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Abstract: Porang (Amorphophallus muelleri) is  an Indonesian parental plant tuber developed vegetatively from bulbils 
during dormancy and harvested through petiole detachment for the industrial production of glucomannan. Pathogenic 
fungi and whiteflies can cause infection during harvesting and storage, destructing plant cells as well as reducing seed 
quality and crop yields. Therefore, this study aimed to develop a calibration model for detecting infected and non-in-
fected porang bulbils using a computer vision system. Image parameters such as colour (red, green, blue – RGB and 
hue, saturation, intensity – HSI), texture (contrast, homogeneity, correlation, energy, and entropy), and dimensions 
(width, area, and height) were evaluated on 90 samples in three positions. The results showed that the majority of image 
quality properties were significantly associated with non–infected and infected porang bulbils as showed by Pearson 
correlation values of 0.901 and 0.943, respectively. Discriminant analysis based on image attributes effectively classified 
non-infected and infected seedlings, achieving a model accuracy of 97.0% for correctly classified cross-validated grou-
ped cases. Therefore, computer vision can be used for the preliminary detection of fungal infection in porang bulbils, 
as evidenced by its high accuracy and outstanding model performance.
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Amorphophallus muelleri Blume, known locally 
as  porang, is   an  Indonesian parental plant tuber 
in  the Araceae family (Anggela et  al.  2021; Nurlela 
et al. 2022). This plant contains the highest concen-
tration of glucomannan compared to other sources, 
reaching 90.98% in the tuber (Yanuriati et al. 2017), 
and 94.45% in  the flour (Anggela et  al.  2021). Glu-
comannan is   a  hemicellulose-type polysaccharide 
that has chain links of glucose, galactose, and man-
nose with β-1,4-linked D-mannose and D-glucose 

monomers. Despite the high water solubility, vis-
cosity, gelation, and hydrocolloid fibre content, po-
rang tubers are unpleasant due to their high calcium 
oxalate composition (Sakaroni et  al.  2019; Nurlela 
et  al.  2022; Sarifudin et  al.  2022). Porang is  widely 
used in the food, pharmaceutical, biological, and cos-
metic industries. However, the tubers are often sliced 
and dried without additional glucomannan extraction 
as  a highly demanded export commodity (Yanuriati 
et al. 2017; Sakaroni et al. 2019; Nurlela et al. 2022).
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In January–February 2021, porang exports in-
creased by 32.31% to USD 1.52 million and 965.5 tons, 
compared to the same quarter in the previous year, 
with China, Thailand, and Malaysia being the top 
three export destinations. Although the export mar-
ket has expanded, only 20% of dry chip demand was 
satisfied (Riptanti et  al.  2022). This is  mainly due 
to the limited cultivation in Indonesia. There are sig-
nificant opportunities to increase the export market 
share through intensive management of cultivation, 
including preparing land for nurseries and planting, 
maintaining plants and land, harvesting tubers, and 
developing porang cultivation as   an  agro-forestry 
and export product (Dermoredjo et  al.  2021; Ript-
anti et al. 2022). One method for intensive produc-
tion is the use of leaf tubers or bulbils, found on the 
branches of leaf stalks (Nugrahaeni et al. 2021).

The three primary sources of  porang seedlings 
include tubers (called corms), bulbils (small bulbs 
developed in  leaf axils), and seeds. Regarding cost 
and environmental impact, bulbils are recognised 
as the best option among the three alternatives. The 
production varies throughout the initial, second, 
and third crop periods (Nugrahaeni et al. 2021). 
Moreover, seed size is crucial because it determines 
the number of stored food reserves. Different bulbs' 
diameters also affect seed growth rate, with larger 
bulbils growing more rapidly. Larger-weight seed 
is superior to tiny ones due to their petiole length vi-
ability. The heavier the bulbils, the greater the buds, 
fresh plant weight, plantlet height, shoot and root dry 
weight, tuber diameter, thickness, and harvest corm 
weight produced (Soedarjo and Sasmita 2021; Ibra-
him et al. 2022). Furthermore, it is possible to propa-
gate seeds by  cutting bulbils, which typically have 
protuberances on  the surface, known as  tubercles, 
eventually growing into candidate shoots (Harijati 
and Ying 2021). The success of porang farming relies 
on  seed availability in  adequate quantity and with 
superior physiological quality (Riptanti et al. 2022).

