
International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 24 (2017) pp. 14669-14676 

© Research India Publications.  http://www.ripublication.com 

14669 

Empirical Analysis of Chilled Water Generation for Off Peak Period of 

Cogeneration plant Using Neural Network 

 

Meseret Nasir Reshid 1, Wan Mansor Wan Muhamad 2 and Raja Aziz Raja Maarof 3 

1,2,3 Mechanical Engineering Section, Universiti Kuala Lumpur Malaysia France Institute,  

Jalan Teras Jernang, Bangi, 43650, Malaysia. 

 

 

Abstract 

Cogeneration plant has been widely used in Malaysia to 

produce electricity and chilled water. However, during the off 

peak hour most of the cogeneration plants in Malaysia operate 

to produce only electricity and dissipated waste heat to the 

environment which increases greenhouse gas emissions, and 

contributes more to global warming. Thus, this study focuses 

to evaluate the amount of a waste heat generated at off peak 

hour using the peak hour waste heat generated data.  Neural 

network (NN) was utilized to study the trend of the off-peak 

hour data to estimate the possible amount of chilled water 

could be generated instead of releasing it to the environment. 

Forty-three weeks of cogeneration plant data of year 2011 

were taken to develop the train model between waste heat and 

chilled water using the peak hour data.  The trained model 

was tested and varied using means square error and R values. 

The minimum R values is 0.91 which means the developed 

train model can be used to estimate the possible amount of 

chilled water during off peak hour.  The result shows that 

there could be a possibility to generate 121464.93 RTh chilled 

water on average weekly during off peak period. This amount 

is 76% of the amount of weekly generated during peak hour. 

Based on the analysis, if the cogeneration plant utilizes the 

waste heat generated during the off peak hour, it could bring 

the economic benefit and mitigate the emission of waste heat.    

Keywords: Cogeneration; Waste heat; Chilled water; off peak 

hour; peak hour; Neural network 

 

INTRODUCTION 

In Malaysia, the usage of cogeneration plant growing rapidly 

from time to time to meet the energy demand of 

manufacturing and service sectors. Most of the manufacturing 

and service sectors used cogeneration plant as the primary 

source of energy [1-3].  The cogeneration plant produces 

chilled water and electricity during off peak and peak hours.  

In current practice, most of the cogeneration plants in 

Malaysia produce chilled water during the peak hour; 

however, during the off peak hour cogeneration plants are 

used to generate electricity. Hence, the waste heat produced 

during the off peak hour are released to the environment 

rather using the waste heat to produce chilled water using 

steam absorption chiller. These phenomena would have two 

major impacts. The first impact is the waste heat released to 

environment would contribute to the greenhouse effect and 

the other impact is if the waste heat is converted into chilled 

water it would be financial benefits to the company. In fact, to 

determine the financial impact, it is necessary to know how 

much chilled water could be possibly produced from off peak 

hour waste heat generated. Since there is no production of 

chilled water during off peak hour, it would be difficult to 

forecast the amount of chilled water and associated economic 

benefits.  

Thus, the objective of this study is to establish the empirical 

relationship between waste heat and chilled water using the 

peak hour data to estimate the amount of chilled water during 

off peak hour.  Neural network will be used to train and model 

the peak hour data. The model then will be applied to estimate 

the amount of chilled water that can be produced by the off 

peak waste heat. This model could help to show how much 

financial benefit could be gained using off peak hour waste 

heat.  .  

 

MATERIAL AND METHOD 

The general procedure to establish the relationship between 

the chilled water and waste heat at peak hours is shown in 

Figure 1. 

 

System configuration  

In this study, Universiti Teknologi PETRONAS (UTP) 

cogeneration system was taken as case study to evaluate the 

possible amount of chilled water generation during the off 

peak hour. Both the chilled water and power generation 

system referred in this case study are generated by a 

cogeneration system of the academic institution.  

The cogeneration system configuration consists two units of 

4.2 MW gas turbines (GT), two units of heat recovery steam 

generator, two units of 1250 refrigeration tons (RT), steam 

absorption chillers (SAC), four units 325 RT electric chillers 

(EC) and a 10,000 tons of refrigeration hours (RTh) thermal 

energy storage tank (TEST), an auxiliary boiler and related 

accessories. The configuration of the main system is as shown 

in Figure 2[4-6].  
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Figure 1:  Procedure for neural network application to 

establish the empirical relationship 

 

 

Figure 2:   UTP cogeneration system 

 

This system operates on a 24-hour basis and is designed to run 

with two turbines operation during the day (peak hours) and 

with one turbine during the night (off peak hour). The 

operating schedule for the chillers was designed to have the 

SAC to be operated during the day and the EC to be operated 

during the night for charging the thermal storage tank. The 

ECs were designed to operate using the electricity supplied 

from cogeneration system with back up from the National 

Electricity Corporation. In addition to charging the thermal 

storage tank, ECs were also operated during the day to 

supplement the chilled water requirements. The thermal 

storage tank was designed to supplement the chilled water 

requirements during the day. The chilled water requirement 

increases during daytime due to peak academic activities. 

