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Abstract

:

The application of wireless sensor networks (WSNs) in smart agriculture requires accurate path loss prediction to determine the coverage area and system capacity. However, fast fading from environment changes, such as leaf movement, unsymmetrical tree structures and near-ground effects, makes the path loss prediction inaccurate. Artificial intelligence (AI) technologies can be used to facilitate this task for training the real environments. In this study, we performed path loss measurements in a Ruby mango plantation at a frequency of 433 MHz. Then, an adaptive neuro-fuzzy inference system (ANFIS) was applied to path loss prediction. The ANFIS required two inputs for the path loss prediction: the distance and antenna height corresponding to the tree level (i.e., trunk and bottom, middle, and top canopies). We evaluated the performance of the ANFIS by comparing it with empirical path loss models widely used in the literature. The ANFIS demonstrated a superior prediction accuracy with high sensitivity compared to the empirical models, although the performance was affected by the tree level.
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1. Introduction


A wireless sensor network (WSN) can be deployed in plantations to control the crop quality and quantity. However, the presence of trees and vegetation in the signal path can substantially degrade the performance of radio communication systems by causing signal attenuation, diffraction, scattering, and polarization [1]. Plantations comprise rows of densely foliated trees that can cause a significant path loss. Moreover, tree leaves tend to absorb water, which can cause further scattering of the signal. Low frequencies such as 240 MHz are less likely to be affected by weather conditions, such as rain and strong winds. Understanding path loss in the presence of vegetation is critical to the application of WSNs for smart agriculture.



Recently, empirical models, such as the log-distance and exponential decay models, have been developed for predicting the path loss around different types of vegetation in different frequency bands [2,3,4,5,6,7,8,9,10,11,12,13]. Raheemah et al. [2] proposed an empirical path loss model for a mango greenhouse at a frequency of 2.425 GHz with seven different antenna heights of 0.5, 1.0, 1.5, 2, 2.5, 3, and 3.5 m. The greenhouse contained 13 mango trees in three rows with a separation distance of 3.2 m between trees in the same row and 2.2 m between each row. The trees were 5 years old with a mean maximum height of 2 m, main trunk height of 1 m, and mean trunk diameter of 0.16 m. They demonstrated that their model had a better prediction accuracy than previous models in the literature. Anzum et al. [3] proposed a log-distance model with multiwall attenuation based on long-range (LoRa) measurement data at 433 MHz for oil palm trees planted in a symmetric pattern. Anderson et al. [4] characterized the path loss at a low antenna height (1.3 m) for ultrawideband propagation (830–4200 MHz) in four forest environments: light brush, light forest, medium forest, and dense forest. Azevedo et al. [5] proposed an empirical path loss model at frequencies of 870 and 2.414 MHz that considers the tree trunks of different trees. They multiplied the tree density and average trunk diameter to obtain a coefficient for the path loss exponent. Barrios-Ulloa et al. [6] reviewed log-distance and exponential decay models for the path loss at 200 MHz–95 GHz and compared their performances in terms of the root mean squared error (RMSE). Meng et al. [7,8] proposed a plane-earth model for near-ground wireless communication in the very high frequency (VHF) and ultrahigh-frequency (UHF) bands. They limited their interest to specific phenomena, such as the impact of near-ground or surface components on the signal propagation in different environments. Tang et al. [9] analyzed path loss models with the breakpoint distance on, near, and above the ground (heights of 5 cm, 50 cm, and 1 m, respectively) at a frequency of 470 MHz. Jong et al. [10] proposed a scattering model for a single oak tree at a frequency of 1.9 GHz. Pinto et al. [11] proposed a semi-deterministic model depending on the distance between transceivers of WSN nodes and the vegetation height for tomato greenhouses and demonstrated a superior prediction accuracy. Leonor et al. [12,13] proposed a raytracing scattering model for Ficus benjamina and Thuja pelicata trees at frequencies of 20 and 62.4 GHz.