Bulbils are collected when the petiole spontane-
ously detaches, showing complete dormancy. The 
quality is  determined by  their full dormancy state, 
without any sign of  rotting, peeling, or  fungal in-
fections (Sari 2015; Hidayah et al. 2018). However, 
porang seeds are not available throughout the year 
in Indonesia. Farmers conduct forceful harvests be-
fore the plants are completely dormant to meet the 
demand, causing injuries and preventing the bulbils 
from achieving appropriate storage humidity (Sari 
et  al.  2019). Incorrect handling and storage might 

also cause porang seed to  be harmed. Newly fallen 
bulbils, specifically non–dominant types, can spread 
undetected infections due to the high moisture con-
tent of  the seed. The presence of  pathogens in  the 
form of fungi hinders plant development, decreasing 
embryo germination, vigour, and seed composition. 
Moreover, infection reduces the quality, viability, 
germination, growth, and growth of  seed, leading 
to diminished yield productivity (Alemu 2019; Turn-
er et al. 2020; Soedarjo and Sasmita 2021).

The timing of  fresh shoot emergence depends 
on  the dormancy status of  the planting material. 
When the plant material has completed its dor-
mancy before planting, a new shoot will sprout al-
most immediately after being transplanted. How-
ever, in cases where the apical buds of the seed are 
injured, leaf emergence is  delayed after planting. 
As  stated in  a  previous study, bulbils require two 
to  three weeks from planting to  initiate sprouting 
(Ravi et  al.  2011). The problem of  nonviable seed 
from bulbils may result in losses when subsequent-
ly planted. Furthermore, conducting planting tests 
is time-consuming, and the high demand for porang 
seed requires quick fulfilment. To meet this demand, 
a  fast and real-time method such as  computer vi-
sion is needed to detect quality as a non-destructive, 
cost-effective, and dependable technology.

Image classification, which relies on  gray–level 
cooccurrence matrix (GLCM) features including 
energy, contrast, homogeneity, dissimilarity, and 
correlation, combined with a  backpropagation al-
gorithm on  an artificial neural network (ANN), 
has successfully detected and classified porang leaf 
disease with a regression coefficient as well as root 
mean square error (RMSE) of 0.9 and 0.5, respec-
tively (Tsaqib and Rimantho 2022). Therefore, this 
study aimed to  use computer vision to  investigate 
colour and texture based on GLCM for image clas-
sification. This will facilitate the differentiation 
of  non–infected and infected bulbils in  real–time 
and thoroughly before planting. 

MATERIALS AND METHODS

Plant materials and growth condition. Samples 
of  porang were sorted manually into non-infected 
and fungi or  fleas-infected seeds. From June–Au-
gust, the bulbils were harvested in  the third and 
fourth vegetative phases by farmers in the Karang-
mojo area, Kalasan, Yogyakarta, Indonesia. The sam-
ples used in  the non-destructive method included 
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90 seeds of both qualities. The differences between 
non-infected and infected bulbils are shown in Fig-
ure 1. The physical properties were measured 
by weight, side diameter, upper diameter, and spher-
ical volume. The weight was assessed with an ana-
lytical balance (Fujitsu FS-AR), while the spherical 
volume was measured based on the average side and 
upper diameter using a caliper (Equation 1).

2
1 21 333

2
. d d+ ×π× 

 
	 (1)

where: d1 – side diameter; d2 – upper diameter

Porang seed, with an  initil moisture content 
of  75.00 ± 0.50%, were germinated and cultivated 
in  a  mixture of  soil, compost, and husk charcoal 
as planting medium (approximately 150 g; pH 7.0). 
Planting was carried out in an iron-framed growth 
chamber using sunlight with para net coverage (min. 
70 and max. 880 of daily lux, 30.00 ± 3 °C of temper-
ature, 80.00 ± 5% of  relative humidity). Fresh and 
dry weight, root length, root volume, plant height, 
number of  leafs, and plant canopy were measured 
as growth parameters after 60 d of cultivation. The 
plant canopy measurement was based on the longest 
leaf diameter (Equation 2).