During this time all SACs and TES deliver chilled water to the 

customers simultaneously.   

In conventional power generation, only a small portion of fuel 

energy is converted into electricity and the remaining is lost as 

exhaust heat [7]. Due to this, UTP cogeneration plant used 

only 66% of waste heat   for chilled water production during 

peak hour.  Peak hour is from 7am to 7pm. 

 

Data acquisition 

Historical data were collected from the actual cogeneration 

plant. The data consist of several parameters hourly, weekly 

and monthly. Some of the collected data are generated power 

data, generated chilled water at peak hours, mass flow of air 

and fuel flow rate data were gathered for year 2011.  These 

data are analyzed in weekly basis for 43 weeks.  Based on the 

collected information, the waste heat generated from gas 

turbine for each week was evaluated using (1):   

exggex
TcpmQ                                                (1) 

where cpg is the specific heat of exhaust gas, Tex is the 

temperature of exhaust gas and ṁg is mass flow rate of exhaust 

heat and is defined in equation (2): 

fag
mmm                                                   (2) 

where ṁa is mass flow air and ṁf  is the fuel flow rate  

 

Neural Network 

Neural network method is used to establish the relationship 

between the peak hour’s waste heat and chilled water 

production. A Neural Network (NN) is a system composed of 

many simple processing elements operating in parallel whose 

function is determined by the network structure, connection 

strengths and the processing performed at computing elements 

or nodes [8, 9]. NN helps to relate the input, output and target 

value as indicated in Figure 3. Waste heat is used as an input 

data and actual chilled water data was used as a target data.  In 

this study, target is the desired chilled water production for a 

given waste heat during the peak hour. 43 weeks’ waste heat 

and chilled water data were collected to train the output or 

predicting model. Output is the response of the learning 

process.  This chilled water output compared with the target to 
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measure the error using mean squared error (MSE). If MSE 

between target and out is minimum or closer, then the learning 

process models the data sufficiently. If MSE is big, it is 

required to adjust the weight.  

 

Figure 3:  The relationship between input, target and output 

in NN [8] 

 

The learning process of neuron with a single input vector can 

be written as Figure 4.  

 

Figure 4: Neuron with Vector Input 

Where  

   p1, p2 ….PR  are individual element inputs  

   w1,1, w1,2……….. w1,R  are weights  

   Wp is the weighted values at junction  

   b  is a bias  

   n is the argument of the transfer function f. 

The argument of transfer function can be defined using 

equation (3).  

The argument of transfer function can be defined using 

equation (3).  

bpwpwpwn RR  ,122,111,1 ....                 (3) 

 

Training, Testing, and Validation of Models 

The aim of training and validation phases are to generate an 

optimum weight space form the mapping of the extracted noise 

data from input and target data sets. The data is divided into 

three sets.  70% of the data used to train the targets, 15% for 

testing and the other 15% is used to validate the train model. 

Waste heat was used as an input data and chilled water used as 

a target data.  

 

Bayesian regularization 

In this study, Bayesian regularization algorithm was used to 

train and test the data. This algorithm typically requires more 

time, but can result in good generalization for difficult, small 

or noisy datasets. Training stops according to adaptive weight 

minimization (regularization). This Bayesian regularization 

takes place within the Levenberg-Marquardt algorithm. 

Backpropagation is used to calculate the Jacobian performance 

with respect to the weight and bias variables. Each variable is 

adjusted according to Levenberg-Marquardt. The detail of 

Bayesian regularization and Levenberg-Marquardt algorithm 

can be referred [10, 11].   

 

Accuracy of the Models  

The accuracy of the models was calculated using the R2, mean 

absolute deviation (MAD), and mean square error (MSE). The 

R2 is an indicator of how well the model fits the data. The 

MAD and MSE are described by equations 4 and 5[12], 

respectively: 

n
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                                                (4) 
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                                             (5) 

where ty  is the amount of chilled water production  over t 

weeks, 


ty  is the estimated value for chilled water production, 

and n is the number of observations. Smaller values of MAD 

and MSE indicate better fitting of the models. 

Once the data trend between waste heat and chilled water were 

formulated using the above procedure at peak hour period, then 

this formulated trend can be used to estimate how much chilled 

water could be produced during the off peak hour using the 

waste heat generated during at off peak hours.   

