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Abstract

:

Increased industrial energy efficiency (EE) has become one of the main environmental actions to mitigate carbon dioxide (CO2) emissions, contributing also to industrial competitiveness, with several implications on the production system and cost management. Unfortunately, literature is currently lacking empirical evidence on the impact of energy efficiency solutions on production. Thus, this work primarily aims at investigating the economic and production-related influence on the reduction in industrial energy consumption, considering the cross-cutting technologies HVAC, motors, lighting systems and air compressor systems. The analysis is performed using data from previous studies that characterized the main EE measures for the cross-cutting technologies. Four logistic models were built to understand how costs and production influence energy efficiency across such cross-cutting technologies. In this way, motivating industries to implement measures to reduce electrical consumption, offering an economic cost–benefit analysis and optimizing industry processes so that the reduction in electricity consumption adds to industrial energy efficiency were the aims of this study. The results of this work show through the adjusted indicators that senior management is mainly responsible for energy savings. The operational measures of each piece of equipment can be oriented in the industry towards a specific maintenance process for each technology, becoming an active procedure in industrial productions to obtain EE. Additionally, maintenance planning and control is essential to the reliability of the reduced energy consumption of cross-cutting technologies. This article concludes with managerial implications and suggestions for future research in this field.
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1. Introduction


The increase in greenhouse gas emissions related to the increased energy demand is one of the main global socio-environmental concerns and is calling for increased energy efficiency capable of reducing costs and protecting the environment [1,2]. The challenge is to make constant economic growth follow technological development, which supplies the ever-increasing demand for energy. The industrial sector represents one of the largest energy consumers [3]. In 2020, it was responsible for 38% (156EJ) of the total global final energy use, representing an average increase of 1% in energy consumption in the period 2010 to 2019, although in some regions, as a result of COVID-19, there was a 1.6% reduction [4]. Efficient energy consumption is necessary for improving environmental and financial indicators [5,6], leading to an energy improvement in operations and maintenance of the work environment [7,8]. Therefore, improving energy consumption becomes an important factor for industrial competitiveness [8,9]. Energy efficiency is also related to other important resources for the production system [10], thus becoming a paradigm in management priorities for decision-makers, due to a wide range of technical improvements: maintenance, renovation and readjustment of equipment, process control, and process productivity [5].



Several academic works have been analyzing specific interferences of cross-cutting technologies in the reduction in energy consumption, since the intervention of senior management directs projects in this area [11]. Interventions through cross-cutting technologies’ technical actions are widely considered feasible since they are capable of bringing significant energy savings [6,12,13]. Among those, four cross-cutting technologies are particularly interesting, given their lion’s share in industrial electricity consumption, namely, motor systems, compressed air systems, HVAC (heating, ventilation and air conditioning), and lighting systems. However, although several efforts have been made in terms of policies to leverage on energy management systems for industrial competitiveness, the implementation rate of energy efficiency measures for those cross-cutting technologies is still very low [12].



In addition, research efforts to understand the context of energy efficiency in the industrial sector must incorporate operating and capital costs, increased yield, and more efficient use of other resources as well. Worrell et al. [14] report from a macro perspective how the production-related or non-energy system can determine the feasibility of an energy efficiency project by evaluating the benefits of its potential. Therefore, it seems crucial to understand how the influence of factors related to economic issues and the production-related system affect industrial energy efficiency, which in turn may deeply affect the decision-making process [15].



Previous literature has investigated the relationships between productivity and costs in conjunction with cross-cutting technologies. Alhourani and Saxena [16] used a logistic model to verify the possibility of estimating the implementation of policy recommendations in the USA. Fleiter et al. [17] concluded that energy efficiency is essential to obtain substantial savings in industrial costs. In addition, other studies have stated that overcoming barriers is necessary to achieve the best energy consumption performance [13,14]. These studies enlighten how the understanding of the production system and the economic improvement contribute to efficient actions in production-related operation.



