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ABSTRACT Immature durian poses a crucial problem for durian export. A miniature near-infrared
spectrometer was used to develop a prediction model based on fruit stem and rind spectra. A sample of
120 durian fruits with variation in maturity was used to calibrate the model using different machine-learning
algorithms, consisting of partial least squares regression (PLSR), least square support vector machine (LS-
SVM), and artificial neural network (ANN) approaches. Initially, the rind model provided better predictive
performance than the stem model for all algorithms. However, combining either the stem or the rind spectra
(or even the fruit density) as the independent variables, the built models produced better results in prediction
than from using either the stem or rind spectra alone. Among the models investigated, the combined spectra
model of the stem and rind without spike spectra and using the ANN algorithm produced the best prediction
with a correlation coefficient of 0.848, a root mean square error of prediction of 2.215%, and a residual
predictive deviation of 1.833. Finally, the results showed that the proposed model performed sufficiently
well in predicting the dry matter content of durian fruit using the miniature near-infrared spectrometer, even
though it underperformed the model derived from the durian pulp.

INDEX TERMS Agricultural engineering, spectroscopy, regression analysis.

I. INTRODUCTION
Durian is an important export fruit of Thailand, with the
main durian planting areas being in the east and the south.
The quality and good taste of Thai durian has resulted in
it being accepted by consumers in many foreign countries.
Durian fruits are round-to-oblong in shape and the rind is
covered with sharp thorns that are a green-to-yellowish green
or brown color (Fig. 1). The stem connects the fruit to the
branch and has an abscission zone separating the stem into
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two parts. Inside each carpel is an edible portion known as
the pulp that is golden-yellow in color. The problem with
exporting durian during the period before the optimal harvest
time has always been the mixing of inferior quality durian,
especially immature ones, which, regardless of the cause, has
had a negative effect on the country’s durian export business.
This problem is caused by the mistake of harvesting durians
that do not have optimal maturity and is one of the reasons
why the value of durian has decreased in price. At present,
harvesting mature durian requires experience and expertise.
Durian farmers will determine when to harvest based on
counting the days after anthesis (DAA), squeezing the ends
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FIGURE 1. Durian fruit showing stem, lobe groove, rind, and pulp.

of the thorns together (those of mature durians require less
force to squeeze than those of immature durians), inspecting
whether the lobe groove is wide (if it is, the durian is very
mature), or tapping while listening (if the sound is clear, the
fruit is mature). However, these methods used by farmers and
human sorters at the packing house can potentially cause large
errors in selection, especially if the person doing the testing
is tired or inexperienced [1].

A durian maturity index has been developed for separating
immature durian from mature durian by using 32% dry
matter content (DMC) as a standard value for identifying the
degree of maturity of durian which has been academically
accepted [2], [3]. Consequently, the minimum DMC required
for mature ‘Monthong’ durian fruit based on the Thai
Agricultural Standard for Durian (TAS 3-2013) is 32%.
However, the DMC is the value obtained based on destructive
measurement of the durian fruit and it takes time to quantify
the result. Therefore, there is a need for a technique that can
be used to rapidly measure durian maturity without causing
any damage to the durian fruit. Such a technique should be
able to repeatedly measure the maturity of fruit based on the
DMC, until it is the correct time to harvest.

Near infrared spectroscopy (NIR) is an accepted technique
that is rapid and non-destructive for the measurement of
the internal composition of agricultural products and food
samples. The NIR technique has been applied to accurately
assess the quality of thin-skinned fruits such as mangoes [4],
strawberries [5], passion fruit [6], and apples [7]. In the
case of thick-skinned fruits, an application of the NIR
technique was used to predict the total soluble solids
(TSS) in melons [8], [9], [10], watermelons [11], and
cantaloupes [12]. Other applications included the isolation of
melon genotypes [13] and the examination of cracked shells
in coconuts [14].

