









	[image: images]
	Computers, Materials & Continua
	[image: images]






DOI: 10.32604/cmc.2024.053634

ARTICLE

Value Function Mechanism in WSNs-Based Mango Plantation Monitoring System

Wen-Tsai Sung1, Indra Griha Tofik Isa1,2 and Sung-Jung Hsiao3,*

1Department of Electrical Engineering, National Chin-Yi University of Technology, Taichung, 411030, Taiwan
2Department of Informatics Management, Politeknik Negeri Sriwijaya, Palembang, 30139, Indonesia
3Department of Information Technology, Takming University of Science and Technology, Taipei City, 11451, Taiwan

*Corresponding Author: Sung-Jung Hsiao. Email: sungjung@gs.takming.edu.tw

Received: 06 May 2024; Accepted: 26 July 2024; Published: 12 September 2024


Abstract: Mango fruit is one of the main fruit commodities that contributes to Taiwan’s income. The implementation of technology is an alternative to increasing the quality and quantity of mango plantation product productivity. In this study, a Wireless Sensor Networks (“WSNs”)-based intelligent mango plantation monitoring system will be developed that implements deep reinforcement learning (DRL) technology in carrying out prediction tasks based on three classifications: “optimal,” “sub-optimal,” or “not-optimal” conditions based on three parameters including humidity, temperature, and soil moisture. The key idea is how to provide a precise decision-making mechanism in the real-time monitoring system. A value function-based will be employed to perform DRL model called deep Q-network (DQN) which contributes in optimizing the future reward and performing the precise decision recommendation to the agent and system behavior. The WSNs experiment result indicates the system’s accuracy by capturing the real-time environment parameters is 98.39%. Meanwhile, the results of comparative accuracy model experiments of the proposed DQN, individual Q-learning, uniform coverage (UC), and Naïve Bayes classifier (NBC) are 97.60%, 95.30%, 96.50%, and 92.30%, respectively. From the results of the comparative experiment, it can be seen that the proposed DQN used in the study has the most optimal accuracy. Testing with 22 test scenarios for “optimal,” “sub-optimal,” and “not-optimal” conditions was carried out to ensure the system runs well in the real-world data. The accuracy percentage which is generated from the real-world data reaches 95.45%. From the results of the cost analysis, the system can provide a low-cost system compared to the conventional system.
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1  Introduction

The plantation sector supports domestic and export needs in Taiwan, one of which is mango plantations. Based on data from the Taiwan Council of Agriculture, mango plantations have increased in the last 5 years both in terms of production and the amount of plantation land. In 2021, the yield of mango plantations in Taiwan will reach 171,662 million metric tons with an agricultural land area of 16,393 hectares. With high levels of mango production in Taiwan, mango is in the top 5 of plantation products exported to several countries, mainly the United States, Japan, Hong Kong, Singapore, and Mainland China. The demand for mango exports needs to be balanced with balanced production results to meet domestic and export needs, especially with the challenges faced, including the shortage of labor, farmer aging, and global competition [1]. One of the efforts made to maintain stability and optimize the production of mango plantations is to monitor the environmental conditions of the mango plantation [2]. Monitoring which is carried out continuously has a positive impact on mango plantations in controlling potential plant diseases, facilitating irrigation arrangements where monitoring can be known through soil moisture, and optimal plant growth through temperature and humidity conditions. However, several problems that occur in efforts to monitor the condition of mango plantations, especially conventional monitoring, are high labor costs, the lack of data analysis processes that provide insights for users, and monitoring carried out was not in real-time conditions. The use of technology can be an alternative in overcoming problems related to monitoring, where several studies have been carried out by combining plantation technology, plantation engineering, and integration with technological devices such as IoT, deep learning, and machine vision [3,4] to support the mango plantation production process. The implementation of IoT technology that integrates a variety of sensors to monitor crops provides many advantages for farmers, both in terms of the precision of the resulting data, validity, ease of implementation, and cost-effectiveness. So that farmers can easily monitor plantation conditions in real-time and remotely. The IoT technology could be adopted in order to maintain, monitor, and control the agricultural system by integrating with AI technology, such as fault detection for Japanese plum [5], greenhouse fig plantation monitoring systems [6], smart irrigation using IoT [7], real-time monitoring for lettuce growth in hydroponics [8]. The IoT technology could also be integrated with wireless sensor networks (WSNs) in the physical layer to obtain real-time data from multiple sensors or devices. This constant influx of information enables better monitoring, automation, and resource management, revolutionizing industries and creating a more interconnected and data-driven system.

To achieve automation in the monitoring plantation system, WSNs technology is employed, integrating nodes to gather input from specific parameters, process this data, and produce output as actuators and real-time data. Belupu et al. [9] developed a WSNs tool as part of monitoring in rural areas to see how the banana plants are growing. WSNs technology is connected to LoRA then the data is stored in the NoSQL database. Benyezza et al. [10] collaborated WSNs with fuzzy logic, where the system can run according to the rules built to control various plant varieties. Meanwhile, Muhammad et al. [11] utilized GPRS-GSM technology in implementing WSNs in porang plantations. This study does not only utilize WSNs technology in plantation monitoring but in combination with deep reinforcement learning (DRL) as part of the system in making a decision or analytical data on the results of reading nodes in the form of real-time conditions. Table 1 shows the results of a comparative analysis of this study with the previous research:
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The research gap in the study is that in previous research, the implementation of WSNs technology was carried out based on network and telecommunications infrastructure, such as LoRaWAN and GPRS. In addition, analytical data mechanisms are not carried out regarding the main focus of the previous technology, which was how to obtain the optimum networking system in order to transmit the interconnected data as a real-time monitoring system. This is what motivated the development of the system in the study, which not only controls real-time environmental conditions but also how the system can recommend actions through the intelligent decision-making system. So, in the end, it can increase the productivity of mango plantations, both in quality and quantity. Analytical data mechanisms play an important role in system development where artificial intelligence technology, such as machine learning, could be utilized.

Meanwhile, in this study, the WSNs system is implemented to monitor the condition of the mango plantation in real-time. There are three integrated nodes consisting of a soil moisture node (capacitive soil moisture sensor), a temperature node (LM-35), and a humidity node (DHT-11). Inside these nodes, there is also an Arduino Uno R3 microcontroller and a Wi-Fi module of the ESP-8266 type. The built-in WSNs can work on a wide-area network (WAN). Furthermore, WSNs will be integrated with deep reinforcement learning (DRL), an intelligent system that allows for decision-making and optimization. In this case, DRL works through an agent that obtains environmental conditions, hereinafter referred to as the state. The state contained in this study consists of three parameter aspects, i.e., the condition of soil moisture, temperature of the mango plantation area, and humidity. States are taken by WSNs in real-time conditions, and agents convert them into actions. In processing the state into action, the agent is integrated with the learning model as a knowledge base in order to determine the value of the new state and its rewards.

