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Abstract 

The present thesis is the result of an analysis of electricity consumption, done in the Portuguese food 

service sector. The sample of this analysis was composed by four restaurants located in the region of 

Lisbon, in which energy audits were conducted alongside with a methodology of consumption estimation 

based on surveys and equipment listing. 

The little literature available on this subject highlights the importance of categorising the energy 

consumption in this type of establishments through the development of consumption metrics and by 

identifying the most significant activities and appliances. 

The implementation of the proposed methodology presented various constraints, from the installation of 

metering equipment to the quality of obtained data sample, which naturally influences the conclusions 

of the analysis. 

The combination of the measured consumption data with the consumption estimations allowed to 

identify the meal periods as having the largest consumption and demonstrated the relation between 

attendance and energy consumption in an establishment. It also indicated in most cases refrigeration 

as the activity with the largest associated consumption, followed by warewashing, food and beverages 

serving and cooking. 

The analysis of the performance of the estimations revealed errors ranging from underestimations of 

16% to overestimations of 7%, with a predominance of the first type. 

From the obtained data, an analysis of energy tariff plans was done, which showed potential savings in 

all establishments, one of which presenting estimated potential savings in excess of 20%. 

 

1. Introduction 

Small and medium enterprises (SMEs) represent ca. 90% of the worldwide business volume, being 

responsible for 50% of the employment worldwide [1] and they incur high operational costs due to their 

energy utility bills. In fact, they pay an average of 30% more than residential consumers for their 

electricity. However, this sector can be considered a ‘neglectable middle’ as it is hard to find solutions 

on the market that encourage energy efficiency in SMEs. On another hand, we can find various solutions 

targeted at the industry sector and at households as well. 
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Restaurants usually consume more energy during the meals times, which correspond to the usual peak 

periods on the electrical grid. Due to the well-known issues related to peak consumptions such as higher 

losses in the distribution/transmission and the necessity of importing or activating new production 

resources such as natural gas fired power plants [2], there is an increased importance of increasing 

energy efficiency in restaurants. 

1.1. Categorisation of energy consumption 

The literature presents different methods of categorising the consumption in restaurants, from which 

stands out the end-use analysis: cooking is globally shown to be the largest energy user, followed by 

refrigeration [3–5].  

1.2. Factors influencing energy use 

Considering the energy consumption in the food service sector, some factors other than the 

differentiation of end-use and equipment can be considered critical, such as: 

• Seasonality: seasonal aspects such as weather changes and holidays have a great influence in 

cooling and heating requirements and attendance levels, respectively, which translate into 

significant impacts in energy consumption; 

• Equipment maintenance and replacement: maintenance to a walk-in freezer was reported in [3] 

to lead to saving of 45% in the electricity use of that appliance. Further studies, presented in [5–

7] presented data on the useful life of appliances and on the water and electricity savings and 

economic benefits of replacing appliances; 

• Equipment placement: the kitchen layout is discussed in [3], where the placement of 

refrigeration appliances near heat sources led to increases in consumption up to 30%; 

• Operator behaviour: Kitchen equipment is often left on longer than needed, due to the long 

warm-up times, instead of being turned off during low periods of service [3,8]. A more efficient 

use of a grill in one kitchen over another resulted in savings of 71% on the gas consumption of 

the grill [3]; 

1.3. Metrics of energy consumption 

In [9], the number of meals, financial turnover and kitchen size are presented as the best metrics to 

evaluate and compare the energy use in this sector as they can be applied to all kinds of food service 

establishments, displaying the closest relationship to energy use. 

1.4. Missing data 

Missing data is a referred in the literature as a common problem associated with data collection. It can 

be divided into three categories, according to [10,11]: 

• Missing Completely at Random (MCAR): the probability of occurrence of missing data is not 

related to either the known values or the missing data; 



 
3 

 

• Missing at Random (MAR): the probability of occurrence of missing data is dependent on the 

known values but not on the missing data; 

• Missing Not at Random (MNAR): the probability of occurrence of missing data is dependent on 

the value of the missing data. 

Some of the methods to handle missing data, extracted from [10–13], are: 

• Complete Case Analysis: All the incomplete cases in the dataset are deleted, leaving only 

complete cases to be analysed. This method should be applied only in cases with small amounts 

of missing data and if data is MCAR, or else it may present biased results. 

• Available Case Analysis: All the available data is used in the analysis. Like the previous method, 

it should only be used when data are MCAR. The bibliography is not unanimous on the benefits 

of this method over complete case analysis.  

• Data Imputation: This method fills missing values with estimated values, such as mean values 

and observed values for equivalent conditions. 

