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Abstract: Jute is a bio-degradable, agro-renewable, and widely available lingo cellulosic fiber having
high tensile strength and initial modulus, moisture regain, good sound, and heat insulation properties.
For these unique properties and eco-friendly nature of jute fibers, jute-based products are now widely
used in many sectors such as packaging, home textiles, agro textiles, build textiles, and so forth.
The diversified applications of jute products create an excellent opportunity to mitigate the negative
environmental effect of petroleum-based products. For producing the best quality jute products,
the main prerequisite is to ensure the jute yarn quality that can be defined by the load at break
(L.B), strain at break (S.B), tenacity at break (T.B), and tensile modulus (T.M). However, good quality
yarn production by considering these parameters is quite difficult because these parameters follow
a non-linear relationship. Therefore, it is essential to build up a model that can cover this entire
inconsistent pattern and forecast the yarn quality accurately. That is why, in this study, a laboratory-
based research work was performed to develop a fuzzy model to predict the quality of jute yarn
considering L.B, S.B, T.B, and T.M as input parameters. For this purpose, 173 tex (5 lb/spindle) and
241 tex (7 lb/spindle) were produced, and then L.B, S.B, T.B and T.M values were measured. Using
this measured value, a fuzzy model was developed to determine the optimum L.B, S.B, T.B, and T.M
to produce the best quality jute yarn. In our proposed fuzzy model, for 173 tex and 241 tex yarn
count, the mean relative error was found to be 1.46% (Triangular membership) and 1.48% (Gaussian
membership), respectively, and the correlation coefficient was 0.93 for both triangular and gaussian
membership function. This result validated the effectiveness of the proposed fuzzy model for an
industrial application. The developed fuzzy model may help a spinner to produce the best quality
jute yarn.

Keywords: triangular membership; gaussian membership; jute spinning; tex; quality ratio; fuzzy logic

1. Introduction

The excessive use of plastic products has led to a massive increase in environmental
pollution. Therefore, government, industry, and consumers pay more attention to natural
and biodegradable resources that are less hazardous to the environment as well as to human
and animal health. For this reason, the uses of natural fiber-based products are increas-
ing extensively in many applications such as automobiles, furniture, building materials,
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cosmetics, medicine, packaging and so on due to their biodegradable, widely available,
and environment-friendly features [1]. Among the natural fibers, jute is the second most
widely used biodegradable, and environmentally friendly fiber [2]. Therefore, scientists are
using jute to develop commercial products such as packaging [3], home textile products [4],
geo-textiles [5,6], low-weight and flexible composites [7–9], and so on to reduce the uses of
synthetic products to protect the environment. To use jute in these applications, the quality
of jute yarn production is the most important factor. Jute yarn quality can be defined by
its L.B, S.B, T.B, and T.M values. To produce the best quality yarn by maintaining these
properties is very tough due to the non-linear behavior among L.B, S.B, T.B, and T.M. In
this case, modeling the yarn qualities by identifying yarn properties is the most enthralling
issue in textile research. Various prediction approaches have been exercised to forecast
the different yarn qualities. The quality characteristics of the yarn depend on various
parameters. Sometimes, it is difficult for scientists and researchers to control the required
quality for specific purposes. Therefore, the modeling of the yarn quality characteristics
based on different physical parameters will be the solution of this problem that meets the
consumer’s requirements. With this regard, numerous modeling methods are being used
nowadays to determine yarn performance under different considerations viz. strength,
elongation, evenness, hairiness, quality ratio, etc. But the procedure of controlling the
process parameters at the time of yarn production is vital to obtaining end products that
fulfill the consumer’s necessity [10]. In addition, all of these factors execute in a non-linear
manner and interact with one another. Therefore, it is quite difficult for researchers to
manage the process parameters for yarn production.