With regard to thick-rind durian, [15] applied an NIR
technique to create a model for predicting the DM by
measuring the light absorbance in the diffuse reflection
pattern of the stem and rind and to study the feasibility
of using the light absorption data of the stem and rind to
classify durian into 3 durian maturity groups. A multivariate
discriminant analysis technique was used to model the
light absorption data of the stem, rind, and stem plus
rind, producing durian classification accuracy percentages of
91.7%, 84.7%, and 91.4%, respectively. Data from the stalk
alone gave greater accuracy in identifying durian than the data
from the husk alone. One reason was because the absorption
spectra of the stem were close to the absorption spectra of
the flesh. However, the highest classification accuracy was
achieved by combining the stem and rind data to create
the model. In another study, a portable NIR spectrometer at
wavelengths in the range 700–1100 nm was used to compare
the NIR absorbance measurements for the stem and the rind
to create a TSS prediction equation for the pulp [16]. These
researchers found that the calibration equation generated
from the rind spectrum had a higher level of accuracy than
from the stem spectrum, with a correlation coefficient (r) of
0.94 and a standard error of prediction (SEP) of 2.95%.

NIR applications are limited when very little NIR light can
penetrate the sample. Thus, with durian, light may not be able
to penetrate the thick rind to reach the flesh and be reflected to
record a measurement. Reference [17] studied the reduction
effect from the rind and developed an empirical technique to
adjust the NIR absorption spectra from the whole fruit (NIR
peel and pulp) to be close to the NIR absorption spectrum
of the flesh, using peel moisture as the adjustment parameter.
The equation constructed from the adjusted predicted spectral
values to predict the DMC was similar to that generated from
the durian flesh spectrum.

The near infrared hyperspectral imaging (NIR-HSI) tech-
nique has advantages over NIR because it can measure spatial
absorption spectra, thus obtaining more spectral information.
As a result, equations generated from hyperspectral data have
higher predictive accuracy than equations generated from
normal spectra data. NIR-HSI has been applied to measure
the DM [18] and had higher accuracy than from using
NIR [19]. The NIR-HSI system could classify the ripeness
into 3 levels with an accuracy of 93.6% and predict the DMC
with a coefficient of determination of prediction (Rp2) higher
than 0.80 and a root mean square error of prediction (RMSE)
of less than 1.6%.

A review of published research suggested that there has
been no application of an NIR miniature spectrometer for
DMC prediction in durian. The NIR miniature spectrometer
is a portable device with advantages of being low cost and
applicable for online sorting using fiber optics. Additionally,
few researchers have integrated the NIR absorbance from
more than one position on the durian fruit in the develop-
ment of the prediction model. Thus, the current research
aimed to develop a calibration model from rind and stem
absorbance values acquired using the miniature spectrometer,
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FIGURE 2. Acquisition of NIR reflectance at (a) stem of durian, (b) rind of
durian, and (c) durian pulp.

for predicting the DM and to study the integration of the rind
and stem absorbance to increase the predictive ability.

II. MATERIALS AND METHODS
A. PREPARATION OF DURIAN SAMPLES
‘Monthong’ durians were harvested from Chanthaburi
province, Thailand. Six harvest ages of durian fruit were
randomly picked to cover the range from immature to fully
mature fruit, based on DAA with 20 fruits per harvest age:
92 (immature), 99 (premature), 106 (early mature), 113
(mature), 120 (mature), and 127 (fullymature). The harvested
fruits were transported to the laboratory at the Postharvest
Technology Center, Department of Horticulture, Faculty
of Agriculture at Kamphaeng Saen, Kasetsart University,
Kamphaeng Saen Campus, Thailand.

B. MEASUREMENT BY VARIOUS TECHNIQUES
1) MEASUREMENT OF NEAR INFRARED SPECTRUM
The absorbance of durian was measured using a miniature
spectrometer (DLP Nanoscan; Texas Instruments; USA) in
the wavelength range 900–1700 nm, every 3.5 nm in diffuse
reflectance measurement mode using fiber optics. Each fruit
was measured at 4 locations: (1) at the abscission zone or
joint between upper and lower fruit stem (Fig. 2(a)); (2) at
the rind surface area between the spikes in the middle of the
major lobe (rind) (Fig. 2(b)); (3) at the surface area after one
spike had been cut off using knife, which was adjacent to
the previously measured surface area (rind area after spike
removal) to provide flat surface area for scattering reduction;
and (4) at the flesh or aril after rind removal (pulp) (Fig. 2(c)).
Absorbance data were acquired by measuring the durian fruit
from different ages and recording the absorbance (Fig. 2).