 

RESULTS AND DISCUSSIONS 

Data Analysis  

Figure 5 shows the amount of waste heat generated weekly 

during peak and off peak hour from both gas turbines. The 

total amounts of waste heat generated at peak and off peak 

periods are 86 GWh and 53.3 GWh respectively. However, the 

amount of waste heat can be captured by the heat recovery of 

the existing cogeneration system is only 66% of the total 
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amount waste heat generated by the turbine. The remaining 34 

% of waste heat released to the environment. Thus, the useful 

or available amount of waste heat at peak and off peak periods 

would be 56.71 GWh and 35.2 GWh respectively. The average 

weekly useful waste heat at peak and off peak would be 1.31 

GWh and 0.82GWh. Figure6 and 7 show the amount of 

exhaust heat produced by each turbine at peak and off peak 

hours. 

 

Figure 5:  Weekly Waste heat generated at peak and off peak 

hour for   year 2011 

 

 

Figure 6:   Weekly Waste heat generated at peak and off peak 

hour for   year 2011 for Gas Turbine A 

 

 

Figure 7:  weekly Waste heat generated at peak and off peak 

hour for   year 2011 for Gas Turbine B 

 

Figure 8 shows the amount of chilled water generated using the 

available waste heat at peak hour period for 43 weeks. The 

maximum chilled water production is 159,579 RTh and the 

minimum is about 22,712 RTh. 

 

Figure 8:  Weekly chilled water production using available 

waste heat 

 

Figure 9 and 10 show the regression results of the peak hour 

waste heat and chilled water data in the training and testing 

phase. In this study, 70% of the data used to train the targets, 

15% uses for testing and the other 15% is used for validate the 

train model. As can be seen in the plot, the R2 shows that there 

a good correlation among all data set with minimum 0.92 or 

above.  

 

Figure 9:  Regression analyses for Training data 

 

Figure 10:    Regression analyses for Test data 
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Figure 11 shows the overall model for the combined testing 

and training phase. This model can be represented using 

equation (6) with R2 value 0.91.  The following model was 

fitted to the data: 

Output = 0.78 * Target  + 2.9* 104  
 (6)  

  

 

Figure 11:  Regression model for test and training data 

combined 

 

Figure 12 shows the estimated error between the observed data 

and the estimated chilled water at the training and testing 

phase. These errors were calculated using equation (4) and (5).    

The blue bars represent training data and the red bars represent 

testing data. As can be seen in the plot, there are few outliers 

training and testing data. By removing these outline, it can be 

improved the training and testing model. 

 

Figure 12:    Error between the observed data and the 

estimated chilled water at the training and testing phase 

 

Using the above train model shown in Fig 11, it is possible to 

predict the possible chilled water production during off peak 

period for 43 weeks.  Table 1, 2 and 3 show the amount chilled 

water can be generated weekly from off peak waste heat. Table 

1 indicates the possible amount of chilled water can be 

generated from gas turbine A and B together.  The weekly 

maximum and minimum chilled water generated could be 

12,6591 RTh and 112,348 RTh respectively.  The average 

weekly amount of chilled water that can be produced from 

offpeak waste heat by both Turbine A and Turbine B is 

121,464.93 RTh which 76 %  of the chilled water produced 

during the peak period. Therefor, if the amount waste heat 

realsed to the enviroment during off peak hour converted to 

chilled water using abosrbation chiller mechanicsm, it could 

bring finacial benfites by the suppling the chilled water to the 

custome and meanwhile it can mitigate the amount 

corbondioxied released to the enviroment.  

Table 2 and 3 show the estimated production of chilled water 

can be generated from tubine A and B.  the weekly average 

estimated production fror Gas turbine A and B are 103,447.6 

and 112,972.4 RTh respectivley.  

 

Table  1:Estimated chilled water production during off peak 

hour for both gas turbin e A and B 

Week waste heat (KWh Chilled water  

(RTH)  

W1 666,416.84 116,546.91 

W 2 734,970.12 118,768.03 

W3 750,861.26 119,282.90 

W4 754,487.82 119,400.41 

W5 838,007.44 122,106.44 

W6 883,868.69 123,592.35 

W7 862,537.70 122,901.22 

W8 866,615.14 123,033.33 

W9 926,983.87 124,989.28 

W10 820,318.76 121,533.33 

W11 821,686.29 121,577.64 

W12 719082.84 118,253.28 

W13 933,339.83 125,195.21 

W14 933,339.83 125,195.21 

W15 949,236.58 125,710.27 

W16 901,110.58 124,150.98 

W17 715,907.29 118,150.40 

W18 827,573.63 121,768.39 

W19 865708.69 123,003.96 

W20 901,568.55 124,165.82 

W21 900,208.06 124,121.74 
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W22 846,199.11 122,371.85 

W23 803,496.01 120,988.27 

W24 795,754.93 120,737.46 

W25 718,182.27 118,224.11 

W26 757,115.54 119,485.54 

W27 676,371.50 116,869.44 

W28 659,104.56 116,309.99 

W29 896,537.29 124,002.81 

W30 858,371.38 122,766.23 

W31 822,094.12 121,590.85 

W32 684,556.58 117,134.63 

W33 976,433.46 126,591.44 

W34 892,040.01 123,857.10 

W35 808,907.62 121,163.61 

W36 806,216.28 121,076.41 

W37 843,438.84 122,282.42 

W38 767,977.44 119,837.47 

W39 536,839.57 112,348.60 

W40 815,210.36 121,367.82 

W41 876,574.34 123,356.01 

W42 874,768.94 123,297.51 

W43 892,909.91 123,885.28 

 

Table  2: Estimated chilled water production during off peak 

hour for Gas Turbine A 

Week  waste heat (KWh Chilled water  (RTH)  

W1 24,952.9 957,63.5 

W 2 369,982.8 106,942.4 

W3 560,652.7 113,120.1 

W4 164,776.5 100,293.8 

W5 429,892.3 108,883.5 

W6 265,555.1 103,559.0 

W7 183,839.4 100,911.4 

W8 175,662.1 100,646.5 

W9 397,654.4 107,839.0 

W10 141,620.4 99,543.5 

W11 208,365.4 101,706.0 

W12 56,278.1 967,78.4 

W13 462,579.4 109,942.6 

W14 462,579.4 109,942.6 

W15 489,816.5 110,825.1 

W16 569,732.3 113,414.3 

W17 379,063.1 107,236.6 

W18 379,063.1 107,236.6 

W19 174,755.5 100,617.1 

W20 231,041.8 102,440.8 

W21 201,085.3 101,470.2 

W22 200,181.2 101,440.9 

W23 188,390.3 101,058.8 

W24 388,584.3 107,545.1 

W25 658,720.1 116,297.5 

W26 268,745.4 103662.3 

W27 9,979.9 95278.3 

W28 4,990.0 95,116.7 

W29 230,146.9 102,411.8 

W30 299,157.7 104,647.7 

W31 251,488.1 103,103.2 

W32 9,982.5 95,278.4 

W33 297,770.4 104602.8 

W34 192,917.3 101,205.5 

W35 146,608.2 99,705.1 

W36 250,581.0 103,073.8 

W37 265,550.6 103,558.8 

W38 150,696.5 99,837.6 

W39 207,925.0 101,691.8 

W40 208,801.7 101,720.2 

W41 189,726.5 101,102.1 

W42 225,140.0 102,249.5 

W43 295,967.5 104,544.3 

 

Table  3: Estimated chilled water production during off peak 

hour for Gas Turbine B 

Week waste heat (KWh Chilled water  (RTH) 

W1 641,464.0 115,738.4 

W 2 364,987.3 106,780.6 

W3 190,208.6 101,117.8 

W4 589,711.4 114,061.6 

W5 408,115.1 108,177.9 

W6 618,313.6 114,988.4 

W7 678,698.3 116,944.8 

W8 690,953.0 117,341.9 

W9 529,329.4 112,105.3 

W10 678,698.4 116,944.8 

W11 613,320.9 114,826.6 

W12 662,804.7 116,429.9 

W13 470,760.4 110,207.6 
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W14 470,760.4 110,207.6 

W15 459,420.1 109,840.2 

W16 331,378.3 105,691.7 

W17 336,844.2 105,868.8 

W18 448,510.6 109,486.7 

W19 690,953.2 117,341.9 

W20 670,526.8 116,680.1 

W21 699,122.8 117,606.6 

W22 646,017.9 115,886.0 

W23 615,105.7 114,884.4 

W24 407,170.6 108,147.3 

W25 59,462.2 96,881.6 

W26 488,370.2 110,778.2 

W27 666,391.6 116,546.1 

W28 654,114.5 116,148.3 

W29 666,390.3 116,546.0 

W30 559,213.7 113,073.5 

W31 570,606.1 113,442.6 

W32 674,574.1 116,811.2 

W33 678,663.0 116,943.7 

W34 699,122.8 117,606.6 

W35 662,299.4 116,413.5 

W36 555,635.2 112,957.6 

W37 577,888.2 113,678.6 

W38 617,280.9 114,954.9 

W39 328,914.5 105,611.8 

W40 606,408.7 114,602.6 

W41 686,847.9 117,208.9 

W42 649,628.9 116,003.0 

W43 596,942.4 114,295.9 

 

CONCLUSIONS  

The usage of cogeneration plant has been increasing from time 

to time. Most of the cogeneration plants work efficiently 

during the peak hour. In the off peak hours these plants, use 

cogeneration plant only for power generation but the waste 

heat generated during this period was released to the 

environment.  This study shows that there is significant amount 

of waste heat exists during off peak period. This amount of 

waste heat could be converted into chilled water to bring 

economic and environmental benefits. This amount could be 

put to beneficial use by converting it to chilled water. 
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