In addition to such works, the current academic literature so far has focused mainly on improving energy efficiency following two main lines of research. The first characterizes EEMs through a list of known attributes, such as the pioneering studies by Pye and McKane [18] that recognize that quantifying the full benefits of energy efficiency projects helps companies fully understand the financial opportunities for investments in EEMs. Additionally, Skumatz [19], who lists about 20 non-energy benefits across several dozens of projects completed in the decades prior to 2005, is developing methods to measure non-energy impacts—positive and negative—of commercial and industrial energy efficiency programs. Additionally, the second current takes a further step on the presentation of a list of attribute characterization of EEMs, providing a framework capable of incorporating a more general set of attributes, as shown by the precursor study by Mills and Rosenfeld [7] that provides a framework to understand the many benefits of investments in energy efficiency that outweigh the savings for the energy bill. Notably, most previous studies have addressed energy efficiency through these two strands, and as an academic contribution this work demonstrates a further step. It is important to check which are the influencers’ aspects of the listed and structured attributes and how they act on the behavior of industrial energy consumption for cross-cutting technologies.



In this context, this study contributes to the discussion of gaps in industrial energy consumption that the set of values and actions of production (production) and cost management (economic) impose on the implementation of EE measures. Thus, knowing the role and influence of economic and productivity-related indicators in improving energy consumption becomes an important contribution tool for decision-makers, which also broadens the scope of this debate on how to characterize the factors for energy consumption. To a certain extent, this study aims to offer additional information to reduce the so-called “energy efficiency gap” [12] and show possible solutions, mainly related to economic and productivity-related influences. Confirmed by the recommendations of the Industrial Assessment Center (IAC), which shows that the implementation rate of the suggested measures related to energy efficiency was 52.7% in 2018, 50.2% in 2019 and 49.9% in 2020, showing that implementation rates close to 50% are relatively low [20], which empirically demonstrates the existence of an energy efficiency gap in the industrial sector. Therefore, main question of this work aims to discuss, through logistic regressions, which economic and production factors affect the electric energy-saving management of transversal technologies. Such factors include the following: air conditioning, motors, lighting and air compressors. Other works reinforce the need for analysis and verification of these gaps, as highlighted by the authors who developed a more general analysis to relate the economic or production-related influence on the amount of energy saved, as Xia and Zhang [21] developed a unified classification of energy system efficiency, such as performance efficiency, operation efficiency and equipment efficiency. Sola and Mota [22] studied the main economic scenarios, in addition to technological and behavioral changes, using energy in Brazilian industries, Neves et al. [6] verified the main economic and production-related indicators on the industrial production system, and finally Alhourani and Saxena [16] used the same methodology (logistic regression) to estimate the possibility of a recommendation to improve energy consumption as the estimation of periods of financial return and recommendation for improvement and number of hours worked per year in the US.



However, as far as we know, this is the first study performing a direct analysis of the relationship between economic and production indicators and how it influences each cross-cutting technology individually, thus enabling industrial managers better decision-making regarding the amount of electricity-energy savings. In addition, little is discussed about how the main causes of managerial implications of some indicators of a production-related and economic nature affect the relationships (cultural, production-related, and hierarchical) of industries regarding energy efficiency with cross-cutting technologies. This is performed to highlight support opportunities for small and medium-sized enterprises and to formulate policies to serve them more efficiently, in addition to critical industrial energy management. In this way, this work tries to supply this demand for the management of industrial energy consumption and contributes to the construction of this theme in the literature.



It is important to highlight that the transversal technologies HVAC and compressed air system for its operation have specific types of engines. However, what was diagnosed and studied in this work are industrial engines that are not associated with these technologies. This paper is divided into six sections. Section 2 presents the cross-cutting technologies for energy efficiency; Section 3 presents the methodological framework; Section 4 presents the results; Section 5 analyzes the results; and Section 6 concludes the study and provides some directions for decision-making.




2. Cross-Cutting Technologies for Energy Efficiency


Cagno et al. [10] and Trianni et al. [12] emphasize that improving energy efficiency depends on the best cross-cutting technologies to develop a robust program, seeking to determine a better horizon for improving energy consumption [23].



The Industrial Assessment Center [24], a program of the US Department of Energy, administered by the Advanced Manufacturing Office, reinforces how the improvements highlighted by Cagno et al. [25] and Trianni et al. [26] may be suitable for the development of EE projects in the industrial sector, in the USA and other countries. Over the years, the IAC program has conducted over 19,300 evaluations of more than 145,000 recommendations combined. According to the IAC, energy efficiency measures are identified with an Assessment Recommendation Code (ARC) for each cross-section technology (engine, lighting, compressed air, HVAC and others). There are several energy efficiency measures specific to the particular problems of each technology for each unique industrial sector. Still, the recommendations of the IAC are suitable as references for the development of works.