The output actions from the DRL system categorize the environmental conditions of the mango plantation as “optimal,” “sub-optimal,” and “not-optimal.” In order to provide interaction between the user and the system, the user interface used is an Android-based application. Therefore, the proposed integrated system offers an intelligent mango plantation monitoring solution that is cost-effective, utilizes DRL for improved technology, precise, and convenient. Specifically, the contributions of this study are as follows:

•   Constructing the novel intelligent mango plantation monitoring system that integrates WSNs technology with DRL in order to perform the precision real-time monitoring system which provides recommendations on current conditions of the plantation environment, whether “optimal”, “sub-optimal,” or “not-optimal.”

•   Developing the value function mechanism in order to conduct the decision-making process for the agent by implementing a deep Q-network (DQN) and defining a Q-value dataset that generates the outstanding accuracy percentage of the training model and practical application in real-world data.

•   Providing a novel low-cost mango monitoring system that employs three modification layers, including sensors and network layer, which consists of WSNs nodes, the analytical layer where the DRL is embedded, and the application layer to communicate between user and system.

This paper is organized into several sections as follows: Section 2, a literature review, describes the related works and theoretical aspects related to the study. Section 3 presents the materials and methods. Section 4, results and discussions, presents the findings of the experiment and examines the proposed DQN model applied to real data in the mango plantation environment. Section 5 concludes the work.

2  Literature Review

2.1 Related Works

Related work regarding DRL implementation in the monitoring system, among others, was carried out by De Castro et al. [12] in the agriculture sector. They utilized DRL combined with random trees, employing unmanned aerial vehicles (UAVs) for path planning to detect pests in olive trees. The experiment utilizes a scenario with 4 test points, A, B, C, and D, which are distributed across 3 paths: AB, BC, and CD. The test results show that the DRL and random trees combination method shows a run time of 8.2 m/s. Din et al. [13] used multi-agent in DRL implementation which uses the dual deep Q-network (DDQN) method in the field of precision agriculture (PA). The test scenario is through comparison with other algorithms, i.e., uniform coverage (UC), individual Q-learning (IQL), and behavior-based robotics coverage (BBR). The final results indicate that the DDQN achieves higher accuracy, with an 85% coverage area, compared to UC, IQL, and BBR, which average below 80%. Li et al. [14] employed DRL on wheat crop based on mobile edge computing. Agent is designed with a combination of deep Q-network (DQN), with experimental results showing lower energy consumption by 128%. Zhou [15] implemented DRL on agricultural irrigation which aims to control irrigation and save water resources.

The AI-driven techniques could be integrated into WSNs in order to enhance the performance of the monitoring system, as represented in the previous study. AgriTera was invented to estimate the quality and ripeness of fruit by non-invasive accuracy through sub-terahertz wireless signals. Two parameters are employed, including Brix and Dry Matter to estimate fruit ripeness and quality. In the experimental stage, by comparing with the ground truth, AgriTera can estimate Brix and Dry Matter with an outstanding normalized RMSE of 0.55% [16]. Aryai et al. [17] implemented a metaheuristic-driven machine learning routing protocol (MDML-RP) in the monitoring system, which is motivated by integrating machine learning’s real-time capabilities and metaheuristic’s superior route optimization methods. In the simulation experiment, the MDML-MP model has superior performance compared to the existing metaheuristic, heuristic, and protocol of machine learning. Memarian et al. [18] introduced TSFIS-GWO which is the metaheuristic learning model combined with fuzzy heuristic for wireless network reactive routing protocol. This method’s purpose is to take advantage of both fuzzy heuristics’s speed for real-time routing and metaheuristics’ efficacy for offline hyperparameter tuning. The fuzzy inference system is Takagi-Sugeno in conjunction with Gray Wolf optimizer. Experiment results demonstrate that the proposed TSFIS-GWO model is effective in providing real-time solutions to optimize the performance of wireless network protocol.

There are several statistical tools to optimize precision agricultural control including machine learning, data mining, and predictive models. Kocian et al. [19] described that statistical methods could be applied to the system to predict future data. There are several combined statistical techniques and machine learning technologies that could be implemented to enhance the performance of precision farming: low-order statistics, regression, classification method, clustering, artificial neural networks, and Bayesian time-series forecasting. Furthermore, reinforcement learning could provide the system with more intelligence by agent-based decision-making. The system can solve complex problems from the related environment by several parameters. The successful implementation of reinforcement learning can be seen in computer games, energy management, and medical diagnosis systems. This approach can also be applied in agricultural fields to optimally solve complex tasks in dynamic environments. Tao et al. [20] employed a combined imitation learning and reinforcement learning to optimize crop management by controlling nitrogen fertilization and water irrigation. The simulation involves a decision support system for agrotechnology transfer. To maintain a large number of stated variables, the deep Q-network is employed so that it can achieve optimum policies. Experimental simulations in maize crops indicate a profit improvement of more than 45%.

Meanwhile, in the study, DRL is combined with WSNs to build an intelligent mango plantation monitoring system. DRL operates through an agent that uses the state information read by the WSNs from the mango plantation environment to generate an action. This action takes the form of a recommendation, indicating whether the environmental conditions are ‘optimal,’ ‘sub-optimal,’ or ‘not-optimal.’ The state that becomes the basis for the agent in carrying out the action consists of three parameters, including humidity, soil moisture, and temperature. The agent processes the state through a learning model, which in this case employs the Q-network that consists of knowledge in the form of scenarios of environmental conditions in the form of states and actions. The Q-network is composed of a deep neural network (DNN) arrangement that has previously processed data for training. The action produced by the agent then becomes feedback on the model, which is called a reward. So that the agent’s knowledge will continue to enhance along with new data and information from the received state.

2.2 Markov Decision Process (MDP)

The implementation of Markov Decision Process (MDP) mathematical framework is widely used for decision-making in the field of reinforcement learning in dynamic, uncertain, and random environments [21]. Within the MDP there is a terminology agent which has a role as a decision-making entity based on environmental conditions. The agent acts to decide action a based on state s, with the transition from each state represented by reward r. Eq. (1) represents how s, a, r are related in a cycle [22], where si, ai, ri are the initial conditions in a neutral condition. st, at, rt represent immediate returns in one cycle and at the end the agent transitions each episode until it reaches the final condition sterminate.