In each measurement, the dark current (Id ) was measured
automatically inside the camera, while the white reference
(Iw) light intensity was acquired from a spectralon bar with
reflective properties in the near-infrared region; these were
used to calculate the reflectance (R) according to (1):

R =
Is − Id
Iw − Id

(1)

Reflectance data were analyzed using the Matlab software
(ver 2021a; MathWorks; MA, USA) to construct dry matter
content prediction equations. Savitzky–Golay smoothing
(SGS), multiplicative scatter correction (MSC), standard
normal variate (SNV), first derivative (1D), and second
derivative (2D) values were individually and in combination
applied to minimize the light scattering effects. Due to the
physical differences of the durian skin on the different fruits
used in the analysis, the R, SGS-R, 1D-R, 2D-R, and SNV-
R values of the durian fruit rind and pedicle were analyzed
separately to create equations. All created models were
compared for their DMC predicting performance.

2) DURIAN DENSITY MEASUREMENT
Three-dimensional (3D) scanning [20] was used to determine
the volume of each durian fruit. Each fruit was weighed on a
digital scale and the durian density was calculated from its
weight divided by its volume.

3) DETERMINATION OF DRY MATTER CONTENT
The pulp of the lobe from which the absorbance was
measured was used to determine the DMC by chopping the
durian pulp thoroughly and obtaining a sample of 20 g by
weighing on a digital scale. Then, the sample was dried in a
hot-air oven at 70◦C for 48 h or until the weight was stable,
before calculating the DMC [2]. DMC (%)=W1 /W2 × 100,
where W1 is the weight of the sample before drying and W2
is the weight of the sample after drying.

III. CALIBRATION MODELS
A. PARTIAL LEAST SQUARES REGRESSION (PLSR)
In spectroscopy, a calibration model is generally constructed
using the partial least squares (PLS) algorithm, because it
performs well in many applications, including the evaluation
of fruit quality [21], [22], [23]. The concept behind partial
least squares is to decompose both the design matrix X and
the response matrix Y [24] by considering information from
each other, as demonstrated in (2). This decomposition allows
for regression between T and U to be performed.

X = TPT

Y = UQT (2)

One intuitive way to achieve this is through an iterative
method called the Nonlinear Iterative Partial Least Squares
(NIPALS) algorithm, which involves the following proce-
dures.
u = yj for some j
Loop

p = XT u/
∥∥∥XT u∥∥∥

t = Xp

q = Y T t/
∥∥∥Y T t∥∥∥

u = Yq (3)

Until t stop changing
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The above provides the procedure for finding the initial
set of PLS components and loadings. For subsequent
components and vectors, the X and Y are extracted in (4) and
used in the same procedure (3) for repetition.

X = X − tpT

Y = Y − uqT (4)

After repeating the aforementioned steps, matrices T and U ,
and matrices P and Q, which are related by equation (2), are
obtained. A regression model that relates Y and X is achieved
by fitting a regression coefficient (β) withU and T , as shown
in equation (5).

U = Tβ (5)

Next, the resulting model is substituted into equation (2) to
obtain the calibration model, which predicts the correspond-
ing ‘y’ value for any given ‘x’ as follows.

Y = UQT = TβQT = XPβQT (6)

In the current study, spectral data acquired from the durian
samples and their dry matter contents were considered as
the independent and dependent variables, respectively. In the
PLS approach adopted, both the spectral data and dry matter
content were simultaneously decomposed into orthogonal
space called latent variables (LVs). The first several LVs
are usually sufficient to maximize the covariance between
the X and Y matrices [25] to attain satisfactory calibration
and prediction results. The optimal number of LVs was
determined using a leave-out-out cross-validation technique.
The LVs that resulted in the minimum mean square error
(MSE) were considered as the optimal LVs for model
construction.