Although there are several types of cross-cutting technologies, only four were analyzed in this study due to their wide diffusion in industries in some sectors, which accounted for the highest energy consumption, in addition to being the foundation of the recommendations suggested by the Industrial Assessment Center. Table 1, through a systematic literature review, shows some individual implementation measures and how they tend to fit into the recommendations of the industrial assessment center. These recommendations focus on industry infrastructure, which includes different innovative methods for cross-cutting technologies. The measures in Table 1 become individual due to two explanations (1) because they are geographically distant from the great global industrial economic centers and (2) because they do not have an administrative and financial structure capable of meeting the implementation of the EEM.



Table 1 shows studies that propose a positive performance in implementing measures that reduce energy consumption. Most of these works consider isolated EE analysis for each cross-cutting technology.



The studies covered in Table 1 address a wide range of energy management programs that have been adopted for efficient energy consumption in the industrial sector. The literature and industry analysis show that the implications of production when installing energy efficiency measures tend to generate revenue and, depending on the company’s contribution, there will be an increase in the added value for shareholders. Linked to these aspects, the implementation of EEMs tends to motivate decision-makers in the company’s production capacity. Neves et al. [6] and Worrell et al. [14] show that the search for energy efficiency tends to improve productivity. Agyekum et al. [43] show that the improvement of the various components of their study will contribute to the reduction in costs associated with production from their facilities. Menghi et al. [44] demonstrate the need to extend energy management steps to structure the boundaries of energy management process assessment methods. Hasan and Trianni [45] describe that in productive technological support it is important since energy management includes the control of devices that consume energy and can optimize energy consumption, becoming a customary rudiment of energy management. Moreover, as shown in the works highlighted in Table 1, the adoption of EE measures leads to lower maintenance and replacement costs of transversal technology components. This is because some of the industry finances are recorded when cross-technological functioning is in use after the adoption of EEMs. Adding to these aspects are the energy savings according to the four types of activities raised by Worrell and Biermans [46]: (i) a simple renewal or restoration of existing functions; (ii) an optimization in the use of an existing technology; (iii) an adaptation of the equipment; (iv) a new installation of low-energy-consumption equipment is important to differentiate the decision-making behavior according to the specific energy savings of each transversal technology [13]. In short, taking the proposals for academic research and government projects, as highlighted in Table 1 and in the Industrial Assessment Center database, it is noteworthy that both academia and industry lack approaches to analyze the behavior of heterogeneous production and economic aspects that intervene in transversal technologies: engines, lighting systems, compressed air systems and HVAC.



Still, considering aspects of electricity consumption savings for each transversal technology, Makane and Hasanbeigi [47] show in their studies of motor systems that some EE measures provide productivity benefits in addition to energy savings. Developing countries such as Thailand, Brazil, and Vietnam have a higher percentage of the total energy use of motorized systems. For the same authors, considering aspects of electricity consumption savings for each technology, they show in their study of motor systems that some EE measures provide productivity benefits in addition to energy savings. Zuberi et al. [48] complement through their work in Switzerland that the energy savings by electricity by EMDS are approximately 17% of projected savings in the Swiss program Prognos AG for the period 2010–2035. The authors point out that the motors are operating beyond their expected useful life, making it difficult to implement measures to reduce electricity consumption. Furthermore, for Makane and Hasanbeigi [47], the potential for technical savings in electricity from compressed air systems compared to total energy use varies between 29 and 56%. Heidari et al. [49] portray that the transversal technology of the lighting system and the annual energy savings will gradually decrease with the replacement of energy-advanced technologies, such as the replacement of fluorescent LEDs. Continuing cost-effectiveness will continue to improve in the future as it will have a direct rebound effect, as the price of the lamps will decrease and the efficiency will increase. Additionally, Lu et al. [50] show that the electricity savings in Taiwan for the cross-sectional HVAC technology have a high potential for energy savings, as they correspond to twice the energy consumption and are able to achieve 14.4% energy savings in the industrial sector.



In addition to all the work carried out in this area, as shown in Table 1 together with the recommendations of the Industrial Assessment Center, they lack an empirical analysis aimed at analyzing the potential of energy savings with some characteristics of energy efficiency measures, considering some financial and production-related factors. Such an analysis would shed light on the following:




	(a)

	
link energy efficiency to operations and production activities;




	(b)

	
propose new concepts and guidelines to the academic environment on economic and productive factors that help in industrial energy efficiency;




	(c)

	
provide constructive contributions to policy-makers on the importance of implementing energy efficiency measures, given the implications for production.










