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Abstract

:

Effective cooling of the internal combustion (I. C.) engines is of utmost importance for their improved performance. Automotive heat exchangers used as radiator with low efficiency in the industry may pose a serious threat to the engines. Thus, thermal scientists and engineers are always looking for modern methods to boost the heat extraction from the engine. A novel idea of using nanofluids for engine cooling has been in the news for some time now, as they have huge potential because of better thermal properties, strength, compactness, etc. Nanofluids are expected to replace the conventional fluids such as ethylene glycol, propylene glycol, water etc. due to performance and environmental concerns. Overall performance of the engine cooling system depends on several input parameters and therefore they need to be optimised to achieve an optimum performance. This study is focussed on developing a nanofluid engine cooling system (NFECS) where Al2O3 nanoparticles mixed with ethylene glycol (EG) and water is used as nanofluid. Furthermore, it also explores the effect of four important input parameters of the NFECS i.e., nanofluid inlet temperature, engine load, nanofluid flow rate, and nanoparticle concentration on its five attributes (output responses) viz thermal conductivity of the nanofluid, heat transfer coefficient, viscosity of the nanofluid, engine pumping power required to pump the desired amount of the nanofluid, and stability of the nanofluid. Taguchi’s L18 orthogonal array is used as the design of experiment to collect experimental data. Weighting factors are determined for output responses using the Triangular fuzzy numbers (TFN) and optimal setting of the input parameters is obtained using a novel fuzzy proximity index value (FPIV) method.
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1. Introduction


The performance of an automobile engine heavily depends on its cooling system. The radiator has its own importance on account of being a mandatory component of the cooling system. The performance of the radiator can be improved by using a working fluid that possesses better thermal properties. Nanofluid, an engineered colloidal solution, has been in the news for last one and a half decades which is expected to change the face of technology in near future. It is being researched and adopted by the automotive industry for cooling systems because of its better thermo-physical properties compared to ethylene glycol and water solution [1]. All the conventional fluids such as ethylene glycol, water, propylene glycol, etc. have sluggish responses to the system and environment. Thus, in near future, nanofluids are expected to replace all the conventional fluids. Researchers have used different types of nanofluids and investigated their cooling effectiveness. For instance, Leong et al. [2] used copper dispersed ethylene glycolnanofluid with ethylene glycol as the base fluid and used it for cooling of the automotive radiator system. They explored the effect of varying nanoparticles concentration (0–2%) on heat transfer rate and observed that the rate of heat transfer increases with concentration. Furthermore, they reported that maximum heat transfer of 45.2% was obtained corresponding to the 2% of Cu nanoparticle volume fraction. Naraki et al. [3] prepared nanofluid with suspension of CuO nanoparticles in water and experimentally investigated the effect of varying nanoparticles volume fraction (0–8%). The prepared nanofluids were stabilised by varying pH and using the suitable surfactant. It is reported that the heat transfer increased with increase in the volume fraction of the nanoparticles. However, the heat transfer coefficient decreased with increasing inlet temperature i.e., 50–80 °C. Hussein et al. [4] investigated the impact of SiO2 dispersed in water by preparing four different samples of nanofluid having different volume fraction (1–2.5%). The objective was to explore the effect of varying volume fraction as well as flow rate (2–8 lpm) of the nanofluid on the heat transfer characteristics. It was found that the Nusselt number was enhanced to 56% with 2% volume fraction and 2 lpm flow rate.



Hussein et al. [5] used two different nanoparticles namely TiO2 and SiO2 in pure water to prepare two nanofluids. In their experimental study, they investigated the effect of three input parameters i.e., varying flow rates (2–8 lpm), temperature range (60–80 °C) and varying concentrations (1–2%) on the Nusselt number. Significant increase in the rate of heat transfer was observed. Enhancement of 11% and 22.5% in the Nusselt number was recorded for TiO2 and SiO2 respectively. They found that increase in the Nusselt number depended on all the three input parameters but rate of heat transfer mainly depended on the concentration of nanoparticles. Suganthi et al. [6] used ZnO based two different nanofluids to be employed in EG and mixture of water-EG. Nanoparticles with size ranging from 25–40 nm were employed to prepare the nanofluid. Probe ultra-sonication was done and no surfactant was used. They observed that thermal properties such as thermal conductivity increased by 33.4% and 17.26% corresponding to the volume fraction of 4% and 2%. The increased property resulted in enhancing the heat transfer leading to better cooling as compared to base fluid alone. Ali et al. [7] analysed the effect of ZnO based nanofluids with varying concentration of 0.01%, 0.08%, 0.2% and 0.3% pertaining to the heat transfer in car radiator, where flow rates ranging from 7–11 lpm were maintained. They also noticed that heat transfer depended on the volume concentration of particles. Maximum heat transfer of 46% was achieved corresponding to 0.2% volume concentration. They reported that the nanofluid provided better results when compared with only base fluid. Khan and Hassaan [8] performed CFD analyses to ascertain the effects of different nanofluids on radiator performance. It was reported that ZnO and Al2O3 showed better thermal properties with an increase of 4.9 to 15%, while other two nanofluids (SiO2 and TiO2) had a very small increase in heat transfer from 0 to 4%. On contrary to this, pressure drop in the radiator increased with increase in the volume fraction. Sandhya et al. [9] prepared TiO2 based nanofluid with ethylene glycol and water as the base fluid in the ratio of 40:60 by volume. They conducted the experimental study of cooling performance in the automobile radiator. Three different samples of nanofluid were prepared with 0.1%, 0.3% and 0.5% volume fraction of nanoparticles. The range of Reynolds number was maintained from 4000 to 15,000. They reported that the heat transfer depended mainly on the fluid flow rate whereas inlet temperature to the radiator had little impact. Corresponding to the volume fraction of 0.5%, a maximum enhancement of 35% for the heat transfer was observed.



From the literature review presented above, it can be noticed that the thermal properties were influenced by different controllable parameters i.e., flow rate, concentration, temperature etc. It was also observed that friction factor of nanofluid at low concentration showed negligible effect on power consumption. Furthermore, it is also observed that when nanofluids are employed then heat transfer capability of the cooling systems enhances as compared to the case when only conventional fluids are used. Rate of heat transfer was found to increase with increasing concentration as well as volume flow rates in the experimental investigations presented above. In the previous nanofluid cooled radiator studies, researchers focused on the performance of one nanofluid by varying the volumetric concentration, Reynolds number, and particle size. However, it would be advantageous if the optimum input parameters are known to get the best outcome. Thus, the current study focuses on optimising the performance of cooling system; to derive the maximum benefits from the nanofluid based engine cooling. Among the various methods available in the literature, optimization may be explored to obtain the best solution using either the traditional methods or Multi Criteria Decision Making (MCDM) techniques [10]. Multi-Attribute Decision Making (MADM) methods such as Analytic Hierarchy Process (AHP) [11], Technique for Order Preference by Simulation of Ideal Solution (TOPSIS) [12], VIKOR (VlseKriterijuska Optimizacija I Komoromisno Resenje) [13] and gray relational analysis [14] can be used for the selection of optimum input parameters that yield optimum performance of a system or process. MADM techniques are best suited when selection problem involves attributes/criteria that are conflicting in nature. Literature reveals application of these techniques for solving decision problems pertaining to different knowledge domain [15,16,17,18,19]. For instance, Mufazzal and Muzakkir [20] proposed a novel MADM technique called Proximity Index Value (PIV) method to minimize the rank reversal problems arising due to either addition or deletion of alternatives. This method suggests that selection of the alternatives should be made on the basis of absolute dispersion from the positive ideal solutions only rather than relative dispersion from both positive and negative ideal solutions as in case of TOPSIS. It has been reported that real life multi criteria decision making (MCDM) problems get further complicated due to vagueness, uncertainty, and subjectivity associated with them [21]. To reduce vagueness of the data, researchers make use of the fuzzy set theory [22,23] where they use linguistic variables such as extremely low, low, high, extremely high etc. Different fuzzy number sets such as triangular, trapezoidal, and pentagonal, etc. can be used to represent mathematical equivalence of the linguistic variables. Fuzzy MCDM methods have been widely used by researchers to solve different types of decision problems [24,25,26,27].



The objective of this study is to develop a nanofluid based cooling system for I. C. Engines and to experimentally investigate the effect of crucial input parameters of the system on important response variables. Furthermore, the study also aims at determining the optimal combination of the input parameters that yields optimal performance of the system. Four input parameters of the system i.e., nanofluid inlet temperature, engine load, nanofluid flow rate, and nanoparticle concentration along with five attributes (output responses) viz thermal conductivity of the nanofluid, heat transfer coefficient, viscosity of the nanofluid, engine pumping power required to pump the desired amount of the nanofluid, stability of the nanofluid are considered in the study. Eighteen experiments as per Taguchi’s L18 orthogonal array are performed and the values of the response variables for each experiment are recorded. Weights of the response variables are determined using Triangular fuzzy numbers (TFN) and optimal setting of the input parameters is obtained using a novel fuzzy proximity index value (FPIV) method. It is observed from literature review that fuzzy based proximity index value i.e., FPIV method has not yet been used by the researchers for multi-response optimization of any process or system including nanofluid based engine cooling system. Therefore, this study carries a lot of significance and novelty due to application of the FPIV for the first time.




2. Experimental Methodology


2.1. Nanofluid Prepartion


In this work, a two-step methodology was adopted for the preparation of nanofluid. Al2O3 nanoparticle with an APS (Average Particle Size) of ~25 nm was procured from SRL lab India. The characteristic features of the Al2O3 nanoparticle are tabulated in Table 1. A combination of water and ethylene glycol 50:50 by volume is used as base fluid. Three distinct level of concentration by volume i.e., 0.2%, 0.6% and 1% of nanoparticle were selected and corresponding nanofluids were prepared. The quantity of nanoparticles by volume fraction was calculated [1] using Equation (1).



For homogeneous mixing of the colloidal solution, magnetic stirring followed by ultrasonication process at high frequency was carried out to make stable colloidal solution. Preparation of the nanofluid is illustrated through block diagram as shown in Figure 1. Thus, 1/10th weight of the nanoparticles, Surfactant SDBS (Sodium Dodecyl Benzene Sulfonate) was also used [7]. After complete cessation of sonication process, the final nanofluid was ready to be used for examination.



Volume concentration


  φ =      m p     ρ p         m p     ρ p    +    m  b f      ρ  b f        



(1)








2.2. Experimental Setup


Experimental setup consisted of various components attached to the engine. A four stroke diesel engine of 3.75 kW rating along with 8 K-type thermocouples, 2 wire thermocouples, digital temperature display and a rotameter were used. The schematic representations of the investigational set up is shown in Figure 2. Two temperature gauges were installed on the flow line. One of them was used to measure inlet temperature to the radiator whereas other was employed to measure the outlet temperature. Just at the entry to the engine, a rotameter with control valve was installed to measure and control the flow rate of working fluid within the system. Since there were four staggered rows of tube in the radiator, in each row two wire thermocouples were installed so as to measure the wall temperature of radiator tubes. Average of all the eight tubes were taken to figure out the average wall temperature of the tubes. Also, a blower fan was installed to suck the atmospheric air from other side of the radiator which further picked up the heat from the wall of the tube and helped in cooling the flowing fluid within the tube. This resulted in a large temperature drop at the outlet of radiator.



The tube was made of highly conducting material (i.e., copper) and its thickness was so small that the temperature gradient between the inner and the outer periphery of the tube was negligible. Therefore, it was assumed that both of them were at the same temperature [28,29]. Advection of heat transfer from outer surface to the ambient air took place, which was further being sucked by fan. In this case, the overall heat transfer was calculated from the fluid to the surface of the tube. Here, the average ‘h’ played a vital role. This property ensured the amount of heat removal or absorption for a unit surface area in contact and for the unit temperature drop. Higher the heat transfer coefficient, higher will be the heat transfer [30].




2.3. Selection of the Input Parameters and Their Levels


In light of the available literature, four input parameters of the NFECS i.e., nanofluid inlet temperature, engine load, nanofluid flow rate, and nanoparticle concentration were considered in this study [28,29,30,31]. The viable range for the input parameters was set by varying the nanofluid inlet temperature from 40 to 60 °C, the engine load from 5 to 15 kW, the nanofluid flow rate from 1.25 to 2.25 L/min, and the concentration of nanoparticle was considered to be from 0.2 to 1.0% vol. Two levels of the first input parameter i.e., nanofluid inlet temperature and three levels each of the remaining three input parameters were selected. The input parameters and their levels are shown in Table 2.




2.4. Taguchi Design of Experiments


Taguchi proposed standard orthogonal arrays (OAs) which can be used to study the entire range of the selected input parameters with relatively small number of experiments leading to saving in cost, time, and other resources. An orthogonal array (OA) comprises of specified number of rows and columns where rows signify number of experiments and columns represent the number of input parameters and their interactions. Decision about the selection of a particular OA is made based on the number of input parameters and their levels considered in the study. An OA having degrees of freedom equal to or more than the total degrees of freedom of all input parameters and their interactions can be appropriately used for experimental investigations. The degrees of freedom of an OA are defined as total number of experiments minus one. The degrees of freedom of an input parameter are determined by subtracting one from the number of levels of that parameter. Four input parameters each at three levels, except the first one which is at two levels, are considered in the present study. Degrees of freedom of each of the three input parameter are 2 (3–1) and degrees of freedom of one input parameter is 1 (2–1). Thus, the total degrees of freedom of all four input parameters are 7. L18is a suitable OA for mixed level factors i.e., one factor at two levels and three factors each at three levels (21 × 33). In addition, the degrees of freedom of the L18 OA is 17 which is much higher than 7. Thus, L18 being an appropriate OA is used in the present study as the design of experiment to collect experimental data for further analysis. Further, five attributes (output responses) of the NFECS are selected in this study which are discussed in Section 2.5. The L18 OA and the values of five attributes of each experiment are shown in Table 3.




2.5. Output Responses and Their Measurement


In the current study, five attributes for 18 experimental runs were recorded to optimise the performance of cooling system at different input levels. Viscosity of nanofluid was measured using a programmable viscometer with an externally attached thermal bath to vary the temperature. The calibration was carried outbefore starting of experiments on the nanofluid sample with standard value of viscosity of pure water. At 25 °C, viscosity for pure water is measured; the estimated and standard values are found to be 0.8421 cP and 0.89 cP respectively.



A portable hand held KD2 pro (Decagon) device was used for measuring the thermal conductivity of nanofluid. The device uses transient wire phenomenon for estimating the thermal conductivity of liquid. Within the temperature range of 10–60 °C, this thermal analyzer has ±3% accuracy. Provision of temperature variation of nanofluid sample was provided using digital hot plate, with accuracy of 0.01 °C. KD2 pro (Decagon) calibration results were within ±3 accuracy for distilled water.



For the stability of nanofluid, the zeta sizer set up was used to conduct zeta potential test on the samples of prepared nanofluid. The colloids with high magnitude value of zeta potential from 40 to 60 mV are believed to be good and stable, and those with value of more than 60 mV are highly stable. The accuracy and uncertainty associated with Zeta sizer is  ± 1.6% and  ± 2.5% respectively.



In this study, a flat tube automobile radiator was used (see Figure 3) with a length (L = 307.34 mm) and hydraulic diameter (Dh = 3.92 mm). Hydraulic diameter of a flat tube [32] was defined by Equation (2).


   D h  =     4 ×  [   π 4   d 2  +  (  D − d  )  × d  ]    π × d + 2 ×  (  D − d  )     



(2)




where, Dh is the hydraulic diameter of the tube, D and d are the major and minor diameters of the flat tube, respectively.



Heat transfer through bulk mass of nanofluid was calculated using Equation (3).


Q = ṁ Cp ΔT = ṁ Cp (Tin − Tout)



(3)




where, ṁ is the nanofluidmass flow rate (kg/s), Cp is the specific heat of nanofluidat constant pressure (J/kg-ºK), Tin is the inlet temperature to the radiator and Tout is the outlet temperature to the radiator. Also, heat transfer rate from radiator tube is given by Equation (4).


Q = h A ΔT = h A (Tb − Tw)



(4)




where, h is the Convective Heat Transfer Coefficient of nanofluid, A is the Surface Area of the tube, Tb is the bulk temperature of the nanofluid and Tw is the wall temperature of the radiator tubes. The bulk mean temperature Tb of nanofluid was taken as average of Tin and Tout temperature of the radiator. Tw was calculated by taking the average temperature of eight different location on tube walls. In this way heat transfer coefficient h was determined for different set of experiments suggested by Taguchi design.



The following Equation (5) and Equation (6) are used to calculate the friction factor (f) and pumping power (PP).


  f =   2 ×  D h  × Δ P   ρ ×  v 2  × L    



(5)






  P P = Δ P × v × A  



(6)




where, ΔP represents the pressure drop across the flat tube taken from the experimental setup using U-tube manometer.




2.6. Optimization Using Fuzzy PIV


Before going into the detailed methodology of fuzzy PIV, the fuzzy sets/fuzzy numbers are briefly explained which provide the basic foundations for this method.



2.6.1. Fuzzy Sets/Fuzzy Numbers


Bellman and Zadeh [33] introduced fuzzy set theory in 1970 to deal with situations where available information is full of vagueness and uncertainty. The fuzzy approach uses linguistic variables such as low, medium, high etc. which are converted to equivalent fuzzy numbers. Different types of fuzzy numbers likewise trapezoidal fuzzy number (TrFN), triangular fuzzy number (TFN), pentagonal fuzzy numbers (PFN) are available, among which TFN and TrFN are generally used. Triangular Fuzzy Number (TFN) is represented by a triplet (l, m, u) formed by three real numbers called as the lower, mean and upper bounds, respectively. The membership function    μ A   ( y )    represents the degree of fuzziness in the data; to which any given element  y  in the domain   Y   belongs to the fuzzy number A and is described mathematically by Equation (7) [34]:


   μ A   ( y )  =  {         (  y − l  )     (  m − l  )       ;   l ≤ y ≤ m         (  u − y  )     (  u − m  )       ;   m ≤ y ≤ u      0      ;   o t h e r w i s e     }   



(7)







The Trapezoidal fuzzy number (TrFN) is characterized by a fuzzy set of four real numbers (   m 1  ,    m 2  ,    m 3  ,  m 4   ) in such a way that (   m 1  ≤  m 2  ≤  m 3  ≤  m 4   ), representing the smallest possible, most promising, and largest possible values, respectively. TrFN can accommodate higher level of uncertainty as compared to TFN. The membership function for trapezoidal fuzzy number A is mathematically described by Equation (8) [35]:


   μ A   ( y )  =  {         (  y −  m 1   )     (   m 2  −  m 1   )       ;    m 1  ≤ y ≤  m 2       1    ;    m 2  ≤ y ≤  m 3          (   m 4  − y  )     (   m 4  −  m 3   )       ;    m 3  ≤ y ≤  m 4       0    ;   o t h e r w i s e     }   



(8)








2.6.2. Fuzzy Proximity Index Value (FPIV) Method


In the FPIV method, first of all the major parameters/criteria are identified, and the potential alternatives are selected. The importance weights of criteria are collected from the experts/decision makers in linguistic terms which are subsequently converted into fuzzy sets to cover the uncertainty in their judgement. Subsequently, aggregation of expert opinions is done to obtain importance weights of the criteria. Method of FPIV involves the following steps:



STEP 1: Construction of Decision Matrix



Decision matrix (DM) is formulated, as shown in Table 4, by arranging alternatives/experiments (A1, A2, …., Am) in rows and criteria/the output responses (C1, C2, …, Cn) in columns. The element    x  i j     of DM represents the decision value of alternative   i   corresponding to criteria   j  .



In the cases which involved more than one decision maker, the aggregated value is determined by taking weighted average of the decision values. This is done by taking into consideration the weight based on the significance of respective decision maker. Where all the Decision Makers are considered equally important, the aggregation is obtained by simply averaging the values given by all the Decision Makers.



STEP 2: Normalization



Normalization is done to bring the elements of DM on a common scale. Each element in the DM is normalized separately using the vector normalization, given by Equation (9):


   r  i j   =    x  i j      ∑  j = 1  m   x  i j     2    ;                       i = 1 ,   2 ,   … ,   m ;     j = 1 ,   2 ,   … ,   n  



(9)







The normalized fuzzy sets (   r  i j    ) are used to construct the Normalized Decision Matrix (NDM), as shown in Table 5.



STEP 3: Formulation of Fuzzy Weighted Decision Matrix (FWDM):



In this step, elements of the normalized decision matrix are multiplied with corresponding elements of the fuzzy criteria weight vector (    w ˜  j   ) to obtain Fuzzy Weighted Decision values     v ˜   i j    , and tabulated in Fuzzy Weighted Decision Matrix (FWDM) as shown in Table 6.



STEP4: Identification of Best Fuzzy Decision Values:



The best fuzzy decision values are identified as per the following rule:


     v ˜    best   =  {         v ˜    max   ;     for   benefitial   criteria          v ˜    min   ;     for   non  −  benefitial   criteria      }   



(10)







Each element of the fuzzy set (     v ˜    ij    ) is considered separately for identification of the best values.



STEP 5: Calculation of Fuzzy Proximity Index (     u ˜    ij   )  



Now, in order to determine the deviation of each value from the corresponding best element, fuzzy proximity index, (     u ˜    ij    ) for each normalized weighted element, (     v ˜   i   ) is calculated by finding its linear distance from corresponding best value as given by Equation (11).


     u ˜    ij   =  {         v ˜    max   −    v ˜    ij    (   for   benefitial   attribute   )             v ˜    ij   −    v ˜    min      (  for   cost   attribute  )       }   



(11)







STEP 6: Determination of Fuzzy Overall Proximity Index      d ˜    ij    



The fuzzy proximity index values of each alternative are added together to obtain fuzzy overall proximity index      d ˜    ij    , as given in Equation (12) for each alternative:


     d ˜    ij   =   ∑   j = 1  m     u ˜    ij    



(12)







STEP 7: Defuzzification of      d ˜    ij    



Defuzzification is the process in which defuzzification of the fuzzy elements (     d ˜    ij    ) takes place to transform them into equivalent crisp values (   d i   ) in order to get Overall Proximity Index (OPI). There are different methods available in literature, for converting fuzzy numbers into defuzzified values e.g. Mean-of-Maximum, Center-of-Area, α-cut Method, center of gravity method, graded mean integration representation and signed distance method. Graded Mean Integration Representation (GMIR) method of Chen and Hsieh [36] has been adopted in current study, due to its simplicity and powerful capability in solving problem [37]. In the GMIR method of defuzzification, the central components of the fuzzy set are assigned a higher weight compared to the exterior values.



The GMIR method for converting TFN (     d ˜    ij   =  a  1 ij   ,  a  2 ij   ,      a    3 ij   ;      a    1 ij   ≤  a  2 ij   ≤  a  3 ij    ) into equivalent crisp values (   d  ij    ), uses Equation (13) [37,38].


   d i  =    a  1 ij   + 4    ∗ a    2 ij   +  a  3 ij    6   



(13)







For a TrFN defined by (     d ˜    ij   =  m 1  ,      m   2  ,      m   3  ,  m 4   ), the GMIR assigns double weights to the central values. Equation (14) can be used to determine the defuzzified values of TrFN [37,39]:


   d i  =    m  1 ij   + 2 ∗ (  m  2 ij   +  m  3 ij   ) +  m  4 ij    6   



(14)







The OPI score (   d i  )  , called Overall Proximity Index (OPI), reveals the degree of closeness of the alternative to the hypothetical best alternative and therefore, it forms the basis for ranking of alternatives. Lower the OPI score better is the alternative.






3. Results and Discussion


The linguistic equivalents such as Extremely low (EL), Very low (VL), Low (L), Medium (M), High (H), Very high (VH), and Extremely high (EH) were allotted to the importance weights of the output responses. The following triangular fuzzy numbers were used to describe the linguistic equivalents [17]: (0, 0, 0.1) for EL, (0, 0.1, 0.3) for VL, (0.1, 0.3, 0.5) for L, (0.3, 0.5, 0.7) for M, (0.5, 0.7, 0.9) for H, (0.7, 0.9, 1.0) for VH, and (0.9, 1.0, 1.0) for EH. A decision making panel comprising of four experts individually assessed the importance weight of each output response in linguistic equivalents. Table 7 shows the experts response and Table 8 shows the aggregated fuzzy weights of the output responses.



The decision matrix (DM) is shown in Table 3. Using Equations (9)–(13),    d i    value for each experimental run of the L18orthogonal array was computed and these are shown in Table 9. Based on the    d i    values, the experiments were ranked in such a way that the experiment having the lowest    d i    value was ranked first and the rank of the experiments decreased with increasing    d i    value. It is evident from Table 9 that rank of experiment number 16 is 1 as its    d i    value is minimum (0.0650). Thus, the combination of the input parameters used in experiment number 16 is the best for the multiple responses of the NFECs. However, this combination may or may not be the optimal combination for the optimal multiple responses.



A robust approach for assessment of the optimal combination of the input parameters was suggested by Taguchi. It involves the determination of the signal-to-noise (S/N) ratio of the multiple response index which in this case is the overall proximity index followed by analysis of means (ANOM). The computation process of the S/N ratio and ANOM analysis can be easily tracked in literature [40]. Table 10 shows the overall proximity index value of each experiment and the corresponding S/N ratio.



Table 11 shows ANOM results of the S/N ratio given in Table 10. Further, the S/N graph is shown in Figure 4.



From the ANOM results as shown in Table 11 and S/N graph displayed in Figure 4, it is found that the optimum multiple performance of the NFCES is obtained for 60 °C nanofluid inlet temperature (level 2 of A), 5 kW engine load (level 1 of B), 1.25 L/min flow rate of the nanofluid (level 1 of C), and 1.0% vol concentration of nanoparticle (level 3 of D) and thus, A2B1C1D3 is the optimum combination of the input parameters for multi-performance. As shown in Table 11, the difference between the maximum and the minimum value of the S/N ratio of the input parameters is as follow: 4.17 for nanofluid inlet temperature (A), 1.19 for engine load (B), 2.60 for nanofluid flow rate (C) and 4.84 for nanoparticle concentration (D). The most influential input parameter affecting multi performance characteristics of the NFECS is determined by comparing these values. This comparison reveals the degree of significance of the input parameters for affecting the multi-performance characteristics. The most influential input parameter is the one having maximum of these values. Therefore nanoparticle concentration with value of 4.84 indicates that among the four input parameters, it has the strongest effect on the multi-performance characteristics of the NFECS. The level of importance of the input parameters to the multi-performance characteristics of the NFECS in decreasing order is as follows: nanoparticle concentration, nanofluid inlet temperature, nanofluid flow rate and engine load. Results of the present study are discussed as follows: Among the three levels of nanoparticle concentration considered in the study, the highest level of 1% vol. has resulted in the optimum multi-responses of the NFECS. This result gets support from the previous experimental and numerical studies related to heat transfer enhancement of nanofluid [41,42]. The reason for enhancement is the seeding of nanoparticles in the base fluid which increases the thermal conductivity as well as heat transfer coefficient (h) of nanofluid circulating through the vertical flat tube radiator. The second most affecting parameter is the nanofluid inlet temperature. Results of multi-response optimisation of this study suggest that out of its two levels, the second level i.e., 60 °C provides optimum performance. This result is consistent with the numerical studies on flat tube conducted by Zhao et al. [43] and also study of Vajjha et al. [44] in which they found that at higher nanofluid inlet temperature heat transfer was better. The reason of heat transfer enhancement is increase in thermal conductivity of the nanofluid at elevated temperature. This observation might be due to thedecrement in the value of density and viscosity of the nanofluid at high inlet temperature which make the fluid stable demanding lesser pumping power for its circulation [43]. The next parameter in decreasing order of its importance is flow rate of nanofluid. The optimised results show that the low level of flow rate (i.e., 1.25 lpm) is responsible for better output performance in comparison to other two levels. This result is also supported by a previous study [45], which reported that low or medium flow rate was preferred for better heat transfer because at lower volume flow rate, coolant got maximum amount of time for heat exchange. It is to be noted that time also plays a significant role in the heat exchange process. If the heat exchange medium does not get adequate time to interact with the other medium, then there is a possibility of ineffective heat transfer. The last and the least influencing parameter is engine load. In this study the first level (i.e., 5 kW load) is found to be the optimum level for better multi-response. Since it is the least affecting parameter therefore, it merely influences the response variables. Lower the load smaller the heat generation from the engine. Hence, it will be easy for coolant to effectively remove heat via radiator of the engine.



3.1. Analysis of Variance (ANOVA)


Analysis of variance (ANOVA) is an important statistical method for determination of the significance of input parameters in affecting the multiple responses represented by S/N ratio of the overall proximity index in the present study. The principle of ANOVA is based on separating total variations in the values of S/N ratios into two components: (i) variation due to individual input parameter and interaction between them and (ii) variation due to random error. ANOVA begins with formulation of the competing hypotheses and then determines sum of squares, degrees of freedom, mean square, F-ratio, p-value, and percentage contribution. The F-ratio is used to test the hypothesis in ANOVA. Details about computational steps of ANOVA can be found in any standard text on Statistics [46] or in the available literature [40]. ANOVA is a valid analysis technique for a data set which is normally distributed and therefore, it is necessary to check whether the data are normally distributed or not. The normality check was done through normal probability plot which is shown in Figure 5. It can be seen from Figure 5 that the points either fall on the straight line or are very close to it and therefore, it implies that the data set is almost normally distributed.



It may be noted that only significance of the individual input parameter in affecting the multiple responses is considered in the present study. The following hypotheses are constructed for the ANOVA:




	
H0: There is no significant effect of the input parameters on the multiple responses



	
H1: There is significant effect of the input parameters on the multiple responses








The hypothesis test was carried out at a significance level of 5% i.e., α = 0.05. The results of ANOVA results for the S/N ratios are shown in Table 12. It is evident from Table 12 that input parameters A, C, and D significantly affect the response variables as F-ratios are high (53.82, 7.73, and 29.56 respectively) and p-values are less than 0.05. From the percentage contribution shown in the last column of Table 9, it is clear that the most significant input parameter is D (41.72%) followed by A (37.98%), C (10.91%), and B (2.33%).




3.2. Regression Analysis


Regression analysis was carried out to develop a mathematical relationship between the input parameters and the S/N ratio. A linear regression model gave the relationship shown in Equation (15).




S/N = 6.87 + 0.2084 A − 0.119 B − 2.04 C + 6.05 D



(15)





Coefficient of determination (R2) for the regression model was found as 80.27% which signifies that 80.27% variation in the value of S/N ratio is explained by variation in the input parameters. For checking the significance of the linear model shown in Equation (15), ANOVA was carried out and the results of which are shown in Table 13.



From the results of ANOVA shown in Table 13, it is evident that linear regression model is significant and therefore, Equation (15) can be used to determine the value of S/N ratio for given values of input parameters A, B, C, and D.




3.3. Confirmatory Test


Another important and the final task after obtaining the optimal combination of the input parameters is to confirm the results obtained via confirmatory test. In the confirmatory test predicted value of the S/N ratio at the obtained optimal combination of the input parameters was determined using Equation (16).


   η ^  =  η m  +  (   η  A 2   −  η m   )  +  (   η  B 1   −  η m   )  +  (   η  C 1   −  η m   )  +  (   η  D 3   −  η m   )   



(16)




where,   η ^   is the predicted S/N ratio,    η m    is the overall mean of the S/N ratios,    η  A 2     is the mean S/N ratio at level 2 of the input parameter A,    η  B 1     is the mean S/N ratio at level 1 of the input parameter B,    η  C 1     is the mean S/N ratio at level 1 of the input parameter C, and    η  D 3     is the mean S/N ratio at level 3 of the input parameter D. The predicted S/N ratio was compared with the experimental value of the S/N ratio at the optimal combination of the input parameters and if the predicted and experimental values were in close agreement then the optimal combination was validated. In the present study the optimal combination of the input parameters is A2B1C1D3 and this combination is available in experiment number 10 (Table 10) of the L18 orthogonal therefore the experimental value of the S/N ratio is 22.8883. Table 14 shows the results of the confirmatory test. It can be seen from Table 14 that the difference between the experimental and predicted values of the S/N ratio is very small i.e., only 3.04%. Thus, the confirmatory test validates that A2B1C1D3 is the optimal combination of the input parameters for optimum multi-performance characteristic of the NFECS.





4. Conclusions, Limitations and Scope for Future Research


4.1. Conclusions


For improved overall performance of the I. C. engines, it is necessary to use an effective and efficient cooling mechanism. In recent times, nanofluids are being used for this purpose due to their better thermal properties and stability. In this work a nanofluid was prepared by suspending Al2O3 nanoparticles in the mixture of water-EG and a mechanism for cooling the engine using this nanofluid known as NFECS was proposed. Furthermore, a combined Taguchi and fuzzy PIV method is also proposed to solve multi-response optimization problem as the performance of the NFECS is affected by several critical input parameters. Taguchi’s L18 OA which is indeed a mixed level design of experiment was used to explore effect of four input parameters on five output responses. Triangular fuzzy numbers were used to determine fuzzy weighting factors of the output responses. Fuzzy PIV was used to rank the eighteen experimental runs based on the overall proximity index values. S/N ratios for the overall proximity index values were subsequently calculated and ANOM was performed. Based on ANOM results, optimum combination of the input parameters and their levels was determined. The optimal performance of the NFECS was obtained for 60 °C nanofluid inlet temperature (level 2), 5 kW engine load (level 1), 1.25 l/m in nanofluid flow rate (level 1), and 1.0% vol concentration of the nanofluid (level 3). This set of input parameters gave better heat transfer performance along with lesser pumping power and high stability. The radiator effectiveness was increased by using the nanofluids and was inversely related with volume concentration. The effectiveness of radiator was higher at the lower volume concentrations, while at higher volume concentrations it reduced because of increase in pumping power and degradation of heat transfer performance. From the ANOVA results, it was observed that concentration of the nanofluid, nanofluid inlet temperature and nanofluid flow rate significantly affected the multi-responses of the NFECS, having contributions of 41.72%, 37.98% and 10.91% respectively. A linear relationship between the S/N ratio of the multi-responses and the input parameters was found to be significant. The confirmatory test validated the derived optimum combination of input parameters and their levels for optimum multi-responses of the NFECS. This paper demonstrated that Taguchi based fuzzy PIV method was quite efficient and effective in solving the multi-response optimization problem considered in this study. The improved heat transfer from the engine using the nanofluid based cooling mechanism may lead to development of smaller and lighter car radiators, which further lowers the capital and running cost.




4.2. Limitations of the Study


Every study is associated with certain limitations and therefore, it is essential to highlight them. Following are the limitations of the present study:




	
Flat tubes radiator was used in this study.



	
Only one type of nanofluid i.e., Al2O3/Water-EG was considered, for performance investigation.



	
It considered three input parameters each at three levels and one input parameter with two levels and five output responses pertaining to NFECS.



	
It only emphasized the main effect of the input parameters and did not consider the combined or interaction effect of the input parameters on the multi-performance of the NFECS.



	
It collected responses from only a few decision makers/experts to compute weighting factors of the output responses.









4.3. Scope for Future Research


As such, it is indeed difficult to suggest scope for future research because the scope does not have any limit. However, following suggestions are made to be incorporated in future studies:




	
Different designs of radiator tubes can be employed in the NFECS.



	
Different metallic, non-metallic and carbon-based nanoparticles can be used to prepare nanofluid.



	
More input parameters with more levels may be considered.



	
Multi-performance optimization considering interaction or combined effects of the input parameters may be carried out.



	
More numbers of input parameters and output responses may be considered.



	
Opinions from more decision makers or experts may be obtained to determine weighting factors of the output responses.



	
Other fuzzy based multi-attribute decision making methods such as fuzzy TOPSIS, fuzzy-VIKOR, fuzzy-PROMETHEE, fuzzy-ELECTRE etc. may be used.
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Figure 1. Block diagram for the development of nanofluid. 
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Figure 2. Schematic line diagram of the experimental setup. 
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Figure 3. Flat tube of radiator 
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Figure 4. S/N graph. 
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Figure 5. Normal probability plot. 
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Table 1. Characteristic features of Al2O3 nanoparticles.






Table 1. Characteristic features of Al2O3 nanoparticles.





	Parameter
	Value





	Average particle size (nm)
	20



	Appearance
	Whitish



	Specific surface area (m2/g)
	200



	Purity (%)
	99.96



	Thermal conductivity (W/mK)
	25



	Density (kg/m3)
	3895
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Table 2. Input parameters and their levels.






Table 2. Input parameters and their levels.





	Input Parameters
	Symbol
	Unit
	Level 1
	Level 2
	Level 3





	Nanofluid inlet temperature
	A
	°C
	40
	60
	-



	Engine load
	B
	kW
	5
	10
	15



	Nanofluid flow rate
	C
	L/min
	1.25
	1.75
	2.25



	Nanoparticle concentration
	D
	%vol
	0.2
	0.6
	1.0
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Table 3. L18 orthogonal array (OA) along with values of output responses.






Table 3. L18 orthogonal array (OA) along with values of output responses.





	
Experiment. No.

	
Input Parameters

	
Output Responses




	
A

	
B

	
C

	
D

	
Thermal Conductivity (W/mK)

	
Heat Transfer Coefficient

(W/m2K)

	
Viscosity (cP)

	
Engine Pumping Power (W)

	
Stability (mV)






	
1

	
40

	
5

	
1.25

	
0.2

	
0.65

	
2195

	
0.70

	
0.17

	
35




	
2

	
40

	
5

	
1.75

	
0.6

	
0.68

	
2560

	
0.79

	
0.18

	
24




	
3

	
40

	
5

	
2.25

	
1.0

	
0.72

	
3240

	
0.99

	
0.22

	
30




	
4

	
40

	
10

	
1.25

	
0.2

	
0.63

	
2253

	
0.71

	
0.20

	
32




	
5

	
40

	
10

	
1.75

	
0.6

	
0.67

	
2588

	
0.80

	
0.24

	
22




	
6

	
40

	
10

	
2.25

	
1.0

	
0.74

	
2895

	
1.01

	
0.28

	
31




	
7

	
40

	
15

	
1.25

	
0.6

	
0.69

	
2666

	
0.81

	
0.25

	
25




	
8

	
40

	
15

	
1.75

	
1.0

	
0.75

	
3022

	
1.00

	
0.34

	
31




	
9

	
40

	
15

	
2.25

	
0.2

	
0.61

	
2092

	
0.68

	
0.23

	
29




	
10

	
60

	
5

	
1.25

	
1.0

	
0.79

	
3440

	
0.75

	
0.22

	
33




	
11

	
60

	
5

	
1.75

	
0.2

	
0.66

	
2510

	
0.51

	
0.16

	
28




	
12

	
60

	
5

	
2.25

	
0.6

	
0.74

	
3025

	
0.59

	
0.20

	
30




	
13

	
60

	
10

	
1.25

	
0.6

	
0.76

	
3163

	
0.61

	
0.21

	
26




	
14

	
60

	
10

	
1.75

	
1.0

	
0.80

	
3522

	
0.74

	
0.25

	
31




	
15

	
60

	
10

	
2.25

	
0.2

	
0.68

	
2480

	
0.50

	
0.19

	
30




	
16

	
60

	
15

	
1.25

	
1.0

	
0.81

	
3705

	
0.76

	
0.30

	
33




	
17

	
60

	
15

	
1.75

	
0.2

	
0.69

	
2350

	
0.52

	
0.27

	
29




	
18

	
60

	
15

	
2.25

	
0.6

	
0.74

	
2942

	
0.62

	
0.26

	
27
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Table 4. Decision Matrix (DM).
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Decision Alternatives

	
Decision Criteria






	

	
    C 1    

	
    C 2    

	
…

	
    C j    

	
…

	
    C n    




	
    A 1    

	
    x  11     

	
    x  12     

	
…

	
    x  1 j     

	
…

	
    x  1 n     




	
    A 2    

	
    x  21     

	
    x  22     

	
…

	
    x  2 j     

	
…

	
    x  2 n     




	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
    A i    

	
    x  i 1     

	
    x  i 2     

	
…

	
    x  i j     

	
…

	
    x  i n     




	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
    A m    

	
    x  m 1     

	
    x  m 2     

	
…

	
    x  m j     

	
…

	
    x  m n     
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Table 5. Normalized Decision Matrix (NDM).






Table 5. Normalized Decision Matrix (NDM).





	
Decision Alternatives

	
Decision Criteria






	

	
    C 1    

	
    C 2    

	
…

	
    C j    

	
…

	
    C n    




	
    A 1    

	
    r  11     

	
    r  12     

	
…

	
    r  1 j     

	
…

	
    r  1 n     




	
    A 2    

	
    r  21     

	
    r  22     

	
…

	
    r  2 j     

	
…

	
    r  2 n     




	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
    A i    

	
    r  i 1     

	
    r  i 2     

	
…

	
    r  i j     

	
…

	
    r  i n     




	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
    A m    

	
    r  m 1     

	
    r  m 2     

	
…

	
    r  m j     

	
…

	
    r  m n     
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Table 6. Fuzzy Weighted Decision Matrix (FWDM).
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Decision Alternatives

	
      v ˜   i j   =   w ˜  j  ·  r  i j      






	

	
    C 1    

	
    C 2    

	
…

	
    C j    

	
…

	
    C m    




	
    A 1    

	
     v ˜   11     

	
     v ˜   12     

	
…

	
     v ˜   1 j     

	
…

	
     v ˜   1 n     




	
    A 2    

	
     v ˜   21     

	
     v ˜   22     

	
…

	
     v ˜   2 j     

	
…

	
     v ˜   2 n     




	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
    A i    

	
     v ˜   i 1     

	
     v ˜   i 2     

	
…

	
     v ˜   i j     

	
…

	
     v ˜   i n     




	
…

	
…

	
…

	
…

	
…

	
…

	
…




	
    A m    

	
     v ˜   m 1     

	
     v ˜   m 2     

	
…

	
     v ˜   m j     

	
…

	
     v ˜   m n     
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Table 7. Importance of output responses.






Table 7. Importance of output responses.





	
Output Response

	
Experts




	
E1

	
E2

	
E3

	
E4






	
Thermal conductivity of the nanofluid

	
VH

	
H

	
VH

	
EH




	
Heat transfer coefficient

	
EH

	
H

	
H

	
EH




	
Viscosity of the nanofluid

	
L

	
VL

	
L

	
L




	
Engine pumping power

	
L

	
VL

	
VL

	
L




	
Stability of the nanofluid

	
VH

	
VH

	
EH

	
EH
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Table 8. Fuzzy weights.






Table 8. Fuzzy weights.





	Output Responses
	Fuzzy Weight





	Thermal conductivity of the nanofluid
	(0.70, 0.875, 0.975)



	Heat transfer coefficient
	(0.70, 0.85, 0.95)



	Viscosity of the nanofluid
	(0.075, 0.25, 0.45)



	Engine pumping power
	(0.05, 0.20, 0.40)



	Stability of the nanofluid
	(0.80, 0.95, 1.00)
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Table 9. Overall proximity index (di).






Table 9. Overall proximity index (di).





	Experiment No.
	Nanofluid Inlet Temperature (°C)
	Engine Load (kW)
	Nanofluid Flow Rate (L/min)
	Nanoparticle Concentration (% vol)
	Overall Proximity Index (di)
	Rank





	1
	40
	5
	1.25
	0.2
	0.1688
	9



	2
	40
	5
	1.75
	0.6
	0.2265
	16



	3
	40
	5
	2.25
	1.0
	0.1473
	6



	4
	40
	10
	1.25
	0.2
	0.1999
	14



	5
	40
	10
	1.75
	0.6
	0.2556
	18



	6
	40
	10
	2.25
	1.0
	0.1722
	11



	7
	40
	15
	1.25
	0.6
	0.2249
	15



	8
	40
	15
	1.75
	1.0
	0.1722
	10



	9
	40
	15
	2.25
	0.2
	0.2431
	17



	10
	60
	5
	1.25
	1.0
	0.0717
	2



	11
	60
	5
	1.75
	0.2
	0.1790
	12



	12
	60
	5
	2.25
	0.6
	0.1202
	4



	13
	60
	10
	1.25
	0.6
	0.1385
	5



	14
	60
	10
	1.75
	1.0
	0.0836
	3



	15
	60
	10
	2.25
	0.2
	0.1659
	8



	16
	60
	15
	1.25
	1.0
	0.0650
	1



	17
	60
	15
	1.75
	0.2
	0.1978
	13



	18
	60
	15
	2.25
	0.6
	0.1633
	7
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Table 10. Overall proximity index value and corresponding S/N ratio.






Table 10. Overall proximity index value and corresponding S/N ratio.





	Experiment No.
	Nanofluid Inlet Temperature (°C)
	Engine Load (kW)
	Nanofluid Flow Rate (L/min)
	Nanoparticle Concentration (%vol)
	Overall Proximity Index (di)
	S/N Ratio (dB)





	1
	40
	5
	1.25
	0.2
	0.1688
	15.4527



	2
	40
	5
	1.75
	0.6
	0.2265
	12.8993



	3
	40
	5
	2.25
	1.0
	0.1473
	16.6337



	4
	40
	10
	1.25
	0.2
	0.1999
	13.9819



	5
	40
	10
	1.75
	0.6
	0.2556
	11.8479



	6
	40
	10
	2.25
	1.0
	0.1722
	15.2769



	7
	40
	15
	1.25
	0.6
	0.2249
	12.9584



	8
	40
	15
	1.75
	1.0
	0.1722
	15.2775



	9
	40
	15
	2.25
	0.2
	0.2431
	12.2843



	10
	60
	5
	1.25
	1.0
	0.0717
	22.8883



	11
	60
	5
	1.75
	0.2
	0.1790
	14.9423



	12
	60
	5
	2.25
	0.6
	0.1202
	18.4012



	13
	60
	10
	1.25
	0.6
	0.1385
	17.1692



	14
	60
	10
	1.75
	1.0
	0.0836
	21.5607



	15
	60
	10
	2.25
	0.2
	0.1659
	15.6043



	16
	60
	15
	1.25
	1.0
	0.0650
	23.7388



	17
	60
	15
	1.75
	0.2
	0.1978
	14.0756



	18
	60
	15
	2.25
	0.6
	0.1633
	15.7393
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Table 11. ANOM results for S/N ratio.






Table 11. ANOM results for S/N ratio.





	Input Parameters
	Level 1
	Level 2
	Level 3
	Max-Min
	Rank





	A
	14.07
	18.24
	-
	4.17
	2



	B
	16.87
	15.91
	15.68
	1.19
	4



	C
	17.70
	15.10
	15.66
	2.60
	3



	D
	14.39
	14.84
	19.23
	4.84
	1
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Table 12. Analysis of variance (ANOVA) results for S/N ratios.






Table 12. Analysis of variance (ANOVA) results for S/N ratios.





	Source of Variation
	Sum of Squares (SS)
	Degrees of Freedom (df)
	Mean Square (MS)
	F-Ratio
	p-Value
	Whether Significant or Not
	Percentage Contribution (%)





	A
	78.156
	1
	78.156
	53.82
	0.000
	Significant
	37.98



	B
	4.793
	2
	2.396
	1.65
	0.240
	Not significant
	2.33



	C
	22.450
	2
	11.225
	7.73
	0.009
	Significant
	10.91



	D
	85.837
	2
	42.919
	29.56
	0.000
	Significant
	41.72



	Error
	14.521
	10
	1.452
	-
	-
	-
	7.06



	Total
	205.757
	17
	-
	-
	-
	-
	100
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Table 13. ANOVA results for regression.






Table 13. ANOVA results for regression.





	Source of Variation
	Sum of Squares (SS)
	Degrees of Freedom (df)
	Mean Square (MS)
	F-Ratio
	p-Value
	Whether Significant or Not





	Regression
	165.165
	4
	41.291
	13.22
	0.000
	Significant



	A
	78.156
	1
	78.156
	25.03
	0.000
	Significant



	B
	4.253
	1
	4.253
	1.36
	0.264
	Not significant



	C
	12.504
	1
	12.504
	4.00
	0.067
	Not significant



	D
	70.252
	1
	70.252
	22.50
	0.000
	Significant



	Error
	40.592
	13
	3.122
	-
	-
	-



	Total
	205.757
	17
	-
	-
	-
	-
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Table 14. Results of the confirmatory test.






Table 14. Results of the confirmatory test.





	Optimum Combination of the Input Parameters
	Predicted S/N Ratio
	Experimental S/N Ratio
	Difference (%)





	A2B1C1D3
	23.5846
	22.8883
	3.04%
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