(si, ai, ri)→(st, at, rt)→(st+1, at+1, rt+1)→…→sterminate(1)

The final target in MDP is to achieve the optimal return in the form of policy π* which is formulated using Eq. (2) which for given state s, argmaxa∈A specifies the action that maximizes Q-value policy which is represented by Qπ∗(s, a) [23].

π∗(s)=argmaxa∈AQπ∗(s, a)(2)

The agent has been given an understanding of the environmental conditions in the form of a state, then determines what action to take and the reward that becomes the basis for producing the next state [24]. The MDP value function can be represented by the Bellman equation as shown by Eq. (3) below:

V(s)=max[a]{sum[s′, r]P(s′, r|s, a)×[r+γ×V(s′)]}(3)

In Eq. (3), V(s) denotes the value of state s, while max[a]{ … } represents the maximum possible action value of a. P(s′, r|s, a) is a sequential probability where the movement from state s to state s′ and there is a reward r when action a is performed. The reward, represented by r, is obtained after action a is performed. The notation of γ denotes a discount factor that functions as a counterweight between the immediate reward and the future reward. Singh et al. [25] described that network devices can be solved with a framework of constrained MDP. Generally, the MDP framework has a set of states and actions that are both finite and discrete. This is because the model must determine the most efficient path within a continuous state and action space [26]. De Giacomo et al. [27] used MDP in the construction of a digital twin in smart manufacturing which is a bridge between the real and virtual worlds in determining models, predicting, optimizing, and understanding related to real assets. MDP aims to produce optimal policies from certain scenarios. The final results indicate that the optimal policy derived from the MDP can select the best service, characterized by low cost and a minimal chance of breaking.

2.3 Deep Reinforcement Learning

Basically, machine learning is divided into two parts: supervised and unsupervised learning. However, in its development, another development emerged from machine learning, i.e., reinforcement learning (RL) [23]. RL has a fundamental difference from supervised learning in that RL works based on specific scenarios to determine the best path based on agent decisions called actions. The agent in RL gets the input parameter in the form of the state of the environment and determines what action to take, by generating a reward as a basis for consideration to produce a new state in the next phase [28]. In RL, MDP is the basis for modeling the environment and how agents interact with the environment to produce actions or decisions [29]. The components contained in RL consist of environment, agent, policy, and reward which are visually represented by Fig. 1.
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Figure 1: The component of reinforcement learning

In Fig. 1, the agent receives the state St from the environment as the basic parameter for the agent to make decisions. In the decision-making process, there is an RL algorithm that interacts with the policy as an approximator or selector for the best decision that can be made by the agent. The output of the decision is represented in the form of an action At which will later return to the environment to become a cumulative reward during the process of carrying out the task. Learning algorithms update knowledge by continuously updating policies based on conditions from state, action, and reward [30]. Cumulative rewards based on action and state, then multiplied by a discount factor γ as represented in Eq (4):

Rt=rt+γ2rt+2+…+γnrt+n=∑t=0T−1γtrt+1(4)

RL is combined with deep neural networks to become deep reinforcement learning which can handle problems that have high-dimensional and continuous state or action [31]. In DRL, agents employ deep neural networks (DNN) to estimate the policy and value functions as formulated in Eq. (5):

πθ=Pr(a|s,θ)≈π(a|s)(5)

Several studies related to DRL include the work of Elaziz et al. [32], who employed a method combining deep reinforcement learning (DRL) with a variational autoencoder (VAE) for detecting anomalies in the business process. The scenarios contained in the dataset are divided into training data by 80% and test data by 20%. From the results of the model evaluation, the highest accuracy is 92.98%. Hou et al. [33] implemented actor-critic algorithm as a real-time process simulation in DRL to produce the best model. Based on the matrix evaluation, the proposed model is a DRL-based recommender system model (DRR-Max) with the best accuracy. In this research, DRL implementation is combined with deep Q-network (DQN) through a series of scenarios represented in the dataset. Modeling is carried out with variations in initial parameters to produce DQN models with the best accuracy to produce reliable, precise, and valid models.

3  Materials and Methods

3.1 System Architecture

In general, the current system of the plantation monitoring system consists of three layers: the physical layer, the network layer, and the application layer. The physical layer consists of integrating sensor devices with microcontrollers. The sensor reads environmental conditions in the form of soil moisture, temperature and humidity conditions which are then processed by the microcontroller so that they can be represented as the current condition of the plantation environment. The data is then transmitted to the network layer, where in this layer there is a Wi-Fi module as a transmitter with the user via the application layer. In the network layer data can be stored into the cloud platform database or sent directly to the user. While the application layer serves as the top layer where the user can interact directly with the system, it is also important to consider how sensor readings on the physical layer are transmitted in real-time. Fig. 2 illustrates the current system for monitoring plantations.
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Figure 2: Monitoring plantation current system

The existing system, which refers to the IoT architecture, consists of the physical layer, network layer, and application layer, the improvements and integration have been made to the physical layer and network layer, which are later called the sensor and network layer. In the sensor and network layer, it integrates various sensors, microcontrollers, and Wi-Fi modules into interconnected nodes through a structured network called wireless sensor networks (WSNs). This aims to increase the efficiency of transmitting the results of data readings carried out by sensors on parameters so that they can be accessed quickly by the user. So the architectural context of the concept in this study is integration between the basic architecture of IoT with improvements in part of the physical layer through WSNs. The proposed system architecture in the study is represented by Fig. 3 where there are three layers: (1) sensor and network layer, (2) data analytic layer, and (3) application layer. As the explanation mentioned above, the proposed system has advantages wherein the integration of the physical layer is in the form of WSNs which consist of sensor nodes, microcontrollers, and Wi-Fi modules, which provide optimal speed and data processing. Besides, there is a data analytic layer which is an implementation of DRL. The results of reading data on the sensor and network layer are not only limited to the output of real-time conditions, but also the system can analyze the trend of these conditions so as to provide recommendations for the user to make certain decisions. In terms of features compared to the current system, the proposed system is more complex to produce precise and reliable output. WSNs and DRLs are the main features of data processing in an architecture system where it not only collects some data, but data is stored and analyzed through the data analytic layer.
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Figure 3: System architecture proposed

At the sensor and network layer, several nodes interact with each other to form a WSN, where each node comprises sensor components, microcontrollers, and Wi-Fi modules. Node 1 is a soil moisture sensor integrated with a microcontroller and Wi-Fi module. Similarly, node 2 and node 3 are the temperature sensor and humidity sensor, respectively. The-nth node indicates that more than 3 nodes can be implemented in the WSNs. The results of reading real-time condition data from the sensor and network layer are then transmitted to the data analytic layer, where Firebase serves as a cloud-based storage system, distributing data in real-time. In the data analytic layer, there is a DRL that processes real-time data before it is distributed to the next layer. Inside the DRL, the agent uses a deep neural network to determine which action to use. In this study, the action performed by the agent is in the form of a binary classification where the agent determines the real-time conditions of the mango plant environment in “optimal”, “sub-optimal” or “not-optimal” conditions. In detail, the mechanism for processing and iterating data in DRL is described in Section 3.3. After the data is processed in the data analytic layer, the next step is to distribute the data to the application layer which uses an Android-based mobile application that can be directly accessed by end users.