Some researchers have used artificial intelligence (AI) technologies such as machine learning (ML) to improve the accuracy of empirical models in specific areas [14,15,16,17,18,19,20,21,22]. Chiroma et al. [14] reviewed the performances of AI models, such as support vector machines, neural networks (NNs), genetic algorithms, and the adaptive neuro-fuzzy interference system (ANFIS) in several types of communication environments: urban, suburban, and rural. Hakim et al. [15] developed ANFIS path loss models for forest, jungle, and open dirt road environments at frequencies of 433, 868, and 920 MHz and obtained a superior prediction accuracy compared to conventional empirical models. Faruk et al. [16] applied ML models including ANFIS to VHF and UHF bands in a typical urban environment and obtained a high prediction accuracy. Nunez et al. [17] showed that an artificial neural network (ANN) improved the prediction accuracy for indoor communication at 26.5–40 GHz [21]. Famoriji et al. [18] applied a backpropagation NN to path loss prediction in a tropical region and achieved a better prediction accuracy than a conventional log-distance model. Cruz et al. [19] applied an ANN and neuro-fuzzy system to the path loss prediction of a long-term evolution signal transmitted at a frequency of 1.8 GHz and compared the RMSE with those of commonly used empirical models in the literature. Wu et al. [20] applied a multilayer perceptron neural network (MLPNN) to predicting the path loss of three base stations at 2.5 GHz and achieved a better prediction accuracy than empirical log-distance models. Ostlin et al. [21] applied an ANN to predicting the path loss of a code-division multiple-access mobile network in a rural area and obtained good results. Egi et al. [22] proposed an ANN to predict the received signal level according to the detected tree canopy and location. Their model achieved an error of 4.26%, while the empirical model had an error of 6.29–16.9%.



Non-uniform vegetation is a common source of error for both empirical and intelligent path loss models. Some empirical models have been developed, providing a good prediction performance in uniform environments, such as an oil palm plantation and mango greenhouse. However, they still provided an error because of fast fading. The AI models are generally applied to specific non-uniform environments, such as urban, suburban, and rural areas, to improve the large errors at some measurement points. The models were trained with the measured data to provide a good prediction. However, in the case of a specific environment, such as the Ruby mango plantation, the AI model needs an expert system to create a rule base for training. Therefore, we applied an ANFIS in this study to predict the path loss of a signal in a Ruby mango plantation. Ruby mango trees are trimmed to limit their height and are planted in symmetric patterns for a uniform environment.



The ANFIS only requires two inputs: the distance and antenna height in relation to the tree level (i.e., trunk and canopy). The regular pattern of trees should allow the ANFIS to predict the path loss with high accuracy. To evaluate the performance of the proposed model, we compared it against existing empirical models. The contributions of this article are summarized as follows:




	
An accurate semi-deterministic path loss prediction for a uniform Ruby mango plantation with an ANFIS engine, which consists of two inputs, namely, the distance between the transceivers of WSN nodes and vegetation height together, and an output of path loss prediction.



	
The validation of the model using RMSE, MAE, and MAPE against benchmark models.








The rest of this paper is organized as follows. Section 2 presents related path loss models. Section 3 presents the proposed model. Section 4 presents the experimental procedure. Section 5 presents the results. Section 6 concludes the paper.




2. Related Path Loss Models


Four empirical models are widely used to predict the path loss considering vegetation and are presented here.



2.1. ITU-R Model


The International Telecommunications Union Recommendations (ITU-R) model [23] was developed from measurements mainly at the UHF band and was proposed for cases where either the transmit or receive antenna is near a small grove of trees through which the signal propagates. This model is commonly used for frequencies between 200 MHz and 95 GHz, and it is expressed as


  I T U − R   d B   =   0.2 f   0.3     d   0.6    



(1)




where f is the frequency (MHz) and d is the tree depth.




2.2. COST 235 Model


The COST 235 model [24] is based on measurements at the millimeter-wave frequency band (9.6–57.6 GHz) through a small grove of trees performed over two seasons: when the trees were in-leaf and out-of-leaf. This model is also applicable to frequencies between 200 MHz and 95 GHz, and it is expressed by


  C O S T   235   d B   =         26.6 f   − 0.2     d   0.5     out   of   leaf         15.6 f   − 0.009     d   0.26     in   leaf        



(2)








2.3. FITU-R Model


The fitted ITU-R (FITU-R) model is based on datasets collected during the in-leaf and out-of-leaf states at 11.2 and 20 GHz [7]:


  F I T U − R   d B   =         0.37 f   0.18     d   0.59     out   of   leaf         0.39 f   0.39     d   0.25     in   leaf        



(3)







This model was developed because the lateral wave becomes dominant in both the VHF and UHF bands at relatively large forest depths, especially when both the transmit and receive antennas are inside the forest. Based on measurement data from an oil palm tree plantation, the FITU-R model becomes the following:


  L I T U   d B   =   0.48 f   0.43     d   0.13   + 40   log  ⁡    d     − 20   log  ⁡      h   t       − 20 l o g ⁡ (   h   r   )  



(4)




where f is the carrier frequency (MHz),     h   t     is the height of the transmit antenna (m),     h   r     is the height of the receive antenna (m), and d is the distance between the transmit and receive antennas (m). The model in (4) is for a theoretically free space, which can be used to obtain a reference model for estimating the path loss in different environments:


    P L   f r e e     d B   = 32.4 + 20   l o g   10     f   + 20   l o g   10     d    



(5)




where f is the frequency (MHz) and d is the distance between the transmit and receive antennas (km). In a forest environment, Equation (5) can be modified to


    P L   f o r e s t     d B   = A   f   B     d   C   + 32.4 + 20   l o g   10     f   + 20   l o g   10     d    



(6)







For near-ground path loss, a plane-earth model is often used to consider both line-of-sight (LOS) and ground-reflected rays received by the receive antenna [7]:


    P L   P l a n e E a r t h     d B   = 40   log  ⁡    d     − 20   log  ⁡      h   t       − 20 l o g ⁡ (   h   r   )  



(7)




where ht is the height of the transmit antenna (m), hr is the height of the receive antenna (m), and d is the distance between the transmit and receive antennas (m). If the excess loss is considered, then (6) becomes


    P L   f o r e s t     d B   = A   f   B     d   C   + 40     log   10    ⁡    d     − 20     log   10    ⁡      h   t       − 20   l o g   10   ⁡ (   h   r   )  



(8)







Because of lateral wave propagation from diffraction over treetops and beside trees, especially in VHF and UHF bands, the effect induced by the perfect plane-earth model is reduced. Thus, the fitted ground reflection model becomes applicable:


     L   F G R   ( d B ) = 10 n   l o g   10     d   − 20   l o g   10   (   h   t     ) −   20   l o g   10   (   h   r   )   



(9)




where n is an empirical path loss exponent for LOS ground reflection. Then, the path loss model becomes


    P L   f o r e s t     d B   = A   f   B     d   c   +   L   F G R     d B    



(10)







In this study, we used the path loss model in (6) because the excess loss (i.e., first term) includes the near-ground effect of different antenna heights. Table 1 summarizes the A, B, and C parameters.




2.4. Log-Distance Model


The log-distance model specific to forest environments is given by [25,26]


    P L   f o r e s t     d B   = P L     d   0     + 10   n   N L O S       log   10    ⁡    d      



(11)




where   P L     d   0       is the path loss at a distance of 1 m (floating intercept) and     n   N L O S     is the non-LOS (NLOS) path loss exponent (PLE).





3. Proposed ANFIS Model


From the path loss model involved in Section 2, various empirical models have been developed. These empirical models are created using mathematical/statistical methods. In some cases, the environment is complex and finding a mathematical model is not easy. However, if a researcher has expertise in analyzing the nature of electromagnetic propagation, researchers can use that expertise to create fuzzy rules to predict the propagation of electromagnetic waves. This research proposes to use an ANFIS to generate fuzzy rules for path loss model prediction.



The ANFIS is a hybrid of an NN and fuzzy system, which is an inferential linguistic processing that incorporates fuzzy rules into a knowledge base [27]. The knowledge base contains fuzzy rules obtained from experts and can be adapted to produce appropriate results. However, the input–output pair must be learned to optimize the output. The NN is used to learn input–output relationships to adjust the fuzzy rules until a suitable output is found. Figure 1 shows the general architecture of an ANFIS, which has five main layers [28]. The rectangular boxes are adaptive nodes, while round boxes are fixed nodes.



Our ANFIS has two inputs and one output. Each input is divided into two fuzzy sets: A1, A2, and B1, B2. The output parameters are pj, qj, and rj, with n rules:



Rule 1: IF x1 is     A   1   1     and x2 is     B   1   1     THEN f1 = p1x1 + q1x2 + r1



Rule 2: IF x1 is     A   2   2     and x2 is     B   2   2     THEN f2 = p2x1 + q2x2 + r2



…



Rule n: IF x1 is     A   i   n     and x2 is     B   i   n     THEN fn = pnx1 + qnx2 + rn



	
where,     A   i   j     and     B   i   j     are the fuzzy description of the input sets, and fj are the crisp description of the outputs.






Layer 1: This layer comprises antecedent parameters obtained via fuzzy determination from the Crisp input x to membership value     μ     A   i       or     μ     B   i       using the following membership function:


    O   j   1   =   μ     A   i     ( x )  



(12)




where     O   j   1     is the membership of Ai derived from the input x. The membership function may be a triangular, inverted bell, or other shape.



Layer 2: This layer comprises the T-norm operator or fuzzy rule base, which associates fuzzy values from each dimension and sends the product as an output signal:


    w   j   =   μ   j 1   (   x   1   )   μ   j 2   (   x   2   )  



(13)




where     w   j     is the firing strength from each rule and     μ   j i   (   x   i   )   is the fuzzy value from the ith dimension of rule j.