Hence, the development of a precise model that relates the process parameters and
quality features may help textile engineers to forecast the required yarn production in
advance which will reduce the total cost and the production time [11]. For this reason, for
forecasting yarn qualities, there are three well-known modelling methods: mathematical
model, statistical analysis model, and soft computing methods are becoming popularity
day-by-day. Hunter [12], Mogahzy [13], Hafez [14] and Smith & Waters [15] provided
statistical regression models and the beta co-efficient analysis to show the relative impact
of various inputs on yarn strength. Bogdan [16,17], Frydrych [18], Zurek, Frydrych, &
Zakrzewski [19], Subramanian, Ganesh, & Bandyopadhyay [20] and Abhijit & Anindya [21]
have developed mathematical models that are incredibly attractive since they are based on
core ideas of basic sciences and provide a good knowledge of the process procedure. But
the forecast precision of the mathematical model is not particularly promising owing to the
guesses used when developing this model, because mathematical and statistical modeling
is inadequate to represent the non-linear interaction between inputs and outcomes.

To solve this problem, the introduction of artificial intelligence (A.I) has given a
precise additional drive to study yarn property modeling. Ramesh, Rajamanickam and
Jayaraman, [22], Cheng and Adams [23], Zhu and Ethridge [24,25], Guha, Majumdar, and
Majumdar [26] and Guha, Chattopadhyay and Jayadeva [27] were able to predict several
properties of spun yarns using neural-fuzzy approaches and an artificial neural network
(ANN). However, due to the significant waste of time and resources, a traditional trial-and-
error experimental technique failed in this regard [28]. Furthermore, constructing a forecast
model employing an artificial neural network (ANN) and adaptive neuro-inference system
(ANFIS) is likewise a complex and lingering task owing to an enormous number of trial
results [29,30]. Under this situation, a fuzzy inference system (FIS) is the scientific and
technical option for quality modeling, as it executes very well through limited amounts
of trial data in a non-linear, trial-and-error, and intricate textile area [21,31]. Furthermore,
compared to other models, a fuzzy logic model is more reasonable, less expensive to design
and generally easier to implement [32,33].

In this work, a fuzzy model was built to predict the quality ratio of the jute yarn. The
quality ratio is one of the properties of jute yarn that indicates the breaking load. It is
the percentage ratio of single yarn strength in pound (lb) and yarn count in lb/spyndle
(1 spyndle = 14,400 yards). Yarn with a better-quality ratio demonstrates greater yarn
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strength [34,35]. Therefore, an attempt has been made in the current study to build a
fuzzy logic expert model using the Mamdani method for predicting of the strength of
jute yarn that has not been mentioned in the past studies so far. This fuzzy prediction
model can be used to modify spinning process parameters to achieve the desired yarn
strength, i.e., quality ratio, as a decision-making support tool for jute spinners before the
process is started to generate a better-quality yarn as per the buyer’s requirements.

2. Materials and Methods
2.1. Materials

The jute plants of variety C-145, Bangle white-B (BWB) (Corchorus capsularis) were
collected from Bangladesh Jute Research Institute (BJRI), Dhaka and retted for 14 days under
fresh water. The fibers were extracted and dried at room temperature. The consequent
fibers were used as fibrous raw materials for producing of yarn counts 173 (5 lb/spyndle)
and 241 (7 lb/spyndle) tex, respectively (count in tex system = lb/spyndle × 34.45).

2.2. Yarn Preparation

The yarn samples were developed at the Textile-Jute spinning mills, Daulatpur, Khulna,
Bangladesh. For processing the raw jute, the fibers were passed through a jute softener
machine with a 25% emulsion by weight of the fiber. To soften the fibers, a mixture of 79%
water, 1.5% emulsifier, and 19.5% JBO was added for this purpose. The soft jute fibers
were stored in a bin for conditioning of 48 h as generally performed in jute spinning mills
and these pilled fibers were processed using a traditional sequence of the jute processing
system [36]. Figure 1a,b shows the raw jute fiber and jute sliver, respectively. To produce
173 and 241 tex yarns, the finisher draw frame sliver was spun using a jute flyer spinning
frame. The machine was operated to assess its performance using a variety of factors
such as draft, twist, spindle speed, and so on. The yarn was spun in the flyer spinning
frame using draft16, spindle speed 4200 rpm, and twist 354 tpm for the 173 tex and draft16,
spindle speed 4500 rpm, and twist 354 tpm for the 241 tex.
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Figure 1. Experimental image; (a) raw jute fiber, (b) jute yarn sliver before spinning, (c) Testing of
jute yarn using UTM machine and tearing of jute yarn after applying force (d).

