contrast and homogeneity. The unripe and ripe 
bananas obtained the highest normalized values for 
contrast and homogeneity, respectively. 

 
Table 5. The normalized feature vector for the unripe, ripe,  
and overripe Saba bananas using GLCM Feature Extraction. 

Texture 
Feature 

Contrast  STD. 
DEV 

Homogene-
ity 

STD. 
DEV 

Unripe 0.22 0.24 0.25 0.20 

Ripe 0.21 0.25 0.29 0.12 

Overripe 0.19 0.27 0.21 0.25 

 
Figures 4, 5, and 6 are histograms that present the 

average red, green, and blue values of the ten unripe, 
ripe, and overripe banana samples that were analyzed 
during the HSV color feature extraction process, 
respectively. On the right side of the plots, the unripe 
samples have more green pixels than red pixels as 
evidenced by the higher peak around the 150-color 
range, while the ripe samples were the other way 
around having a stronger peak towards the 250-color 
range. On the other hand, the overripe samples have 
much more red, green, and blue pixels on the left side 
of the plot. 

 

 
Figure 4. The average color histogram for the unripe samples. 
 

    
Figure 5. The average color histogram for the ripe samples. 

 

 
Figure 6. The average color histogram for the overripe 
samples. 
 

The average values of the histograms in Figures 
4, 5, and 6 have a high frequency of dark blue pixels 
as evidenced by the strong peaks of the blue line 
reaching over 50,000 pixels from the 0-50 range. 
This indicates that there may be high amounts of 
shadows that were included in the images during the 
HSV color extraction. However, the frequency of the 
blue pixels in all three histograms was reduced to zero 
as the color value rose, which means that there were 
no light blue pixels in the banana images. In contrast 
to the reduced amount of blue pixels, the right side of 
the histograms has higher amounts of red and green 
pixels.  

 
Specifically, the unripe samples had more green 

pixels than the ripe and overripe samples while the 
ripe sample had more red pixels than the unripe and 
overripe samples. Moreover, the unripe samples have 
the least amount of red and green pixels on the ride 
side of the plot but have higher values of red, green, 
and blue pixels on the left side. 
 

An SVM is a supervised learning method that 
analyzes data and recognizes patterns that are useful 
in data classification [24].  Random forest was used to 
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classify the images based on the SVM model. The 
classification was conducted in Colaboratory using 
python as a programming language.  

 
Table 6. The confusion matrix resulting from the 
classification of the ripening stages of the Saba bananas using 
an SVM Classifier.  

 
Actual   
Stage 

Predicted Stage  
Sensitivity 

 (%) 
1 2 3 

Unripe 5 2 3 50 

Ripe 0 10 0 100 

Overripe 0 4 6 60 

 
Precision 

(%) 

 
100 

 
62.5 

 
66.7 

Overall 
Correctness 

= 70% 

 
In Table 5, the confusion matrix presented was 

used to evaluate the SVM system. The total samples 
that were processed in the system were 30 bananas, 
ten from each ripening stage. The system has an 
overall agreement of 70%. The system classified 10 out 
of the 10 samples of the ripe bananas correctly (100% 
sensitivity). Analyzing the errors, 4 out of 10 samples 
of overripe bananas were misclassified as ripe. This 
means that the banana samples between the ripe and 
overripe stages have a similar texture and color 
features. In a study conducted by Mazen and Nashat 
(2019), they had made an SVM that achieved an 
overall agreement of 96.6%. In their study, they used 
another image feature to differentiate between the 
different ripening stages—Ripening Factor (RF)—
which was not included in this study. RF is the 
banana’s ripeness factor where the total area of the 
brown spots is divided by the total area of the banana 
[10]. The maximum value of precision, which is a 
proportion of the predicted positive ripening stage 
that was correctly identified, in the classifier is from 
the unripe stage with 100%. The maximum value of 
sensitivity, which is the ability of the prediction 
model to select the instance of a certain ripening stage 
from the dataset, is reached by the ripe stage with 
100%. Table 5 proves this fact because 10 out of 10 
banana samples were classified in the correct stage.  

 
Limitations.     The limitations of this study include 

the color range threshold for the image segmentation 
as the study only used the visual chart provided by 
Soltani et al. (2019) due to the lack of previous 
literature involving Saba bananas. Furthermore, only 
the basic color values of  yellow, green, and brown 
were used for the image segmentation process due to 
a lack of previous literature regarding the color ranges 
of Saba bananas.  