Layer 3: This layer involves normalizing the firing strength or weighted layers so that all conditions from all rules can be combined into a single value:


      w  ~    j   =     w   j       w   1   +   w   2   + … +   w   n     , j = 1 , 2 , … , n  



(14)







Layer 4: The layer comprises consequent parameters obtained as follows:


      w  ~    j     f   j   =     w  ~    j    (  p j   x 1  +  q j   x 2  +  r j  )   



(15)







Layer 5: This layer comprises the overall output, which includes all incoming signals and their defuzzification:


      w  ~    T   f =   ∑  j = 1   n        w  ~    j     f   j     =     ∑  j = 1   n      w   j     f   j         ∑  j = 1   n      w   j       = o v e r a l l   o u t p u t  



(16)




where       w  ~    T     = [      w  ~    1       w  ~    2   …     w  ~    n   ]   is the fuzzy value normalized from 1 − n rules and     f   T   = [   f   1     f   2   …   f   n   ]   is the output of 1 − n rules.



From the proposed model, there are two major issues, as mentioned in Section 2 and Section 3: (1) the mathematical/statistical models, as in Section 2, and (2) the fact that the ANFIS is a black box method, and the fuzzy rules that are tuned from artificial neural networks (ANNs) are not easily understandable. Based on ANFIS concepts, many models have been proposed and applied to the subject of time series. The relationship between CO2 emissions from the energy sector and global temperature increases was investigated using ANFIS, ANN, and fuzzy time series models. This research aimed to avoid strict assumptions and study the complex relationships between variables [29]. A time series forecasting model using a hybrid method of an autoregressive adaptive network fuzzy inference system (AR-ANFIS) was studied. The AR-ANFIS was trained by using particle swarm optimization, and fuzzification was performed using the fuzzy C-Means method [30]. Multivariate time series prediction using a neuro-fuzzy model was proposed. Gaussian membership functions and a learning algorithm were used in the consequent layer [31]. The reviewed literature included training and optimization methods using complex functions and learning algorithms. This technique increases the complexity of the analysis. However, in this study path loss is determined based on a trajectory with a linear relationship between the variables. Therefore, this research uses linear relationships in layer 4 as consequent parameters. This is enough to create an accurate model. This section uses numerical data, which consist of distances, the height of the antenna, and the signal strength of electromagnetic waves. A collection of related datasets consists of a training dataset and a testing dataset. The training dataset is used to generate fuzzy rules and adjust the fuzzy set using a neural network. In general, the principle of fuzzy rules is to optimize the input set of rules in a given operating environment. Traditional methods use experts’ expertise to modify fuzzy rules. The ability to predict the results depend on the expert’s expertise. Furthermore, fuzzy rules can be created by simulating real situations to learn to create rules, which is inconvenient in the case of electromagnetic wave propagation. In this research, the fuzzy tuning setup has been developed using a neural network to achieve more accurate predictions. Adapting fuzzy rules will require training from the training data to optimize fuzzy sets and fuzzy rules, as detailed in the section above.



The antenna height and distance between the communication nodes influences the propagation path loss. Therefore, two inputs of the ANFIS are the antenna height in meters and logarithm of distance in meters. The output is the propagation path loss in dBm. A flowchart of the ANFIS path loss modeling is shown in Figure 2. The next section describes the site survey and measurement setup in detail.




4. Experimental


4.1. Study Site


The study site was a Ruby mango plantation in Sakaeo Province, Thailand, with the GPS coordinates 13.4166954 N, 102.1368925 E. To ensure a good harvest, Ruby mango trees must be planted at a certain density. Thus, the mango tree plantation follows a specific pattern. The trees are planted in straight rows with 6 m between rows and 5 m between their trunks in the same row, as shown in Figure 3. The plantation has 320 trees per hectare. The tree dimensions are summarized in Table 2. The average total tree height was about 4.5 m, which comprised a trunk height of 0.55 m, a trunk diameter of 0.51 m, a canopy depth of 3.96 m, and an average canopy diameter of 5.69 m.




4.2. Measurement Setup


The measurement equipment comprised a fixed 433 MHz LoRa module (transceiver and omnidirectional antenna) as the receiving station and a portable LoRa module as the transmitter. These modules were connected to a microcontroller (Arduino board) that programmed the transmitter to send a data packet containing the word “hello” with the received signal strength indicator (RSSI) wirelessly to the receive antenna every 1.5 s. Three physical layer parameters were considered that influence the effective bit rate during modulation to cause noise and signal interference in a communication channel: the spreading factor (SF), bandwidth (BW), and coding rate (CR) [32].