 

2. Case Study 

Four sites were included in this analysis: 

• Establishment A is a café which doubles as a buffet restaurant at lunch time; 

• Establishment B is a traditional Portuguese restaurant and it serves lunch and dinner six days 

a week; 

• Establishment C is an Italian restaurant and it serves lunch and dinner seven days a week; 

• Establishment B is a traditional Portuguese restaurant and it serves lunch and dinner seven 

days a week. 

Table 1 displays some characteristics of the four establishments, which were gathered from the surveys 

and used in the development of consumption metrics. 

Table 1 – Characteristics of the establishments gathered from surveys 

Establishment 
Total 
Area 
(m2) 

Inner 
Area 
(m2) 

Kitchen 
Area 
(m2) 

Number 
of 

Covers 

Average 
Price (€) 

Weekly 
Number 
of Meals 

Daily 
Operating 

Hours 

Number of 
Employees 

A 130 130 19 60 9 700 9 4 

B 130 130 30 74 18 600 12 9 

C 114 74 10 48 30 500 10.5 7 

D 115 115 20 40 15 300 12 7 

 

3. Methodology 

3.1. Electricity consumption monitoring 

Electricity consumption data was collected through the installation of metering equipment in the electric 

panels of the four establishments: in each establishment, one meter was assigned to monitor the circuit 
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breaker supplying the whole establishment, while additional meters were assigned to the circuit breakers 

supplying individual appliances, depending on the feasibility of the installation. 

The monitoring period of the varied for the different establishments and it took place from November of 

2016 to September of 2017. The period of monitoring of each establishment varied: Establishment A 

had the global consumption monitored for 299 days and the appliances for a total of 27 days; 

Establishment B had the global and appliances consumption monitored 33 days; Establishment C had 

the global and appliances consumption monitored for 74 days; Establishment D had the global 

consumption monitored for 148 days and the appliances for a total of 12 days. 

3.2. Data handling 

The main concern when handling the collected data was dealing with the main observed irregularity that 

was missing data. In order to do so, missing data was simulated in the dataset of Establishment A for a 

period during which there were no observed errors. This simulation tested the handling of four types of 

error: 

• Null days: The dataset displayed the existence of entire days missing; 

• Null and Incomplete Days: The dataset displayed both entire and partial days missing; 

• Incomplete Days: The dataset displayed partial days missing; 

• Consecutive Null Days: The dataset displayed entire consecutive days missing. 

 

The following methods were tested, for which mean absolute values of relative error are displayed in  

Table 2: 

• Global mean consumption: The values from the global mean profile were used to replace the 

respective missing entries in the dataset. 

• Mean consumption from Monday to Saturday and Sunday: Here, two mean profiles were used 

– the mean profile Monday to Saturday was used to replace missing entries on work days and 

Saturdays, and the mean profile for Sunday was used to fill in missing values on Sundays. 

• Mean consumption from Monday to Friday, Saturday and Sunday: This is similar to the previous 

one, although the missing entries in work days, Saturdays and Sundays were replaced with 

values from the mean profiles Monday to Friday, Saturday and Sunday, respectively. 

• Mean consumption for the respective day of the week: Missing values are replaced with the time 

equivalent values from the mean profile for the same day of the week. For example, if a missing 

value was detected on a Wednesday at 10:02 AM, it is imputed with the value found at 10:02 

AM from the mean profile for Wednesday. 

• Monitored consumption for the previous respective day of the week: Missing data is imputed 

with readings from the previous respective day of the week. If the previous day also has missing 

data, the following day is chosen. For example, if missing data was detected on a Tuesday, data 

from the previous Tuesday is introduced. If the previous Tuesday also presented missing data, 

the following Tuesday is chosen. 
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Table 2 – Mean absolute values of relative error for the tested methods 

 
Available 

Cases 

Data Imputation 

Global mean 
consumption 

Mean 
Consumption 
for Monday-

Saturday and 
Sunday 

Mean 
consumption 
for Monday-

Friday, 
Saturday 

and Sunday 

Mean 
consumption 

for 
respective 
day of the 

week 

Monitored 
consumption 

for the 
previous 

respective 
day 

Null Days 3.3% 7.6% 6.0% 3.2% 3.3% 4.0% 

Null and 
Incomplete 

Days 
4.1% 9.2% 7.4% 3.8% 4.1% 4.8% 

Incomplete 
days 

1.7% 4.9% 3.1% 1.7% 1.6% 1.8% 

Consecutive 
Null Days 

3.6% 6.8% 5.5% 3.5% 3.6% 4.0% 

TOTAL 3.2% 7.1% 5.5% 3.0% 3.1% 3.7% 

 

3.3. Bottom-up analysis 

In order to complement the data obtained from the monitoring process, a bottom-up methodology was 

developed: surveys were conducted in the four sites alongside with an extensive equipment listing. The 

surveys were composed of two main parts: 

• The first part concerned general data from each establishment such as: working hours and days; 

holidays; break periods; busiest periods; dimensions; seating capacity; the number of meals 

served per week; financial turnover or average meal price; the number of employees. These 

were the base parameters for the development of consumption metrics, which allowed for 

consumption comparisons. 