3. Methodology


To address gaps in the relationship between production-related and economic indicators that affect energy consumption of the technologies of the production system, in this section we describe the data set and present the dependent and independent variables that were used to fit the model by statistical logistic regression related to cross-cutting HVAC technologies, engines, lighting, and air compressors.



Data were extracted from previous literature [12]. In which 192 energy efficiency measures initially identified through a broad systematic review of the literature were retrieved. From this point of identification, they were structured and standardized using the same level of detail shown in the Industrial Assessment Center, thus resulting in 88 energy-efficiency measures. A total of 19 specific measures were for the engine system, 15 were for the air compressor system, 16 were for the lighting system and 38 were for the HVAC system.



3.1. Variables for Analysis


Table 2 shows the indicators used for fitting. They are dummy variables with some intervention (1) or no energy improvement intervention (0). The sample spaces for the HVAC, motor, air compressor, and lighting system are 46, 23, 23 and 23, respectively.



The dependent and independent variable data sets show how the structure of the work develops to find the main factors that influence the four transversal technologies. The summary of each indicator can be found below:



Dependent Variable



Amount of electricity saved: greater responsibility of industries for electricity conservation than for energy tariffs.



Independent variables



Costs: costs related to the routine operation of cross-cutting technologies: adaptation, fees, modernization of equipment.



Work environment: related to organizational culture; employees satisfied with their work environment can be more production related.



Corporate involvement: awareness at all hierarchical levels of energy efficiency goals for the entire production unit and the entire corporation.



Productivity: relationship between energy intensity and productivity of industries aiming to improve energy efficiency.



Operation and maintenance: constant maintenance of cross-cutting technologies so that the operation is not compromised, including the adoption of energy efficiency measures.



Check-up frequency: continuous management and periodic verification of cross-cutting technologies so that their operation does not affect energy consumption.



The variables listed above were used to generate four logistic regression models and to verify their economic and production-related influence on the amount of energy saved in the cross-cutting technologies HVAC, engines, lighting systems, and air compressor.



Both the dependent variable and the independent variables are justified by the fact that, in addition to energy, economic, and production system issues, industrial decision-makers need adequate details on the impact that investment has on the existing production system, on the effective implementation issues to be addressed, as well as the interaction an EEM may have with other parts of the production system. Additionally, the attributes result from a selection process that is consolidated in the literature, in which they do not overlap each other; thus, they are not redundant and conflicting.




3.2. Model


The logistic regression was used to measure the economic and production-related influence of variables on the amount of energy saved in small and medium-sized companies. This type of analysis is appropriate when the dependent variable (ASE) is dichotomous rather than continuous. In a logistic regression model, the linear regression between the natural logarithm of the odds ratio for the probability of response should be less than the limit and the independent variables [35].


  O =    P i    1 −  P i     



(1)







The variables of probability of the desired and written event in Equation (1), where  O  is a dummy variable that acquires values of 1 (there was energy saved by cross-cutting technology) and 0 (there was no energy saved), and   1 − P i   is a vector of explanatory variables. The     P i   1 − P i     probability ratio expresses the success of the desired event for the occurrence of the unwanted failure.



In the fitting of the logistic regression, the dependent variable is transformed into a continuous value by calculating the odds ratio within the interval (−∞;∞); the odds and probability ratios express the same information differently.



Equation (2) is the most traditional representation of a logistic regression model.


     P i    1 −  P i    =  β 0  +  β 1   X  1 i   +  β 2   X  2 i   + ⋯ +  β n   X  n i    



(2)




where β is the vector of the estimated parameters indicating the importance of the weight of the individual inputs Xi.



To assess the significance of logistic regression, the F test was used in addition to the statistics of coefficients estimated by the standard error, being equal to or different from zero. In the selection of logistic regression models, the independent variables with a significance level ≤5% were selected. Thus, to consider the developed model valid, the necessary premises had to be met [35,36,37].




3.3. Validation of Logistic Regression Models


At onset, five criteria were used to validate the logistic regression models [48,49,50]. The results of the acceptance test were evaluated by univariate statistical analysis (analysis of variance, ANOVA), p < 0.05



	
The quality measurement of the four logistic regression models was performed using the lowest Akaike information criterion (AIC);



	
The significance level of the four models was determined by the Mcfadden’s pseudo-R2.






