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Abstract

Jember Regency is the fourth largest rice-producing regency/city in East Java, so Jember Regency dramatically contributes to
increasing the agricultural sector in East Java Province. However, the level of rice production can fluctuate, which is influenced
by other factors such as rainfall. A prediction system is needed to anticipate a decrease in rice production. This research aims to
predict rice production in the Jember Regency using the Adaptive Neuro Fuzzy Inference System (ANFIS), highlighting the
impact of key variables like rainfall, harvested area, and land productivity. This research consists of three stages: training, testing,
and prediction. The input variables used in this research are rainfall (mm), harvested area (Ha.), and land productivity (Kw/Ha.),
while the output variable is rice production (tons). The membership functions used are generalized Bell and Gaussian, with several
combinations of many membership functions. The best model obtained from this research is a model that uses generalized bell
membership functions with three membership functions for rainfall variables and two membership functions for harvest area and
land productivity variables. The epoch (iteration) used to achieve minimum error is 100 epochs. The best model achieved high
accuracy, producing a MAPE value of 0.080% in training and 1.525% in testing, indicating its strong potential for reliable
agricultural production forecasting. The predicted amount of rice production in Jember Regency in 2024 was 922,136.8317 tons.
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Introduction

Jember Regency is a regency that ranks fourth as the largest rice-producing regency/city in East Java in 2021-
2023, according to the Badan Pusat Statistik (BPS) of East Java Province [1]. Harvested area [2], [3], land productivity
[4], and rainfall [5], [6], [7] influence future rice production. We can use these factors to build a system to predict
future rice production. We can use predictions of rice production to detect potential rice shortages and act if the
predictions show a significant decrease [§].

We can use the Adaptive Neuro Fuzzy Inference System (ANFIS), which combines artificial neural networks and
fuzzy inference systems, as the prediction method [9], [10]. ANFIS works according to IF-THEN fuzzy rules that can
learn from the input data [11], [12]. ANFIS applies neural network learning algorithms to adjust automatically adjust
parameters and minimize the error between predicted and actual outputs [13], [14].

Some previous research on prediction using the ANFIS method, such as a study predicting rice prices in
Lubuklinggau City, has demonstrated its effectiveness, with prediction accuracy results using MAPE of 93.299% for
the training process and 88.278% for the testing process [15]. ANFIS has been used in research to predict the volume
of waste disposal sites in Samarinda City, and the prediction error using MAPE is 3.36% [16]. ANFIS has also been
used to predict monthly rainfall in South Tangerang, with an average accuracy of about 80% during the testing process
[17]. ANFIS demonstrated higher accuracy than Multivariable Regression and conventional Artificial Neural Network
models in a study predicting the thermal conductivity of water-based MWCNT/ZnO hybrid nanofluids [18]. ANFIS
has been effectively used to predict air quality in Semnan, Iran, achieving an R? of 0.999 and outperforming models
like Multi-Layer Perceptron (MLP) and Random Forest [19]. Similarly, its application in predicting agricultural yields
has shown promising results compared to traditional statistical models, which often struggle with the non-linear
relationships between variables like weather and crop output [20]. Another previous research used ANFIS to predict
sugar production at PTPN XI PG Prajekan, and the results of prediction errors using MAPE were 1.79% in the training
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process and 4.82% in the testing process [21]. While various machine learning (ML) and deep learning (DL) models
exist for agricultural forecasting [22], ANFIS provides a unique advantage by combining the learning capabilities of
neural networks with the transparent, rule-based structure of fuzzy logic. This hybrid approach is particularly well-
suited for capturing the complex and often imprecise nature of agricultural systems.

This research will predict rice production in the Jember Regency using the ANFIS method. Factors that affect
production results, such as harvested area, land productivity, and rainfall, will be used as input variables. The specific
contribution of this study is the application and validation of a finely-tuned ANFIS model for rice production in
Jember, a key agricultural region, demonstrating a highly accurate (MAPE < 2%) and interpretable alternative to 'black
box' ML models. Researchers expect this research to generate a rice production prediction with high accuracy.

