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ABSTRACT 

This paper describes a case study of the model-based 
condenser water temperature setpoint control for a 
chiller plant with multiple chillers and cooling towers. 
The plant was modeled using the Modelica Buildings 
library. Both the supervisor control and local feedback 
loop controls were modeled to more realistically 
represent the real system. The total energy 
consumptions and computing times under different 
optimization strategies were compared. The result 
shows that the daily optimization can provide similar 
energy saving with significantly less computing time 
compared to the hourly optimization. 

INTRODUCTION 
Buildings account for around 40% and 24% of the total 
energy consumption in the United States and the world, 
respectively (Perez-Lombard et al. 2008). In United 
States, chillers represented about 35% of the total 
commercial building HVAC cooling equipment energy 
use(Westphalen and Koszalinski 2001). Therefore, 
improving the operational efficiency of the chiller 
plants can be essential to reducing the building energy 
consumption. 

It is possible to increase the chiller plant energy 
efficiency by continuously optimizing the control 
parameters during the operation according to input 
variables, such as building load and wet bulb 
temperature. One approach is to develop rule-based 
control strategies. This approach usually requires an 
exhaustive search with a large number of simulations or 
experiments to generate a set of optimal control 
parameters with different input variables. After that, the 
relationships between input variables and 
corresponding optimal control parameters are expressed 
in forms of look-up tables or regression functions which 
can then be used directly in practice. Hydeman and 
Zhuo (2007) developed a regression function based on 
an exhaustive search with massive simulations to offer 

optimal speeds of condenser water pumps and cooling 
tower fans. Yu and Chan (2008) proposed a similar 
condenser water loop control strategy for water cooled 
chillers. Using an exhaustive search with simulations, 
they optimized two control parameters: speeds of the 
condenser water pump and the cooling tower fan. Due 
to its simplicity, the rule-based control can respond 
quickly to the change of the load and weather condition. 
However, the rule is usually specific rather than 
general. In addition, in order to obtain this rule, 
significant amount of experiments or simulations 
should be performed in order to guarantee its reliability.  

The other approach is a model-based control that 
searches the optimal parameters according to model 
predictions. The inputs of the model can be measured or 
predicted real-time load and weather data. Lu et al. 
(2004) developed a model-based condenser water loop 
optimization strategy. They applied a genetic algorithm 
(GA) with a data-driven model to optimize the flow 
rates of the chilled water and condenser water. Yao et 
al. (2004) proposed a method to enhance the control by 
searching the best combination of the temperature 
setpoints and flow rates of the chilled water and 
condenser water using a data-driven model. These two 
studies used the flow rates of the chilled water and 
condenser water as the independent variables. However, 
the flow rates cannot be directly manipulated in 
practice. Ma et al. (2009) solved this problem by 
treating the water flow rate as a function of the pressure 
difference. As a result, the independent variables 
became the pressure difference and temperature 
setpoint.  

Besides the commonly used rule-based and model 
based controls, there are also other approaches for 
chiller control optimization. For instance, Li et al. 
(2012) implemented a self-optimization strategy in a 
chiller plant. In this study, they developed an 
automatic-tuning mechanism to adjust the cooling 
tower fan speed by using a measured total power of the 
chiller and cooling tower as the feedback. This 
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approach doesn’t need exact knowledge of the plant, 
therefore, it is suitable to the condition when system 
model isn’t available. However, the performance of 
their method highly depends on the transient pattern of 
the controlled system. If the system cannot quickly 
respond to the change of control variable, it may lead to 
long searching time. 

In the previous studies, the focus was a plant with 
single chiller. A few studies on multiple chillers used 
idealized control that did not consider the detailed 
process for chiller sequencing. Since many chiller 
plants are made of multiple chillers, it is necessary to 
study the control optimization of multiple chillers by 
using a plant model that can more realistically represent 
the real control process.  

With a perception of higher optimization frequency 
leading to more energy saving, we tend to optimize the 
control parameters more frequently that requires more 
computing time. However, the relationship between the 
optimization frequency and energy saving is not well 
understood due to the lack of quantitative analysis. 

To address the above issues, this study studied the 
model-based control of a chiller plant with three chillers 
and three cooling towers. The plant was modeled using 
Modelica Buildings library (Wetter et al.  2014) and 
both the supervisory control with staging and local 
feedback-loop controls were modeled. The impact of 
frequency optimization on the energy saving and 
computing time was also evaluated. The findings are 
presented in the following sections. 