B. LEAST SQUARES SUPPORT VECTOR MACHINE
REGRESSION (LS-SVM)
A support vector machine (SVM) is a type of supervised
machine-learning classification algorithm that performs very
well with even a limited amount of data. SVM constructs a
hyperplane in multidimensional space and finds a maximum-
marginal hyperplane learned from training data using an opti-
mization procedure to best divide the dataset into classes [26].
It can easily handle multiple continuous and categorical
variables, as well as supporting regression problems by
modelling the function with a minimum amount of allowable
error [27]. The SVM algorithm is implemented using a
kernel. A kernel transforms an input data space into the
required form, depending on the kernel type, such as a
linear, nonlinear, polynomial, radial basis function (RBF) and
sigmoid kernel [28]. The RBF kernel function is popular in
support vector machine problems and is usually chosen for
non-linear data because it provides proper separation when
there is no prior knowledge of the data. The SVM algorithm

has become very popular in many fields of application,
including NIR spectroscopy [29], [30], [31]. SVM for
regression is formulated in solving a convex quadratic
programming (QP) problemwhich requires high computation
for the constrained optimization. The least squares version
of SVM is called LS-SVM [32] and has been proposed to
work with equality instead of inequality constraints and a sum
squared error cost function. This reformulation with a linear
system is known as the Karush–Kuhn–Tucker method for
finding the solution and greatly simplifies the problem [33].
The current study selected an approach using the LS-SVM
method with an RBF kernel as an alternative algorithm for
establishing the calibration model to predict the dry matter in
a durian fruit. In LS-SVM regression, the equality constraint-
based QP problem is given by (7):

min
w,b,ei

J (w, ei) =
1
2
wTw+

1
2
γ

∑N

i=1
e2i

subject to yi = wTϕ (xi) + b+ ei, i = 1, . . . ,N (7)

where, w is the weighting vector in the dimension of
feature space; b is the bias term; ei is the error variable;
γ is the regularization parameter which penalizes the error
and asmaller γ can avoid overfitting noisy data; and ϕ (.)

is a kernel space mapping function that maps the data
into a higher dimensional feature space. According to the
optimization equation, the Lagrange function is obtained
as (8):

L (w, b, ei, αi) =
1
2
wTw+

1
2
γ

∑N

i=1
e2i

−

∑N

i=1
αi

{
wTϕ (xi) + b+ ei − yi

}
(8)

where, αi is the set of Lagrange multipliers called support
values. The Karush-Kuhn-Tucker conditions for optimality
can be obtained by partially differentiating with respect to
each variable using:

∂L
∂w

= 0 → w =

∑N

i=1
αiϕ (xi)

∂L
∂b

= 0 →

∑N

i=1
αi = 0

∂L
∂ei

= 0 → αi = γ ei, i = 1, ..,N

∂L
∂αi

= 0 → wTϕ (xi) + b+ ei − yi = 0, i = 1, ..,N

(9)

Solving the problem using the Lagrange multipliers eventu-
ally yields a set of linear equations, which can be written
as (10): [

0 1TN
1N � + γ −1I

] [
b
α

]
=

[
0
y

]
(10)

where, 1N is a N x 1 vector with all entries being 1;
y = [y1; . . . ; yN ] is the vector of reference values; � is an N
x N matrix with�ij = K

(
xi, xj

)
= ϕ (xi)Tϕ

(
xj

)
, which must

followMercer’s condition. Eventually, the LS-SVM regressor
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FIGURE 3. Proposed ANN architecture with two hidden layers.

output is expressed as (11):

f (x) =

∑N

i=1
αiK (x, xi) + b (11)

where, α and b are the solution to (5); K (x, xi) represents the
kernel function that in the current study was a Gaussian radial
basis function (RBF) as shown in (12):

K (x, xi) = exp
(
− ∥x − xi∥2

/
2σ 2

)
(12)

In the software implementation, a grid-search technique was
used to tune the regularization (γ ) and the RBF kernel
function parameter (σ 2) in the LS-SVM lab toolbox [34] and
the Matlab R2021a software.

