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 The use of electrical energy increases globally every year. The laboratory 

prediction energy control system (LPECS) predicted energy demand. This 

research was conducted in the Electrical Engineering Vocational Education 

laboratory by comparing the artificial neural fuzzy system (ANFIS) with the 

fuzzy logic. The comparison of methods aimed to determine their reliability 

in the energy demand prediction systems. The results showed that the 

minimum value of the target data using the conventional method (actual 

data) was 44.42%. Meanwhile, the prediction data using the ANFIS method 

was 44.33%, and the prediction data using the fuzzy method was 59.31%. 

The maximum value of the conventional ways (actual data) of ANFIS and 

fuzzy was similar by 77.59%. The RMSE ANFIS value was 0.1355%, the 

mean absolute percentage error (MAPE) was 0.2791%, and the fuzzy logic 

was 0.1986%. Thus, the ANFIS is applicable to determine the minimum and 

maximum values. Meanwhile, fuzzy can only show the maximum value but 

cannot reach the minimum value properly. 
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1. INTRODUCTION 

The need for energy increases every day. The energy use in the room has been saved through 

various efforts. Artificial intelligence (AI) will easily control the energy needed in a room. Moreover, the use 

of AI positively contributes to evaluate the use of energy in a building [1], [2]. Energy requirements in a 

room have been widely discussed, including the use of the adaptive neuro-fuzzy inference system (ANFIS) 

algorithm [3], [4], fuzzy logic [5]-[9], artificial neural network (ANN) [10]-[18], and GA [19], [20]. Several 

studies have discussed the energy consumption of a building, including comparing ANN algorithms, 

clustering, statical and machine learning, and support vector machine (SVM). The SVM algorithm shows the 

best results in predicting energy consumption in a building, but it has not explained how much error accuracy 

was contained in each algorithm used [14]. A study researched energy consumption between electricity and 

heating used in a school in Kuopio, eastern Finland [20]. 

This study presented a computational model to estimate energy consumption in the Electrical 

Engineering Vocational Education (EEVE) laboratory using AI. The FCM is a clustering technique for the 

ANFIS model, in which similar time series data were used due to its accuracy and lower computational time 
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[21]. The performance of the inference system is adapted to the ANFIS, and it is hybrid with the particle 

swarm optimization (PSO) performance to predict energy consumption from climate factors for multi-

campus institutions in South Africa [22]. Changes in energy consumption of forecasting systems used fuzzy 

logic to reduce uncertainty, inconvenience, and inefficiency [5] of gross annual electricity demand for short-

term Turkey by applying the fuzzy logic method [6]. Four ANFIS models were developed, trained, and 

validated with a trial performance data set that were collected and applied to predict the operating 

temperature of the system [23]. This study designed and adapted an ANFIS to estimate the energy 

consumption of the building by considering the main building envelope parameters: the thickness of the 

material and the value of K insulation [24]. The results showed that the ANN and ANFIS predicted the 

energy consumption of the cooling load of three buildings with reasonable accuracy. The correlation 

coefficient between measured and predicted consumption for the training data was significant or above 0.98. 

The test data also showed the same result for 0.96 [25]. This paper presented and evaluated control strategies 

to adjust and preserve air quality, thermal comfort, and visual comfort for building occupants. At the same 

time, energy consumption reduction is achieved [26] to manage energy in residential buildings effectively. 

An efficient energy control system is required to reduce total energy consumption without compromising 

users’ preferred environment in the building [27]. Gradient-based optimization can be used to minimize the 

energy consumption of distributed environmental control systems without increasing occupant thermal 

dissatisfaction [28]. 

The high-resolution household electricity model used the Fuzzy logic inference system. Using the 

input pattern of active occupancy and typical household habits, the fuzzy model provides the possibility to 

start each piece of equipment within the next minute as the output [29] of the designed controller; thus, the 

significant lighting energy can be saved. Offices that have installed smart LED lighting systems can 

automatically adjust lighting output based on users’ movement and allow them to select their lighting 

preferences [30]. The fuzzy logic controller can be applied to EAHX to reduce more electrical energy 

consumption. A simulation is carried out, and the thermodynamic model of EAHX is obtained and used 

together with fuzzy logic controller simulation. Then, it is compared with the on-off controller simulation 

[31] of the fuzzy inference system (FIS) and ANN control schemes to simultaneously control the amount of 

air supply and temperature. The study concludes that mass and temperature control simultaneously maintain 

the desired room temperature in a very efficient manner [32].  