Method
A. Research Data

This research uses secondary, time series, and annual data types. Researchers downloaded the data from the official
website of the Badan Pusat Statistik (BPS) Jember Regency. The data used are data on rice harvested area (Ha), land
productivity (Kw/Ha), rainfall (mm), and rice production (tons) in Jember Regency from 2001-2023. These specific
input variables were selected based on established agricultural literature and data availability. Harvested area [2], [3]
and land productivity [4] are direct components of total production, while rainfall [5], [6], [7] is a critical, non-linear
environmental factor significantly impacting yield, especially in Jember's climate.

B. Adaptive Neuro Fuzzy Inference System (ANFIS)

The Adaptive Neuro Fuzzy Inference System (ANFIS) combines a multi-layer artificial neural network and a first-
order Sugeno Fuzzy Inference System (FIS). The rules of the first-order Sugeno model with n inputs and R rules (IF-
THEN) are as follows [23].

Thei—thrule:IF X, is A;; AND ... AND X, isA,; THEN y; = ag; + a;X; + -+ a,,: X,

where A]-_i (with j = 1,2, ..., n) is a fuzzy set that represents the linguistic variable in the i-th rule (i = 1,2, ..., R), and
@;; is the consequent parameter.

The ANFIS network has five layers arranged like an artificial neural network. Each layer contains a group of neurons
that has interrelated functions with other layers [23], [24]. The explanation of each layer is as follows:

a. Layer 1

Layer 1 is a fuzzification layer that converts input data into membership degrees in fuzzy sets. Equation (1) is
the output of layer 1, where i is the number of rules and j is the number of inputs.

01,1 = HALL(X]) (1)

A function approach can determine membership degrees. Membership functions have a common shape, such as
a bell shape [26]. The membership functions used in this research are as follows:

1. Generalized bell membership function

1
ulx) = —|2b @

X —C
1+| ;

where a is a parameter that indicates the curve's width, b is a parameter that affects the slope of the curve,
and c is a parameter that determines the position of the center of the curve.

2. Gaussian membership function

X—C

H(x) = e_%(T)z 3)

where o is a parameter that indicates the standard deviation of the curve, and c is a parameter that indicates
the position of the center of the curve.

The generalized Bell and Gaussian membership functions are used in this study due to their flexibility and
smoothness. The generalized Bell function offers high flexibility with three parameters (a, b, ¢) allowing it to
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adjust the width, slope, and center, making it adept at fitting complex data patterns. The Gaussian function,
defined by two parameters (o, ¢), is a smooth, non-zero function that provides a stable and efficient gradient for
the backpropagation algorithm during training [26]. The appropriate selection of membership function number
and type is required for accurately representing the input parameters’ behavior and complexity [27].

b. Layer 2

Layer 2 is the rules layer. The neurons in this layer are labeled with [] whose output is the product of the
incoming signals. Each neuron in this layer represents the firing strength (w;) of the i-th rule. Equation (4) is the
output of layer 2.

Z “4)
02,i = W= l_I'uAjvi(Xj)

j=1
c. Layer3

Layer 3 is the firing strength normalization layer. We label the neurons in this layer with N. Equation (5), the
output of layer 3, where i is the number of rules.

0 . = . = —
3,0 Wi le w;
d. Layer 4

Layer 4 is a defuzzification that converts the O3; value into a numerical value by multiplying the neuron
function. Equation (6) is the output of layer 4 where w; s the output of layer 3 and {a,;, @1, ..., @y} are the
consequence parameters.

O4i = Wiy = Wi(ao; + @y X1 + -+ @y i Xp) (6)
e. Layer5

Layer 5 is a single neuron result layer labeled with Y. This layer calculates the overall output as the sum of all
incoming signals. Equation (7) is the output of layer 5.