C. ARTIFICIAL NEURAL NETWORK (ANN)
An ANN is a subset of machine learning which attempts
to simplify and simulate the behavior of the biological
systems of a human brain. ANN can process data and
solve problems more effectively than conventional machine-
learning algorithms. In large-scale datasets with a lot of noise
and distorted patterns, it can find interesting features and
handle large-dimensional data spaces with high processing
speed and robustness [35]. The architecture of ANN involves
the arrangement of a network along with its nodes and
connecting lines distributed across an input layer, one or more
hidden layers, and an output layer. ANN connects nodes in
each layer in a forward direction from the input nodes to
the hidden nodes to the output nodes with no backward links
permitted [36], [37]. In supervised learning, ANN is trained
with samples of matched input and output data to generate
predicted outputs that are as close as possible.

In the current experiments, the proposedANNarchitecture,
shown in Fig. 3, had three layers: an input layer, two
hidden layers, and an output layer. The linkage lines between
adjacent layers presented the networkweights:w(j,i) (between
the input and the 1st hidden layer), w(k,j) (between the 1st and
2nd hidden layer) and w(l,k) (between the 2nd hidden layer
and the output layer), respectively. In the input layer, the
number of nodes was determined by the number of spectral

wavelengths of the samples. We restricted the number of
hidden layers to two to prevent overfitting and to regulate the
model’s complexity. This decisionwasmade to avoid creating
amodel that would be overly intricate relative to the relatively
small input dataset that consisted of only 85 training samples
and 35 validation samples. The number of neural units in each
layer was adjusted from 1 to 30 to find an optimal solution
with the lowest possible error (MSE).

The output for each node in the network can be calculated
in the forward direction using (13):

y(h)j = f
(
w(h)
j,1 y

(h−1)
1 + w(h)

j,2 y
(h−1)
2 + · · ·+w(h)

j,my
(h−1)
m + b(h)

j

)
= f

(∑m

i
w(h)
j,i y

(h−1)
i + b(h)

j

)
(13)

where y(0)i = xi and y
(N )
j = o andN is the number of layers in

the network, m is the number of inputs, i indicates the current
node in the previous layer, and j and h are the current node
and the current layer, respectively, f (·) is the transfer function,
using a tan-sigmoid transfer function.

During a training process, a neural network’s parameters
can be adjusted using Levenberg–Marquardt optimization
(LM) [38]. Typically, the LM algorithm is the fastest
backpropagation algorithm compared to other learning
algorithms. It combines two numerical minimization algo-
rithms (the gradient descent method and the Gauss–Newton
method). The gradient descent method updates the parame-
ters in the direction of the steepest descent to minimize errors.
The Gauss–Newton method minimizes errors differently by
assuming that the least-squares function is locally quadratic
in the parameters and finding the minimum of this quadratic.
When the parameters are far from their optimal value, the
LM method behaves more like a gradient-descent technique.
When the parameters are nearly at their optimal value,
it behaves more like the Gauss–Newton method.

The LM algorithm was developed especially for loss
functions. It works with the gradient vector and the Jacobian
matrix instead of calculating the exact Hessian matrix. The
loss function takes the form of a sum of squared errors (SSE),
as shown in (14):

f =

∑m

i=1
e2i (14)

where f is the loss function, e is the sum of squared errors,
and m is the number of training samples in the data set.
We can define the Jacobian matrix of the loss function
as the derivatives of the errors for the network parameters
using (15):

J i,j =
∂ei
∂wj

, (15)

for i = 1, . . . ,m and j = 1, . . . , n, where n is the number
of parameters in the neural network. Note that the size of the
Jacobian matrix ism×n. We can compute the gradient vector
of the loss function using (16):

∇f = 2JT · e (16)
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Lastly, we can approximate the Hessian matrix using (17):

Hf ≈ 2JT · J + λ I (17)

where λ is the damping factor that ensures the positiveness of
the Hessian and I is the identity matrix. Equation 18 defines
the parameter updating process with the LM algorithm:

w(i+1)
= w(i)

−

(
J (i)T

· J (i)
+ λ

(i)I
)−1

·

(
2J (i)T

· e(i)
)
(18)

If the damping parameter λ is zero, then this is simplified
to Newton’s method using an approximate Hessian matrix.
On the other hand, when λ is large, this turns into a gradient
descent with a low training rate. The parameter λ should
initially be large for the initial updates to be small steps in
the gradient descent direction. If any iteration is unsuccessful,
then λ is increased by some factor. Otherwise, as λ is
reduced, the loss decreases and the LM algorithm gets closer
to the Newton method. Typically, convergence is accelerated
to the minimum through this process.