The communication process between the sensor and network layer to the Firebase uses the message queuing telemetry transport (MQTT) protocol mechanism. The MQTT protocol works based on machine-to-machine communication where in this case the WSN communicates with Firebase. In the MQTT protocol, there are terms publisher and subscriber where in this case the WSN device acts as a publisher which transmits data through MQTT as a broker to Firebase. MQTT distributes real-time data to Firebase through a cloud gateway and Firebase receives data to redistribute data to mobile applications. In the data network between the mobile application and the Firebase cloud, it uses the hypertext transfer protocol (HTTP) which functions as a real-time data encoder from Firebase to be accessed by the mobile application.

3.2 Configuration of Wireless Sensor Networks (WSNs)

A WSNs integrates sensor and microcontroller components as interacting nodes to form a mesh topology network. Interconnection between nodes is carried out with a Wi-Fi network through a Wi-Fi module device with the type ESP-8266. The sensors in the WSNs use a humidity sensor of the DHT-11 type, a temperature sensor of the LM-35 type, and a soil moisture sensor of the capacitive soil moisture sensor type. Meanwhile, the microcontroller in the study uses Arduino UNO R3. Mesh topology is a type of network in a WSN where nodes consisting of sensors, microcontrollers, and Wi-Fi modules are connected and can communicate directly. The advantage of this mesh topology is that if there is a loss of connection at one node, the other nodes will back-up connectivity so that data is still read in real-time and does not interfere with the reliability and validity of reading environmental data in real time [34]. Within the WSNs, each node consisting of a sensor component, microcontroller, and Wi-Fi module is deployed in a mango plantation environment to read how real-time humidity, temperature, and soil moisture conditions are. Furthermore, the data acquisition process between nodes in the WSNs is carried out in the form of periodic and continuous real-time data reading results. The process of transmitting data is carried out using the MQTT protocol through real-time data uploading to Firebase cloud data. Visually the WSN configuration is represented in Fig. 4 below.
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Figure 4: WSNs configuration

The hardware structure diagram, which is a representation of Fig. 4, can be seen in Fig. 5, where the nodes of the humidity, temperature and soil moisture sensors are connected to each other. Firebase, a cloud database platform, receives data for transmission to Android-based mobile gadgets.
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Figure 5: Hardware structure diagram

3.3 Construction of Deep Reinforcement Learning (DRL)

As explained in the previous section, this study uses DRL in data processing by combining reinforcement learning and deep neural networks (DNN) because the system works based on the agent’s performance in processing state into action. Specifically, the DNN model implemented in the DRL architecture is multi-layer perceptrons (MLP) which has the function of carrying out computational Q-value process Q-learning. In this study, MLP has the advantage of handling general data such as numerical and text data, also conducting the computational efficiency regarding less parameters involved in the computational process. Model scenarios need to be made to become basic knowledge for agents in making decisions. Scenario refers to Q-learning, which consists of state and action. In the Q-learning development stage, the state-action scenario uses DNN to produce optimal results, so it is necessary to conduct a training model. The environment is the basis for providing the initial conditions to the agent in the form of state (s), which consists of conditions of humidity (H), temperature (T), and soil moisture (M) which become a set s = [H, T, M]. For example, the results of sensor readings in real-time conditions for the mango plant environment for humidity are 56%, temperature 28°C, and soil moisture is 45%, then the state parameter is represented by s = [56, 28, 45], then s is forwarded to the Agent as the basis for data processing. DNN works to process s data through a layer consisting of neurons in the input layer, hidden layer, and output layer. This study uses four layers including 1 input layer, 2 hidden layers, and 1 output layer. Policy (π) synergizes with processing neurons in the DNN to map s to the action (a). a produced from DNN processing is a recommendation for the environmental conditions of the mango plantation environment whether they are in “optimal”, “sub-optimal” or “not-optimal” conditions. Reward (r) is feedback from the environment to the Agent on how optimal the resulting action is, and becomes a consideration for the Agent to determine the next a, apart from based on s. Fig. 6 represents the DRL process flow in this study.
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Figure 6: Process of DRL in the study

Technically, the DNN model implemented in DRL is a deep Q-network (DQN) that works based on a Q-value (action-value function) based on the given state. The state is a set of datasets consisting of scenarios of “optimal” and “not optimal” conditions based on humidity, temperature, and soil moisture parameters. In DQN, initialization of Q-values is carried out based on a predetermined Q-function, then the selection of action a is based on state s. Reward r is based on environmental conditions read by the environment, which consists of humidity (H), temperature (T), and soil moisture (M). If the parameters meet the “optimal” conditions, then r will give a positive value, otherwise, r will give a negative value. After giving r, there is an updating of the Q-value which refers to the following Bellman formulation in Eq. (6):

Qnew(s, a)=Q(s, a)+α[r(s, a)+γ×maxQ′(s′, a′)−Q(s,a)](6)

In Eq. (6) above, the updated Q-value consisting of s [H, T, M] and a is represented by Qnew(s, a). The formulation is carried out with the current Q-value, which is indicated by Q(s, a) plus the sum of the rewards r(s, a) with a discount rate γ, which is multiplied by the highest value of the Q-value in the form of maxQ′(s′, a′) and reduced by current Q-value Q(s, a). A learning rate α is implemented to seek model optimization in determining Qnew(s, a). Meanwhile, γ is a value between 0 and 1 [0, 1], which represents how much the agent determines the future reward. DQN works through a neural network to produce optimal and accurate actions. The state is the basis for a neural network to perform computational processes.