• The second part of the survey focused on the use of appliances. It included questions about 

which appliances are used the most, utilisation time for each appliance and equipment 

maintenance and replacement frequency. 

The data gathered through this methodology was used to estimate the consumption of the 

establishments. The formulation of accurate estimations required knowledge on the operating modes of 

each appliance, which was, when possible, retrieved from the bibliography. However, due to the 

existence of limited information on the operating modes and energy consumption of commercial 

equipment, monitored consumption of appliances in the establishments in this study was occasionally 

used as a source of information. 

The operating mode and resulting power consumption of each appliance were quantified through a 

utilisation factor: 

𝑢. 𝑓. =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑜𝑤𝑒𝑟 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑜𝑤𝑒𝑟 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛
 

The estimations of energy consumption profiles, which were developed in 1-hour steps (predicting the 

consumption of appliances for shorter periods was not feasible with the available data) used this 

utilisation factor, although it needed to be converted into an hourly utilisation factor:  

ℎ. 𝑢. 𝑓. = 𝑢. 𝑓.×
𝑢𝑠𝑒𝑑 𝑡𝑖𝑚𝑒 𝑝𝑒𝑟 ℎ𝑜𝑢𝑟 (𝑚𝑖𝑛𝑢𝑡𝑒𝑠)

60
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3.4. Energy plans analysis 

In order to study the potential of cost reduction in each establishment, an analysis was done to the 

energy tariff plans. Data which was collected in the monitoring process was used to calculate the energy 

costs for various plans, including the currently contracted plan, in order to establish a comparison. 

The analysis of the energy tariff plans offer in the Portuguese energy market was based on data 

available in ERSE [14]. 

The sample of available energy plans and operators depended on the following aspects: 

• Contracted power: This represents the maximum apparent power available for consumption. In 

the lower voltage segment, on which this analysis focuses, it includes 12 levels from 1.15 kVA 

up to 41.4 kVA. The base price rises from lower to higher contracted power levels. 

• Time periods: The daily power usage can be charged according to three different plans (single 

rate tariff, dual part tariff, three-part tariff). These rate a day differently through the establishment 

of up to three types of demand periods (peak, shoulder and off-peak). 

• Cycle: There are daily and weekly cycles in tariff plans. A daily cycle rates all the days of weekly 

uniformly, while a weekly cycle, which is only available for dual part and three-part tariffs, sets 

different demand periods for work days, Saturdays and Sundays. 

3.5. Constraints 

The implementation of the proposed methodology was affected by several constraints: 

• Meter installation: the electric panels of the were generally poorly maintained, making the 

installation of current clamps difficult; 

• Power metering: the metering equipment measures apparent power, while energy costs and 

specifications of appliances are based on active power, thus introducing error in the analysis; 

• Equipment listing: the average age of the appliances, combined with the fact that many were 

custom made it difficult to find the respective specifications, greatly influencing the estimations 

of consumption; 

• Usage patterns: usage patterns collected from the surveys carried a great degree of uncertainty 

as the staff was not able to provide precise data regarding the utilisation of many appliances; 

• Missing data: the existence of significant amounts of missing data in the dataset increased the 

need of making assumptions and using estimations, which reduced the level of confidence of 

the analysis. 

4. Results 

4.1. Consumption metrics 

The literature highlighted the importance of consumption metrics in establishing comparisons between 

the different establishments. Data gathered from the surveys conducted in the establishments, displayed 

in Table 1, allowed the development of benchmarks for the four establishments. Table 3 presents mean 

values of specific consumption relative to consumption metrics for the whole analysed sample. 
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Table 3 - Mean specific consumption relative to consumption metrics 
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4.2. Estimation of global hourly consumption 

Following the individual analyses from the previous sections, it was possible to establish comparisons 

for the whole analysed sample. Table 4 displays the measured and estimated daily consumption, as 

well as the estimation error. It is possible to observe a predominance of underestimation of consumption, 

with exception to Establishment C, where consumption was overestimated. This shows that the 

parameter with the most significant impact on the estimation performance was the base load 

consumption, as that was the main cause for underestimations. 

Table 4 - Comparison between measured and estimated consumption 

 Measured Daily 
Consumption (kWh) 

Estimated Daily 
Consumption (kWh) 

Estimation Error 
(%) 

Establishment A 181 151 -16% 

Establishment B 111 95 -14% 

Establishment C 70 75 7% 

Establishment D 107 92 -13% 

 

Analysing the four sites combined, it was also possible to find the average distribution of consumption 

by the different end-uses, which is displayed in Figure 1. This distribution comes in line with the individual 

analyses, with refrigeration being the most significant energy user. 

 

Figure 1 - Average distribution of consumption by end-use in the four sites 

Refrigeration
33%

Cooking
12%Media

4%

Warewashing
15%

Lighting
3%

Air Extraction
13%

Climatization
5%

Food and 
Beverages

12%

Water Heating
2%

Others
1%
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4.3. Energy plans 

The results of the analysis of the energy plans are displayed in Table 5. It shows the maximum estimated 

savings which could be achieved by changing the tariff plan in each establishment. 

Table 5 - Best energy tariff plan for each establishment 

Establishment Cycle Time Period Contracted Power (kVA) Savings (%) 

A Weekly Three-part 41.4 13% 

B Weekly Three-part 27.6 15% 

C Weekly Three-part 27.6 11% 

D Weekly Three-part 34.5 23% 

 

From the table, it is possible to observe that for this kind of establishment, weekly three-part tariffs with 

the contracted power starting from 27.6 kVA (even when lower levels of contracted power were possible) 

were the most adequate for this type of establishments. 

4.4. Collected data accuracy 

Collected consumption data was compared with consumption values observed in the electricity bills, 

either from observed values or estimations made by the energy supplier. The results of that comparison 

are displayed in Table 6. 

 

Table 6 - Deviation of monitored consumption relative to the electricity supplier data 

Establishment 
Number 
of days 

Type of 
consumption 

Consumption 
(kWh) 

Daily 
consumption 

(kWh) 

Monitored 
daily mean 

consumption 
(kVA) 

Deviation 

A 29 Estimated 3508 121 181 49% 

B 
91 Real 7179 79 111 41% 

67 Estimated 5727 85 111 30% 

C 
180 Real 12509 69 70 1% 

164 Estimated 10832 66 70 6% 

D 28 Estimated 2228 80 108 35% 

 

The table reveals the existence of a great disparity of values in some cases, especially in Establishment 

A. There could be various factors contributing to these values, such as a large consumption of reactive 

power, the error of the missing data handling method, measuring the error of the current clamps, among 

others. The deviation values shown in the table are also subject to uncertainty, particularly if they were 

based on estimations. 

 

5. Conclusion 

The present work focused on analysing the electricity consumption in food service establishments. To 

enable this analysis, electricity consumption was registered by installing metering equipment in the 

electric panels of the establishments. The difficulties in the execution of this task had as a major outcome 
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a smaller number of monitored appliances than expected and, as a result, a decrease in the amount of 

data backing up the analysis. To overcome the metering limitations, a bottom-up analysis was 

developed: surveys were conducted to get insight on behavioural data and, combined with the 

knowledge of appliances specifications, allowed to estimate the consumption in the establishments. 

The observation of daily consumption profiles showed these are deeply related to type of operation and 

attendance of each establishment: Establishment A, doubling as a restaurant and café, displayed some 

clear differences in the consumption profile compared to the remaining establishments; the lower 

consumption at dinner than at lunch in the restaurants and the great difference between work days and 

Saturday in Establishment A demonstrated the relation between attendance and electricity consumption. 

Another aspect which should be taken consideration is the season of occurrence of the consumption, 

which was observed in Establishment A to significantly influence the base load consumption, mainly 

composed by the consumption of refrigeration appliances. 

The measured consumption allowed to rank the establishments in terms of consumption. However, to 

get a better understanding of the consumption and to establish comparisons between the four sites, the 

daily profiles should be normalized using metrics of consumption, such as area or number of meals. 

The results achieved in this work were not always in line with the bibliography. Whereas referenced 

studies showed cooking as the globally largest energy user, in this study refrigeration was generally the 

end-use with the largest significance. Warewashing, air extraction and food and beverages serving were 

also observed to have a big impact on the global consumption, whereas the importance of air 

conditioning could not be properly analysed. 

The analysis of energy tariff plans led to the conclusion that considerable savings were possible for all 

the establishments ranging from 10% to over 20% annual savings. It was observed that the most 

adequate plan for this type of commercial establishment is a three-part weekly plan. 

The analysis of the performance of the collected data against the real consumption values revealed 

different situations for the different establishments, presenting particularly significant errors for 

Establishment A. These could be explained by a combination of existing errors in the supplier 

consumption values, measurements, data handling methods and excessive reactive power 

consumption. The conclusions of the study should, however, withstand, as they were mostly not based 

on absolute values. 
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