2.3. Measurement of Quality Ratio (QR)

The properties of the produced yarn like tensile strength, extension at break and
quality ratio were measured using the Universal Strength Tester (Titan2, UK) guided by
ASTM, D2256, as shown in Figure 1c,d. ASTM D1907 was used to determine the linear
density of the yarn. The twist per meter of the yarn was determined using a mechanical
Shirley Twist Tester. The strength of the yarn was calculated using the following equation,
which is also known as the quality ratio (equation1) [37,38]. All tests were evaluated at a
standard testing atmosphere i.e., 65 ± 2% RH and 20 ± 2 ◦C temperature for 48 h [39].

Quality ratio% = (Single yarn strength in lb)/(Jute yarn count in lb/spyndle) × 100 (1)
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2.4. Development of Fuzzy Modelling for Jute Yarn Quality Ratio

In this study, two different yarn counts (173 and 241 tex) were modeled using the
MATLAB R2017a (9.2.0.538062) fuzzy logic toolbox to determine the quality ratio based on
the four input parameters, viz. L.B, S.B, T.B and T.M. For modeling, the fuzzy ‘AND’ opera-
tor, the implication operator (min), the aggregation method (max) and the defuzzification
method (centroid) were applied. Although there are various choices for the member-
ship function in MATLAB, only Gaussian and Triangular membership functions were
selected, as demonstrated in Figures 2 and 3. Three and five linguistic values were cho-
sen, respectively, for the input and output parameters, as shown in Table 1. As there are
four input parameters and each input parameter has three linguistic values, a total of
81 (3C1 × 3C1 × 3C1 × 3C1) rules are created. The linguistic variables and 81 rules were
created based on the knowledge of the expert system, experimental data, and previous
experience. For simplification, here only 27 rules are mentioned in matrix form, as shown
in Table 2. Here, Table 1 shows the input and output ranges for modeling of jute yarn
quality ratio.
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Table 1. Fuzzy Inference System (FIS) properties.

Input Output

Linguistic variable Load at break (LB) Strain at break (SB) Tenacity at break (TB) Tensile modulus (TM) Yarn Quality Ratio (QR)%

Linguistic
value L1, M2, H3 L1, M2, H3 L1, M2, H3 L1, M2, H3 L1, L1M2, M2, H3M2, H3

Range 4–7.5 1.7–3 0.08–18 3.5–6.8 81–104

L1: low, M2: medium, H3: high.

Table 2. Fuzzy Inference rules for input and output parameters.

Rules
No.

Input Variables Output Variables
QR (%)LB SB TB TM

1 L1 L1 M2 L1 L1
2 H3 L1 L1 M2 M2
3 M2 H3 L1 L1 L1M2
4 L1 M2 L1 H3 L1M2
5 M2 L1 L1 H3 L1M2
6 L1 H3 L1 M2 L1M2
7 M2 M2 L1 M2 L1M2
8 L1 L1 L1 H3 L1
9 H3 M2 L1 L1 M2
10 H3 H3 L1 L1 H3M2
11 L1 M2 M2 H3 L1M2
12 M2 M2 H3 M2 H3M2
13 L1 M2 H3 L1 L1
14 L1 H3 M2 M2 L1M2
15 M2 L1 M2 L1 L1
16 M2 H3 M2 M2 H3M2
17 H3 L1 M2 H3 H3
18 M2 M2 M2 M2 H3M2
19 M2 H3 H3 L1 H3M2
20 L1 L1 H3 H3 L1M2
21 H3 L1 H3 L1 M2
22 H3 M2 M2 L1 H3M2
23 H3 H3 H3 H3 H3
24 H3 H3 M2 H3 H3
25 L1 H3 H3 L1 L1M2
26 M2 L1 H3 M2 M2
27 H3 M2 H3 L1 H3M2