As noted previously, the LM algorithm is a technique
designed specifically for the sum of squared error functions
and this speeds up neural network training. However, this
algorithm has some shortcomings. First, it is unable to
minimize error functions, such as the cross-entropy error or
the root mean squared error. In addition, the Jacobian matrix
calculation consumes a lot of memory. Therefore, the LM
algorithm is not suggested for large datasets [39].

IV. EXPERIMENTAL DESIGN AND MODEL DEVELOPMENT
In the model development phase, the collection of the
120 durian fruits was divided into two groups using a 70:30
ratio, consisting of a calibration set of 85 and a prediction
set of 35, respectively. Each group was made up of durian
fruit harvested at the different ages, ranging from immature
to fully mature, based on DAA. Due to limitations in the
collection of samples, most samples were within the range
of DAA 106 (DMC ≈ 33%) to DAA 127 (DMC ≈ 40%),
while only a few samples were collected between DAA 92–
99, with a DMC less than 33%. However, the selection of fruit
was randomized and the range covered DAA 92 (immature)
to DAA 127 (fully mature). The calibration set was arranged
for each given schema before being fed as an independent
variable (input dataset) into the model. The independent
variables used to construct the calibration models consisted
of the NIR reflectance spectra of the durian stem (SR), NIR
reflectance spectra of the durian rind (RR), NIR reflectance
spectra of the durian rind without spikes (RNSR), NIR
reflectance spectra of the durian pulp (PR), and the density
of the durian (DEN), respectively. The DMC of the durian
was used as a dependent variable to construct the model.
Initially, the DMC of all samples was arranged in ascending
order before building the model. The first and last samples
were chosen for the calibration group, while the remaining
samples were alternatively chosen for the calibration group
and the validation group. As a result, the samples from both

TABLE 1. Changes in durian physical properties with DAA.

groups had similar DMC distributions, with the DMC of the
samples from the calibration group covering the DMC of the
samples from the validation group.

The regression models presented in this paper (PLS,
LS-SVM, and ANN) were specifically designed for a regres-
sion problem investigating the dry matter content of durian
fruit. This paper presented some commonly used regression
metrics, consisting of the correlation coefficient (r), Root
Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE), as shown in (19)– (21), respectively:

r =

√√√√1 −

∑n
i=1

(
yi − ŷi

)2∑n
i=1 (yi − ȳ)2

(19)

RMSE =

√∑n
i=1

(
yi − ŷi

)2
n

(20)

MAPE =
1
n

∑n

i=1

∣∣yi − ŷi
∣∣

|yi|
× 100% (21)

where yi is the reference value, ȳ is the mean of y, ŷi is the
predicted value of yi, and n is the number of samples.These
regression metrics are statistical parameters and helped to
assess how well each regression model predicted the actual
values of the target variable. In addition, these metrics helped
in the selection of the best regression model among the
various tested models and to optimize the hyperparameters
of the model for better performance.

In the current study, the calibration models of the various
algorithms (PLSR, LS-SVM, ANN) with different spectral
pre-treatments (SGS, SNV, MSC, 1D, 2D) were constructed
using different kinds of input datasets. To find the best
predictive results, three schemas were proposed, as shown in
Fig. 4. In the first schema, individual NIR spectra (SR, RR,
RNSR) were used as the input dataset for constructing the
models and produced 15 different models (an input dataset
generates 5 models using different spectral pre-treatments
for each algorithm), whereas the second and third schemas
presented the combination of input dataset of NIR spectra
(SR+RR and SR+RNSR) and the combination of input
dataset of NIR spectra and the fruit density (SR+DEN,
RR+DEN and RNSR+DEN), respectively. Each combined
input dataset produced 10 and 15 models that were expected
to improve the prediction results compared with individual
input datasets.
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FIGURE 4. Schemas for calibration model construction using different input datasets.