R
_ _ X Wiy )
Os1= ) Wy; = _

C. Mean Absolute Percentage Error (MAPE)

Mean Absolute Percentage Error (MAPE) can evaluate the number of prediction errors in ANFIS method. MAPE
measurement is easier to understand because it provides an evaluation in the form of percent [27], [28]. The smaller the
MAPE value produced, the better the prediction results [29], [30]. MAPE shows the percentage of prediction output
error against the actual value in a certain period [32]. Equation (8) is the MAPE calculation formula where Y; is the
actual data in the t-th year, ¥, is the predicted data in the t-th year, and n is the number of periods [33].

Y, - Y, 8
gzl% x 100% ®)
n

MAPE =

Results and Discussion
A. ANFIS Prediction System

The prediction system generates rice production output for the next year using the current year's input variables.
The input variables in this research are rainfall in the t-th year (X;.), a harvested area in the t-th year (X,,), and
productivity in the t-th year (X3,). In contrast, the output variable in this research is rice production (t + 1)-th year
(Y¢+1)- The system comprises three stages: the training stage, the testing stage, and the prediction stage.

1. Training Stage
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Membership degree

The training stage uses data from 2001-2019 to predict rice production in 2002-2020. The training stage
starts with inputting patterns to be trained. At this stage there will be changes in the weights of the membership
curve parameters and consequent parameters. The explanation of each layer of the ANFIS network in the training
stage is as follows.

a. Layer1

Layer 1 is the fuzzification layer, so the output ofthis layer is the membership degree value (). Researchers
select the combination of membership functions from several experiments that yield low Mean Absolute
Percentage Error (MAPE) values during the research phase. Table 1 shows the combination of trials
conducted with 100 epochs.

Table 1. Combination of Research Membership Functions

Membership Functions MAPE Results
X1t Xa: X3, Generalized Bell Gaussian
2 2 2 0.005% 0.038%
2 3 3 0.164% 0.015%
3 2 2 0.019% 0.047%
3 3 3 0.048% 0.017%
4 3 3 0.057% 0.043%

Based on (2) and (3), we initialize the parameters of the membership function curve for three membership
functions of variable X; ; and two each for variables X, and X3, as shown in Table 2. This parameter
initialization determines the shape and position of the membership function to be used. Figure 1 and
Figure 2 display the visualization of the membership function plot.

Table 2. Training Stage Input Membership Function Parameters

Variable Membership Degree Generalized Bell Gaussian
a b c o c
X1t Ha,, 32.69 2.36 105.685 27.681 105.631
Ha,, 32.62 1.88 171.049 27.702 171.027
Ha,, 32.67 2.11 236.358 27.745 236.360
Xot Ha,, 17328.5 2.08 131522.0 147174 131522.0
Ha,, 17328.5 1.29 166179.0 147174 166179.0
X3t Has, 6.44 1.34 48.345 8.442 49.581
Ha,, 8.45 2.25 61.575 7.329 60.446
Membership function set of X1,t Membership function set of X2,t Membership function set of X3t
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Figure 1. The Plot of Generalized Bell Membership Function Curves
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Membership degree
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Figure 2. The Plot of Gaussian Membership Function Curves
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Output layer 1 with three membership functions for variable X;, and two membership functions for
variables X, . and X3, are shown in Table 3 and Table 4.

Table 3. Output Layer 1 Generalized Bell Membership Function (Training Stage)

X1 X2t X3¢

Hi1 H12 H13 Hz1 H22 HU31 H32
0.4662 0.5266 0.0100 0.8367 0.3253 0.9758 0.1966
0.0630 0.9960 0.0329 0.8952 0.2933 0.6297 0.5757

0.0475 0.9997 0.0409 0.0828 0.9807 0.1778 0.9967
0.0415 0.3411 0.7093 0.0649 0.9971 0.1511 0.9940
0.9999 0.0680 0.0028 0.1592 0.8519 0.0754 0.9988

Table 4. Output Layer 1 Gaussian Membership Function (Training Stage)