According to Mcfadden [57], the ρ2 (pseudo-R2) tends to have low values. Therefore, values in the range between 0.2 and 0.4 are considered excellent. ρ2 can be interpreted as R2, but it does not indicate large values.



All statistical analyses were performed in the computer environment R, version 3.5.3 [58].



Accuracy and receiver operating characteristic (ROC) curves were drawn for each logistic model of cross-cutting technologies.



The Wald test was used to assess whether the parameters are statistically significant. The validation tests are the most commonly found in the literature. Petrucci [59], Grondys et al. [60], Tait et al. [61], Cantore [62], Kovacova [63], Yamaguchi et al. [64], and Jencová et al. [65] proposed logistic regression models with validation by p-value, Akaike, Macffaden’s determination coefficient, and accuracy.




3.4. Bootstrap


As the data for some technologies are few, the bootstrap range for BCa, Percentile and Normal, and Basic-Theory for each cross-cutting technology was determined. As a result, β coefficients correspond to the original equations [66].



The distinguished classes of bootstrapping methods are used to validate different types of analysis. Recently, they have been used mainly in projects involving multiple regression models such as logistics [67].



The onset of an arrangement of a particular sample or of indirect total effects depends on a data set of extension n for the exchange of an original sample to occur. In the words, a random observation can be chosen ∞ times. In a sample size equal to n, the values of i, ai, and bi measure aibi, where    ∑ i     (   a i   b i    ) ∗     with an “*” characterizes an estimation from a resampled data set. This procedure is resumed k times (we repeated it 1000 times), producing k times the indirect and specific effects of the independent variables on the dependent variables. The distribution of these k estimates is an empirical, non-parametric estimated calculation of the distribution of indirect interest effects.



Let the distribution of a statistic be   θ b = T    (  F b  )    for the normal bootstrap of n samples, with mean   θ = T  ( F )    and standard deviation se (F). Let     s e  ^    = se (  F ^  ) be an estimate of se (F). Demonstrated in Equation (3).


  P  [   μ  α / 2   ≤    θ ^  − θ     s e  ^      ≤  μ  1 − α / 2 α    ]  ≈ 1 − α ,  



(3)




where  φ  is the normal cdf from which the Cl is   θ ±  μ  1 − α / 2       s e  ^    [67].



The simplest method for inferring about a univariate sample of parameter θ using a bootstrap simulation is the confidence interval using the percentile method. This is equivalent to reading a percentile histogram     θ ^  b ∗    b = 1,…, B produced by bootstrap, where     θ ^  B  ∗  ( α )      denotes the α percentile of bootstrap estimates. The IC at the level 1−α is determined by Equation (4).


  ⌈   θ ^  B  ∗  (   α 2   )    ,     θ ^  B  ∗ 1 −  (   α 2   )    ⌉  



(4)







The accelerated bias-corrected percentile (BCa) method offers a substantial improvement over the simple percentile approach. For the basic percentile method to work, it is necessary for the transformed estimator (θ) to be impartial, with a variance that does not depend on θ. BCa increases   φ   in two parameters in order to meet the best conditions, ensuring an approximate pivot, where there is a monotonically increasing function  φ  and the constants a and b, such as the principle shown in Equation (5).


    ∪  ∗  =   φ    (    θ ^  ∗   )  − φ  (  θ ^  )    1 + a φ  (  θ ^  )    .  



(5)









4. Results


The data fed to fit the best logistic regression model were used with data from previous studies [13]. Thus, it is possible to have an overview of the unique characteristics of EEMs that industrial decision-makers consider a clear opportunity to face the implementation of measures that reduce energy consumption.



The best adjusted logistic regression models, after selecting the indicators, went through the steps detailed in Section 3.2 (F Test, error estimate, and p value), Section 3.3 (Anova, AIC, McFadden’s Pseudo-R2, and Accuracy) and Section 3.4 (bootstraps), as Table 3 shows. It was possible to identify which variables influenced the amount of energy saved in HVAC, motor, lighting systems, and compressed air.



Table 4 shows the results of the validation tests according to the selection of variables by AIC, accuracy, significance of the model by means of Wald, and McFadden’s pseudo-R2.



As described in Section 3.3, McFadden’s pseudo-R2 can be considered strong because of its characteristics of presenting fitted data. Table 1 shows the factors that were not fitted. The rejection occurred in the p-value test. Finally, the ROC curve was plotted to show the performance of the ASE of the binary classifier.