FIGURE 5. Comparison of NIR spectra of stem, rind, rind without spike,
and pulp.

V. RESULTS AND DISCUSSION
A. CHANGE IN DURIAN DRY MATTER CONTENT
Monthong durian from Chanthaburi province, Thailand
(randomly picked from 6 age groups after flowering, with
20 fruits per age group) had weight, volume, and density
values, as shown in Table 1. The average fruit density of each
age tended to decrease with increasing age after flowering or
maturity, while the dry matter content increased, respectively,
with age after flowering. This pattern of dry matter content
gain was consistent with other research [1], [2], [15].

B. SPECTRAL CHARACTERISTICS
The NIR absorption spectra of the stem, rind, thornless rind
and flesh are compared in Fig. 5. Dominant peaks were
observed at around 970, 1200, and 1450 nm. The peaks at
around 970 and 1200 nm were assigned to the absorption
bands of the water molecule vibrating in the symmetric and
asymmetric stretching modes [40]. A major peak at around
1450 nm, where the pulp absorbance was higher than for the
stem and the rind, was associated with the O-H stretching first
overtone of starch andwater [41], indicating that the fruit pulp
contained more moisture than the stem and peel. The stem
had the lowest moisture content. Overall, the absorbance of
the shell other than the water absorbance region was lower
than for, which was consistent with the findings of [15]. This
was due to the peel having durian thorns, causing the light to
scatter more than for the smoother stalk, resulting in the shell
reflectingmore light than the stalk or absorbing less light than
the stalk itself.

The effect of DAA on the absorbance of flesh is shown
in Fig. 6(a), based on the mean absorbance of durian flesh
in each maturity stage. If the absorbance is divided into
3 groups, where DAA from 85-92 days is the immature
group, 99-106 days is the early mature group, and 113-
127 days is the mature group, it can be seen that the
absorbance around the wavelengths from 1400 to 1600 nm
tended to decrease with maturity, indicating that the pulp
absorbed less light as the fruit became more mature. The
variation in pulp absorbance concerning DMC is alternatively
displayed in Fig. 6(b). The absorbance around the 1450 nm
wavelength, which corresponds to a water peak, exhibited
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TABLE 2. Best predictive performance of different calibration models based on Individual NIR spectra from various locations according to Schema 1.

FIGURE 6. Change in absorbance of pulp with respect to (a) days after
anthesis (DAA) and (b) dry matter content (DMC).

a decreasing trend as DMC increased. This trend was
consistent with other studies [15], [18]. However, over time,
the absorption tendencies of the stem, rind, and the rind
without spikes were not as clear as for the flesh (data
not shown).

FIGURE 7. Relationship between density of durian fruit and dry matter.

C. RESULTS OF DATA ANALYSIS FOR PREDICTING DRY
MATTER CONTENT
The NIR spectra for the three different locations on the
surface of the durian (SR, RR, and RNSR) were used to
create regression models (PLSR, LS-SVM, ANN) to evaluate
the DMC of the durian. The NIR spectral data of the durian
pulp (PR) were not included in the development of the
model. Instead, these data were used to construct a separate
model that was compared to the models generated from the
NIR spectra for the surface of the durian. Considering the
generated models according to Schema 1, Table 2 presents
the best predictive outcomes from the different models
(PLSR, LS-SVM, ANN) for the different fruit measurement
locations. The models of RNSR provided more accurate
results than the models of RR and RNSR with values for
RMSE of 2.773 for PLSR, of 2.700 for LS-SVM, and of
2.358 for ANN; the ANN algorithm clearly outperformed
the PLSR and LS-SVM ones. These results matched the
work of [15] that showed that the models derived from
the rind spectrum offered a more precise prediction of
the dry matter content of durian than the models derived
from the stem spectrum. In addition, this finding confirmed
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TABLE 3. Best predictive performance of different calibration models based on combined NIR spectra according to Schema 2.

TABLE 4. Best predictive performance of different calibration models based on combination of NIR spectra and fruit density according to Schema 3.

FIGURE 8. Scatter plots between reference and predicted values of ANN models that produced best results in each
schema.

that the moisture content of the rinds continued to decline
as the durian grew older [42].