X1 X2 X3¢

K11 Hi12 H13 H21 H22 H31 H32
0.4765 0.5197 0.0022 0.7286 0.2965 0.9998 0.6642
0.1119 0.9643 0.0319 0.7806 0.2559 0.9155 0.8840

0.0834 0.9911 0.0452 0.1113 0.9668 0.5856 0.9925
0.0008 0.3734 0.6347 0.0828 0.9924 0.5356 0.9790
0.9999 0.0617 1.5%10° 0.2145 0.8315 0.3203 0.8349

b. Layer2

Layer 2 is a layer that multiplies the membership degrees between inputs according to the rules. The
combination of each membership degree of each input derives the number of rules. So, the more
membership degrees used, the more rules are formed. The rules formed from three membership functions
for variable X; ., and two membership functions for variables X,, and X5, can be seen in Table 5. The
output of layer 2, which is the firing strength of each rule(w; ;), can be seen in Table 6 and Table 7.

Table S. Rules of the Membership Function

Rules
IF (Xq¢ is A1,1) AND (X, is A1) AND (X3¢ is A3 1) THEN (output is wy ¢)
IF (Xq¢ is A1) AND (X3, is Az1) AND (X3¢ is A3 ) THEN (output is wy ¢)
IF (X1, is Aq1) AND (X3¢ is Az ) AND (X3, is Az ;) THEN (output is ws ¢)
IF (X1 is A1) AND (X, is Az 5) AND (X3, is Az ,) THEN (output is wy )
IF (X1 is A1) AND (Xp, is Az 1) AND (X3¢ is A3 1) THEN (output is ws ¢)
IF (Xy,t is A1) AND (X, is Az 1) AND (X3¢ is A3 ,) THEN (output is we )

Riski, et. al. (Prediction of Rice Production in Jember Regency Using Adaptive Neuro Fuzzy Inference System (ANFIS))
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Rules
IF (Xq¢is A1) AND (X3¢ is Ay 2) AND (X3, is A3 1) THEN (output is w; ¢)
IF (X, is A1) AND (X, is Az 5) AND (X3¢ is A3 ,) THEN (output is wg ;)
IF (X;,is A1 3) AND (X, is Az 1) AND (X3, is Az 1) THEN (output is wy 1)
IF (Xq,¢ is Aq3) AND (X5 is Az 1) AND (X3, is A3 ) THEN (output is wyg )
IF (X1 is Aq3) AND (X5 is Az ) AND (X3, is Az ;) THEN (output is wyyt)
IF (X1t 1is A1 3) AND (X, is Az 5) AND (X3 is Az ) THEN (output is wy, t)

Table 6. Output Layer 2 Generalized Bell Membership Function (Training Stage)

Wit Wat W3, Wiot Wit Wizt
3.8x1071 | 7.6x102 | 1.4x10! 1.6x103 | 3.1x103 | 6.4x10*
3.5x102| 3.2x102 | 1.1x10? 1.6x102 | 6.0x103 | 5.5x107
7.0x10*| 3.9x103 | 8.3%1073 3.3x107 | 7.1x1073 | 3.9%10%?
4.0x10| 2.6x10* | 6.2x10* 4.6x102 | 1.0x10" | 7.0x10"!
1.2x102| 1.5x10! | 6.4x10%2 4.5%10* | 1.8x10* | 2.4x1073

Table 7. Output Layer 2 Gaussian Membership Function (Training Stage)

Wit Wat W3 Wiot Wit Wizt
3.4%10"| 2.3%x10" | 1.4%x10! 1.0x103 | 6.5x10% | 4.3%x10*
7.9%102| 7.7x102 | 2.6x10? 2.2x102 | 7.4%x103 | 7.2x1073
1.9x104| 3.5x10* | 2.3%107 3.0x102 | 2.0x10" | 3.5%x10!
3.6x10° | 6.7x103 | 4.4x10* 5.1%x102 | 3.3x107" | 6.1x10!
6.8x102| 1.7x10" | 2.6x10! 2.7%10° | 4.0x10 | 1.0x107

c. Layer3

Layer 3 is a layer that normalizes the firing strength from layer 2. We calculate normalization by dividing
the firing strength of each rule by the total firing strength. The output of layer 3 can be seen in Table 8 and
Table 9.