3. Results and Discussion
3.1. Operation of Fuzzy Prediction Model

In the fuzzy logic toolbox, we input the non-fuzzy value and receive the output as a
non-fuzzy form. However, the internal processing is performed by a fuzzy inference system.
It is called the heart of fuzzy logic system which performs from fuzzification through
defuzzification. Figure 4 illustrates the operation of the fuzzy inference system. The fuzzy
inference system works into five parts: (i) fuzzify the non-fuzzy input by determining the
degree of membership function; (ii) application of fuzzy if-then rules; (iii) determine the
fuzzy output of each rule by implication method; (iv) aggregating the outputs of each rule
to convert a single fuzzy output and (v) defuzzify the final output into a non-fuzzy value.
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Figures 5 and 6 represent the schematic diagram of the fuzzy inference process and
the MATLAB rule viewer of the quality ratio of the jute yarn. The MATLAB rule viewer is
a graphical representation that shows the final result against the input values. In the rule
viewer, if we input any value within the range that was assigned to the four inputs, all
81 rules will be evaluated simultaneously and finally give the output quality ratio within
the range (81–104). According to Figure 6, it can be said that if the load at break is 5.5, strain
at break is 2.27, tenacity at break is 0.107 and tensile modulus is 5.77 then all rules will be
reviewed and finally the jute yarn quality ratio is shown to be 92.40.
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To illustrate the fuzzy operation process, here only 14 and 15 number rules are dis-
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5.77 due to avoiding complexity.

(i) Fuzzification process or determine membership degrees

The degrees of membership of the triangular membership function can be determined
by the following equations for the given input ranges (Table 1).

µL(LB) =

{
5−i1
5−4 ; 4 ≤ i1 ≤ 5

0; i ≤ 4
(2)

µM(LB) =


i1−4.5
5.5−4.5 ; 4.5 ≤ i1 ≤ 5.5
6.5−i1
6.5−5.5 ; 5.5 ≤ i1 ≤ 6.5

0; i1 ≥ 6.5.
(3)

µH(LB) =

{
i1−6
7.5−6 ; 6 ≤ i1 ≤ 7.5

0; i ≥ 7.5
(4)

µL(SB) =

{
2.114−i2
2.114−1.7 ; 1.7 ≤ i1 ≤ 2.114

0; i1 ≥ 2.114
(5)

µM(SB) =


i2−1.95

2.275−1.95 ; 1.95 ≤ i2 ≤ 2.275
2.6−i2

2.6−2.275 ; 2.275 ≤ i1 ≤ 2.6
0; i1 ≥ 2.6

(6)

µH(SB) =

{
i2−2.449
3−2.449 ; 2.449 ≤ i2 ≤ 3

0; i1 ≥ 3
(7)

µL(TB) =

{
0.12−i3

0.12−0.08 ; 0.08 ≤ i1 ≤ 0.12
0; i ≥ 0.12

(8)
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µM(TB) =


i3−0.1

0.13−0.1 ; 0.1 ≤ i3 ≤ 0.13
0.16−i3

0.16−0.13 ; 0.13 ≤ i3 ≤ 0.16
0; i3 ≥ 0.16.

(9)

µH(TB) =

{
i3−0.14

0.18−0.14 ; 0.14 ≤ i3 ≤ 0.18
0; i3 ≥ 0.18

(10)

µL(TM) =

{
4.8−i4
4.8−3.5 ; 3.5 ≤ i4 ≤ 4.8

0; i4 ≥ 4.8
(11)

µM(TM) =


i4−4.35

5.75−4.35 ; 4.35 ≤ i4 ≤ 5.75
6−i4

6−5.75 ; 5.75 ≤ i4 ≤ 6
0; i4 ≥ 6

(12)

µH(TM) =

{
i4−5.5
6.8−5.5 ; 5.5 ≤ i4 ≤ 6.8

0; i3 ≥ 6.8
(13)

For input values 5.5, 2.27, 0.107, 5.77; membership degrees are µL(LB) = 0, µM(LB) = 1,
µH(LB) = 0; µL(SB) = 0, µM(SB) = 0.98, µH(SB) = 0; µL(TB) = 0.33, µM(TB) = 0.233, µH(TB) = 0,
µL(TM) = 0, µM(TM) = 0.28, µH(TM) = 0.21.

(ii) Fuzzy if-then rules

Rule 14: If the load at break is medium and the strain at break is medium and the
tenacity at break is low and the tensile modulus is medium then the quality ratio is
low medium.