3.4 Construction of Deep Q-Network (DQN) Modeling by Q-Value Dataset

As an initial parameter, a Q-value is needed which contains a dataset of parameter scenarios for “optimal”, “sub-optimal” and “not-optimal” conditions based on humidity, temperature, and soil moisture “optimal” conditions are the normal conditions required by a mango plantation to grow optimally by looking at the conditions of humidity, temperature, and soil moisture [35]. Table 2 represents the “optimal” environmental conditions for mango plantation.
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From the optimal conditions referred to in Table 2 above, a model scenario is generated with “optimal,” “sub-optimal,” and “not-optimal” class conditions. If all parameters match the optimal conditions in Table 2, then the class label is “optimal.” Otherwise, if the parameter is less than or exceeds the optimal value by 1%~2%, then it is included in the “sub-optimal” class condition. Meanwhile, the condition is “not-optimal” if the parameters exceed the “sub-optimal” condition. This model scenario is a dataset that will later be used as an initial parameter of how the agent explores its environment to produce an action in the form of recommendations for whether the environmental conditions are “optimal,” “sub-optimal,” or “not-optimal.” The scenarios that were implemented amounted to 1500 data including “optimal,” “sub-optimal” and “not-optimal” conditions of 500, 500, and 500 data, respectively. Table 3 represents the dataset scenarios developed in this study.
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Previous studies related to modeling in agriculture were conducted by some researchers. Youness et al. [36] implemented machine learning in the field of agriculture for smart irrigation. The implemented model is a classification model task with an accuracy level of approximately 90%. Worachairungreung et al. [37] used random forest modeling in oil palm plantations to control soil index, water index, and vegetation index. Based on the modeling evaluation, the resulting accuracy is 93.41%. In this study to produce the best accuracy, it will implement deep learning modeling through deep neural networks (DNN) to the Q-value scenario dataset. DNN comparison is carried out by performing hyper parameters tuning on the hidden layer, learning rate, and number of epochs. From the comparison model, it can be seen that the best value is in terms of accuracy, F1 score, precision, and recall based on the resulting confusion matrix. In this study there are 10 DNN models compared, as shown in Table 4.
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3.5 Flowchart of Experimental Process

In this study, the experimental process is divided into several parts to develop an intelligent plantation monitoring system that is easy to implement, precise, and reliable, i.e., (1) validating of WSNs accuracy by ensuring that the nodes contained in WSNs produce good accuracy in environmental readings based on parameters of humidity, temperature, and soil moisture; (2) analysis of the implemented model which aims to provide the best model accuracy used in this study to produce valid and accurate output; and (3) analysis of DRL by analyzing how the agent makes decisions based on environmental parameters of the mango plant, then processes them into decision output in the form of “optimal”, “sub-optimal” or “not-optimal” environmental conditions. Fig. 7 shows the flowchart of the experimental process which begins with integrating all sensors, in this case, the humidity sensor, temperature sensor, and soil moisture sensor with Arduino Uno R3 microcontroller and Wi-Fi module. The next stage is configuring WSNs where nodes are interconnected to form a mesh topology. The process of reading the environment of mango plantations by WSNs is based on parameters of humidity, temperature, and soil moisture. The results of the readings are then analyzed by making comparisons through measurement tools. Technically, the accuracy weight is indicated by the mean absolute percentage error (MAPE) by calculating the absolute percentage error between actual result (at) and prediction result (pt), which is formulated in Eq. (7):

MAPE=1n∑t=1n|at−ptat|(7)
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Figure 7: Flowchart of experimental process

In this case, if the MAPE is less than 5%, then the Q-value will be continued as the basis for the DQN model using deep neural network (DNN) analysis at the processing stage, and if the MAPE is equal to or greater than 5%, then processing will be carried out again by the reading of environmental data using WSNs. Q-value processing is carried out by developing dataset scenarios, which are the basis for the proposed DQN. The optimization process is carried out by hyper parameter tuning on the dataset. Next, the proposed DQN is compared with other models to see how the model developed performs. The final stage is to carry out DRL in decision-making through the user interface to see how the agent perceives the actual environment of the mango plantation, whether it is “optimal,” “sub-optimal,” or “not-optimal.”

4  Results and Discussion

4.1 Validating of WSNs Accuracy

Validating the accuracy of WSNs is conducted by collecting data from the mango plantation environment based on humidity, temperature, and soil moisture. This stage is also part of validating the performance and networking characteristics of the WSNs whether accurate or less. The data collection process is carried out in 13 different data timeframes starting at 6 a.m. to 6 p.m. every hour. At the time of data collection, the temperature was around 25°C~30°C with the weather being relatively sunny and no rain. Fig. 8 shows how the interconnection of components between microcontroller devices, Wi-Fi modules with humidity sensors, temperature sensors, and soil moisture sensors. The distance between the device and the mango plantation is 1 m. Therefore, the device can read effectively around the mango plantation environment. Soil moisture is planted on the ground with a distance of 1 m in mango plantation and the depth of planting soil moisture is 2 cm.
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Figure 8: Environmental setup configuration

Furthermore, Fig. 9 is the actual condition of the mango plantation where the WSNs nodes are located at a radius of 1 m from the tree. Three nodes are interconnected, with a white box serving as a temperature sensor, a red box as a moisture sensor, and a blue box as a humidity sensor. Inside each box are sensor components, a microcontroller, a Wi-Fi module, and a portable power supply.
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Figure 9: Actual environment condition

The process of reading data from WSNs nodes is transmitted to the Firebase cloud as real-time data. Fig. 10 is a sample of real-time data sourced from reading WSNs nodes, where there are three variables and values consisting of humidity with a value of 72 (in percentage units), soil_moisture with a value of 38 (in percentage units), and temperature with a value of 28.9 (in °C units).

[image: images]

Figure 10: Actual environment condition

To measure the quality of the accuracy of readings from the device, a comparison is conducted by measuring instruments, i.e., a digital hygrometer, a digital thermometer, and a digital soil moisture analyzer. The results of the measuring instrument become a benchmark for counting the gap that is resulted by WSNs devices. The validation measurement results can be seen in Table 5, where there are 13-time frames consisting of WSNs results (device results), measurement tool results, and error percentage (EP). The humidity result is represented by H, while temperature and soil moisture are represented by T and S, respectively. There are differences and similarities between measurements produced by devices and measurement tools. For example, at measurement 06:00 a.m., the humidity produced by the device is 80%, while the measurement tools are 83%. However, there are some similarities in the calculations; for example, at a humidity of 08:00 a.m., measurements based on devices and measurement tools produce a humidity of 74%. The difference in measurement results between devices and measurement tools is an absolute gap, which then becomes the basis for calculating the error percentage (EP), which is formulated in Eq. (8):

EP=abs(m−a)a×100%(8)

where abs(m − a) is the value of the absolute gap, m is the result of calibrated measurement instruments as the standard measurement devices including a digital hygrometer, digital thermometer, and digital soil moisture to validate the result based on developed device. Meanwhile, a is the result of device measurements. So based on the calculation of error percentage (EP), the highest humidity EP is obtained at 06:00 a.m. by 3.75%. In temperature EP, the highest percentage is at 06:00 a.m., while the highest soil moisture EP is found at 08:00 a.m. and 09:00 a.m. with a percentage of 5.26%. The average EP of each parameter—humidity, temperature, and soil moisture—is 1.61%, 1.02%, and 2.25%, respectively. The mean absolute percentage error is the average value of all EP parameters, which produces 1.63% of MAPE.
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The resulting MAPE of 1.63% indicates that the results of the WSNs reading of the environment are good where in this study the threshold specified for MAPE is less than 5%, as stated in Section 3.5. Another insight with the MAPE value is that it can be seen that the accuracy percentage with the 100% formulation minus MAPE, where if MAPE is 1.63% then the accuracy percentage is 98.37%.

4.2 Analysis of Proposed DQN Model Implemented

In this study, 10 models were determined with initial parameter variations consisting of the number of neurons in layer 1, the number of neurons in layer 2, the number of epochs, and the learning rate. The activation function implemented in all modeling is “softmax” which supports multiple classes. The percentages for train data and test data are 80% and 20%, respectively. The results of modeling 10 models in the form of accuracy, F1 score, loss, memory usage, and inference time. For accuracy results and F1 scores refer to Eqs. (9) and (10), respectively.

Accuracy=(TP+TN)(TP+FP+TN+FN)(9)

F1Score=2×(P×R)(P+R)(10)

Eq. (9) is an accuracy formulation where the sum of true positives (TP) and true negatives (TN) is divided by all data consisting of false positives (FP), false negatives (FN), TP, and TN. Meanwhile, the F1 score is resulted from precision (P) multiplied by recall (R) and then divided by the sum of P and R. The results of these calculations are then multiplied by 2. P is generated by calculating TP divided by the sum of TP and FP, while R is TP divided by the sum of TP and FN. Table 6 shows the modeling results of 10 models where the accuracy range is from 64.8% to 97.6%. The lowest accuracy is found in model 2 with a percentage of 64.6% and an F1 score of 0.70. Referring to Section 3.4, model 2 has neurons in hidden layer 1 with a value of 50, hidden layer 2 with a value of 40, number of epochs of 50, and a learning rate of 0.05. Loss commonly referred to as the “loss function” shows how much the mismatch between the predicted output from machine learning modeling and the expected output. So the smaller the resulting loss, the more precise the model is built. In model 2 it can be seen that the loss is 0.58.
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The highest accuracy in Table 6 is found in model 6 and model 10 with a percentage of 97.6% with the F1 score having the same value of 0.98. So in this case it is necessary to consider other things such as the value of the loss function. In model 6, the resulting loss function is 0.06 while model 10 shows 0.08. From the aspect of memory usage, both have the same value, that is 50,600. The inference time, which represents how long the model takes to perform the computational process, shows that model 6 and model 10 have an inference time of 12 and 15 ms, respectively. Based on these considerations, it is evident that model 6 has better efficiency than model 10. In summary, Table 7 shows a comparison between model 6 and model 10.
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In order to validate the performance of the proposed DQN developed through Q-value, a comparative experiment was carried out with other models, i.e., individual Q-learning (IRL), uniform coverage (UC), and Naïve Bayes classifier (NBC). Initial parameters in the experimental process include an epoch number of 200, a learning rate of 0.01, and a batch size of 32. Table 8 represents the performance results of the trained model. There are four evaluation metrics, i.e., accuracy, recall, precision, and F1 score. Of the four models, the proposed DQN has a higher performance score compared to other models, where the accuracy value is 97.60%, recall is 0.970, precision is 0.974, and F1 score is 0.972. Overall, Fig. 11 represents the visualization of the performance model. In Fig. 11d, the highest F1 score is in the proposed DQN, while the lowest F1 score is in the IRL model. The UC model has an F1 score that is almost close to the proposed DQN.
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Figure 11: Model performance result. (a) Accuracy. (b) Recall. (c) Precision. (d) F1 score

Comparative analysis is also conducted to the existing previous study, which was conducted by Farkhodov et al. [38] by implementing DRL Tf-agent-based for the agricultural fields to track the unreal game engine in AirSim block simulation under different conditions and weather changes. Experimental stages indicate performance efficiency was obtained at an epoch of 400 and had achieved an accuracy percentage of 92%. Ahmadi et al. [39] employed DQRE-SCnet model as the deep-Q-reinforcement learning based on spectral clustering. The method integrates the federated learning strategy in order to distribute the node network in the cloud platform. The experimental simulation employs three different datasets including MNIST, fashion mnist, and CIFAR-10 which gain the accuracy percentage of 92.30%, 88.13%, and 58.38%, respectively. Said et al. [40] developed DQLRFMG which is the combination of several methods including deep-Q-learning, logistic regression, and deep forest multivariate classification to grade the fruit. The experiment involves three different datasets: Kaggle-fruit360, Front phenotyping dataset, and ImageNet sample. The experimental result indicates that the proposed model has the improvement of accuracy, precision, recall, and AUC. Fig. 12 represents the comparative analysis of the proposed method in this study compared to the previous study explained above.
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Figure 12: Comparative previous study

4.3 Experiment of Deep Reinforcement Learning

The user interface is made to represent how the agent in DRL works to produce output based on humidity, temperature, and soil moisture parameters. Fig. 13 shows the design of the user interface with part (a) which is the main menu and part (b) the result menu user interface which has 3 displays of real-time conditions from the mango plantation and information columns on the current state of the mango plantation environment based on three parameters. Android-based system platform with minimum specification Android version 4.0, 1 giga-byte random access memory, 100 megabytes of storage, and 1 GHz processor. The purpose of Fig. 13 is to show how the user interface built on the DRL system is used to facilitate interaction between the user and the system, where the display of humidity value, temperature value, and soil moisture value is the real-time condition of the mango plantation environment. Users can see how changes in environmental conditions through these three parameters. Meanwhile, at the bottom of the resulting menu, there are two recommendations for the decision of the DRL agent based on three parameters, where the system will decide whether the conditions of the three parameters are “optimal”, “sub-optimal” or “not-optimal”.
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Figure 13: User interface. (a) Main menu. (b) Result menu