Table 8. Output Layer 3 Generalized Bell Membership Function (Training Stage)

Wit W W3, Wio Wit Wize
2.7%107" | 5.6x102 | 1.0x10! 1.2x1073 | 2.3x103 | 4.7x10*
22x1072 | 2.0x102 | 7.4%x1073 1.0x102 | 3.8x1073 | 3.5x1073
5.1x10* | 2.8x1073 | 6.1x103 2.4%1073 | 5.2x103 | 2.9x1072
3.1x107° | 2.0x10* | 4.8x10* 3.5x102 | 8.2x102 | 5.4%x10!
1.0x102 | 1.3x10! | 5.5x1072 3.9%x10% | 1.5x10* | 2.1x1073

Table 9. Output Layer 3 Gaussian Membership Function (Training Stage)

Wi W W3, Wio Wit Wize
2.0x10" | 1.3x10" | 8.2x1072 6.2x10% | 3.8x10* | 2.5x10*
3.8x102 | 3.7x102 | 1.2x1072 1.0x102 | 3.6x1073 | 3.5x1073
2.8x1073 | 4.8x103 | 2.4x1072 2.6x1073 | 1.3x102 | 2.2x102
2.2%x107 | 4.0x10% | 2.6x10* 3.1x102 | 2.0x10" | 3.7x10"!
53%102 | 1.3x10°" | 2.0x10! 2.1x10° | 3.1x10°° | 8.2x10°
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Layer 4

Layer 4 is the defuzzification layer, where the output of layer 3 will be multiplied by the consequent
parameter. In the Python script, there is a trainHybridJangOffline function [34]. The function has a loop
command that will run when the epoch value has not reached the specified epoch value, and the error value
is less than the tolerance error value. This layer also changes the membership curve parameters and
consequent parameters. Membership curve parameters are updated using backpropagation error, while
consequent parameters are calculated using a recursive Least Square Estimator (LSE). The number of
epochs influences the error results at each iterations, so it is necessary to determine the right epoch to get
a good error value to avoid underfitting or overfitting the model. Table 10 shows the MAPE values of
three membership functions for variable X; , and two membership functions for variables X, ; and X3, with
different epochs. The consequent parameters with 100 epochs are shown in Table 11.

Table 10. MAPE Results with Various Epochs

Epoch Generalized Bell Gaussian
100 0.0192% 0.0475%
200 0.0379% 0.0677%
300 0.0333% 0.0834%

Table 11. Result of Layer 4 Consequent Parameters

Consequent Parameter Generalized Bell Gaussian
Qo1 -1.803%10! -9.3835x10!
ayq -5.454x10? 1.0587x10*
0y 7.244%10° -1.5208x10!
a3 -1.084%10° -4.0516x10?
0,12 -1.071x10! -1.1792x10?
oy 12 2.107x10? 1.7925x10*
012 4.013%10° -1.0190x10!
0312 -1.071x10! -8.1332x103

Plots that show the MAPE errors at each iteration of three membership functions for variable X, , and two
membership functions for variables X, , and X3 ; with 100 epochs can be seen in Figure 3.

error
e
o
by

error

o 20 40 60 80 100 [ 20 40 60 80 100
epoch epoch

(a) Generalized Bell (b) Gaussian

Figure 3. MAPE Plot of Generalized Bell and Gaussian Membership Function
Layer 5

Layer 5 is the layer that sums up the results of Layer 4. Table 12shows the output of layer 5 from three
membership functions for variable X;, and two membership functions for variables X, and X5, along
with the actual data. Figure 4 is a plot that visualizes the actual data and prediction data from the ANFIS
training. The plot shows that the predicted data has a very similar value to the actual data because the red
line representing the predicted data overlaps with the blue line representing the actual data.
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rice production (tons)
o
b

Table 12. Training Stage Results

2. Testing Stage

a.