 
Conclusion. - The color and texture features 

from the 90 images that were used to train SVM were 
able to achieve a 70% overall agreement in classifying 
the 30 Saba banana samples into unripe, ripe, and 
overripe classes. Nevertheless, the SVM was still able 

to garner a 100% accuracy rating for the ripe banana 
images. Hence, 2D-image analysis has the potential to 
be a non-destructive alternative in classifying the 
ripening stages of Saba banana as well as other similar 
fruits in the food industry, but can always be 
improved further in the future. 

 
Recommendations. - It is recommended to use 

the official or actual color ranges of the different 
stages of bananas depending on their species, as this 
study was not able to find the color chart for the 
species used in this study -Saba banana. Moreover, it 
is recommended to apply more than two texture 
features for the GLCM analysis such as correlation, 
energy, entropy, dissimilarity, and other image 
features such as the Ripeness factor to achieve the best 
performance for the SVM [23]. Additionally, it is also 
advisable to use classifiers other than the SVM such as 
Artificial Neural Network [23] to attain a suitable 
classifier with the best performance depending on the 
research design process. Lastly, the researchers 
emphasize the importance of adding more samples to 
increase the number of images for the training dataset 
to also increase the performance of the system [24]. 
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Introduction. - The Philippines is a fish-

producing country that ranks 11th in global fishing 
production [1]. The main aquacultural produce of the 
country, Chanos chanos, locally known as bangus or 
milkfish, accounts for 2.4% of the national fisheries 
production [2]. Fish are highly perishable food, with 
storage times for tropical species ranging from 6-40 
days [3]. Due to this limitation, various preservation 
techniques have been devised to prolong its freshness 
in order for such to be marketable for longer periods 
of time. One of the chemicals used to preserve fish is 
formalin [4,5], a solution consisting of 37% 
formaldehyde, a known respiratory disease enabler 
[6]. Formalin can also cause early protein denaturation 
which compromises fish quality [7]. Several studies 
used chemical analysis methods to detect the early 
presence of formalin in meat and fish such as 
spectrophotometry [8] and formalin rapid testing [9]. 

 
 However, methods regarding chemical analysis 

are labor-intensive and time-consuming, while rapid 
test kits are not readily available in the market. This 
limitation was addressed by Cadorna et al. [8]. that 
used computer vision techniques such as image 
processing to detect formalin presence in milkfish by 
evaluating its eye, a method similar to most computer 
vision techniques that measure fish freshness. Image 
analysis has implied that the eye of formalin-treated 
fish became cloudy after a seven-day period as 
opposed to untreated fish which almost retained its 
appearance. The study then quantified the eye 

turbidity by capturing the image of the fish, splitting 
the channels into HSV (Hue, Saturation, and Value) 
components, and determining the intensity of each 
color space using an image processing tool. The study 
then found out that with values below 0.05 level of 
significance, the value components of the eye images 
+-of formalin treated and untreated C. chanos are 
significantly different. Such has opened the possibility 
of utilizing eye turbidity to be used for automation of 
formalin detection using imagery.  

 
Since automation of fish quality [11] and 

classification of eye appearance [12] is possible, 
formalin detection in C. chanos can be done using 
supervised machine learning. Algorithms for 
classifying fish samples according to their quality are 
using two distinct methods — feature extraction and 
classification. These are done by first enhancing the 
images using methods such as blob extraction and 
border smoothing [11], as well as eye masking [12].  
Then, the processed images are loaded into algorithms 
such as k-Nearest Neighbor, Support Vector Machine 
(SVM), or Feed-forward Artificial Neural Network 
(ANN). Hence, it is implied that feature extraction and 
classification algorithm methods for machine learning 
are always interdependent of each other. However, 
feature extraction is a tedious process that requires 
enhancing images manually before being analyzed or 
loaded into an algorithm. To be able to overcome this 
limitation, an algorithm that unifies feature extraction 
and classification shall be utilized.  
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One such algorithm unexplored in determining 
fish quality is the sssNet algorithm with SVM, 
developed by Nagata et al. [13]. It is a type of 
Convolutional Neural Network (CNN) that enhances 
the features of the images by filtering important pixels 
in the image and removing unwanted features. The 
sssNet-SVM algorithm was validated by testing it with 
images of 7000 resin articles, 6000 of which have 
defects such as cracks, while the remaining 1000 
images are of good quality. The algorithm only 
misclassified three images of resins of good quality 
and 13 images of defects. By implementing an 
algorithm with a unified extraction and classification 
such as sssNet-SVM, the need for tedious operation of 
manually extracting the important features of fish for 
analysis is eliminated. This proposed machine 
learning model composed of the algorithm trained 
using a reliable dataset would help those in the 
aquaculture sector to detect such a hazardous 
preservative faster and cheaper than conventional 
chemical analysis methods.  