Neural networks and fuzzy systems have some similarities. For example, when a mathematical 

model of the given problem is unavailable, neural networks and fuzzy systems can be used to solve a 

problem [33]. The method that combines the two techniques is commonly called a hybrid system; one of 

which is the ANFIS [34]. The input-output data set of the HVAC system is first stored, and the data set for 

predicting fan motor speed is based on the ANFIS. In the simulation of this research, the root-mean-square 

(RMS) and the coefficient of multiple determination (R2), as two performance measures, were obtained to 

compare the predicted and actual values of the model validation. The results of the statistical analysis 

obtained an RMS value of 3.3475 and an R2 value for the evaporator of 0.9954. The RMS value was 15.6750 

and the R2 was 0.9402 for zone-1. Meanwhile, the RMS was 17.7019 and R2 was 0,9410 for zone-2 for the 

ANFIS model [35]. The predicted quality of experience (QoE) in a student-centered mixed learning 

environment was equipped with technologically enriched classrooms. This model used ANFIS with seven 

and four input variables, it then compared its performance using RMSE, MAPE, and R2 measurements. The 

results showed that the perceived QoE could be reliably predicted by personality traits and students’ learning 

styles as subjective factors and the network filters as objective factors [36]. 

A laboratory prediction energy control system (LPECS) used the ANFIS method and fuzzy logic. 

The laboratory prediction energy control system (LPECS) was compared with conventional measurements 

(actual data) and AI. The algorithm used in this study compared the real (traditional) data measurement with 

the ANFIS and fuzzy. The algorithm predicted humidity in a laboratory. The study discussing the 

implementation of fuzzy logic in a manufacturer to predict energy consumption showed that the percentage 

of the factory energy consumption changed after the three input parameters had been analyzed. These 

findings provide a solid basis on which decision-makers and systems analysts can apply to create appropriate 

strategies to ensure the efficiency and stability of the manufacturing system [5]. The proposed technique was 

evaluated using FIS Mamdani and FIS Sugeno. The proposed methods provide a flexible and energy-efficient 

decision-making system that maintains users’ thermal comfort with the help of intelligent sensors [37]. This 

stimulus model was constructed into fuzzy Mamdani type based on modeling rules (RBMTF), using input 

parameters (Uw, Te) and output parameters d2, and described by the if-then rule of the RBMTF data test of 

about 97.4%. Overall, the RBMTF can be used as a reliable modeling method for the thermal performance of 

laminated precast concrete panels used in residential building studies [38]. Fuzzy with Mamdani fuzzy 

inference method was mainly applied only at the simulation level in this study and compared the MATLAB 

simulation with microcontroller programming. In the programming, the microcontroller used a methodology 

to produce the same simulation results [39]-[44]. 
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2. PROPOSED METHOD 

2.1.  Fuzzy inference system 

ANFIS, applied to LPECS, is an artificial neural network that involves the takagi–sugeno–kang 

(TSK) model of the fuzzy inference system. The ANFIS used in this research consisted of one input layer, 

three hidden layers, and one output layer. The neuron represented by a square shape was a parameter of the 

TSK fuzzy membership function. LPECS of the FIS was a computational framework based on the ANFIS 

theory and consisted of five parts, as presented in Figure 1 [24]. 

 

 

 
 

Figure 1. ANFIS architecture 
 

 

Layer 1 (fuzzification): each neuron was adaptive to the parameters of an activation. The output of each 

neuron was the degree of membership given by the membership function. The input membership function 

used a trapezoidal membership type (trapmf). 

 

Yi=µ𝑖 (𝑥𝑖) (1) 

 

Layer 2 (rules): this layer was a fixed neuron (given the symbol П) which was the product of all inputs, as in 

(2). 
 

Wi=𝜇𝐴𝑖(𝑥𝑖)𝜇𝐵𝑖(𝑥2)  (2) 
 

The AND operator was usually used. The result of this calculation is called the firing strength of a rule. Each 

neuron represents the i-rule.  

Layer 3 (normalization): each neuron in this layer was a fixed neuron (given the symbol N) which was the 

result of calculating the ratio of the-i firing strength (wi) to the sum of the overall firing strength in the 

second layer, as in (3). 
 

=
𝑤𝑖

∑ 𝑤𝑖
𝑛
𝑖=1

 (3) 

 

Layer 4 (defuzzification): this layer was in the form of neurons which were adaptive neurons to an output, as in (4). 
 

.𝑓𝑖= (𝑝𝑖𝑍𝑖𝑡 + 𝑞𝑖𝑍2𝑡𝑟1
  (4) 

 

Layer 5 (network output): this layer was a single neuron (symbolized) resulted from totaling all outputs of the 

fourth layer, as in (5). 
 