µM(LB) and µM(SB) and µL(TB) and µM(TM)⇒µLM(QR)
Rule 15: If the load at break is medium and the strain at break is medium and the

tenacity at break is low and the tensile modulus is high, then the quality ratio is medium.
µM(LB) and µM(SB) and µL(TB) and µH(TM)⇒µM(QR)

(iii) Determine fuzzy output by implication method (min)

For rule 14: min(µM(LB) and µM(SB) and µL(TB) and µM(TM))⇒µLM(QR)
= min(µM(5.5), µM(2.27), µL(0.107), µM(5.77)) ⇒µLM(QR)
= min (1, 0.98, 0.33, 0.28) ⇒µLM(QR)
= 0.28⇒µLM(QR)
For rule 15: min(µM(LB) and µM(SB) and µL(TB) and µH(TM))⇒µM(QR)
= min(µM(5.5), µM(2.27), µL(0.107), µH(5.77))⇒µM(QR)
= min (1, 0.98, 0.33, 0.21)⇒µM(QR)
= 0.21⇒µM(QR)

(iv) Aggregation(max) of 14 and 15 rules only

Max(min(µM(5.5), µM(2.27), µL(0.107), µM(5.77)), min(µM(5.5), µM(2.27), µL(0.107), µH(5.77))
= Max (min (1, 0.98, 0.33, 0.28), min (1, 0.98, 0.33, 0.21)
= Max (0.28, 0.21)
= 0.28

(v) Defuzzification (centroid)

This aggregated fuzzy output was finally defuzzified by the centroid method and
provided the final result. The defuzzified value can be calculated by the following equation:

z =
∑n

i=1 (uixbi)

∑n
i=1 ui

(14)

Here, bi belongs to the ith universe and µi is the firing strength of truth values of rule i
(i = 1, 2 . . . n and n = number of observations) [40].
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3.2. Influence of Input Parameters on Jute Yarn Quality Ratio

Figures 7–10 demonstrate the impact of the physical properties of the jute yarn on the
quality ratio. From Figure 7, for both the triangular and gaussian membership functions,
it can be perceived that the quality ratio of the jute increases with the increase of LB, and
SB and the quality ratio touches the highest peak when both input values reach their
optimum level.
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However, the individual effect of LB and SB on the quality ratio is different. For both
triangular and Gaussian membership functions, the jute yarn quality remains at 85 to 90
when strain at break reaches the highest value which elucidated the lower impact of strain
at break on the quality of the jute yarn. On the other hand, jute yarn quality reaches its
highest value, when load at break is at its optimum level which has proved that the load at
break has a greater impact on the quality of the jute yarn.

Figure 8 illustrates that the quality ratio remains low when LB and TB are at their
minimum values for both the triangular and gaussian membership functions. However,
the quality ratio increases significantly with the increase in load at break compared to the
tenacity at break. For triangular and gaussian membership functions, quality ratio increases
from 83.40 to 94.5 and 84 to 95.40 for raising the value of LB from 4.40 to 6.75, respectively.

From Figure 9 it can be said that tensile modulus and strain at break have almost a
similar effect on yarn quality ratio for both triangular and gaussian membership functions.
The quality ratio fluctuates between 90 and 95, when the tensile modulus or the strain at
break reaches its maximum value. The quality ratio increases concomitantly and reaches its
highest peak when TM and SB reach their maximum value.

From Figure 10, it can be concluded that tenacity at break and strain at break have
approximately a similar effect on the quality ratio of the jute yarn for the triangular and
gaussian membership functions. Moreover, when TB and SB are at their maximum value,
the quality ratio also reaches the peak point.

3.3. Model Validation

The authors developed the prediction model of the quality ratio of the jute, which is
based on two yarn counts: 173 tex and 241 tex. These prediction models were carried out
by comparing the actual value, which is determined in the laboratory, and the fuzzy value.
During the laboratory experiment, the draft (16) and the TPM (354) were kept constant for
both counts of yarn. The model accuracy of the fuzzy expert system is calculated by the
coefficient (R2) correlation and the mean absolute error% of the real and forecast consistency
ratio of the yarn. The results are provided in Table 3 and are also shown in Figure 11. It is
noted that correlation coefficients (R2) are found to be 0.93 for both triangular membership
and gaussian membership. That means that the proposed fuzzy model can be explained
up to 93% by the triangular membership and gaussian membership function for both yarn
counts. In the case of 173 tex and 241 tex, Table 3 shows that the mean absolute error for
triangular and gaussian membership functions is 1.46 and 1.48, respectively. This error% is
less than acceptable limits (5%). Therefore, the validation of our developed fuzzy model
will be applicable in the industrial scale for predicting the quality of the jute yarn.
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Table 3. Prediction of jute yarn strength.