Spreading factor: The SF is the ratio between the symbol rate and chip rate. A higher SF increases the sensitivity and transmission range with a lower packet error rate (PER) and RSSI, but it increases the airtime of the transmitted packet. Therefore, a lower SF should result in a higher PER and minimum RSSI.



Bandwidth: A higher BW increases the transmission range and data rate and thus decreases the airtime, but it also decreases the sensitivity by integrating additional noise. A lower BW increases the sensitivity but decreases the data rate. A typical LoRa network operates at a BW of 125, 250, or 500 kHz.



Coding rate: A LoRa network sets a CR to protect against bursts of interference. The CR is usually set to 4/5, 4/6, 4/7, or 4/8. A higher CR better protects the system against decoding errors by transmitting more redundant data bits but increases the airtime.



In this experiment, we only focused on the wave propagation characteristics of Ruby mango trees. Therefore, we used an SF of 7, BW of 125 kHz, and CR of 4/5 to increase the minimum RSSI, PER, sensitivity, and protection against decoding errors. The RSSI can be converted to the path loss by [33]


  P L   d B   =   P   t   +   G   t   +   G   r   − ( R S S I + K )  



(17)




where K is an offset that depends on the characteristics of the transceiver chips used, the frequency, and the chosen technology and its features. However, K may be obtained via calibration. Table 3 summarizes the equipment parameters. To model the path loss, the RSSI data were captured via a notebook computer at the receiving station while the portable transmitting node was moved in 5 m intervals to a maximum distance of 40 m in both the forward and reverse directions. The heights of the transmit and receive antennas were set equal but varied at 0.3, 1.2, 2.2, and 2.7 m above the ground, as shown in Figure 4. Table 4 shows the path loss parameters of Equation (11), which was used for comparison with the ANFIS model.



The following metrics were used to evaluate the model performances based on their deviation from the measurement data: the absolute mean error (AME), mean absolute error (MAE), mean absolute percentage error (MAPE), and root mean square error (RMSE). These metrics were calculated as follows:


  A M E =   1   N       ∑  i = 1   N      M   i   −   P L   i        



(18)






  M A E =   1   N     ∑  i = 1   N        M   i   −   P L   i        



(19)






  M A P E =   100   N     ∑  i = 1   N          M   i   −   P L   i       M   i          



(20)






  R M S E =      ∑  i = 1   N      (   M   i   −   P L   i   )   2       N     



(21)




where     M   i     is the measured path loss,     P L   i     is the predicted path loss, N is the total number of data, and the subscript i is the number of a given data.





5. Results and Discussion


5.1. ANFIS Model and Validation


The measurement data described in Section 4 were used for the training and validation of the proposed ANFIS model. The training dataset comprised input–output data pairs, such as the antenna height (m), distance (m), and measured path loss (dB). A first-order Sugeno fuzzy model was used for the ANFIS structure, where the inputs were the antenna height and distance and the output was the path loss. The membership functions used the psigmf model with a mixed learning process (Hybrid), [5, 5] mfs, and 100 epochs for calculation. The results are shown in Figure 5 and Figure 6. The crisp input was divided into five fuzzy sets to obtain the minimum error. Each set contained {in1mf1, in1mf2, in1mf3, in1mf4, and in1mf5} for the antenna height input and {in2mf1, in2mf2, in2mf3, in2mf4, and in2mf5} for the log-distance input, and the output {out1mf1-out1mf25} was obtained according to the following 25 rules:



Rule 1: IF x1 is mf1 and x2 is mf1, THEN y is mf1



Rule 2: IF x1 is mf1 and x2 is mf2, THEN y is mf2



Rule 3: IF x1 is mf1 and x2 is mf3, THEN y is mf3



Rule 4: IF x1 is mf1 and x2 is mf4, THEN y is mf4



Rule 5: IF x1 is mf1 and x2 is mf5, THEN y is mf5



Rule 6: IF x1 is mf2 and x2 is mf1, THEN y is mf6



Rule 7: IF x1 is mf2 and x2 is mf2, THEN y is mf7



Rule 8: IF x1 is mf2 and x2 is mf3, THEN y is mf8



Rule 9: IF x1 is mf2 and x2 is mf4, THEN y is mf9



Rule 10: IF x1 is mf2 and x2 is mf5, THEN y is mf10



Rule 11: IF x1 is mf3 and x2 is mf1, THEN y is mf11



Rule 12: IF x1 is mf3 and x2 is mf2, THEN y is mf12



Rule 13: IF x1 is mf3 and x2 is mf3, THEN y is mf13



Rule 14: IF x1 is mf3 and x2 is mf4, THEN y is mf14



Rule 15: IF x1 is mf3 and x2 is mf5, THEN y is mf15



Rule 16: IF x1 is mf4 and x2 is mf1, THEN y is mf16



Rule 17: IF x1 is mf4 and x2 is mf2, THEN y is mf17



Rule 18: IF x1 is mf4 and x2 is mf3, THEN y is mf18



Rule 19: IF x1 is mf4 and x2 is mf4, THEN y is mf19



Rule 20: IF x1 is mf4 and x2 is mf5, THEN y is mf20



Rule 21: IF x1 is mf5 and x2 is mf1, THEN y is mf21



Rule 22: IF x1 is mf5 and x2 is mf2, THEN y is mf22



Rule 23: IF x1 is mf5 and x2 is mf3, THEN y is mf23



Rule 24: IF x1 is mf5 and x2 is mf4, THEN y is mf24



Rule 25: IF x1 is mf5 and x2 is mf5, THEN y is mf25



Figure 5a shows the ANFIS structure for training comprising five membership functions with the two adjusted inputs (Figure 5b,c) for 25 rules and 25 membership functions to obtain the output. Figure 6 shows the inference engine based on 25 rules with the first input as the antenna height of 1.2 m and the second input as the log-distance (d) of 0.698 (5 m), which provides a path loss output of 57.0 dB. Table 4 shows a good agreement of the ANFIS with validation.




5.2. Data Analysis of Proposed Model


The performance of the proposed ANFIS was evaluated in terms of the metrics presented in Equations (18)–(21). Table 5, Table 6, Table 7 and Table 8 compare the ANFIS and measured data described in Section 4 according to the AME, MAE, MAPE, and RMSE, respectively. From the graphs in Figure 7, Figure 8, Figure 9 and Figure 10, the proposed ANFIS model can predict output values for the accurate estimation of measured path loss because mathematical models are obtained by averaging data to create a model. The real environment of the mango trees consists of different trunks and canopies. They are completely asymmetrical. Moreover, the wave attenuation value is not constant at each distance between the mango trees. It is difficult to find mathematic equations to explain these differences. However, the ANFIS model is a machine learning model that uses fuzzy rules to predict outcomes. The nature of the fuzzy rule depends on the linguistic variables used to describe the mango tree’s environment, which affects wave propagation. The fuzzy set is adjusted with a neural network to obtain the fuzzy sets with suitable values for prediction. Therefore, the ANFIS model makes predictions more accurate. Overall, the proposed ANFIS provided better prediction accuracy than the empirical models, especially at the bottom canopy, where it achieved AME, MAE, MAPE, and RMSE values of 0.01, 1.03, 1.64, and 1.34, respectively. However, it obtained a relatively large error at the trunk level with AME, MAE, MAPE, and RMSE values of 0.32, 2.43, 3.81, and 3.17, respectively. The MAE was smaller than the RMSE because of deviations in the measured path loss. The AME had the smallest values because the upper measurement data refuted the lower measurement data, while the MAPE had similar values to the RMSE.




5.3. Comparison with Empirical Path Loss Models


The ANFIS demonstrated good agreement with the measurement data compared with the empirical models in Section 2. The empirical model in Equation (6) provides the best prediction with an AME, MAE, MAPE, and RMSE values of 0.11, 0.77, 5.8, and 3.69, respectively (please see Table 5, Table 6, Table 7 and Table 8). In the case of the three conventional models, ITU-R (1), COST 235 (2), and FITU-R (3) provide large error prediction where either the transmit or receive antenna is near a small grove of trees. However, the COST 235 provides better prediction in the UHF band, as shown in Table 5, Table 6, Table 7 and Table 8, which the signal propagates at different antenna heights with the selected AME, MAE, MAPE, and RMSE values of 5.41, 6.86, 14.04, and 8.61, respectively. Additionally, the proposed ANFIS model provides a very high sensitivity compared with the empirical models, as indicated by the red dots in Figure 7, Figure 8, Figure 9 and Figure 10 for the trunk level and bottom, middle, and top canopy levels, respectively. These confirm the advantage of the proposed ANFIS model as well.