In terms of spectral pre-treatment, the experiments
revealed that the SNV and MSC pre-treatment methods,

including SGS, performed well on smooth surfaces like the
durian stem and the durian rind without spikes, whereas
the first derivative pre-treatment performed better on an
uneven surface like the durian rind, which is more susceptible
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to light scattering. However, greater complexity in the
spectrum derived from derivative processing could include
noninformative parts of the spectrum which could deteriorate
the model’s prediction.

Table 3 presents the best predictive results of the models
based on Schema 2, based on two spectrum combinations.
Compared to the outcomes of the individual models in
Table 2, the combined input models of SR+RR and
SR+RNSR showed no appreciable improvement in either
the PLS or the LS-SVM algorithms. Their predictive
performances were no better than those of the RNSR models.
However, for only the ANN algorithm, the combined input
model of SR+RNSR, performed notably well, with an RMSE
of 2.215 that outperformed the ones of SR (2.568) and RR
(2.513). In addition, the results showed that the combined
NIR spectra model did not improve the predictive results for
PLSR and LS-SVM; however, there was some improvement
in the ANN algorithm with the first derivative pre-treatment.
This may have resulted from the algorithm’s learning process,
as well as the more complicated properties of the first
derivative spectrum.

Schema 3 produced the best predictive results based on the
combination of NIR spectra and fruit density (Table 4). The
combined input models of SR+DEN and RR+DEN showed
a slight improvement over the models in Table 2, whereas the
RNSR+DEN model showed a significant improvement only
for the ANN algorithm. The RNSR+DEN model produced
the best predictive results compared to the SR+DEN and
RR+DEN models. These results showed that fruit density,
which has been recognized as a reliable indicator of fruit
and vegetable DMC, might help improve the prediction
performance of the models [43], [44]. As shown in Fig. 7,
the density of durians was also correlated with their dry
matter. However, compared to the combined NIR spectra
models (SR+RR and SR+RNSR), the RNSR+DEN model
with the ANN algorithm (RMSE = 2.262) underperformed
the SR+RNSR model (RMSE = 2.215) in predicting the dry
matter content.

Based on the overall results, the ANN algorithm out-
performed the other calibration models in every test. The
predictive results associated with the spectrum of RNSR
were better, either as a single or combined feature. This
implied that the spectrum at this location contained more
informative data compared to the other locations on the
fruit. Furthermore, the combination of NIR spectra and fruit
density (Schema 3) and the combined NIR spectra at different
measuring locations (Schema 2) had an advantage over the
individual NIR spectra. There were some improvements in
Schema 2 over Schema 3, as depicted in Fig. 8, which showed
the best results in terms of the scatter plots for each schema,
including the ANN result of the spectrum acquired from the
durian pulp used as a comparison.

VI. CONCLUSION
A miniature NIR spectrometer could be utilized to indirectly
predict the dry matter content of durian pulp by analyzing
the stem spectra, the rind spectra, and the rind without

spike spectra. For this purpose, PLS, LS-SVM, and ANN
models were developed and compared in terms of their
prediction performance for dry matter content. The ANN
models outperformed the PLS and LS-SVM models, with
the latter two performing equally well. Notably, the model
using the rind without spikes exhibited superior performance
compared to the models using only the stem and rind spectra.
Combining the rind and stem spectra resulted in improved
predictions compared to using individual spectra.

Furthermore, the inclusion of fruit density as an additional
independent variable in the input dataset, for either the rind
or stem spectra, or even for the rind without spikes spectra,
enhanced the prediction performance. Based on the RMSE
values, the proposed models, especially the combined NIR
model based on the stem and the rindwithout the spike spectra
using the ANN algorithm, demonstrated the most acceptable
results in indirectly predicting the dry matter content of
durian pulp.

However, a limitation of this technique was the need
to carry out each measurement separately, leading to a
comparatively long time for analysis. To improve the
accuracy of themodels, future work could focus on increasing
the NIR light power, which might provide better spectral
information of the rind and stem. Moreover, further research
with a larger sample size is necessary to validate the results
and enhance confidence in the predictive performance of the
model.
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