Furthermore, to assess the quality of the implemented modeling, a test scenario was created. In this study, there were 22 test scenarios with data collection under different conditions and varying characteristics of humidity, temperature, and soil moisture. The 22 test scenarios represent various conditions in the mango planting environment, for example in scenario 19 where the expected value is “not-optimal” with the parameters humidity is 48%, temperature is 20°C, and soil moisture is 55%. The data collection process was carried out at a temperature value of 20°C (around 3~4 a.m.) with random humidity and soil moisture conditions. Likewise scenario 18, with an expected value of “not optimal”, where soil moisture is conditioned to a value of 74% through over-watering, but with random humidity and temperature conditions. So the total of 22 test scenarios on the system that represent a variety of environmental conditions whether “optimal”, “sub-optimal” or “not-optimal” is representative to demonstrate the effectiveness of the method. Table 9 shows the test results of the DRL system where there are three parameter columns, the expected value is the basis for comparison of the system being tested, as well as the DRL system column which is the result of system testing. In the test scenario conditions are divided into 12 data records for “optimal” conditions, 5 data records for “sub-optimal” conditions, and 5 data records for “not-optimal” conditions. Data collection was carried out randomly in several places in the mango plantation environment with variations in humidity, temperature, and soil moisture conditions.
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From the test results in Table 9, there is 1 test result with an incorrect result which is at test ID 18. The expected value, which is a benchmark for comparison, is listed as “not-optimal”, because the soil moisture exceeds the specified threshold. Meanwhile, the results of the DRL system test on the environmental conditions of the mango plantation showed “optimal” results. If it is further analyzed, this can be caused by an error generated by the system that reads data close to the specified threshold. Overall the test results, the DRL system has the accuracy of the test results in as many as 21 scenarios out of 22 scenarios. So if it is presented, it will produce an accuracy of 95.45%. Table 10 represents the details of the accuracy of the DRL system test on the mango plantation environment.
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4.4 Evaluation of Cost Efficiency

In evaluating cost efficiency, the components used are variables that are charged in the use of intelligent monitoring system costs compared to labor costs. Thus, the evaluation of cost efficiency does not discuss how much capital costs are charged to build an intelligent plantation monitoring system. When compared with labor costs, based on data from the Ministry of Labor in Taiwan, the hourly basic wage is 168 NTD [41]. As a comparison, it is assumed that the average working hour for monitoring workers is one hour per day with a working day of 5 days so that a week is 5 working days or a month is 20 working days. The total cost of labor is 168 NTD multiplied by 20 working days and one hour per day, resulting in a minimum cost of 3360 NTD per month which is charged to labor costs to carry out routine plantation monitoring.

Meanwhile, in the use of an intelligent monitoring system, the cost component charged is the use of electric power and maintenance costs. The maximum power in this intelligent system is 20 W assuming use for 24 h and used for 1 month (30 days), so the accumulated monthly usage hours is 24 h multiplied by 30 days resulting in 720 h of use for 1 month. So if used in a month, then 20 W multiplied by 720 h. Electric power usage based on Taiwan’s standard electricity cost is 2.8458 NTD per kilowatt-hour (kWh) [42]. Because the use of electric power is 20 W, the cost of electricity needs to be converted per watt-hour (Wh) to 0.0028458 per Wh. So if it is calculated the cost of electricity for a month is 720 h multiplied by 20 W multiplied by the electricity rate of 0.0028458 per Wh, resulting in an electricity cost of 40.97 NTD per month. As for the maintenance costs required for component replacement and calibration, it is assumed to be 200 NTD, so the overall cost of electricity and maintenance for the intelligent plantation system is 240.97 NTD. Table 11 describes the cost-effectiveness evaluation between the intelligent plantation monitoring system and labor costs.
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5  Conclusion

The intelligent plantation monitoring system provides convenience in plantation management, especially mango plantations, through artificial intelligence technology that is accurate, easy to implement, reliable, and low-cost. A series of steps are carried out to produce precise device quality, which begins with testing the WSNs to find out the quality of the sensors used. At this stage, it produces a mean absolute percentage error (MAPE) of 1.63% or an accuracy of 98.37%. The Q-value dataset uses deep neural network modeling as a basis for the proposed DQN model, which will be implemented in the DRL agent. Comparative experiments to see the proposed DQN performance were carried out on individual Q-learning (IRL), uniform coverage (UC), and Naïve Bayes classifier (NBC). Based on the comparative experiment results, it was found that the proposed DQN had higher scores on the four evaluation metrics of accuracy, recall, precision, and F1 score. Based on the experimental results in real data, the intelligent plantation monitoring system has the advantage that, based on device testing, it can read the environmental conditions of the mango plantation with an accuracy of 95.45%. Meanwhile, in cost efficiency aspect, when compared to labor costs, the monthly cost of the intelligent plantation monitoring system is much more efficient.

However, the proposed method which employs the value function mechanism called DQN has limitations especially in computational cost if it is integrated with a huge amount of data. As the prevention suggestion to address this issue, data could be parted into small amounts of batch data and the model can conduct computational processes in parallel to obtain the memory consumption efficiency. As a continuation of development, the intelligent plantation monitoring system can be used as the basis for an integrated intelligent plantation system, where the system can provide the entire plantation process, starting from monitoring, maintenance, applying fertilizers and organic pesticides, harvesting processes, and post-harvesting processes. The system improves the quality of agricultural yields by combining artificial intelligence technology, which produces accurate, precise, easy-to-implement, reliable, and low-cost data processing.
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Table 3: Q-value scenario dataset

ID Humidity (%) Temperature (°C) Soil moisture (%) Class

1 69 25 43 Optimal

2 64 29 49 Optimal

3 61 28 50 Optimal

4 65 1 38 Not-optimal
5 69 8 59 Not-optimal
6 50 23 45 Not-optimal
7 45 28 43 Optimal

8 71 24 47 Optimal

9 39 31 50 Sub-optimal
10 3 16 7 Not-optimal
11 53 30 66 Optimal

12 91 30 93 Not-optimal
13 83 23 71 Sub-optimal
14 81 27 46 Optimal
1000 95 25 59 Not-optimal
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Table 8: Comparative experimental of model performance

Model Accuracy Recall Precision F1 score
Proposed DQN 97.60% 0.970 0.974 0.972
Individual Q-Learning (IRL) 95.30% 0.922 0.944 0.933
Uniform Coverage (UC) 96.50% 0.978 0.953 0.965

Naive Bayes Classifier (NBC) 92.30% 0.927 0.948 0.937
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Table 4: 10 models compared in deep neural network

Model name Hidden layer 1 Hidden layer 2 Number of epoch Learning rate
Model 1 20 10 30 0.0005
Model 2 50 40 50 0.05
Model 3 10 10 200 0.001
Model 4 30 15 400 0.0005
Model 5 128 256 200 0.0005
Model 6 128 256 200 0.01
Model 7 256 256 250 0.01
Model 8 64 128 250 0.001
Model 9 256 512 250 0.01
Model 10 128 256 300 0.01
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Table 9: Testing scenario result of DRL implemented