6. Conclusions


In this study, we applied an ANFIS to predict the path loss of a WSN in a Ruby mango plantation at 433 MHz. It is a combination of a neuro-fuzzy system and a learning algorithm. The ANFIS is able to learn from data and make predictions based on those data. The learning algorithm is able to adjust the weights of the connections between the neurons in the network and the parameters of fuzzy sets. This allows the ANFIS to learn and adapt to new data. We performed path loss measurements with two transceiver nodes between the trees at difference antenna heights. The ANFIS requires two inputs to predict the path loss: the antenna height corresponding to the tree level and the distance between the transmitter and receiver nodes. Each input was classified into five adjected fuzzy sets. The influence engine with 25 rule bases predicted the path loss with minimum error. We compared the performance of the proposed ANFIS with empirical models. The results showed that the proposed ANFIS demonstrated a superior prediction accuracy and high sensitivity with the best AME, MAE, MAPE, and RSME values of 0.01, 1.03, 1.64, and 1.34, respectively, at the antenna height of 1.2 m above ground (canopy bottom), although the performance fluctuated with the tree level. In future work, the capacity of the ANFIS will be improved to predict the path loss of inflorescence and fruit on tree, especially at a frequency of 2.4 GHz with a wave length of approximately 0.125 cm, which is smaller than the dimension of the inflorescence and fruit. This will significantly improve the signal attenuation, enabling the detection of inflorescence and fruit using the ANFIS for monitoring as well. The advantage of the ANFIS model is that is combines both numerical and linguistic knowledge. The ANN ability of the ANFIS is used to classify data and identify patterns. Compared to the ANN, the ANFIS model is more transparent to the user and causes less recognition errors.



Future research could extend the intelligence model by using a larger dataset to examine if better predictions can be obtained. The number of inputs in terms of attendance determinants, type of tree, difference frequency of wireless nodes, and amount of data can be expanded to develop more accurate and intelligent models and several applications.
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Figure 1. General architecture of the ANFIS. 
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Figure 2. Flowchart of the ANFIS path loss model. 
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Figure 3. Plan of Ruby mango plantation. 
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Figure 4. Propagation measurement. 
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Figure 5. ANFIS with two inputs: (a) structure, (b) antenna height as input 1, and (c) log-distance as input 2. 
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Figure 6. Inference engine. 
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Figure 7. Predicted and observed path losses at an antenna height of 0.3 m (trunk). 
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Figure 8. Predicted and observed path losses at an antenna height of 1.2 m (bottom canopy). 
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Figure 9. Predicted and observed path losses at an antenna height of 2.2 m (middle canopy). 
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Figure 10. Predicted and observed path losses at an antenna height of 2.7 m (top canopy). 
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Table 1. Path loss exponent parameters at 433 MHz (SF 7, BW 125 kHz).
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	Antenna Height

(m)
	   P L     d   0       

(dB)
	PLE (NLOS)
	A
	B
	C





	0.3
	26.57
	3.79
	0.98
	0.39
	0.34



	1.2
	23.2
	3.84
	0.8
	0.39
	0.35



	2.2
	17.54
	4.33
	0.98
	0.39
	0.33



	2.7
	22.1
	3.71
	1.0
	0.39
	0.3










 





Table 2. Measured dimensions of Ruby mango trees.






Table 2. Measured dimensions of Ruby mango trees.





	No.
	Total Height
	Trunk Height
	Trunk Diameter
	Canopy Depth
	Canopy Diameter





	Tree 1
	3.82
	0.56
	0.4
	3.4
	5.5



	Tree 2
	4.66
	0.66
	0.56
	4.0
	6.0



	Tree 3
	4.79
	0.49
	0.45
	4.3
	5.6



	Tree 4
	5.15
	0.65
	0.64
	4.5
	6.5



	Tree 5
	4.77
	0.47
	0.63
	4.3
	6.2



	Tree 6
	3.96
	0.46
	0.46
	3.5
	4.7



	Tree 7
	4.85
	0.65
	0.54
	4.2
	6.0



	Tree 8
	3.97
	0.47
	0.43
	3.5
	5.0



	Average
	4.50
	0.55
	0.51
	3.96.
	5.69







All numerical values are in meters.













 





Table 3. Parameter setup.
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	No.
	Parameters
	Value
	Unit





	1
	Power amplifier (PA)
	18
	dBm



	2
	Antenna gain
	2.2
	dBi



	3
	Frequency
	433
	MHz



	4
	Bandwidth (BW)
	125
	kHz



	5
	Spreading factor
	7
	-



	6
	Code rate (CR)
	4/5
	-



	7
	Offset factor (K)
	28
	dBm










 





Table 4. RMSE of ANFIS model and validation.
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Antenna Height (m)

	
ANFIS Validation






	
0.3 (Trunk)

	
3.17

	
3.31




	
1.2 (Canopy_bottom)

	
1.34

	
1.58




	
2.2 (Canopy_middle)

	
1.65

	
1.57




	
2.7 (Canopy_top)

	
2.61

	
2.60











 





Table 5. Model comparison using AME.
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Antenna Height (m)

	
AME




	
Exponential Decay Equation (6)

	
Log-Distance Equation (11)

	
ITU-R

	
COST235

	
FITU-R

	
ANFIS






	
0.3 (Trunk)

	
0.11

	
5.73

	
19.33

	
5.41

	
20.26

	
0.32




	
1.2 (Canopy_bottom)

	
0.28

	
3.14

	
15.91

	
7.91

	
15.69

	
0.01




	
2.2 (Canopy_middle)

	
1.71

	
5.36

	
17.64

	
5.76

	
17.24

	
0.06




	
2.7 (Canopy_top)

	
0.77

	
7.3

	
16.82

	
6.54

	
16.47

	
0.02











 





Table 6. Model comparison using MAE.
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Antenna Height (m)

	
MAE




	
Exponential Decay Equation (6)

	
Log-Distance Equation (11)

	
ITU-R

	
COST235

	
FITU-R

	
ANFIS






	
0.3 (Trunk)

	
6.17

	
6.32

	
19.63

	
10.19

	
20.55

	
2.43




	
1.2 (Canopy_bottom)

	
2.66

	
3.36

	
16.39

	
7.91

	
16.49

	
1.03




	
2.2 (Canopy_middle)

	
4.71

	
5.52

	
19.08

	
6.86

	
19.09

	
1.27




	
2.7 (Canopy_top)

	
0.77

	
7.61

	
17.69

	
7.45

	
17.84

	
2.08











 





Table 7. Model Comparison Using MAPE.
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Antenna Height (m)

	
MAPE




	
Exponential Decay Equation (6)

	
Log-Distance Equation (11)

	
ITU-R

	
COST235

	
FITU-R

	
ANFIS






	
0.3 (Trunk)

	
11.91

	
8.89

	
25.09

	
15.49

	
26.20

	
3.81




	
1.2 (Canopy_bottom)

	
5.8

	
4.9

	
22.3

	
14.04

	
22.73

	
1.64




	
2.2 (Canopy_middle)

	
12.48

	
7.51

	
27.57

	
17.11

	
28.22

	
1.76




	
2.7 (Canopy_top)

	
11.08

	
10.51

	
24.42

	
15.5

	
25.28

	
3.16











 





Table 8. Model comparison using RMSE.
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Antenna Height (m)

	
RMSE




	
Exponential Decay Equation (6)

	
Log-Distance Equation (11)

	
ITU-R

	
COST235

	
FITU-R

	
ANFIS






	
0.3 (Trunk)

	
7.74

	
8.59

	
21.65

	
11.77

	
22.59

	
3.17




	
1.2 (Canopy_bottom)

	
3.69

	
4.08

	
16.96

	
8.61

	
17.1

	
1.34




	
2.2 (Canopy_middle)

	
6.7

	
7.05

	
19.84

	
8.63

	
19.87

	
1.65




	
2.7 (Canopy_top)

	
6.52

	
9.1

	
18.62

	
9.09

	
18.53

	
2.61

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file8.jpg





media/file13.png
~
w
I
5
m. - L = L
o || =
s
= | o |
= - B
-
8
] N ] ] ©
\ \ =
ﬁ\.
@
[=:] i
© \
o )
"
]
-t
m.n.ll —
-]
A /
/ /
h L LA Lo o
R o S o s P
—l o
/ r \ \ A../
\ N
/ , X /. N
_.’
! / {1 /.,
bl
"
s,
:
£ \
7
' \_. I /
Al x\
UL LU I | |
=
N o T w o~ 2 ¢ 5} 2 84834

682.1

-284.6

101

Plot points:

[1.2,0.699]

, 25 rules

n_NLOS_10_6_2566

Opened system Trai






media/file12.jpg





media/file18.jpg
Path Loss (dB)

O Measured Canopy Middle

X ATURE2)

o ftediog:
distance.(mid) eq (11)

4 fived ABC(mid) ca.6)

4 TUR inleat (20)

o cosT2ss inleat (21)

® Proposed_ANFIS_(mid)

inear (FITUR (22))

18

log(d)





media/file22.png





media/file14.jpg
Path Loss (d8)

w0
o

Propased_Anes

PRy

e ABC ) (6
x FT_owatest

cosT235 ot et
& fitedlogstance (rond_ea 11

Uner (roposed_ANFS)

Uner (fted ABC run)_ea (6)
— —tinear (Tv_out of )

-
togid)

Unar (COST 235_out oot )





media/file20.jpg
Path Loss (68)

togle)

16

Measured anopy Top

A

ited_og dstance_{op)_eq (11

ited_ABC t0p)_ea (6]

R
n cosras_iniestian)

o Proposed AN (op)

Uner (10 @2)
= =~ lnea it Jog