 
The aim of this study was to use the sssNet-SVM 

algorithm in identifying formalin presence in Chanos 
chanos (Milkfish) and specifically aimed to: 

 
(i) Preprocess images of a C. chanos dataset to be 
suitable for algorithm training, 
 
(ii) Extract features from the images using sssNet 
and classify them into formalin-treated and 
untreated classes using sigmoid Support Vector 
Machine, 
 
(iii) Evaluate the confusion matrix table and 
percent accuracy of the image classifications, and 
 
(iv) Determine differences in features between 
images of formalin-treated and untreated classes 
extracted by the optimized algorithm using 
heatmap visualization. 

 
Methods. — The dataset created by Cadorna et al. 

[10], which consists of 420 images of eyes of C. Chanos 
that were treated with formalin, and 420 images of 
eyes of C. Chanos that were untreated with formalin, 
were used for training the algorithm. Before the 
images were loaded into the algorithm, the images 
were preprocessed. Tensorflow (version 2.3.1) 
powered by the Python programming language 
(version 3.8) was used to execute the methodology. 
The Anaconda distribution for Python was used, along 
with Jupyter as the Integrated Development 
Environment. The methodology is then divided into 
three parts, namely (1) image preprocessing, (2) 
algorithm building, and (3) algorithm training. The 
specifications for the hardware and software used to 
run the algorithm is stated in table 1.  

 
Image Preprocessing. Images from the dataset were 

loaded using the os library in Python. Python then 
reads the images as sets of arrays with hexadecimal 
values that correspond to each pixel. Since Cadorna et 
al. [10] used HSV (Hue, Saturation, and Value) color 
space for assessment of the images, the dataset was 
converted from RGB (Red, Green, and Blue) color 
space into HSV. The pixel values were then 
normalized by dividing each pixel value by 255 which 
is the maximum hexadecimal value. Image 

augmentation was then used to artificially enlarge the 
dataset size by providing multiple instances for each 
image. Manipulation methods such as resize fit, rotate, 
stretching, skewing, zooming, flipping, and filling 
were used for data augmentation. 

 
Table 1. Specifications of hardware and software used for the 
algorithm training. 

Item Specifications 

desktop 
computer 

Windows 10 Operating System, 
AMD Ryzen 5 3600 3.6 GHz 
processor, AMD RX 5700-XT 
GPU, 512 GB SSD with 330 
MB/S read and write speeds, 1 
TB HDD with 175 MB/S read 
and write speeds, and 32GB of 
RAM clocked at 3000MHz 
DDR4 

Python  Version 3.8 

Anaconda* Version 4.0.15 

Tensorflow  Version 2.3.0 

Jupyter Version 6.0.3. 

*open source version 
 

Algorithm Building.     As previously mentioned, the 
study used the sssNet-SVM algorithm as the 
classification method for the C. chanos images. The 
algorithm is a type of Artificial Neural Network (ANN). 
A more specific type of ANN, the Convolutional 
Neural Network (CNN), is a multilayer perceptron that 
deals with grid-structured data. Used often in 
computer vision, CNN outputs an input image by 
using a two-dimensional filter with a set of weights 
that would be multiplied to each input [15]. The 
resulting output would be an image with amplified 
features, just like the expected outputs from feature 
extractions. The study used the sssNet algorithm as the 
classification layer, as seen in Figure 1. The input 
image is characterized as a normalized HSV image 
with dimensions of 330 by 330 pixels with a depth of 
three representing the three color space channels. The 
image then entered the algorithm through a feature 
layer structure that consists of three instances of 
weighted filters, or convolutional layers with filter size 
5 followed by a max-pooling layer of filter size 3. After 
the final max-pooling layer, the pixel values are 
flattened, or the pixel values are lined side by side, 
then fitted into 32 sets of outputs, then summarized 
and fitted into the SVM, which is a sigmoid function. 