METHODOLOGY 
The conventional supervisor control usually fixes the 
condenser water temperature setpoint, ,  according 
to the design conditions. As a result, the cooling towers 
could cool the condenser water lower than the 
fixed 	 ,  for most of the time. The chillers’ 
efficiency increases when the temperature of condenser 
water entering the chillers ,  decreases. On the 
other hand, reducing ,  may increase the energy 
consumption of the cooling towers. Therefore, there is 
an optimum ,  that the total energy consumption 

 of the chillers and the cooling towers is minimum. 
Accordingly, the objective function of the optimization 
is: 

min min , (1) 

where  and  are the energy consumption by the 
chillers and cooling towers, respectively.  is a 
function of multiple inputs: 

, , , , , , , (2) 

where ,  is the temperature of chilled water 
leaving the chillers,  is the chilled water flow rate, 

 is the condenser water flow rate, and  is the 
cooling load. While  can be expressed as 

, , , , (3) 

where  is the wet bulb temperature.  

If ,  and ,  are constant (which is true 
for many chiller plants), then equations (2) and (3) can 
be simplified as  

, , , (4) 
, , 	 . (5) 

Combining equations (1), (4) and (5), we will get 

min , , , . (6) 

The  depends on the weather condition and  
depends on user behavior and weather condition. Thus,  

,  is the only controllable variable in (6). Since  

,  can be controlled through , , we could 
reformulate the optimization objective as: 

min , , (7) 
with the constraints of:   

m , , , (8) 

m , , , (9) 

, , , ,	 (10) 
 
where  is the specific heat of the water. 

CASE STUDY 
Case description 

The case study was performed for a real chiller plant in 
Washington D.C.. The plant was the only cooling 
source for 3 office buildings nearby. Figure 1 shows the 
schematic of the studied chiller plant. It has three 
identical chillers, three condenser water pumps, three 
chilled water pumps and three cooling towers. One 
cooling tower, one chilled water pump and one 
condenser water pump were coupled with one chiller. A 
supervisor controller was used to control the chiller 
status according to the cooling load. The control 
sequence can be described by using a state graph 
(Figure 2). When the chiller plant system is started, 
there is only one chiller operating; when the cooling 
load increases, the rest two chillers would be started 
sequentially. A dead-band was used to avoid short 
cycling. In addition, a three-way valve was employed to 
modulate the flow rate through the cooling towers so 
that overcooling can be avoided. 
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Figure 1 Schematic of the condenser water loop 

 
The capacity of each chiller was 2,799kW and the 
operation curve of Trane_CVHF_2799kW was adopted. 
The temperature of chilled water leaving the chiller was 
set to ,  = 6.67oC. For the cooling tower, the 
nominal fan power was 37.285kW, nominal wet bulb 
temperature was 25oC, and the nominal approach 
temperature was 1.11oC. 

Figure 2  Stage Control Chart (CC is the nominal 
cooling capacity of the chiller, DeadBandWidth = 100 

ton)  
 
Modelica Models 

This system was modelled using the Modelica 
Buildings library. Modelica was used because it offered 
more capability to model both physical and control 
systems within the same language. In addition, there are 
many HVAC component models in the Buildings 
library that can be used for this study and the future 
work. Furthermore, optimization engines, such as 
GenOpt (Wetter  2005), already offers the interface to 
Modelica environment, such as Dymola 
(www.dynasim.se). In this study, we used Dymola as 
the simulation platform and GenOpt for optimization 
because Dymola was the only tool that could run our 
models when the work was performed. 

Figure 3 shows the implementation in Modelica. The 
diagram interface of Modelica allows us to build the 
model that can easily represent the topology of the real 
system in Figure 1. The multiple chillers, cooling 
towers and pumps are packaged into subsystem models. 
The solid lines are pipes and dashed lines are control 
signals.  

Figure 3 Diagram of the Modelica model for the plant 
system 

 
Figure 4 shows the model for chiller sub-system. Three 
chillers were connected in parallel and each chiller can 
be started separately. 

 
Figure 4 Diagram of subsystem model for chillers 

 
An ElectricEIR  model (Hydeman and Gillespie 2002) 
in the Buildings library was used. The model calculates 
the actual power of the chiller, , using: 

, ∙ ∙ ∙ , (11) 
 
where ,  is the nominal power of the chiller. 

,  and  are operation curves 
which are provided by the manufacturers.  

Figure 5 shows diagram of the cooling towers with 
bypass. A PI controller was used to regulate the 
position of the three way valve to ensure that the 
temperature of the condenser water entering the chillers 
was not less than 15oC. 
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Figure 5 Diagram of subsystem model for the cooling 

towers with bypass 
 
Figure 6 shows the diagram of tower models. An 
Fluid.HeatExchangers.CoolingTowers.YorkCalc model 
(EnergyPlus Engineering Reference 2013) in the 
Buildings library were chosen to model the cooling 
tower, which is described as following: 

, ∙ ,	 (12) 

, , , , ,	 (13) 

where	   is the air flow rate ratio. The ,  and  
are the nominal and actual power of the cooling tower, 
respectively. 

To maintain 	 , , a local controller was used to 
adjust the speed of the cooling tower fan according to  

, , , 																																				

max , , , , , 1 .	
(14) 

  

 
Figure 6 Diagram of cooling tower model 

 
Selection of Optimization Algorithm 

In this study, GenOpt was employed to perform the 
optimization. There are various optimization algorithms 

available in the GenOpt library and they can be divided 
into two categories: gradient-based and gradient-free 
algorithms (Wetter and Wright  2004). To identify the 
appropriate optimization algorithm for this study, we 
first selected one algorithm from each category: Arm 
(DiscreteArmijoGradient) for gradient-based algorithms 
and GPS (GPSHookeJeeves) for gradient-free 
algorithms.  

A comparison was conducted to evaluate their 
performance in terms of accuracy and computation 
time. An exhaustive search was performed to provide 
reference data. The input parameters were the cooling 
load 390 ton and the wet bulb temperature T = 
7.8 oC. The range for the independent variable ,  
was from 15.11 to 26.11oC with an interval of 1oC and 
the start point was 15.11oC. 

Numerical tests showed that the GPS predicted the 
same optimal ,  of 16.11oC as the exhaustive 
search while the prediction by the Arm was 15.93 oC. 
The GPS used only 7 steps while the Arm used 136 
steps. Therefore, the GPS was selected for the further 
study. 

To study the impact of optimization frequency on 
energy saving and computing time, the following 
scenarios were considered (Table 1): 

Table 1 Optimization scenarios 
 

SCENARIO PERIOD FREQUENCY ALGORITHM 

Exhaustive 
Search 

1 year 1 hour 
Exhaustive 
Search 

Hourly GPS 1 year 1 hour GPS 

Daily GPS 1 year 1 day GPS 
 
Simulation Results 

The model settings were the same as the one used in the 
previous section except that the model inputs were 
changed to actual hourly cooling load and wet bulb 
temperature measured in 2012.  

Figure 7 shows the measured cooling load. Due to the 
load in the interior zones of the buildings, the chiller 
plant had to provide cooling even in the winter season 
(Nov-Feb). In addition, cooling load in the summer 
season (Jun-Sept) was obviously larger than that in the 
non-summer season (Oct-May). As shown in Figure 8, 

 in the summer was higher than that of in the non-
summer.  
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Figure 7  Annul hourly cooling load      

Figure 8  Annual hourly wet bulb temperature in 
Washington D.C. 2012 (National climatic data center) 

 
As shown in Table 2, about 9% energy savings can be 
anticipated by optimizing the condenser water 
temperature setpoint. The energy saving was mainly 
due to reducing the condenser water temperature when 
the wet bulb temperature was low. In the studied plant, 
the condenser water temperature setpoint was fixed as 
26.11oC that led to high baseline energy consumption. 
The energy saving potential may vary if the existing 
control already allows the floating settings of condenser 
water temperature setpoint.    

The results of Hourly GPS and Exhaustive Search are 
almost the same. The difference in results between 
Hourly GPS and Daily GPS are also small (0.2%). This 
indicates that optimization frequency only has tiny 
impact on the energy performance in this case.  

 
 
 
 
 

Table 2 Energy consumption for each scenario 
 

SCENARIO 

ANNUAL 
ENERGY  

CONSUMPTION 
(MWH) 

SAVING 
RATIO 

(COMPARED 
WITH 

BASELINE) 

Exhaustive Search 2,383.6 9.4% 

Hourly GPS 2,383.7 9.4% 

Daily GPS 2,387.6 9.2% 

Baseline 2,630.3 N/A 

Figure 9 shows the distribution of optimal condenser 
temperature setpoints for each hour predicted by the 
Hourly GPS. It can be found that the optimal setpoint 
was less than the nominal value for most time. 

Figure 9  The hourly optimal condenser water 
temperature setpoint distribution over the year 

 
As shown in the Figure 10, the major energy saving 
was obtained from March to May and in September 
when the temperature was mild. The winter season has 
the lowest energy saving since there was only a little 
usage.  
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Figure 10  Averaged daily energy saving by Hourly 
GPS for each week 

 
The ratio of energy saving ratio was around 5 to 20% 
(Figure 11).The highest ratio appeared in spring and 
fall. The lowest ratio was in summer. 

 
Figure 11  Averaged daily energy saving ratio by 

Hourly GPS for each week 
 
We also looked at the results for a typical hot day (June 
28th, Thursday) and a typical mild day (October 9th, 
Tuesday). In the hot day, the cooling load increased 
from 3:00 when the operator started to pre-cool the 
building. The cooling load continued increasing until 
12:00. Then it dropped significantly during the lunch 
break (12:00-13:00). After the break, the load jumped 
back until reaching the peak around 16:00. Later on, it 
started to drop (Figure 12). The changing of load profile 
for the mild day was similar to the hot day, except the 
magnitude is significantly lower. 

Figure 12  Hourly cooling loads on June 28th and 
October 9th              

 
Figure 13 shows the energy consumption by using 
different optimization algorithms in the hot day. For 
that day, the energy saving by optimization was small 
because the high wet bulb temperature left little space 
for optimizing the condenser water temperature setting 
point.  

Figure 13  Hourly energy consumption for different 
scenarios on June 28th 

 
As shown in Figure 14 , On June 28th, the predicted 
optimum ,  by Daily GPS was similar to Hourly 
GPS and Exhaustive Search in the morning. When the 
wet bulb temperature increased in the afternoon, the 
results of Daily and Hourly optimization differed. 
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Figure 14  Predicted ,  for different scenarios on 
June 28th 

 
Figure 15 shows the energy consumption during a mild 
day on October 9th.  Compared to the hot day, 
significant energy saving was achieved by optimizing 
the condenser water temperature setpoint because the 
low wet bulb temperature allowed lower condenser 
water temperature setpoint. 

 
Figure 15  Hourly energy consumption for different 
scenarios on Octobor 9th 

 

As shown Figure 16, On Oct 9th, the results of three 
methods were more alike compared to those of June 
28th.  

 

Figure 16  Predicted ,  for different scenarios on 
October 9th 

 
Based on the above observation, it can be found that 

 is the key impact factor of the energy saving effect 
by optimizing , : higher  leads to less energy 
saving. 

Table 3 Computing time for each scenario 
 

SCENARIO 
     
COMPUTING 
TIME (hours) 

OPTIMIZATION 
EFFICIENCY 
(SEC/HOUR) 

Exhaustive 
Search 

18.8 7.7 

Hourly GPS 11.6 4.8 
Daily GPS 1 0.4 

 (Optimization efficiency is defined as computing time divided by the 
actual operation time) 
 
Table 3 compares the computing time for different 
settings. The simulation was performed in a virtual 
machine(VirtualBox 4.3.10) and the model of the 
virtual CPU is Intel Xeon CPU E5-2609 2.40GHz. For 
both days, the results of Exhaustive Search and Hourly 
GPS were the same. However, by using Hourly GPS 
rather than exhaustive search, the computing time 
reduced by 38%. In addition, increasing optimization 
time step from 1 hour to 1 day could further reduce the 
CPU time by 95% and the difference in predictions was 
only 0.2% in this study. Thus, Daily GPS is more 
preferable for practice.  

CONCLUSION 
A case study was performed to optimize the condenser 
water temperature setpoint for a chiller plant with 
multiple chillers and cooling towers. The plant with 
both the supervisory and local-feedback loop controls 
was modeled using the Modelica Buildings library. The 
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result shows that about 9% energy saving could be 
achieved by optimizing the condenser water 
temperature setpoint. The GPS can provide an optimal 
solution comparable to Exhaustive Search but with 
significantly less computing time. We also found Daily 
GPS optimization could achieve similar results as 
Hourly GPS, but with much less computing time.  
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NOMENCLATURE 

T : Temperature 

 : Cooling load 

 : Mass flow rate 

E : Energy or power 

Cp : Specific heat 

SUBSCRIPTS 

cw : Condenser water 

chw : Chiller water 

ent : Entering chiller 

lea : Leaving chiller 

wb : Wet bulb 

app : Approach 

nom : Nominal condition 

ch : Chiller 

tw : Cooling tower 

low : Lower limit 

Hig Higher limit 

sta : Start point 
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