The ROC curve (Figure 1) corresponding to the motor shows that the model had a predictive capacity of 85%. The predicted capacity for the air compressor was 79%, for HVAC it was 72%, and for the lighting system it was 90%.



Table 5 shows the value of bootstrap intervals that fitted due to the n value of data (Section 3.1).



A discussion of the indicators fitted for each specific model of logistic regression follows. It intends to facilitate the identification of specific characteristics of each technology.



The adjustment of logistic regression models, through the steps shown in Section 3 above and its subsections, can be useful for industries to understand which economic and production-related indicators influence electric power consumption. Such an understanding would, in turn, allow for the identification of specific energy occurrences of each cross-cutting technology that can be repaired and consequently reduce electric power consumption.




5. Discussion


In this section, reserved for discussion, an analysis of logistic regression models for cross-cutting technologies is performed. In addition, it discusses the influence of attributes, used as indicators, adjusted on industrial electric power consumption.



5.1. Motor Systems


The most suitable logistic regression model for the motor was:


  l n    (    A E S   1 − A E S    )  = − 5.32 + 1.91 C F  



(6)







According to the adjusted logistic model of Equation (6), the check-up frequency indicator (CF) acts on the variable AES (Table 3 and Table 4 and Section 3.2). This means that when there is a one-unit increase in the CF dummy variable, the amount of electricity saved should increase your chances of logging by 1.91.



The identification of the check-up frequency on the amount of electricity saved through Equation (6) shows that it is the attribute that tends to be faced by industries to improve the electric efficiency of the motor.



The CF will reduce repair maintenance and damage to the motor, allowing for a lower electric energy consumption.



The preventive check-up on electric motors helps to save electricity by constantly maintaining the motors in a good condition. Preventive check-up, such as cleaning and increasing moisture, helps to avoid excessive heat exchanges with the environment, resulting in greater savings in electricity consumption. Specifically, moisture prevents the corrosion of motor shafts, bearings, and industrial rotors. Cleaning impedes the rise in temperature of the cooling fan conjunct, thus modifying the means of heat transfer and increasing the amount of energy necessary for motor operation [68]. In preventive maintenance, electrical devices impede short circuits, which could affect motor energy efficiency. For Soria et al. [69], electrical devices, under different operating conditions, become more active than their total capacity. This event may happen suddenly and may affect the motor, causing turns and coils in shorting them. Therefore, the induction systems supplied by alternating current energy have great potential for electricity savings mainly with the change in energy consumption by centrifugal charge for touch [70].



In a way, as Hajian et al. [32] already highlighted and confirmed Equation (6), the check-up of motors as a means of prevention (cleaning, moisture, and electrical devices) is one of the main tools for obtaining electricity savings. Since a clean and moisture-free machine performs its main activity more efficiently, as it would be less susceptible to interruption due to failures in adjustment and abrupt cessation, it would facilitate the observation of any effects and abnormalities of the engine, consequently keeping the driving force of industrial engines stable. Accordini et al. [71] show with the writing in their work that developing a method of frequent check-ups can identify important impacts on the every dimension of electrical economy in every engine system and, in this way, have a more comprehensive view of measures for adopting the electrical consumption of the engine. Still, adding to Accordini et al. [71], Trianni et al. [72] state that the adoption of electrical saving measures represents a great challenge for the industrial manager, and to develop parameters by means of frequent check-ups, mainly in specific points of the motors, such as in the methods, use of filter, in the inverter isolation, in AC and DC reactors, among others, will provide certainty as to how this decision-making will take place.



Such strategies demonstrated in the previous paragraphs (Equation (6)) allow industrial managers to give industrial engines a longer service life, in which maintenance will provide greater efficiency to industrial engines and, therefore, maintain energy efficiency.



As highlighted in the industrial assessment center recommendations, one should develop a repair/replace policy (ARC 2.4151), standardize engine inventory (ARC 2.4155), establish a preventive maintenance program (ARC 2.4156), and establish a predictive maintenance program (ARC 2.4157).