ID Parameter Expected value ~ DRL system

Humidity (%) Temperature (°C) Soil moisture (%)

1 72 25 45 Optimal Optimal
2 73 25 45 Optimal Optimal
3 60 25 45 Optimal Optimal
4 82 28 42 Optimal Optimal
5 63 24 60 Optimal Optimal
6 77 26 50 Optimal Optimal
7 81 26 52 Optimal Optimal
8 80 25 55 Optimal Optimal
9 77 28 41 Optimal Optimal
10 63 30 34 Optimal Optimal
11 58 24 48 Optimal Optimal
12 60 24 48 Optimal Optimal
13 86 27 45 Sub-optimal Sub-optimal
14 39 23 50 Sub-optimal Sub-optimal
15 80 31 63 Sub-optimal Sub-optimal
16 83 23 29 Sub-optimal Sub-optimal
17 66 26 71 Sub-optimal Sub-optimal
18 50 27 74 Not-optimal Optimal
19 48 20 55 Not-optimal Not-optimal
20 38 20 42 Not-optimal Not-optimal
21 48 21 52 Not-optimal Not-optimal
22 30 18 20 Not-optimal Not-optimal
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Table 7: Comparison between model 6 and model 10

Model Number of  Learning Accuracy Fl1score Loss Memory Inference
name epoch rate usage time
Model 6 200 0.01 97.6% 0.98 0.06 50,600 12 ms

Model 10 300 0.01 97.6% 0.98 0.08 50,600 15 ms






OEBPS/Images/CMC_53634-fig-7.png
Integration of sensor,
microcontroller, and Wi-Fi
Module

MAPE < 5%

l

Configuration of Wireless
Sensor Networks (WSNs)

Processing Q-value as the
basis of proposed DQN

l

l

Performance Data
Collection from
Environment read by WSNs

Comparative performance
experiment of proposed
DQN with other model

l

l

Analysis the data read by

Performing Deep
Reinforcement Learning
Agent Decision Making

WSNs device

End






OEBPS/Images/CMC_53634-fig-2.png
Physical Layer - Network Layer
Soil Moisture
!
Temperature Application Layer
Sensor

Humidity Sensor

Ll

Microcontroller






OEBPS/Images/CMC_53634-fig-10.png
GD https://mangoplantation-b4566-default-rtdb.firebaseio.com

https://mangoplantation-b4566-default-rtdb.firebaseio.com/
humidity: 72
soil_moisture: 38

temperature: 28.9






OEBPS/Images/CMC_53634-fig-4.png
GEIIL UL GII GEE GII I GEI GIN GIN IR GIN GBI I I I BN Gl B IR I EE - .y,

Humidity Temperature
Sensor Sensor
Wi-Fi Module Wi-Fi Module

\
- \
\
\

Microcontroller

Soil Moisture
Sensor nth Sensor

Wi-Fi Module Wi-Fi Module

Microcontroller Microcontroller

Mobile App





OEBPS/Images/table-11.png
Table 11: Cost effectiveness of intelligent monitoring system

Variable Monthly cost ~ Maintenance Total (NTD) Total (USD)
(NTD) (NTD) (INTD =
0.033 USD)
Labor cost 168 NTD/h; 20 3360 - 3360 110.88
day/month, @
lh
Ours 0.0028458 40.97 200 240.97 7.95
NTD per Wh;

20 Watt
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Table 1: Comparative analysis of the study

WSNs method Area coverage Technology Topology Analytical data Data storage
implemented
[11] Wide area network  Long range N/A No NoSQL
(WAN) wide area
network
(LoRaWAN)
[12] Local area network WSNs + Fuzzy Star No PC server
logic
[13] Personal area Long range Star No PC server
network (PAN) wide area
network
(LoRaWAN) +
GPRS
Ours Wide area network  WSNs + DRL  Mesh Yes Firebase

(WAN)
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Table 6: Result of model training

Model name Accuracy F1 score Loss Memory usage Inference time
Model 1 70.8% 0.70 0.66 14,500 1 ms

Model 2 64.6% 0.62 0.58 17,200 1 ms

Model 3 77.6% 0.77 0.47 14,100 1 ms

Model 4 87.8% 0.88 0.22 15,000 1 ms

Model 5 95.1% 0.95 0.11 50,600 12 ms

Model 6 97.6% 0.98 0.06 50,600 12 ms

Model 7 90.2% 0.90 0.29 86,100 15 ms

Model 8 92.7% 0.93 0.12 24,100 3ms

Model 9 70.7% 0.71 0.50 151,600 38 ms

Model 10 97.6% 0.98 0.08 50,600 15 ms
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Table 2: Optimal parameter in mango plantation

No. Parameter Value

1 Humidity 40%~85%
2 Temperature 24°C~30°C
3 Soil moisture 30%~70%
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Table 10: DRL system accuracy in real data

Indicator Value
Expected value 22
Correct result 21
Incorrect result 1
Accuracy percentage (correct value/expected value) x 100% 95.45%
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Table 5: Validation measurement result

Time Device result Measurement tool result Error percentage (EP)
H®%) TEC S H®) TEC) S®) H(@®) TEC) S (%)
06:00a.m. 80 23.1 42 83 23.8 42 3.75%  3.03%  0.00%
07:00a.m. 75 27.8 41 74 28.2 42 1.33%  1.44%  2.44%
08:00a.m. 74 28.3 38 74 28.5 40 0.00%  0.71%  5.26%
09:00a.m. 72 28.9 38 74 29.2 40 2.78%  1.04%  5.26%
10:00 a.m. 72 29.2 40 70 29.4 40 2.78%  0.68%  0.00%
11:00a.m. 78 29.0 39 79 29.3 39 1.28%  1.03%  0.00%
12:00 pm. 70 28.7 38 70 28.7 39 0.00%  0.00%  2.63%
01:00 pm. 70 28.3 37 70 28.4 38 0.00%  0.35%  2.70%
02:00 pm. 73 28.2 37 74 28.2 38 1.37%  0.00%  2.70%
03:00 pm. 73 27.5 37 74 27.9 38 1.37%  1.45%  2.70%
04:00 pm. 78 27.0 37 79 27.2 38 1.28%  0.74%  2.70%
05:00 pm. 77 26.1 36 79 26.5 37 2.60%  1.53%  2.78%
06:00 pm. 82 25.4 37 84 25.7 37 244%  1.18%  0.00%
Average 1.61%  1.02%  2.25%
Mean Absolute Percentage Error (MAPE) 1.63%
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