Figure 4. Plot Results of Training Stage

Prediction Data (t + 1)
Year (t) Actual Data (t + 1)
Generalized bell Gaussian
2001 704282 703928.544 704630.016
2002 761523 761466.680 761376.195
2003 720774 720872.470 720566.711
2004 739744 739773.194 739721.321
2005 749243 749187.049 748996.432
2006 773786 775382.118 776099.237
2007 813995 813845.739 813894.250
2008 880750 880430.958 880529.751
2009 845094 844685.321 845645.909
2010 830000 829123.418 828916.484
2011 970096 969837.407 969780.627
2012 930027 930409.809 929724.239
2013 978373 978115.531 976742.896
2014 1004898 1004468.987 1005148.133
2015 986653 984536.132 987081.638
2016 960602 958047.525 961790.984
2017 984201 984527.659 984061.887
2018 997838 996209.908 998528.007
2019 991892 989767.663 992751.693
Z g o0 I wigna
TSI LIS TS h PSS FS LTSI LTSS
year ear
(a) Generalized Bell (b) Gaussian

The testing stage used data from 2020-2022. This stage uses the membership curve and consequent
parameters from the training stage results to test the untrained data.

Layer 1

Layer 1 output is the membership degree value obtained using the curve parameters from the training stage.
Layer 1 output can be seen in Table 13 and Table 14 below.

Table 13. Output Layer 1 Generalized Bell Curve (Testing Stage)

X1't Xz,t X3,t
H11 H1.2 H13 H21 H2,2 H31 H32
0.0423 0.9999 0.0449 0.1069 0.9442 0.1009 0.9999
0.0158 0.9695 0.1209 0.1539 0.8611 0.1189 0.9999
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Xl,t XZ,t X3:t
Hi1 H12 H13 Uz1 H2,2 U3 U3z2
0.1427 09110 0.0193 0.0983 0.9584 0.1174 0.9999
Table 14. Output Layer 1 Gaussian Curve (Testing Stage)
X1t X2 X3¢
H11 Hi2 H13 Hz1 H2,2 H31 H32
0.0731 0.9971 0.0521 0.1469 0.9244 0.4092 0.9128
0.0180 0.8952 0.1369 0.2081 0.8436 0.4607 0.9455
0.2246 0.8179 0.0115 0.1344 0.9400 0.4569 0.9434
b. Layer2

The results of firing strength at the testing stage can be seen in Table 15 and Table 16.

Table 15. Output Layer 2 Generalized Bell Curve (Testing Stage)

Wit W2t W3, Wioe Wite Wiz
4.5x10*| 4.5x107 | 4.0x107 4.8x103 | 42%x107 | 4.2x107
2.8x10*| 2.4x103 | 1.6x107 1.8x102 | 1.2%x102 | 1.0x10"!
1.6x103| 1.4x102 | 1.6x10%? 1.9%1073 | 2.7x103 | 1.8x1072

Table 16. Output Layer 2 Gaussian Curve (Testing Stage)

Wit Wae W3 Wiot Wi Wizt
4.4x10° 9.8%10° 2.7%10% 6.9%10° 1.9%x10 4.4x107?
1.7x107 3.5x10° 7.0x103 3.3x10? 6.5x107 1.3x10"!
1.3x102 | 2.8x10% | 9.6x10? 1.4%x10° | 4.9x10° 1.0x10?

c. Layer3

The normalized firing strength, which is output of layer 3, shown in Table 17 and Table 18.