5.2. Compressed Air Systems


The most suitable logistic regression model for air compressor was:


  l n  (    A E S   1 − A E S    )  = − 2.079 + 2.996 P  



(7)







According to the logistic model of Equation (7), the indicator production (P) affects the AES variable. It means that when there is a one-unit increase in the dummy variable P, the amount of electricity saved increases its log odds by 2.996. The production attribute shows that the influence of the compressed air system is an important explanatory phenomenon for the implementation of a diagnosis that led to a reduction in energy consumption through the industrial production system. The efficient and synchronized operation of industrial pneumatic machines can identify an adversity earlier. Hence, failures in compressed air as a result of the production system can be continuously corrected, thus leading to energy efficiency.



Production systems affect the energy management of air compressors, mainly the suitability for the use of electric cargo [73]. The energy that runs through pipes, elbows, valves, and others interferes with the demand and the electrical consumption of the compression system, causing a loss of pressure and consequently changing the thermodynamic state of the fluid through the compression ratio and the pressure of constant work. This phenomenon causes an increase in the effective work per unit of mass.



Furthermore, the amount of energy consumed has an effective relationship with the excessive production system, leading to greater work pressure. Adjusting the compressor pressure induces the compressor to run for a longer time, which leads to a substantial increase in electricity consumption. Thus, the system for regulating the working pressure of air compressors makes production demand more flexible, thus contributing to the improvement in energy efficiency [73,74].



In addition, the location of air compressors in the plant of the industry, mainly in those that have a minimum number of production systems, may reduce energy costs when the ACs are closer to the specific equipment [75,76].



Saidur et al. [77] demonstrated that the administration and operation of the VSD motor of air compressors leads to savings in energy. Bunse et al. [75] showed the existence of solutions available at a manufacturing process level for energy savings at the company, plant, and process levels. Doyle and Cosgrove [76] demonstrate that further expansions for monitoring leaks in air compressors can be related to a non-production system. Nehler [73] noted that energy efficiency measures and non-energy benefits should be studied individually to recognize the main effects of energy use on production, in line with Cabello Era et al. [34], which shows that having a real dimension of energy consumption is so important to the efficient evaluation of electricity that it becomes significant in monitoring the efficiency of industrial air compressors. Equation (7) also confirms that if compression works properly in the production system and the management is coherent, the amount of electricity consumed in ACs tends to be controllable; in this way, it may reasonably decrease electric consumption since the industry can reach 10% of electric consumption savings in compressors.



The strategies presented above reinforce the idea that industrial production, when cohesive with compressed air systems, minimizes expenditure on energy consumption. Cabello Eras et al. [34], as is also portrayed by Equation (7), highlight that when the industrial production system monitors and controls electricity consumption, it can highlight the inefficiencies that are often hidden in the total electricity consumption of the industry, which can reach savings of 10% [12]. Moreover, there is a highlight in the recommendation, from the industrial assessment center, 2.4223, 2.4235, 2.4236 and 2.4239, that talks about the recommendations that affect productivity and are a good parameter to reduce electricity savings and consequently energy, install a direct action unit in place of compressed air pressure, remove or close unnecessary compressed air lines, eliminate leaks in inert gas and compressed air lines/valves, and eliminate or reduce the use of compressed air.




5.3. HVAC


The best logistic regression model for HVAC was:


  l n  (    A E S   1 − A E S    )  = − 1.54 + 2.18 O M  



(8)







According to Equation (8), the operation and maintenance (OM) indicator affects the variable AES. Thus, by increasing the dummy variable OM by one unit, the opportunity to grow the amount of electricity in the industrial sector expands to log 2.18. The identification of the influence of the operation and maintenance attribute on the amount of electricity saved shows that any anomaly related to voltage, current or frequency deviation leads to problems in the functioning of the HVAC system equipment. Conversely, it can also present itself as a facilitator in the creation of roadmaps that allow the establishment of a set of measures leading to the reduction in industrial electricity consumption [78].



The independent variable operation and maintenance affect the AES of the HVAC system due to the allocation of this type of system in the industrial space and the sensitivity of the HVAC exposure time to the heating and cooling energy needs of the building [79]. Preventive maintenance is the most appropriate measure to minimize downtimes, so that the entire production system environment is not affected when a failure occurs [80].



For Khan et al. [81], operation and maintenance are related to the amount of electricity saved. This decrease in energy consumption is related to top management guidelines for the proper functioning of the HVAC system. Top management is responsible for training technicians to ensure a good industrial operation and consequently for allocating financial resources to operating HVAC systems, meeting the proper standards of the activities in buildings. According to the authors, the operation of preventive maintenance involves the organizational culture of top management. In addition to what was shown by Khan et al. [81], