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Abstract: Thermal characteristics of phase change material (PCM) are important in design and utilization of thermal energy storage or other applications. PCMs have great latent heat but suffer from low thermal conductivity. Then, in recent years, nano particles have been added to PCM to improve their thermophysical properties such as thermal conductivity. Effect of this nano particles on thermophysical properties of PCM has been a question and many experimental and numerical studies have been done to investigate them. Artificial intelligence-based approach can be a good candidate to predict thermophysical properties of nano enhance PCM (NEPCM). Then, in this study an artificial neural network (ANN) has been developed to predict the latent heat of the NEPCM. A comprehensive literature search was conducted to acquire thermal characteristics data from various NEPCM to train and test this artificial neural network model. Twenty different types of Nano particle and paraffin based PCMs were used in ANN development. The most important properties which are used as the input for the developed ANN model are NP size, density of NP, latent heat of PCM, density of PCM, concentration and latent heat of NEPCM in the range of 1–60 nm, 100–8960 kg/m3, 89.69–311 kJ/kg, 760 to 1520 kg/m3, 0.02–20 wt% and 60.72–338.6 kJ/kg, respectively. The output variable was latent heat of NEPCM. The result indicates that the ANN model can be applied to predict the latent heat of nano enhanced PCM satisfactory. The correlation coefficient of the created model was 0.97. This result shows ability of ANN to predict the latent heat of NEPCM.
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1  Introduction

Although energy producing technologies have improved, but they do not meet the global energy demands [1]. In addition, the percentage of fossil fuels as primary energy sources in the globe has remained persistently high at 85 percent. The use of these fossil fuels will contribute significantly to greenhouse gas emissions, resulting in global warming, severe weather events, sea level rise, and other long-term consequences [2]. Then, providing the renewable energy to fulfill energy demands of human being has become a crucial necessity in recent years [3]. Many studies have been conducted to find safe, inexpensive, and renewable energy sources [4]. It is stated that the solar energy can be a promising renewable source of energy to successfully fulfill thermal energy demand of society [5]. But inherent intermittent nature of the solar energy is a challenge which should be tackled [6]. The disadvantage of intermittent nature of solar energy can be mitigated using a thermal energy storage (TES) system [7].

The thermal energy storage systems can be classified as sensible heat, latent heat, and thermochemical heat TES [8]. Among them latent heat TES which use phase change materials (PCMs) to store thermal energy has been most popular TES for solar thermal energy in recent years [9]. PCMs are materials that absorb and release a significant amount of thermal energy during their phase change process [10]. PCMs have several benefits, including high TES density, a short working temperature range, and a modest volume change during the phase transition [11]. PCMs have been demonstrated to be useful in enhancing the thermal performance and energy efficiency of buildings in particular climatic zones. However, the properties of the PCM are considerably effective on the efficiency of developed TES [7].

PCMs are divided into three categories based on its material: organic, inorganic, and eutectic [1]. Organic materials offer strong thermal and chemical stability, as well as minimal undercooling and high heat of fusion and no corrosive properties. They are also accessible in a wide temperature range and have good compatibility with other components of TES [12]. On the other hand, they have poor thermal conductivity, a lower phase transition enthalpy, are flammable, and have a relatively substantial volume change [13]. Inorganic materials are those that do not contain carbon as one of its constituent elements, and their characteristics include high thermal conductivity, larger phase transition enthalpy, low volume change, and low cost in comparison to others [14]. Inorganic materials, on the other hand, have the drawbacks of undercooling and corrosion, as well as a lack of thermal stability [15]. Eutectic PCMs are the result of different PCMs combination and categorized as organic-organic, organic inorganic and inorganic-inorganic PCMs [16]. The eutectic PCMs have a large volumetric thermal storage density as well as a sharp melting point. However, like other PCMs, eutectic PCMs have certain drawbacks such as low thermal conductivity and corrosion at high temperatures [17].

The main challenge with application of PCM based TES is their low thermal conductivity [18]. Then, various method has been studied to improve the thermal conductivity of PCMs. One of this method which has been popular in designing of TES is developing nano enhanced PCMs [19]. NEPCM which is a mixture of PCM and nanoparticles are introduced to improve thermophysical properties of PCMs. The thermal conductivity of nanoparticles is significantly higher than PCM and it is proved that adding nanoparticles to PCM can increase thermal conductivity of PCM which is then called NEPCM [20]. The high value of latent heat for PCM makes them a suitable candidate for TES but low thermal conductivity of these materials has forced scientists to use NEPCM. Although some researchers found that the presence of nanoparticles reduces the latent heat of PCM, there are others that state the presence of an optimal particle loading will increase the latent heat [21].

The thermophysical properties of the developed NEPCMs from different PCM and nano particles has been a question for scientists [22,23]. Then, numerous studies have been conducted to find these properties for various NEPCMs. The results of these studies showed that the thermophysical properties of NEPCMs is different from each other and for each PCM and nano particle should be investigated individually [24]. This means innumerable studies are required to find thermophysical properties for most of the NEPCMs. Moreover, these get harder when it reveals that different loading value or percentage of nano particle is also an effective parameter on the thermophysical properties of developed NEPCM [25]. Therefore, scientists utilized numerical methods to predict the thermophysical properties of NEPCM [7]. Although, the numerical models are useful in prediction of the thermophysical properties of NEPCM, there is some limitation for these models. First, most of the numerical models are valid only for liquid phase of NEPCM, secondly, they includes too many terms and the information about many parameters is required in the model [7]. Then, artificial intelligence (AI) based models were introduced as appropriate approach to predict the thermophysical properties of NEPCM [26].

In AI based models, some of the properties of PCM and nano particle are used to predict some of the thermophysical properties of NEPCM [27]. The NEPCMs are classified as nano fluid in most of the literature however these materials experience a phase change process and are not utilized in liquid phase only. Nevertheless, there is many AI based models for nanofluid but they are not valid for NEPCMs and just few studies can be found in the literature for modeling of NEPCM by AI models. For instance, artificial neural network which is the base of AI is used to predict the thermal conductivity and viscosity of nano encapsulated PCM slurry [27]. They used temperature of the NEPCM and the nano particle concentration as the predictor in their model.

Based on the literature review, there is not any AI based study to predict the latent heat of paraffin based NEPCM. Then, the aim of this study is prediction of the latent heat of NEPCM with various concentration and type of nano particles for paraffin based NEPCM. An ANN model has been developed for 20 different types of nano particles (Graphene, expanded graphite, TiO2, Fe3O4, CUO, ZnO, SiO2, Graphite, CNF, GNP, MWCNT, Al2O3, CB, Si3N4, NG, GN, Ag, magnetite, xGnP, CNT) mixed with Paraffin as PCM. Data are collected from literature to develop ANN model. Finally, the performance of the model will be evaluated by correlation of determination of the model.

2  Methodology

2.1 Data Collection

The important considerations for training of a reliable and general ANN model is the quantity and quality of the data [28]. Then, a comprehensive literature review has been conducted by the authors of the current study to find appropriate data for ANN model. Based on this literature review, appropriate data to develop the ANN model were extracted from different studies (Table 1) and totally 196 samples were collected. The concentration of the NP in NEPCM is introduced as important factor on the latent heat of NEPCM. Then, the concentration of the NP for various studies which have been used for data collection is shown in the Table 2. As it can be seen in this table, different types of the NPs with different concentration have been found in the literature and have been used in this study.
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The other important factor on the effect of the PCM to develop NEPCM is the latent heat of the PCM. Mixing NP with PCM will change latent heat of the PCM and the result will be latent heat of NEPCM [29]. Then, obviously the latent heat of the NEPCM is a crucial property to predict the latent heat of NEPCM. The latent heat of PCMs which have been used in this study to develop ANN model are presented in the Table 3. As it can be seen in this table, all of the data which have been collected are for different types of Paraffin. In addition, the source for this data are mentioned in the tables.
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2.2 ANN Model Development

Based on the conducted literature review, size (nm), density (kg/m3) and concentration of nano particle (wt%) and density (kg/m3) and latent heat of PCM (kJ/kg), phase change process (solidification or melting) were selected as the input for the developed ANN model. The MATLAB software was used to develop ANN model. The ability to understand intricate nonlinear correlations between dependent and independent parameters, the ability to detect all conceivable interactions between predictor variables, and the availability of multiple training datasets are all advantages of neural networks [28].

The ANN type which was used in this study is multilayer perceptron (MLP). This type of ANN is developed by interconnection of artificial neurons. The main important properties of MLP ANN neurons, layers, learning algorithm and transfer function [42]. Neuron is the main component of MLP which is basically an arrangement of these neurons in different layers. The working procedure for ANN is shown in the Fig. 1. In this figure the Xj is the jth input of the model and i represents the neurun number and Wij is the weight f neurn from neuron j to I [43]. This conection of neuron in ANN can be written mathamtically as follows [44]:

fi=∑j=1n⁡WjiXj(1)

yi=φ(ui+bi)=φ(∑j=0n⁡XjWij+bi)(2)

where the yi, φand bi represent the output, activation function and bias.
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Figure 1: An artificial neuron structure

The activation function is an important component of the ANN which determine how the output of a neuron is transferred to the other neuron [45]. Then, generally for a three-layer ANN (input layer, hidden layer and output layer), there is two activation function, one form input to hidden layer and the other from hidden layer to output [46]. Different type of the activation function can be used in ANN but in this study three type of activation functions were used, namely, Pureline, Tansig and Logsig. These functions are as follows [47]:

Pureline(X)=X(3)

Tansig(X)=21−e−2X−1(4)

Logsig(X)=X(5)

The minimum required layer for an MLP ANN is three layers [48]. Input layer which the number of the neuron in this layer is equal to the inputs of the model. Next layer is the hidden layer which contain hidden neurons and they called hidden neuron because their input and output is not shown [49]. Their inputs come from input layer and their output will be directed to output layer. Number of the neuron in hidden layer depends on the complexity of the problem. The last layer is the output layer which number of its neurons is same as the number of the outputs of the model [26]. More information about activation function and learning algorithm can be found in the [50,51]. The structure of the developed model is shown in the Fig. 2.
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Figure 2: Schematic of developed ANN model

The training process of the ANN is shown in the Fig. 3 [52]. The minimum required mean squared error (MSE) (Eq. (9)) and the maximum epoch number are two important criteria which should be decided before training of the network [53]. MSE is a measure of the accuracy of the network and epoch is a training cycle which during that all the data have been introduced to the network. Basically, the training of ANN means determine the value of the weights and biases which predict the output of the network satisfactory [47]. This training process starts with selection of some random values for weights and biases of the network. Then, the values for outputs will be calculated based on the introduced values to the network for the inputs. Next, mean square error (MSE) for output of the network and experimental values which is also introduced to the model, will be calculated. This MSE will be calculated for all three data sets including train, validation, and test data sets [54].
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Figure 3: The training process of the ANN

The network is trained by training data set and validation data set is being used to prevent overfitting of the network. The overfitting of the network means the neuron in the network will memorize the input-output relationship instead of learning that. Then, the validation data is introduced to the network, the data which network is not using for training or in other words the output is not shown to the network [28]. If the calculated MSE for train data is almost constant or even decreasing but the MSE of validation data is increasing, then overfitting is occurred and the performance of the network to predict test data will not improve anymore. Training of the network will continue until it reaches the minimum MSE, or maximum epoch or overfitting is detected. The test data will be used in the last step of the ANN training and the performance of the network should be evaluated by MSE and other statistical measures such as R-squared for test data [26].

The updating of the weight and biases in the ANN is based on a minimization of error process. This optimization process is carried out using learning algorithm. In other words, learning algorithm can be any optimization method for minimizing the error between the predicted and experimental data. The learning algorithm of the model in this study is Levenberg–Marquardt (LM) Feed forward which is a popular type of learning algorithm for ANN model development [55]. LM will modify the weight and biases to minimize the error function which is the MSE between predicted and experimental values. In this algorithm the θ is defined as follows [56]:

θ={Wij,bj}(6)

θK+1=  θK−(JKTJK+μI)−1JKTEK(7)

EK=∑j=1N⁡(dj−yj)2(8)

where d and y are predicted and experimental values, N is the number of samples, J is the error vector Jacobian matrix Eθ and JT is its transpose, I represent the identity matrix with same dimension of Hessian matrix JTJ, JTE(θ) repress the error function E gradient respect to θ={Wij,bj}, the μ (initially equal to 0.001) which represents the damping factor is changed for each iteration to guide the optimization process. The adjustment factor β is used to justify the damping factor. Damping factor is increased or decreased by multiplication by adjustment factor or division to it, respectively. This rise and drop in the damping factor will be repeated until error decreases and then current epoch or iteration stop [57]. This process will be repeated for next epoch until one of the training stop criteria is reached, e.g., minimum MSE, maximum epoch and overfitting [58].

Two statistical parameters were used to evaluate performance of the ANN model. Mean squared error (MSE) and R (correlation coefficient). These two are given as follows:

MSE=1n∑i=1n⁡(yt−yo)2(9)

R=1−∑i=1n⁡(yt−yo)2∑i=1n⁡(yt−y¯t)2(10)

where yt, yo, y¯t and n are target value, predicted value, average of target value and number of samples, respectively [44].

3  Results and Discussion

Different structure for MLP ANN were tested and finally the model with 10 neurons in hidden layer was selected as the appropriate model for prediction of NEPCM latent heat. The change in the number of neurons in hidden layer has not changed the performance of the model. Same results is stated for ANN prediction of thermal conductivity prediction for CuO–water/EG nanofluid [43]. Performance of the model need to be checked during training to make verify learning process of the model [49]. The training performance for the model was evaluated by MSE of the model for different data sets and in different epochs. As it can be seen in the Fig. 4, as the number of the epochs is increased, MSE of the model for all the data set is reduced until epoch number 21. In this epoch, MSE of the model for validation and test data starts to rise. This means the model at this epoch starts to overfitting and learning process is stopped after epoch 21. This is one criterion for stop of the learning process of the model as well. After this epoch, however the MSE of the model for training data set may become lower but it is due to overfitting and not increase in the network performance.
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Figure 4: Model performance evaluation in different epochs

It should be noticed that the model performance must be checked for unseen data (test and validation) and not the training data [59]. Although overfitting of the model is undoubtedly important, the underfitting of the model should not be overlooked as well [60]. The curve for test data in the Fig. 4 shows the underfitting is not occurred at selected epoch based on overfitting criteria. This is clearer in the Fig. 5 which shows the R for test data is not far from the R value of training data set. It is normal that the R value for test data be lower than that for train or even validation data set [26]. This is due to: 1. The number of samples for training of the model is much higher than that for testing of the model (70% for train and 15% for test data); 2. The weight and biases are updated in each iteration to increase the performance for prediction of the output of training data set not test dataset [61].
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Figure 5: ANN modelling regression

The corelation coefficient of the developed model for different data sets are shown in the Fig. 5. As it can be seen in this figure, R for all the data set is higher than 0.95 which is quite satisfactory. The high value of R for training data set shows provided data have been successfully used by model for training [44,49]. Moreover, validation of the model has been done successfully which show the model has not memorized the input and output relation and it has learnt this relationship [45]. Finally, the high value of R for test data (0.96) implies the ability and generalization of the model to predict the latent heat of NEPCM [62]. The MSE of training, validation and test data were 370.44, 272.66 and 170.21, respectively. However, there is not any optimum value for MSE in different ANN modeling studies but the lower MSE is more desirable [47]. The MSE in this study can be improved by removing of some of the data which seems to be outliar but the generality of the model will be lower. This is always a challenge to find a trade-off between genrality and accuracy of the model [62]. Then, in this study it has been tried to keep the generality of the model with small penalty in its accuracy. It should be noticed that only the latent heat of paraffin based NEPCM were used in this study to increase the accuracy of the model as well. This shows an ANN model for prediction of NEPCM latent from different type of PCM is more challenging and need significantly larger database.

The predicted (output) data and target (experimental) data for all the data points are shown in the Fig. 6. As it can be seen the model has predicted most of the data point closely. The trends and each data point of the predicted data is approximately same as the trends and values for target data however this is not an unexpected result. High value of R already has approved the ability of the developed model for prediction of the latent heat of the NEPCM. This shows how much is the capability of the ANN model to predict the latent heat of NEPCM [51]. As it can be seen in the Fig. 6, the performance of the model in prediction of NEPCM latent heat for high and low is weaker than that for medium (150 to 250 KJ/Kg). This is due to this fact that the ANN model is extremely dependent on the number of provide samples [63]. The performance of the model can be improved by preparing more sample from experimental study.
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Figure 6: The output of model and target data

4  Conclusions

In this study an ANN model has been developed to predict latent heat of NEPCM and based on the results of the study following conclusions can be stated:

•   The ANN can successfully be used to predict the latent heat of paraffin based NEPCM.

•   The important properties which need to be used in the ANN model to predict the latent heat of NEPCM are size (nm), density (kg/m3) and concentration of nano particle (wt%) and density (kg/m3) and latent heat of PCM (kJ/kg), phase change process (solidification or melting).

•   The reported latent heat in literature for different PCM or NEPCM is based on the different phase change process and result of this study reveals that the type of phase change process for latent should be included in the ANN model. Furthermore, all experiments for the measurement of the PCM or NEPCM latent heat should include the phase change process during this measurement.

•   The reported properties for nano particles which are added to the PCM should be mentioned for any experimental NEPCM development.

•   Although, the R for developed model was satisfactory (higher than 0.95), it can be improved by increasing of the amount of data for ANN modeling of NEPCM latent heat. Then, it is recommended that more experimental data be provided for ANN model in future.

•   The model in this study is valid only for paraffin based NEPCM and similar model for other type of PCM can be developed.

Funding Statement: The authors would like to be obliged to Universiti Malaysia Pahang for providing laboratory facilities and financial assistance under the Grant No. RDU200347.

Conflicts of Interest: The authors declare that they have no conflicts of interest to report regarding the present study.

References

 1.  Nematpour Keshteli, A., Sheikholeslami, M. (2019). Nanoparticle enhanced pcm applications for intensification of thermal performance in building: A review. Journal of Molecular Liquids, 274, 516–533. DOI 10.1016/j.molliq.2018.10.151.

 2.  Jaliliantabar, F., Ghobadian, B., Carlucci, A. P., Najafi, G., Ficarella, A. et al. (2018). Comparative evaluation of physical and chemical properties, emission and combustion characteristics of brassica, cardoon and coffee based biodiesels as fuel in a compression-ignition engine. Fuel, 222, 156–174. DOI 10.1016/j.fuel.2018.02.145.

 3.  Sharvini, S. R., Noor, Z. Z., Chong, C. S., Stringer, L. C., Yusuf, R. O. (2018). Energy consumption trends and their linkages with renewable energy policies in East and Southeast Asian countries: Challenges and opportunities. Sustainable Environment Research, 28(6), 257–266. DOI 10.1016/j.serj.2018.08.006.

 4.  Qazi, A., Hussain, F., Rahim, N. A. B. D., Hardaker, G., Alghazzawi, D.et al. (2019). Towards sustainable energy: A systematic review of renewable energy sources, technologies, and public opinions. IEEE Access, 7, 63837–63851. DOI 10.1109/Access.6287639.

 5.  Stutz, B., Le Pierres, N., Kuznik, F., Johannes, K., Palomo Del Barrio, E.et al. (2017). Storage of thermal solar energy. Comptes Rendus Physique, 18(7–8), 401–414. DOI 10.1016/j.crhy.2017.09.008.

 6.  Yao, L., Yang, B., Cui, H., Zhuang, J., Ye, J.et al. (2016). Challenges and progresses of energy storage technology and its application in power systems. Journal of Modern Power Systems and Clean Energy, 4(4), 519–528. DOI 10.1007/s40565-016-0248-x.

 7.  Xiong, T., Zheng, L., Shah, K. W. (2020). Nano-enhanced phase change materials (NePCMsA review of numerical simulations. Applied Thermal Engineering, 178, 29. DOI 10.1016/j.applthermaleng.2020.115492.

 8.  Alva, G., Liu, L., Huang, X., Fang, G. (2017). Thermal energy storage materials and systems for solar energy applications. Renewable and Sustainable Energy Reviews, 68, 693–706. DOI 10.1016/j.rser.2016.10.021.

 9.  Khan, M. M. A., Ibrahim, N. I., Mahbubul, I. M., Muhammad. Ali, H., Saidur, R.et al. (2018). Evaluation of solar collector designs with integrated latent heat thermal energy storage: A review. Solar Energy, 166, 334–350. DOI 10.1016/j.solener.2018.03.014.

10. Jaliliantabar, F., Mamat, R., Kumarasamy, S. (2021). Prediction of lithium-ion battery temperature in different operating conditions equipped with passive battery thermal management system by artificial neural networks. Materials Today: Proceedings, 48, 1796–1804. DOI 10.1016/j.matpr.2021.09.026.

11. de Gracia, A., Cabeza, L. F. (2015). Phase change materials and thermal energy storage for buildings. Energy and Buildings, 103, 414–419. DOI 10.1016/j.enbuild.2015.06.007.

12. Magendran, S. S., Khan, F. S. A., Mubarak, N. M., Vaka, M., Walvekar, R.et al. (2019). Synthesis of organic phase change materials (PCM) for energy storage applications: A review. Nano-Structures & Nano-Objects, 20, 100399 DOI 10.1016/j.nanoso.2019.100399.

13. Li, Z., Lu, Y., Huang, R., Chang, J., Yu, X. et al. (2021). Applications and technological challenges for heat recovery, storage and utilisation with latent thermal energy storage. Applied Energy, 283. DOI 10.1016/j.apenergy.2020.116277.

14. Mohamed, S. A., Al-Sulaiman, F. A., Ibrahim, N. I., Zahir, M. H., Al-Ahmed, A.et al. (2017). A review on current status and challenges of inorganic phase change materials for thermal energy storage systems. Renewable and Sustainable Energy Reviews, 70, 1072–1089. DOI 10.1016/j.rser.2016.12.012.

15. Lin, Y., Alva, G., Fang, G. (2018). Review on thermal performances and applications of thermal energy storage systems with inorganic phase change materials. Energy, 165, 685–708. DOI 10.1016/j.energy.2018.09.128.

16. Singh, P., Sharma, R. K., Ansu, A. K., Goyal, R., Sarı, A.et al. (2021). A comprehensive review on development of eutectic organic phase change materials and their composites for low and medium range thermal energy storage applications. Solar Energy Materials and Solar Cells, 223. DOI 10.1016/j.solmat.2020.110955.

17. Cai, Y. B., Song, X. F., Liu, M. M., Li, F., Xie, M. S.et al. (2017). Flexible cellulose acetate nano-felts absorbed with capric-myristic-stearic acid ternary eutectic mixture as form-stable phase-change materials for thermal energy storage/retrieval. Journal of Thermal Analysis and Calorimetry, 128(2), 661–673. DOI 10.1007/s10973-016-5937-1.

18. Wu, S., Yan, T., Kuai, Z., Pan, W. (2020). Thermal conductivity enhancement on phase change materials for thermal energy storage: A review. Energy Storage Materials, 25, 251–295. DOI 10.1016/j.ensm.2019.10.010.

19. Hashem Zadeh, S. M., Mehryan, S. A. M., Ghalambaz, M., Ghodrat, M., Young, J.et al. (2020). Hybrid thermal performance enhancement of a circular latent heat storage system by utilizing partially filled copper foam and cu/go nano-additives. Energy, 213. DOI 10.1016/j.energy.2020.118761.

20. Yang, L., Huang, J. N., Zhou, F. (2020). Thermophysical properties and applications of nano-enhanced pcms: An update review. Energy Conversion and Management, 214. DOI 10.1016/j.enconman.2020.112876.

21. Leong, K. Y., Rahman, M. R. A., Gurunathan, B. A. (2019). Nano-enhanced phase change materials: A review of thermo-physical properties, applications and challenges. Journal of Energy Storage, 21, 18–31. DOI 10.1016/j.est.2018.11.008.

22. Hashem Zadeh, S. M., Ghodrat, M., Raahemifar, K., Younis, O., Ghalambaz, M. (2021). Charging optimization of multi-tube latent heat storage comprising composite aluminum foam/nano-enhanced coconut oil. International Journal of Heat and Mass Transfer, 180. DOI 10.1016/j.ijheatmasstransfer.2021.121757.

23. Mehryan, S. A. M., Ghalambaz, M., Vaezi, M., Zadeh, S. M. H., Sedaghatizadeh, N.et al. (2021). Non-newtonian phase change study of nano-enhanced n-octadecane comprising mesoporous silica in a porous medium. Applied Mathematical Modelling, 97, 463–482. DOI 10.1016/j.apm.2021.03.029.

24. Tariq, S. L., Ali, H. M., Akram, M. A., Janjua, M. M., Ahmadlouydarab, M. (2020). Nanoparticles enhanced phase change materials (NePCMs)-A recent review. Applied Thermal Engineering, 176. DOI 10.1016/j.applthermaleng.2020.115305.

25. Teggar, M., Arıcı, M., Mert, M. S., Mousavi Ajarostaghi, S. S., Niyas, H.et al. (2021). A comprehensive review of micro/nano enhanced phase change materials. Journal of Thermal Analysis and Calorimetry, 144, 1–28. DOI 10.1007/s10973-021-10808-0.

26. Meijuan, C. (2021). Application of ann technique to predict the thermal conductivity of nanofluids: A review. Journal of Thermal Analysis and Calorimetry. DOI 10.1007/s10973-021-10775-6.

27. Hashemi Jirandeh, M. R., Mohammadiun, M., Mohammadiun, H., Dubaie, M. H., Sadi, M. (2020). Intelligent modeling of rheological and thermophysical properties of nanoencapsulated pcm slurry. Heat Transfer, 49(4), 2080–2102. DOI 10.1002/htj.21709.

28. Afram, A., Janabi-Sharifi, F., Fung, A. S., Raahemifar, K. (2017). Artificial neural network (ann) based model predictive control (MPC) and optimization of hvac systems: A state of the art review and case study of a residential hvac system. Energy and Buildings, 141, 96–113. DOI 10.1016/j.enbuild.2017.02.012.

29. Xiong, Q. G., Tlili, I., Dara, R. N., Shafee, A., Trung, N. T. et al. (2020). Energy storage simulation involving nepcm solidification in appearance of fins. Physica A--Statistical Mechanics and its Applications, 544. DOI 10.1016/j.physa.2019.123566.

30. Putra, N., Prawiro, E., Amin, M. (2016). Thermal properties of beeswax/cuo nano phase-change material used for thermal energy storage. International Journal of Technology, 7(2), 244–253. DOI 10.14716/ijtech.v7i2.2976.

31. Sari, A., Alkan, C., Bilgin, C., Bicer, A. (2018). Preparation, characterization and thermal energy storage properties of micro/nano encapsulated phase change material with acrylic-based polymer. Polymer Science, Series B, 60(1), 58–68. DOI 10.1134/S1560090418010128.

32. Reji Kumar, R., Samykano, M., Pandey, A. K., Kadirgama, K., Tyagi, V. V. (2020). Phase change materials and nano-enhanced phase change materials for thermal energy storage in photovoltaic thermal systems: A futuristic approach and its technical challenges. Renewable and Sustainable Energy Reviews, 133. DOI 10.1016/j.rser.2020.110341.

33. Amin, M., Afriyanti, F., Putra, N. (2018). Thermal properties of paraffin based nano-phase change material as thermal energy storage. In: Juwono, F. H. Kusrini, E. Priadi, C. R. Setiawan, E. A. (Eds.2nd International Tropical Renewable Energy Conference, (Iop conference series-earth and environmental science. vol. 105,Bristol: Iop Publishing, Ltd.

34. Bahiraei, F., Fartaj, A., Nazri, G. -A. (2017). Experimental and numerical investigation on the performance of carbon-based nanoenhanced phase change materials for thermal management applications. Energy Conversion and Management, 153, 115–128. DOI 10.1016/j.enconman.2017.09.065.

35. Li, M. (2013). A nano-graphite/paraffin phase change material with high thermal conductivity. Applied Energy, 106, 25–30. DOI 10.1016/j.apenergy.2013.01.031.

36. Sun, X. Q., Liu, L. H., Mo, Y. J., Li, J., Li, C. C. (2020). Enhanced thermal energy storage of a paraffin-based phase change material (PCM) using nano carbons. Applied Thermal Engineering, 181. DOI 10.1016/j.applthermaleng.2020.115992.

37. Kothari, R., Sahu, S. K., Kundalwal, S. I., Sahoo, S. P. (2021). Experimental investigation of the effect of inclination angle on the performance of phase change material based finned heat sink. Journal of Energy Storage, 37. DOI 10.1016/j.est.2021.102462.

38. Nizeti, S., Jurcevic, M., Arici, M., Arasu, A. V., Xie, G. N. (2020). Nano-enhanced phase change materials and fluids in energy applications: A review. Renewable & Sustainable Energy Reviews, 129, 20, DOI 10.1016/j.rser.2020.109931.

39. Sahan, N., Paksoy, H. (2017). Investigating thermal properties of using nano-tubular zno powder in paraffin as phase change material composite for thermal energy storage. Composites Part B: Engineering, 126, 88–93. DOI 10.1016/j.compositesb.2017.06.006.

40. Yu, Z. T., Fang, X., Fan, L. W., Wang, X., Xiao, Y. Q.et al. (2013). Increased thermal conductivity of liquid paraffin-based suspensions in the presence of carbon nano-additives of various sizes and shapes. Carbon, 53, 277–285. DOI 10.1016/j.carbon.2012.10.059.

41. Colla, L., Ercole, D., Fedele, L., Mancin, S., Manca, O.et al. (2017). Nano-phase change materials for electronics cooling applications. Journal of Heat Transfer-Transactions of the ASME, 139(5), 9.

42. Wang, J., Zhai, Y., Yao, P., Ma, M., Wang, H. (2020). Established prediction models of thermal conductivity of hybrid nanofluids based on artificial neural network (ANN) models in waste heat system. International Communications in Heat and Mass Transfer, 110,

43. Vakili, M., Karami, M., Delfani, S., Khosrojerdi, S., Kalhor, K. (2017). Experimental investigation and modeling of thermal conductivity of CuO–water/EG nanofluid by FFBP-ANN and multiple regressions. Journal of Thermal Analysis and Calorimetry, 129(2), 629–637.

44. Parashar, N., Aslfattahi, N., Yahya, S. M., Saidur, R. (2021). Ann modeling of thermal conductivity and viscosity of mxene-based aqueous ionanofluid. International Journal of Thermophysics, 42(2).

45. Motahar, S. (2020). Experimental study and ann-based prediction of melting heat transfer in a uniform heat flux pcm enclosure. Journal of Energy Storage, 30.

46. Malika, M., Sonawane, S. S. (2021). Application of rsm and ann for the prediction and optimization of thermal conductivity ratio of water based Fe2O3 coated sic hybrid nanofluid. International Communications in Heat and Mass Transfer, 126.

47. He, W., Ruhani, B., Toghraie, D., Izadpanahi, N., Esfahani, N. N.et al. (2020). Using of artificial neural networks (ANNS) to predict the thermal conductivity of zinc oxide–silver (50%–50%)/water hybrid newtonian nanofluid. International Communications in Heat and Mass Transfer, 116.

48. Tahani, M., Vakili, M., Khosrojerdi, S. (2016). Experimental evaluation and ann modeling of thermal conductivity of graphene oxide nanoplatelets/deionized water nanofluid. International Communications in Heat and Mass Transfer, 76, 358–365.

49. Rostami, S., Toghraie, D., Shabani, B., Sina, N., Barnoon, P. (2020). Measurement of the thermal conductivity of mwcnt-cuo/water hybrid nanofluid using artificial neural networks (ANNS). Journal of Thermal Analysis and Calorimetry, 143(2), 1097–1105.

50. Jaliliantabar, F., Ghobadian, B., Najafi, G., Yusaf, T. (2018). Artificial neural network modeling and sensitivity analysis of performance and emissions in a compression ignition engine using biodiesel fuel. Energies, 11(9).

51. Soufi, M. D., Ghobadian, B., Najafi, G., Sabzimaleki, M., Jaliliantabar, F. (2015). Performance and exhaust emissions of a si two-stroke engine with biolubricants using artificial neural network. Energy Procedia, 75, 3–9. DOI 10.1016/j.egypro.2015.07.127.

52. Rajeev, D., Dinakaran, D., Singh, S. (2017). Artificial neural network based tool wear estimation on dry hard turning processes of AISI4140 steel using coated carbide tool. Bulletin of the Polish Academy of Sciences: Technical Sciences, 65, 553–559. DOI 10.1515/bpasts-2017-0060.

53. Longo, G. A., Zilio, C., Ceseracciu, E., Reggiani, M. (2012). Application of artificial neural network (ann) for the prediction of thermal conductivity of oxide–water nanofluids. Nano Energy, 1(2), 290–296. DOI 10.1016/j.nanoen.2011.11.007.

54. Barewar, S. D., Tawri, S., Chougule, S. S. (2019). Experimental investigation of thermal conductivity and its ann modeling for glycol-based Ag/Zno hybrid nanofluids with low concentration. Journal of Thermal Analysis and Calorimetry, 139(3), 1779–1790. DOI 10.1007/s10973-019-08618-6.

55. Sitharthan, R., Devabalaji, K. R., Jees, A. (2017). An levenberg–marquardt trained feed-forward back-propagation based intelligent pitch angle controller for wind generation system. Renewable Energy Focus, 22–23, 24–32. DOI 10.1016/j.ref.2017.10.003.

56. El-Bakry, M. Y., El-Dahshan, E. S. A., Abd El-Hamied, E. F. (2018). Charged particle pseudorapidity distributions for Pb–Pb and Au–Au collisions using neural network model. Ukrainian Journal of Physics, 58(8), 709. DOI 10.15407/ujpe.

57. Faradisa, I. S., Anggriawan, D. O., Sardjono, T. A., Purnomo, M. H. (2016). Identification of phonocardiogram signal based on stft and marquart lavenberg backpropagation. International Seminar on Intelligent Technology and Its Applications, vol. 2016, pp. 25–30. DOI 10.1109/ISITIA.2016.7828628.

58. Du, Y. C., Stephanus, A. (2018). Levenberg-marquardt neural network algorithm for degree of arteriovenous fistula stenosis classification using a dual optical photoplethysmography sensor. Sensors, 18(7).  DOI 10.3390/s18072322.

59. Ibrahim, M., Algehyne, E. A., Saeed, T., Berrouk, A. S., Chu, Y. M. (2021). Study of capabilities of the ann and rsm models to predict the thermal conductivity of nanofluids containing SiO2 nanoparticles. Journal of Thermal Analysis and Calorimetry. DOI 10.1007/s10973-021-10674-w.

60. Mia, M., Dhar, N. R. (2016). Prediction of surface roughness in hard turning under high pressure coolant using artificial neural network. Measurement, 92, 464–474. DOI 10.1016/j.measurement.2016.06.048.

61. Esfe, M. H., Esfandeh, S., Afrand, M., Rejvani, M., Rostamian, S. H. (2018). Experimental evaluation, new correlation proposing and ann modeling of thermal properties of EG based hybrid nanofluid containing zno-dwcnt nanoparticles for internal combustion engines applications. Applied Thermal Engineering, 133, 452–463. DOI 10.1016/j.applthermaleng.2017.11.131.

62. Abiodun, O. I., Jantan, A., Omolara, A. E., Dada, K. V., Mohamed, N. A. et al. (2018). State-of-the-art in artificial neural network applications: A survey. Heliyon, 4(11), e00938. DOI 10.1016/j.heliyon.2018.e00938.

63. Bicer, Y., Dincer, I., Aydin, M. (2016). Maximizing performance of fuel cell using artificial neural network approach for smart grid applications. Energy, 116, 1205–1217. DOI 10.1016/j.energy.2016.10.050.







	[image: images]
	This work is licensed under a Creative Commons Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.






Table of Contents


	
Latent Heat Prediction of Nano Enhanced Phase Change Material by ANN Method






Guide


	
Latent Heat Prediction of Nano Enhanced Phase Change Material by ANN Method





OEBPS/Images/EE_19051-fig-6.png
NEPCM latent heat (kJ/kg)

400

350

300

250

200

150

100

50

——QOutput —e—Target

0 20 40 60 80 100

Data index

120 140 160 180 200





OEBPS/Images/EE_19051-fig-1.png





OEBPS/Images/table-1.png
Table 1: The range of the extracted data for different properties of NPs, PCMs and NEPCMs

Property Unit Min Max
NP size nm 1 60
Density of NP (kg/m’) 100 8960
Latent heat of PCM (kJ/kg) 89.69 311
Density of PCM (kg/m?) 760 1520
Concentration wt% 0.02 20
Latent heat of NEPCM (kJ/kg) 60.72 338.6
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Table 3: Properties of the paraffine PCM which used develop ANN model

PCM type Latent heat (kJ/kg) Reference
RT 22 HC 168.99 [30]
PARAFFIN 194.6 [31
PARAFFIN 137 [32
PARAFFIN 207.22 [33
PARAFFIN 119.3 [34

RT20 117.78 [41

RT25 133.52 [41
PARAFFIN 209.33 3

[
PARAFFIN 143.8 [
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RT20 184.181 [3
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Table 2: Properties of the NPs which used to develop ANN model

NP type Concentration range (wt%) Reference
Graphene 0, 0.10, 0.15, 0.20, 0.30 [30]
Expanded graphite 2,4,7,10 [31]
TiO, 0,0.1,0.3,0.5,0.2, 3 [32]
CuO 5,0.1,0,0.2,0.3 [33]
SiO, 0,0.5,1,2 [33]
Graphite 5,7.5,10,2.5 [33]
GNP 2,5 [34]
MWCNT 0,0,1,0,5,1,2,10 [34]
ALO; 1,0,2,4,6 [35]
Si;N, 0,1,2,3,4,5,10 [36]
NG 0.02,0.06, 0.1 [37]
GN 0,0.1,0.5,1,2,3,4,5 [38]
Ag 0,0.1,0.5,1,2,3,5 [38]
Magnetite 0, 10, 20 [39]
xGnP 0,1,4,5 [40]
CNT 0,1,3,5 [40]
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