Yarn Count L.B S.B T.B T.M Actual Yarn
Q.R

Fuzzy Value Absolute Error %

Tri mf Gaus mf Tri mf Gaus mf

173 tex
(5 lb/spyndle)

5.18 2.26 0.117 5.22 101.50 96.50 96.70 4.92 4.70

4.49 2.59 0.132 5.15 87.70 86.70 86.80 1.14 1.02

4.21 1.78 0.105 4.63 84.22 83.40 84.40 0.97 0.21

4.49 1.59 0.132 5.15 87.10 83.20 85.80 4.47 1.49

4.05 1.50 0.134 5.77 85.10 83.40 85.70 1.90 0.70

4.64 1.99 0.112 5.47 91.20 90.10 90.10 1.20 1.20

4.18 2.26 0.117 5.22 83.94 83.10 84.10 1.00 0.19

4.49 2.59 0.132 5.15 87.84 86.70 86.80 1.29 1.18

5.21 2.99 0.133 6.32 102.50 102.00 98.50 0.48 3.90

4.48 1.98 0.18 4.64 87.66 87.20 90.50 0.52 3.23

4.81 1.98 0.123 6.62 94.28 91.60 91.70 2.84 2.73

4.49 2.59 0.132 5.15 87.84 86.70 86.80 1.29 1.18

241 tex
(7 lb/spyndle)

6.53 1.80 0.116 5.85 95.20 97.60 96.70 2.52 1.57

6.76 2.04 0.106 5.12 96.20 95.90 95.90 0.31 0.31

7.24 3.00 0.164 5.83 103.30 101.00 102.00 2.22 1.26

7.27 2.27 0.104 5.13 98.50 98.40 97.50 0.10 1.01

6.76 2.28 0.112 4.84 98.50 99.50 97.70 1.01 0.81

6.65 2.00 0.132 4.76 100.50 101.00 99.00 0.49 1.49

7.06 2.35 0.133 5.55 101.80 102.00 102.00 0.19 0.19

7.17 2.24 0.128 5.56 102.5 102.00 102,00 0.48 0.48

6.92 1.99 0.132 6.02 101.80 102.00 101.00 0.19 0.78

6.70 2.21 0.099 5.59 95.90 98.30 97.40 2.50 1.56

6.16 2.97 0.08 5.07 89.50 93.90 92.40 4.90 3.24

7.27 2.19 0.111 5.95 100.50 101.00 97.80 0.49 2.68

R2 0.93 0.93

Mean absolute
error % 1.46 1.48
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Figure 11. Correlation between actual and predicted yarn quality ratio using triangular membership
function (a) and gaussian membership function (b).
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4. Conclusions

A fuzzy modeling system has been built to model the quality ratio of the jute yarn.
For the fuzzy model, the load at break, the strain at break, the tenacity at break and the
tensile modulus of the jute yarn were used as input parameters and the quality ratio (%)
was selected as the output parameter.

• The proposed model shows that the load at break greatly affects the jute yarn quality
such as strain at break, tenacity at break, and tensile modulus. Although the proposed
fuzzy model showed that (S.B and T.M), and (S.B and T.B) together account for the
highest value of yarn quality. Therefore, the presented fuzzy model gives clear ex-
planations of the interaction between the input variables and their effect on the jute
yarn quality.

• For both the triangular and the gaussian membership function, the correlation coeffi-
cient was 0.93. This means that the developed fuzzy model can predict up to 93% of
total jute yarn quality.

• In the case of varying spindle speed, for both yarn counts, the mean relative error
was found to be 1.46% (triangular membership) and 1.48% (gaussian membership),
respectively, which validates the model’s relative effectiveness for an industrial appli-
cation, although triangular membership functions show a slight good result in terms
of prediction error% than gaussian membership function.

• It can therefore be entirely assumed that the established intelligent fuzzy model can be
applied as an effective tool for satisfactorily predicting the quality ratio of jute yarns
before bulk production which can minimize the time, costs, and wastage of jute yarn
production. The proposed fuzzy model will be very useful for spinners and textile
researchers in the field of yarn engineering, particularly for jute yarn manufacturing.
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