2
1 2

4
d d+ π× 

 
	 (2)

Image acquisition. Image acquisition was carried 
out by capturing a single image on each object three 
times with different sides using the Logitech C270 
720P (Indonesia) webcam, with black paper as a back-
ground. The CMOS sensor of the webcam turns light 
into electrical signals, providing  high-speed signal 

readout, low power consumption, small size, and 
programmability (Radha Krishna et  al.  2021). The 
resolution accurately depicted porang seed and was 
considered ideal for this exploratory study. The im-
age acquisition process took place inside an enclosure 
box designed to  prevent external light interference. 
The shooting distance was fixed at  15 cm, centred 
on the bulbils, while illumination inside the enclosed 
box was achieved with an artificial ring light. The im-
age was entered into an  image processing program 
created through Python (version 3.10.1), with a reso-
lution of 720P (1280 × 720 pixels) (Figure 2). 

Three plates were calibrated before image acqui-
sition, including white, dark, and dotted for surface 
reflectance correction, background correction, and 
geometric pixel positioning respectively. Subse-
quently, the Kernel value was applied as the convo-
lutional matrix on image. Image for the bulbils was 
analysed by converting it into a binary image using 
thresholding. This process effectively separated the 
object by  transforming the background to  black 
through image segmentation. To  separate objects 
from image, improve pixel accuracy, and reduce 
background noise, a  7 by  7-pixel structured ele-
ment was used as  an opening and closing operation 
to  maintain object size. Image was then examined 
for colour (red, green, blue – RGB and hue, satura-
tion, intensity – HSI), texture (contrast, correlation, 
homogeneity, energy, and entropy), and dimensions 
(width, height, and area) based on GLCM (Table 1). 
The GLCM was used to  derive texture properties, 
including contrast (in pixel values), correlation (the 
degree of  linearity between pixel values), entropy 
(pixel value randomness), energy (pixel value uni-
formity), and homogeneity (pixel value consistency). 
The object dimensions (width, height, and area) 
were calculated using the concept of  a  bounding 
rectangle that aided in  object detection and iden-
tification within image (Syahputra et al. 2019). The 
image acquisition and extraction procedures before 
discriminant analysis and model performance are 
summarised in Figure 3.

Statistical and model performance analysis. 
Multivariate analysis of  variance (MANOVA), in-
dependent sample t-test, and Pearson correlation 
analysis were used to investigate the different char-
acteristics of non-infected and infected porang bul-
bils, as well as the relationship between their physi-
cal, vegetative growth, and imaging attributes. The 
data were analysed using SPSS software (version 25), 
while GraphPad Prism (version 9.0.0.) produced the 

Figure 1. The study used (A) non–infected, (B) moldy, (C) 
dried, and (D) lice-infested bulbils

(A) (B)

(C) (D)
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heatmaps for Pearson’s correlation. Twenty samples 
were tested for statistical analysis with a significance 
level of 5%. Discriminant analysis was used to classi-
fy and validate objects in these groups based on their 
image attributes, using 90 non-infected and infected 
samples. To reduce bias that may occur in the clas-
sification process, the leaf-one-out-cross-validation 
method was used. As the logical extreme of K–fold 
cross-validation, all training and validation data sets 

Figure 2. The graphical user interface of the image processing application

Image features Formula
Colour conversion

Hue 360  
if b g

z i b gf
θ ≤

 −θ >  

1

22

1
2[( ) ( )

( )
c

( )
s

(
o

)

r g r b

r g r b g b
−

− + −
〉

− + − × −
θ = 〈Saturation

Intensity
3

( )r g b+ +

 
GLCM method texture

Energy ( )2 ,di j
P i j∑ ∑  

Entropy ( ) ( )2 , log ,d di j
P i j P i j−∑ ∑  

Contrast ( )( )22 ,di j
P i j i j−∑ ∑  

Homogeneity
( )2

1
,d

i j

P i j
i j+ −∑ ∑

 

Correlation
( )( ) ( ),x y d

i j
x y

i j P i j−µ −µ

σ σ∑ ∑
 

Table 1. Image feature formula

z – hue value; θ – saturation value; g – green; b – blue; r – red; 
i – rows in the GLCM matrix; j – columns in the GLCM matrix; 
Pd – value at position (i, j) in normalised GLCM; μx, μy – the 
average intensity of pixels along the i- and j-axis, respectively;  σx, 
σy– the standard deviation of pixel intensities along the i-axis and 
j-axis, respectively; GLCM – gray–level cooccurrence matrix 

Porang seedlings
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Image
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Image
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correlation, energy, 
entropy, 

homogeneity

Dimension 
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Discriminant and model 
performance analysis
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Figure 3. Process of an image acquisition and data extrac-
tion of colour, dimension, and gray–level cooccurrence 
matrix (GLCM)

RGB – red, green, blue; HIS –hue, intensity, saturation
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were processed with the leave-one-out (LOO) meth-
od. The fold count was equal to the number of data 
points in  the original data sets (Zahra et al. 2022). 
The performance assessment of  discriminant anal-
ysis model was evaluated from the value of  MAE, 
RMSE, accuracy, reliability, specificity, and sensitiv-
ity (Table 2).

RESULTS AND DISCUSSION

Physical, vegetative growth, and image quality 
properties of porang bulbils. There was a  signifi-
cant difference between the upper diameter and ini-
tial weight parameters of non–infected and infected 
seed based on the t-test results (Table 3). The initial 
weight of  infected bulbils was significantly lower 
than non-infected ones and typically tended to have 
a small side diameter but a higher upper diameter. 
Infected bulbils were contaminated with fungi and 
other microbes, and the endosperm in tubers served 

as a food source for fungi, which affected their weight 
(Sari et al. 2019). In contrast, A'yun et al. (2019) found 
that the diameter and weight of seed during harvest 
strongly correlated with the time and phase of har-
vesting. Aside from influencing the dimensions 
based on  image properties, these results produced 
considerable variances in  width, height, and area. 
Significant dimensions in the form of width, height, 
and area in pixels show that the dimensional factors 
affect quality of  the bulbils. Based on  the acquired 
values, the diameters of infected bulbils were greater 
than non–infected ones, which was attributed to the 
irregular and non-uniform shape on multiple sides.

The colour parameters (R  – reed, G – green, 
H – hue, S – saturation, and I – intensity) showed 
statistically significant variations between non-in-
fected and infected bulbils. Significant colour analy-
sis showed that image parameters R, G, H, S, and 
I influenced the quality of  the bulbils. The R  and 
G values of non-infected bulbils were greater than 
those of  infected ones. In  this study, the RGB co-
lour model was converted to HSI values. Due to the 
device-specific properties of  RGB colour spaces, 
normalisation of  RGB colour spaces was required. 
In  addition, hue, saturation, and intensity (HSI) 
space, which is closer to how humans perceive co-
lour, is frequently used in food and agricultural in-
spection (Cubero et  al.  2011). HSI space has been 
recommended as an efficient colour selection meth-
od for image segmentation in graphic applications. 
HSI model is used extensively in  image processing 
and computer vision because it  closely resembles 
human colour perception and is a popular colour–
mixing method (Tsaqib and Rimantho 2022; Zahra 
et al. 2022). In this study, the colour reading of the 
HSI model showed that the non–infected bulbils 
had higher saturation and intensity values but a low-
er hue. The saturation and intensity values showed 
that overall colour was more distinct or dense and 
brighter than that of infected bulbils.

The texture is  the regularity of  patterns formed 
by digital image pixel configurations. Furthermore, 
GLCM method analyses texture and produces con-
trast, correlation, entropy, energy, and homogeneity 
values (Tsaqib and Rimantho 2022). Significant tex-
ture analysis results showed that texture character-
istics influenced the quality of bulbils. Infected bul-
bils had more excellent contrast and entropy than 
non–infected ones, showing that infected bulbils 
have a  more random texture due to  their high en-
tropy and contrast values. The variation of entropy 
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Table 2. Model performance analysis
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R2 – the coefficient of determination; MAE – mean absolute 
error; Y – value; Y-  – average of the value; Ŷ– predicted value; 
n – number of observations; reference; pred – prediction; 
TN – true negative; TP – true positive; FN – false negative; 
FP – false positive
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can explain sample behaviour over time, with higher 
entropy values implying greater image  random-
ness (Anjna et al. 2020; Omidi-Arjenaki et al. 2020). 
Non–infected bulbils had more significant correla-
tion, energy, and homogeneity values than infected 
ones, showing a more uniform texture due to their 
high homogeneity and energy values; the greater the 
homogeneity, the bigger the energy value. Homo-
geneity is used to evaluate the uniformity and pixel 
clarity of an image, which is the opposite of contrast 
(Anjna et al. 2020). 

Statistically significant differences (P < 0.05) were 
found in  the majority of  vegetative growth param-
eters between non–infected and infected porang 
bulbils,  including shoot fresh weight, dry weight, 
root length, plant height, and plant canopy (Table 3). 
Fungal infection negatively impacts plant growth and 
development, including germination rates, hypocot-
yl length, root length, fresh weight, and dry weight 
after planting. In addition, the transmission of severe 
seed-borne diseases related to  porang cultivation, 
particularly affecting the bulbil, can occur through 
infected seed mainly  contaminated by  tuber fungi, 
such as  Phytophthora colocasiae, Sclerotium rolfsii, 
Fusarium solani, Fusarium oxysporum, and Botrytis 
cinerea (Sakaroni et al. 2019; Tiwari et al. 2020; Soe-
darjo and Djufry 2021). Seed-borne illness refers 
to the transmission of inoculum through seed, which 
can impede the growth of sprouts and result in losses 
of up to 25%. Furthermore, the infection rate during 
storage can reach up  to  60%. Seed-borne diseases 
significantly impact  the planting process, leading 
to  plant damage, decreased harvest output, and 
a potential source of  further infection in both seed 
and nearby plants. Previous studies also observed 
that certain pathogenic fungi, including Fusarium 
species, generated mycotoxins within food-related 
products (Tiwari et al. 2020; Meriles et al. 2004).

Classification of  seed quality based on  image 
properties. The classification of bulbils quality based 
on image parameters was performed using discrimi-
nant analysis, with image parameter data integrated 
into the discriminant function. The discriminant 
analysis assumes that data meet the requirements 
of the linearity, normality, multilinearity, and equal-
ity of variance tests. This ensures that analysis can 
optimally separate groups with a  specific degree 
of distinction (Ahmad et al. 2018; Zahra et al. 2022). 
Based on the results, function 1 had an eigenvalue 
of 3 985 and a canonical correlation of 0.89, which 
explained 100% of the variance (Table 4). This high 

degree of discrimination was attributed to the rela-
tively high closeness value. Canonical correlation 
can quantify the degree of  proximity between dis-
criminant values and groups (Ahmad et  al.  2018; 
Zahra et al. 2022). In addition, function 1 had a Wilks 
Lambda value of 0.201, equivalent to a Chi-square 
(χ2) value of 423.282, and a significance of 0.00 for 
every image parameter. This score implied that each 
quality differed significantly between the groups.

Based on the matrix structure, function 1 had the 
strongest link with the order correlation, saturation, 
and red value, showing that the correlation was most 
closely related to the discriminant function. Matrix 
structure describes the relationship between the in-
dependent variables and the discriminant function 
(Ahmad et  al.  2018; Zahra et  al.  2022). According 
to the canonical discriminant function coefficients, 
the correlation has the highest value, showing 
a  close relationship between the linkage and dis-
criminant function. These coefficients determine 
if a case belongs to  a particular group and show that 
many predictor factors form discriminant function. 
By calculating the discriminant score, the discrimi-
nant function was used to validate predictions in the 
initial validation stage (Ahmad et  al.  2018; Zahra 
et  al.  2022). Intensity provides a  considerable ca-
pacity for discrimination based on the standardised 
canonical discriminant function coefficients. In the 
blue parameters (B), height, area, energy, and homo-
geneity, a  subset showed that these variables were 
not used in the investigation. B was not used since 
the t-test did not show a significant difference, while 
height, area, energy, and homogeneity were not used 
because the significance F was greater than 0.05. 
This implied that the five variables did not satisfy 
the constraints of the discriminant model (Table 5).

Using Fisher's linear discriminant method, a dis-
criminant model was created to  classify bulbil 
quality (Table 6). The derived equations were then 
validated in  the program by entering the extracted 

Parameter Values
Test of function(s) 1
Wilks' lambda 0.201
Chi-square 423.282
Significance 0.000
Eigen value 3.985
Percent of variance (%) 100.0
Canonical correlation 0.894

Table 4. Wilks' lambda value and eigenvalue
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image parameter values R, G, H, S, I, width, contrast, 
correlation, and entropy. The non-infected and in-
fected scores represented quality groups derived 
from the image-processing calculation of  image 

parameter values. Based on  the results, each qual-
ity had a  unique discriminant score that operated 
as a criterion or value separator.

Table 7 showed that the prediction of most group 
members was consistent with the amount of initial 
data, both original and cross-validated. The results 
of  the prediction show the percentage of  accuracy 
after grouping. In the original column, non–infect-
ed bulbils were accurately classified in 133 samples 
(98.5%), while 2 samples were incorrectly predicted 
as infected (1.5%). 130 samples were adequately clas-
sified as  infected (96.3%), while 5 infected samples 
(1.8%) were incorrectly predicted as non-infected.

Leave-one-out cross-validation (LOOCV) is  used 
in  the classification process to  limit the possibility 
of bias (Zahra et al. 2022). In the cross-validated col-
umn of non–infected samples, 133 (98.5%) were cor-
rectly classified, while 2 (1.5%) were incorrectly pre-
dicted. A total of 129 infected samples (95.6%) were 

Discrimination coeffi-
cient of image properties

Structure 
matrix

Stand. canonical discrimi-
nant function coefficients

Canonical discriminant 
function coefficients

Tests ofequality  
of group means

1 1 1 Wilks' lambda Significance
Constant 632.322
Bluea –0.025 0.997 0.401
Green 0.100 –9.567 –0.762 0.962 0.001
Red 0.252 –4.818 –0.350 0.798 0.000
Hue –0.570 –0.537 –0.831 0.436 0.000
Saturation 0.463 1.493 0.140 0.539 0.000
Intensity 0.130 13.100 1.073 0.937 0.000
Width –0.262 –0.301 –0.008 0.786 0.000
Heighta –0.070 0.944 0.000
Areaa –0.186 0.838 0.000
Contrast –0.391 1.094 0.169 0.622 0.000
Correlation 0.468 1.203 657.470 0.534 0.000
Entropy –0.507 –0.509 –2.898 0.494 0.000
Energya 0.187 0.840 0.000
Homogeneitya 0.211 0.821 0.000

Table 5. Structural matrix, canonical discriminant coefficient function, group mean test in image processing of bulbils

a variable not used in discriminant analysis

Parameter
Bulbil quality

non-infected infected
Red –364.959 –363.567
Green –545.616 –542.586
Hue 30.874 34.177
Saturation 139.280 138.725
Intensity 754.896 750.629
Width –23.929 –23.896
Contrast 290.614 289.942
Correlation 1 515 869.186 1 513 254.065
Entropy 904.798 916.326
(Constant) –743 518.940 –741 003.848
Group centroids 1.989 –1.989

Table 6. Discriminant classification model of porang bulbils

Initial quality
Prediction (amount/%)

Total (amount/%)
non-infected infected

Originala non-infected 133 (98.5) 2 (1.5) 135 (100)
infected 5 (3.7) 130 (96.3) 135 (100)

Cross–validationb non-infected 133 (98.5) 2 (1.5) 135 (100)
infected 6 (4.4) 129 (95.6) 135 (100)

a  97.4% of original grouped cases were correctly classified; b 97.0% of cross-validated grouped cases were correctly classified

Table 7. Results of discriminant test classification based on image parameters
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correctly classified, while 6 (4.4%) were incorrectly 
predicted. The obtained accuracy values were compa-
rable and classified as high classification accuracy. The 
high accuracy implies that the computer vision system 
has successfully classified different qualities of bulbils.

The obtained results were then validated using 
sensitivity, specificity, accuracy, false positive rate 
(FPR), false negative rate (FNR), reliability, RMSE, 
and MAE criteria (Table 8). The relative proximity 
of  the sensitivity and specificity values to  1 shows 
that the calibration and validation models are suit-
able for classifying bulbils into two distinct qualities. 
The optimal model has high sensitivity, specificity, 
and validity (Rashvand and Akbarnia 2019; Anjna 
et al. 2020; Saputro et al. 2022). Based on  the FPR 
and FNR values of  the calibration and validation 
model, a  value close to  0 was obtained, showing 
that the model had excellent performance. In  ad-
dition, the values for accuracy and reliability were 
close to  1, implying that the resulting model was 
acceptable. A  perfect model has precision and de-
pendability values close to 1 as well as FNR and FPR 
values near 0 (Rashvand and Akbarnia 2019; Anjna 
et  al.  2020; Prastiwi et  al.  2023). Furthermore, the 
RMSE and MAE values were close to 0, showing that 
the prediction outputs of the model were accurate. 
As stated by previous studies MAE and RMSE val-
ues close to zero show good performance or accura-
cy of the prediction model (Rashvand and Akbarnia 
2019; Nurrahmah et al. 2023; Rahmawati et al. 2023). 
According to the results of the discriminant model 
with image parameters, it was considered applicable 
for classifying bulbils of different quality.

The correlation between physical and vegeta-
tive growth properties and image quality of po-
rang bulbils. Pearson's correlation heatmaps de-

picts the relationship between physical, vegetative 
growth and image properties in  the non-infected 
and infected porang bulbils (Figure 4). The physi-
cal and vegetative growth quality had differential 
effects on the properties of bulbil image. A signifi-
cant positive correlation was observed between im-
age  characteristics of  width, height, and area with 
quality of  initial weight, side diameter, and spheri-
cal volume in both non-infected and infected seed. 

Model performance Calibration Validation
Sensitivity 0.96 0.96
Specificity 0.99 0.99
FPR 0.01 0.01
FNR 0.04 0.04
Accuracy 0.97 0.97
Reliability 0.95 0.94
RMSE 0.16 0.17
MAE 0.03 0.03

Table 8. Model performance based on image parameters

FPR – false positive rate; FNR – false negative rate; RMSE 
– root mean square error; MAE – mean absolute error
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On the other hand, significant inverse associations 
were observed between energy and homogeneity, 
with initial bulbil weight, side diameter, and spheri-
cal volume. Image attributes including R, G, B, H, 
I, width, height, area, energy, and homogeneity had 
a moderate correlation with the fresh and dry weight 
of  roots and shoots, as  well as  the canopy of  the 
plant, during the vegetative growth stage of non–in-
fected seed. In contrast, there was a moderate cor-
relation between some image attributes (including 
B, S, width, height, area, contrast, entropy, and en-
ergy) with shoot fresh and dry weight, root volume, 
and plant height of infected bulbils. The greater the 
response in  a  positive correlation, the higher the 
strength of  the variable predictor, while in a nega-
tive correlation, the response decreases as the vari-
able predictor increases (Zahra et al. 2022). Gener-
ally, a  Pearson correlation coefficient value greater 
than 0.50 shows the presence of  multicollinearity, 
referring to the occurrence of high intercorrelations, 
most commonly in non-infected porang bulbils.

CONCLUSION

In conclusion, the physical features and vegetative 
growth of  the seed showed that the weight, spheri-
cal volume, shoot fresh and dry weight, root length, 
plant height, and canopy differed between infected 
and non-infected bulbils. Infected porang bulbils 
varied in colour and image textural properties com-
pared to non–infected ones. Furthermore, discrimi-
nant analysis effectively classified the quality of po-
rang bulbils with the following attributes: accuracy 
(97.4%), model sensitivity (0.96), specificity (0.99), 
FPR (0.01), FNR (0.04), reliability (0.95), RMSE 
(0.16), and MAE (0.03). The discriminant method 
was effective for assessing the quality of various bul-
bils using image parameters, as shown by the model’s 
high accuracy and good performance. The Pear-
son correlation heatmap showed multicollinearity 
in non-infected and infected bulbils with significant 
physical, vegetative growth, and image properties 
relationships up  to 0.943. These results can be used 
in  developing a  porang quality evaluation system, 
which is critical for seed industry quality procedures.
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