 
The sigmoid function is described as: 
 

(1)  𝛷(𝑦) =
1

1+𝑒−𝑦
 

 
The sigmoid function fitted the summarized 

outputs y into the probabilistic values of 1 to 0, with 1 
being close to the formalin treated value and 0 being 
close to the untreated value [15].  

 
Algorithm Training.     In order for the algorithm to 

learn, such was optimized using backpropagation, a 
process of relearning the receptive filters of the feature 
extracting layers by (1) finding the loss function, (2)  
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finding the gradient descent, and (3) using an 
optimization equation to revise the filters. 

 

Figure 1. The sssNet-SVM algorithm diagram. 
 

Furthermore, to expedite the training process, the 
images shall be fed to the algorithm in batches and 
shall automatically stop if training is sufficient using 
the callback function. Finding the loss function is 
done by plotting the loss values of the input data. The 
binary cross-entropy loss equation is used to find the 
difference between the calculated output value y and 
the actual label of the input images [15].  

 
The cross-entropy loss equation is evaluated as: 
 

(2) 𝐿 =  −∑𝑘
𝑖=1 𝑦𝑖 log(𝛷𝑦) 

 
L as the negative summation of expected output data  
yi multiplied by the logarithm of input data log Φy. 
 

The loss values L are then plotted, in which a loss 
function is determined. Gradient descent method is 
then used to find the relative minimum of the loss 
[15]. The gradient method is noted as the derivative of 
loss L over the derivative of the filter weight w. After 
determining the gradient, the ADAM optimization 
equation takes note of the gradient then relearns the 
weights of the sssNet-SVM algorithm [15]. ADAM, 
short for Adaptive Moment Estimation, is an 
optimizer that tries to use learning decay rates 
characterized as ⍴ and momentum Fi in order for a 
model to find the minimum loss with accelerating 
speed. In the Keras module, ⍴ is initialized as 0.9. 

(3.1) 𝐴𝑖 ⇐ 𝜌𝐴𝑖 + (1 − 𝜌)(
𝛿𝐿

𝛿𝑤𝑖
)2 ∀𝑖 

 
The first equation describes how the gradient 

descent is regulated with the learning decay rate. 
(3.2) 𝐹𝑖 ⇐ 𝜌𝑓𝐹𝑖 + (1 − 𝜌𝑓)(

𝛿𝐿

𝛿𝑤𝑖
) ∀𝑖 

 
The second equation, Fi is the momentum of the 

optimizer equation. Adding momentum to the 
optimizer increases the speed of the model 
approaching the minimum loss of the data. The 
learning decay rate ⍴f = 0.99 is also initialized with the 
Keras module. 

(3.3) 𝑤𝑖 ⇐ 𝑤𝑖 −
𝛼𝑡

√𝐴𝑖
𝐹𝑖  ∀𝑖 

 
The last equation describes how a weight of a 

filter is adjusted according to Ai and Fi . wi is replaced 

as the previous wi subtracted by the ratio of learning 
rate ɑ and the square root of Ai which is then 
multiplied by the momentum Fi . Ai in Keras is added 

with a stabilizer ε of 1 x 10-8 to avoid division by zero 
during the first model training with no pre-saved 
values. 

 
Longer periods of training would result in 

fluctuating accuracy because the gradient descent 
value may be larger than a value’s proximity to the 
relative minimum of the loss function. To cope with 
this limitation, a callback function, which detects 
when a model’s accuracy is about to fluctuate or 
overfit, was implemented. In order for the algorithm 
to train faster, batches of images were fed in the 
algorithm, then the summation of the cross-entropy 
loss for each batch was evaluated instead of feeding 
the algorithm with images one-by-one then 
evaluating the loss values for each image. Ninety 
percent (90%) of the dataset consists of 756 images 
being fed into the algorithm. For each learning 
instance of the algorithm, or epoch, 18 batches of 42 
images per batch were fed into the algorithm. 

 
Data Analysis     The data analysis part is divided 

into two parts, namely (1) AUROC analysis, and (2) 
heatmap visualization.  