Y=∑ 𝑤𝑖
𝑛
𝑖=1 𝑓𝑖 (5) 

 

Research data obtained for approximately three months were taken into input and output data. The 

input data were in the form of power (X1) and temperature (X2). Meanwhile, the output data were in the 

form of humidity (Xt). 

 

2.2.  Predicting performance of the ANFIS test and fuzzy logic 

There were several ways to test and measure the performance of LPECS prediction comparisons 

between ANFIS and fuzzy logic. Among them were root mean square error (RMSE) and mean absolute 
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percentage error (MAPE). RSME was used to find the accuracy of forecasting results with target data, 

namely humidity data taken conventionally in the EEVE laboratory. The smaller the humidity forecast value 

with target or goal data in the form of humidity. The result of forecasting results was carried out, and the 

RSME value starts from 0 to infinity, with 0 being the best value. RMSE can be calculated by (6). 

 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖−𝑦𝑡 )2𝑛

1

𝑛
  (6) 

 

The next LPECS performance measurement used the MAPE to calculate the difference between 

conventional (actual) data and forecasting data by using the ANFIS and fuzzy algorithms. The difference was 

calculated in the form of a percentage of the actual (conventional) data. The subsequent LPECS performance 

measurement used MAPE to calculate the difference between the original and forecasted data. The difference 

was inserted according to the MAPE formula and then calculated as a percentage of the original data. 

 

𝑀𝐴𝑃𝐸 =
∑|

(𝑦𝑖−𝑦𝑡 )
2

𝑦𝑖
|

𝑛
 𝑥 100  (7) 

 

 

3. METHOD 

Figure 2 describes the research flow starting with data collection. Figure 2 denotes that the parameters 

used were in the forms of power, temperature, and humidity data output target. After the data had been 

collected, they went to the fuzzification step that grouped the information into input and output data according 

to the ANFIS steps in (1). Furthermore, the data were further divided into training, testing, and demo data. The 

following process was creating a rule according to (2). The data were then normalized in the range [0-1]. Then, 

the information was included in (3). In stage 1, the data used were training data and testing data. The following 

process was forming a generated FIS. The defuzzification layer was in the form of adaptive neurons to output 

with (4). In this process, the value of the membership function was determined, the type of membership function 

was used, and the desired results were gained. The next step was conducting the FIS training stage to determine 

the epoch value and the employed methods (hybrid and backpropagation). From (5), the steps for ANFIS were 

added to all input variables from the process of (4). The result was the average RMSE value according to (6). 

After being trained, the result was processed in the FIS testing stage. Similar to the FIS training in the data 

testing process, the average RMSE value was obtained. If the RMSE value had been high enough, it would have 

returned to the FIS generate process. In contrast, if the RMSE value had been good enough, it ould have 

proceeded to the next stages: predicting and comparing actual (conventional) data with fuzzy. The predictive 

data using the ANFIS algorithm were regrouped. Finally, the comparison values of actual (conventional) data 

with predictive data were obtained using the ANFIS algorithm. 

 

 

 
 

Figure 2. LPECS research 

 

 

In (5) described that the step for ANFIS was adding up all the input variables from the equation 

process (4). The result was the average RMSE value according to in (6). After being trained, the result went 

to the FIS testing stage. Similar to the FIS training in the data testing process, the average RMSE value was 

Stage 1 ANFIS Stage 2 Fuzzy 

  

Parameter Input 

Power 

Temperature 

Ouput 

Humidity accuracy of 
forecasting results with 

RMSE and MAPE 
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obtained. If the RMSE value had been high enough, it would have returned to the FIS generate process. In 

contrast, if the RMSE value had been good enough, it would have proceeded to the next stages: predicting 

and comparing actual (conventional) data with fuzzy. The predictive data using the ANFISalgorithm were 

regrouped. Finally, the comparison values of actual (conventional) data with predictive data were obtained 

using the ANFIS algorithm. 

 

 

4. RESULTS AND DISCUSSION 

The results of the ANFIS algorithm can be used as a measurement prediction for actual 

(conventional) data by producing a fairly good average value of root mean square error (RMSE). The RMSE 

results for each type of membership are shown in Table 1. The best type of membership is the one that 

produces the lowest RMSE value. Table 1 denotes that the best RMSE value is using the trapezoidal 

membership type (trapmf). The graph shows the LPECS comparison of the actual data (conventional data 

against the ANFIS and fuzzy). Figure 3 shows that the ANFIS, a combination of artificial neural networks 

and fuzzy logic, is the best method to make predictions. This claim was proven by increasing the minimum 

value of actual data (conventional data) from 44.42% before the test to 44.33% after using the ANFIS 

method. However, the results were much different, by 59.31%, when it was compared with fuzzy. The 

maximum value of the actual data (conventional data) was similar to that of ANFIS and fuzzy by 77.59%. 

ANFIS can be used significantly as a determinant of the minimum and maximum values, while fuzzy can 

only show the maximum value but cannot reach the minimum value properly.  

 

 
Table 1. Comparison of RMSE values of each type of membership 

No 
Types of 

membership 

Hybrid Backpropagation 
Training 

data 

Testing 

data 

Training 

data 

Testing 

data 

1. Trimf  0.1284 0.2881 0.1516 0.2934 
2. Trapmf  0.1355 0.2791 0.1523 0.2834 

3. Gbellmf 0.1118 0.7413 0.1627 0.2799 

4. Gaussmf  0.1106 0.3923 0.1657 0.2838 

 

 

 
 

Figure 3. Comparison graph of LPECS actual data (conventional data), ANFIS, and fuzzy against APE 

 

 

The following is a trapezoidal membership type of training data (trapmf). The output used a linear 

type of membership function (MF). The results of the training data using the trapezoidal hybrid method 

(trapmf) obtained an RMSE value of 0.1355, as shown in Figure 4. Figure 5 shows the FIS test used the 

hybrid method for the type of trapezoidal membership (trapmf). The results obtained an average RMSE value 

of 0.2791%. The author compared the ANFIS method using the fuzzy method to actual data (conventional 

data). The results of the actual (conventional) humidity output value, the ANFIS method, and the fuzzy are 

presented in Table 2. 
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Figure 4. FIS train using a trapezium (Trapmf) 

 

 

 
 

Figure 5. FIS testing using a trapezoid (Trapmf) 

 

 

Table 2. Comparison of LPECS values of actual (prediction) data, ANFIS, fuzzy error (MATLAB), and APE 
No Actual data ANFIS Fuzzy Errors (MATLAB) APE 

1 46.33 46.44 59.31 12.98 0.2801 

2 50.49 50.5 60.45 9.96 0.1972 

3 57.66 57.08 69.6 11.94 0.2070 

4 62.23 62.23 64.46 2.23 0.0358 

5 56.99 57.02 71.86 14.87 0.2609 
6 60.79 60.75 64.46 3.67 0.0603 

7 77.59 77.59 77.59 0 0 

8 45.41 45.32 60.45 15.04 0.3312 
9 51.91 50.71 67.3 15.39 0.2964 

10 47.23 48.61 69.02 21.79 0.4613 

11 45.26 45.38 62.74 17.48 0.3862 
12 74.14 74.16 77.59 3.45 0.0465 

13 44.42 44.33 60.45 16.03 0.3608 
14 53.21 53.24 63.87 10.66 0.2003 

15 53.69 53.59 60.45 6.76 0.1259 

16 68.84 68.67 71.31 2.47 0.0358 
17 61.26 61.13 66.72 5.46 0.0891 

MAPE 0.1985 

 

 

The data processing using fuzzy logic discovered a higher average result, as summarized in Table 2. 

Each humidity value in the actual (conventional), ANFIS, and fuzzy data was 56.32, 66.33, and 56.28 

respectively. The comparison values of actual (conventional), ANFIS, and fuzzy data are presented in  

Figure 3. All nodes in this layer were non-adaptive as a result of the predictions. The value of the RMSE 

started from 0 to infinity, in which 0 was the best value. The RSME can be calculated by (6). Table 2 shows 

the comparison of the actual (conventional data), fuzzy, error (MATLAB), and APE data. The results of 

fuzzy were much different by 59.31%. To obtain the MAPE value, in (7) with MAPE fuzzy logic was 

employed, and the result was 0.1985%. 

 

 

5. CONCLUSION 

The research in the laboratory prediction energy control system (LPECS) predicted energy needs. As 

proven by the increasing minimum value of actual data (conventional data) from 44.42% before the 

processing to 44.33% after using the ANFIS. The results of fuzzy were much different by 59.31%. The 

maximum value of the actual data was similar to that of ANFIS and fuzzy by 77.59%. ANFIS could be used 

significantly as a minimum and maximum value prediction. Meanwhile, the fuzzy could only show the 
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maximum value but could not reach the minimum value properly. The need for electrical energy 

consumption in the EEVE laboratory was predicted using the ANFIS algorithm. The results showed the score 

of fuzzy logic was 0.1355%, the ANFIS RMSE was 0.2791%, and the fuzzy logic MAPE was 0.1985%. 

These results concluded that the error value between ANFIS and fuzzy logic was almost equal by 0.1. This 

conclusion predicts that the use of electrical energy in a room can be applied properly by using the ANFIS 

algorithm and fuzzy logic. 
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