Table 17. Output Layer 3 Generalized Bell Curve (Testing Stage)

Wi Wy W3, Wiot Wi Wiz
3.6x10% | 3.6x1073 | 3.2x10° 3.8x103 | 3.4x107% | 3.3x102
2.3x10* | 1.9x1073 | 1.2x10°3 1.4x102 | 9.8x10° | 8.2x10%2
1.3x103 | 1.1x1072 | 1.2x102 1.4x103 | 1.7x103 | 1.4x102

Table 18. Output Layer 3 Gaussian Curve (

Testing Stage)

Wyt Wa, W3, W10t Wit Wizt
2.7%x107° | 6.1x10%° | 1.7x10%? 4.3x10° | 1.2x102 | 2.7x10%?
1.0x10% | 2.2x107% | 4.3x10°¢ 2.0x102 | 4.1x10? | 8.4x107?
8.7x107% | 1.7x10? | 6.0x10%? 9.2x10* | 3.1x10%° | 6.4x10°%

d. Layer 4 and Layer 5

The consequent parameters at this stage use the consequent parameters from the training stage. The results
of the testing stage of each membership curve with three membership functions of variable X, ; and two
membership functions of variables X, ; and X3, are shown in Table 19.

Table 19. Testing Stage Results

Prediction Data (t + 1)
Year (t) Actual Data (t + 1) - -
Generalized bell Gaussian
2020 961977 953165.635 936217.337
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rice production (tons)

Prediction Data (t + 1)
Year (t) Actual Data (£ + 1)
Generalized bell Gaussian
2021 983663 978283.914 1032424 457
2022 988185 957438.869 951952.553

The plot is used to visually determine the difference between the actual and predicted data from the training
to the testing stages. The plot results for three membership functions of variable X; , and two membership
functions of variables X, and X3, are shown in Figure 5. The blue line on the plot is the actual rice
production data, the red line is the result of the training stage, and the yellow line is the result of the testing
stage.

1e6 1e6

100 | — original
= trained
tested

— original
= trained
tested

NN

rice production (tons)

o & gD & &
AU A AP o &
S g S & F S

@
o
P A

(a) Generalized Bell (b) Gaussian
Figure 5. Plot Results of Testing Stage

The plot results show that the ANFIS model with the generalized bell membership function more closely follows
the shape of the actual data. It shows that the function can identify patterns in the training data and apply them
to the test data.

3. Prediction Stage

This stage is used to predict rice production 2024 using input data from 2023. This prediction stage used a
generalized bell function curve with three membership functions of variable X, , and two membership functions
of variables X, ; and X5, because based on the results of the training and testing stages showed results that were
closer to the actual results.

a. Layer1
The output of layer 1 which is the membership degree of this stage, can be seen in Table 20.
Table 20. Output Layer 1 (Prediction Stage)

X1t X2 X3¢
H11 Hi2 H13 H21 Hz,2 H31 H32
0.9999 0.0791 0.0031 0.1099 0.9391 0.1039 0.9999

b. Layer2
The firing strength of the prediction stage can be seen in Table 21.

Table 21. Output Layer 2 (Prediction Stage)

Wit Wat W3 Wio,t Wit Wizt
1.1x102| 1.0x10"' | 9.7x1072 3.4x10* | 3.0x10* | 2.9%x1073

c. Layer3
The normalized firing strength results can be seen in Table 22.

Table 22. Output Layer 3 (Prediction Stage)

Wi Wa w3, Wio¢ Wit Wiz
9.1x103 | 8.7x102 | 7.7x102 2.7%10% | 2.4%x10* | 2.3x1073
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d. Layer 4 and Layer 5

Like the testing stage, the prediction stage uses the consequent parameters from the training stage. The
results of the prediction stage can be seen in Table 23. The plot results are shown in Figure 6. The green
line represents the output of the prediction results.

Table 23. Prediction Stage Results

Year of Prediction Prediction Data
2024 922136.8317

le6

1004 — original
— trained

tested
0,95 — predicted

rice production (tons)
°
@
&

Figure 6. Plot Results of Prediction Stage

At this stage, the prediction of rice production in 2024 is 922,136.8317 tons. These results show that rice
production will decrease by 66,048.17 tons from the previous year.

B. Accuracy Calculation

The accuracy of the ANFIS prediction system is calculated using Mean Absolute Percentage Error (MAPE). The
error results of the training and testing stages are shown in Table 24.

Table 24. MAPE Results of Training and Testing Stage

Membership Function Epoch Generalized Bell Gaussian
X1t Xyt X3 Training Testing Training Testing
100 0.034% 2.201% 0.083% 2.683%
2 2 2 200 0.508% 3.978% 0.140% 2.672%
300 0.022% 3.071% 0.037% 2.690%
100 0.220% 7.940% 0.265% 6.415%
2 3 3 200 0.619% 6.899% 0.059% 6.866%
300 0.088% 6.973% 0.011% 6.795%
100 0.080% 1.525% 0.066% 3.767%
3 2 2 200 0.036% 1.593% 0.071% 3.675%
300 0.060% 1.629% 0.078% 3.735%
100 0.051% 4.328% 0.038% 3.118%
3 3 3 200 0.044% 4.266% 0.118% 3.076%
300 0.049% 4.157% 0.030% 1.967%
100 0.073% 12.465% 0.043% 4.126%
4 3 3 200 0.066% 11.123% 0.044% 5.736%
300 0.092% 8.301% 0.050% 10.219%

The MAPE results of the training stage show that all membership functions with various epochs produce values
less than 1%, while the MAPE results of the testing stage produce varying values ranging from 1.5% to 12.5%. The
best ANFIS model was selected based on the smallest MAPE value from both stages. Therefore, the best model was
selected with a generalized bell membership curve with three membership functions of variable X;, and two
membership functions of variables X, ; and X3, with an epoch of 100.
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C. Discussion

The results from the training (MAPE 0.080%) and testing (MAPE 1.525%) stages demonstrate that the optimized
ANFIS model possesses a high degree of accuracy and robust generalization capabilities for predicting rice production
in Jember Regency. The practical implications of this finding are significant for the Jember Regency. A reliable
forecasting tool with an error rate of only ~1.5% can provide crucial advance warning to regional government bodies,
such as the Department of Agriculture and Food Security. For example, the prediction of a decrease in production for
2024 (from 988,185 tons in 2023 to a predicted 922,137 tons) allows policymakers to proactively plan for potential
shortfalls. This could involve measures such as adjusting import quotas, preparing farmer subsidies, or optimizing
supply chain logistics to stabilize local rice prices and ensure food security. For farmers and agricultural cooperatives,
such predictions, if disseminated effectively, could inform planting decisions, resource allocation (e.g., fertilizer,
water), and financial planning for the upcoming season.

However, the model has limitations. Its predictions are based solely on the three input variables (rainfall, harvested
area, land productivity). Rice production is a complex biological system influenced by many other factors not included
in this model, such as the outbreak of pests and diseases, changes in government agricultural policy (e.g., fertilizer
subsidies), and extreme, unpredictable weather events (e.g., floods or droughts not captured by annual rainfall data).
Furthermore, the model assumes that the historical relationships between the inputs and output will remain stable,
which may not hold true in the face of rapid climate change or technological shifts in farming.

Conclusion

The prediction of rice production in Jember Regency with Adaptive Neuro Fuzzy Inference System (ANFIS) was
successfully conducted. The best model identified used generalized bell membership functions (3 functions for rainfall
variables and 2 functions for harvested area variables and productivity variables) with 100 epochs and produced a
predicted value of 922,136.8317 tons for 2024. The model achieved high accuracy with MAPE results of 0.080% in
the training stage and 1.525% in the testing stage.

The high accuracy of the model underscores the potential of ANFIS as a valuable and reliable tool for agricultural
planning and policymaking in Jember Regency. The model's ability to forecast production can aid in ensuring regional
food security. Future research could focus on enhancing this prediction system. Suggestions for improvement include
integrating additional data sources, such as soil quality data, information on pest and disease outbreaks, and data on
government policies. Furthermore, this model's framework could be tested for its applicability to other agricultural
sectors within the region or adapted for rice production prediction in other regencies with similar climates.
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