 
A Receiving Operating Characteristics curve or 

ROC is used by classification studies to assess the 
accuracy of the model. Once used in the medical field, 
ROCs are used to determine how deviant the values 
of the true positive and true negative values are. The 
computation of values shall be done using a 
Confusion Matrix Table [14]. Using training data 
obtained from the Cadorna et al. [10] dataset, an 
image’s probability value as calculated by the sigmoid 
function was calculated by the algorithm if it is a false 
positive (FP), false negative (FN), true positive (TP) or 
true negative (TN).  Next, the true positive rate was 
obtained by dividing TP by TP+FN. Then, the false-
positive rate was obtained by subtracting the true 
positive rate from 1.0. A linear regression model of the 
true vs false positive rate was obtained to get the ROC 
curve. The Area Under ROC curve or AUROC for the 
epoch was then evaluated using the Riemann sum 
method as shown in Figure 2. 
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To test the ability of the optimal algorithm to 

identify formalin presence in C. chanos using unseen 
data, the remaining 10% of the Cadorna et al. [10] 
dataset was fed into the optimal algorithm. The 
confusion matrix table of the validation data was then 
evaluated.  

 

Figure 2. AUROC curve [14]. 
 

Lastly, to visualize how the convolutional and 
max-pooling layers of the optimal algorithm extract 
features from formalin-treated image classes and 
untreated image classes, the seven-day image capture 
of a randomly-picked sample from the formalin- 
treated class, as well as the seven-day image capture 
of a randomly-picked sample from the untreated class 
was obtained from the dataset. All images are then fed 
into the optimal algorithm, which were then 
visualized using a heatmap. The images are then 
compared to the heatmap of the unaltered HSV color 
spaces of the input image. The code for heatmap 
visualization was then used from a GitHub repository 
[16].  

 
Results and Discussion. - Table 2 shows the 

accuracy for the sssNet-SVM algorithm tested in five 
trials using the same dataset showing a consistent 
accuracy above the 95% confidence threshold, ranging 
from 98.16 to 99.15%. AUROC curve percentage is 
calculated from the confusion matrix table, or 
evaluation of formalin-treated and untreated images 
which are either correctly classified or otherwise. Out 
of 84 validation images, trial 5 presents an askew 
confusion matrix with 13 images falsely classified as 
formalin-treated, unlike the other trials which falsely 
classified only 3 or 4 images as formalin-treated. For 
the untreated classes, all trials only falsely classified 0-
4 images as untreated. 

 
Table 2. Confusion matrix and AUROC curve percentages for 
each training trial of the sssNet-SVM algorithm 

Trial TF FF TU FU AUROC (%) 

1 39 3 40 2 99.15 

2 38 4 41 1 98.64 

3 38 4 40 2 98.30 

4 39 3 38 4 98.16 

5 29 13 42 0 98.64 

Legend:  
TF: True Formalin-Treated class 
FF: False Formalin-Treated class 
TU: True Untreated class 
FU: False Untreated class 
 

Heatmap visualization is then applied into the 
feature extraction filters of the sssNet-SVM 
algorithm. Visualization of the extracted images is 
important in determining the receptive field that 
defines the significant difference between classes [17]. 
The receptive field in this algorithm pertains to the 
rectified pupils of the image samples. The pupils are 
said to be rectified if they are isolated from the eye of 
the fish and are then enlarged in the final layers of the 
algorithm. 

 
 The filter visualizations for the formalin-treated 

class and untreated classes were then compared with 
each other to see if differences in feature maps were 
exhibited by the algorithm in order for it to achieve 
high accuracy in classifying the dataset. Selection of 
feature maps for comparison used images taken from 
a single C. chanos sample which are captured daily, in 
a span of seven days. This is to examine if data for 
formalin-treated and untreated data are comparable 
irregardless of when the C. chanos sample was 
captured. 

 
Figure 3 shows that regardless of the day the 

sample was taken, the pupil of the eye of untreated C. 
chanos is rectified. In contrast, Figure 4 shows that for 
images in day 1 and day 2 of the formalin-treated 
classes, the pupil is rectified. This is not the case for 
the few remaining filters in figure 4. Hence, we can 
say that irregardless of the onset of storage of 
untreated C. chanos, the algorithm easily determines it 
as an untreated class. On the other hand, formalin-
treated fish can be easily determined by the algorithm 
as such if the fish was taken 3 days after the onset of 
treatment or later. 

Figure 3. Final feature extraction layers of untreated  C. chanos 
sample #28, left-eye, in seven days. 

Figure 4. Final feature extraction layers of formalin-treated 
C. chanos sample #28, left-eye, in seven days. 
 

Based on Figures 3 and 4, the framework of the 
algorithm, as shown in Figure 5, is generally described 
as starting from the input image is split into hue, 
saturation, and value channels. Then, the input image 
is augmented and extracted using the sssNet. If pupils 
are rectified, or present in the extracted image, the 
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fish sample in the picture is likely to be untreated with 
formalin; otherwise, the fish is likely to be doused 
with such substance. When training a CNN such as 
sssNet, the perception, or filter map of the algorithm 
is trained to focus on the specific parts of the image 
wherein classifications could produce significant 
differences between classes [17]. Eye turbidity of the 
image, the parameter that best describes the 
significant difference between the formalin-treated 
and untreated, is exhibited by the pupil, hence the 
algorithm focused on extracting features from the 
pupil.   
 

Trials presented in Table 2 describe the 
algorithm training was run with the same process, 
however, the image augmentation is randomized for 
each trial. An image may be skewed 10% rightward or 
enlarged 5% before being fed in the algorithm. This is 
done to (1) artificially enlarge the limited dataset of 
756 C. chanos images, and (2) take account of human 
bias in taking pictures.  This randomized image 
augmentation affects the capability of the algorithm 
to detect formalin in fish samples if such algorithm is 
retrained, hence the study has done five trials to see 
the consistency of the algorithm.  

 
While the samples consistently achieved above 

threshold AUROC curve of 95% confidence, the 
number of false classifications for the formalin-
treated class greatly varied. This pertains to trial 5 
classifying 13 out of 84 images falsely as formalin-
treated as compared to trials 1-4 only having false 
classifications ranging from 3-4 images. Image 
augmentation is one of the reasons for such skewed 
results of trial 5 compared to other trials. 
Theoretically, if a formalin-treated image is 
randomly enlarged or skewed, its pupils would be 
beyond the bounds of the filter map of the algorithm. 
Hence, the pupil of an image is accidentally rectified 
or extracted by the algorithm. This implies that an 
algorithm’s filter interpretability should be improved 
by training the filter to map the bounds of the region 
of interest [18], specifically of the pupil of the eye 
irrespective of how skewed, enlarged, or manipulated 
the image is.  

 
Another reason for the false classifications that 

occurred was the presence of pupils. Days one and 
two of the untreated dataset exhibited rectified pupils. 
By basing on the framework in Figure 5, untreated 
images should not have pupils that are rectified. This 
is because the difference in the mean eye turbidity 
values for days one and two of formalin-treated and 
untreated classes of C. chanos is nearer as compared to 
the differences in these two classes observed beyond 
two days [10].  However, statistical analysis for each 
day of treatment is needed to support this claim. 

 

 
Figure 5. Framework of sssNet-SVM algorithm in classifying 
the C. chanos dataset. 
 

Limitations.     The qualitative description of 
describing the feature maps of the optimal algorithm 
partially supports the claim that the optimal 
algorithm is effective in classifying C. chanos images. 
A supposed quantitative assessment of the feature 
maps, such as calculating the receptive field of the 
algorithm’s filters with respect to the training data [19] 
is beyond the capabilities of this study since such 
empirical method shall only be applicable if the 
sssNet-SVM algorithm was proven to be accurate. The 
researchers were unable to perform quantitative 
analysis for this claim. 

 
Conclusion. - The sssNet-SVM algorithm 

developed by Nagata et al. [13] is accurate in 
identifying formalin presence in images of Chanos 
chanos with a 98.16-99.15% AUROC curve. However, 
due to the varied confusion matrix trials as well as 
pupils extracted found in feature maps of C. chanos 
images doused with formalin one or two days after 
immersion, the sssNet-SVM will be challenged to 
classify C. chanos doused with formalin if the image 
analyzed was captured one or two days after its 
supposed dousing. It is advised that the sssNet-SVM 
algorithm is to be used solely to delimit the number 
of commercially available C. chanos needed to be 
tested for formalin presence using spectro- 
photometry analysis. 

 
Recommendations. - Using Grad-CAM analysis 

for quantification of feature maps is highly 
encouraged to measure the extent of feature maps 
between formalin-treated and untreated samples. A 
newer study may also want to integrate the algorithm 
into a mobile application to utilize a camera for in-site 
analysis.  
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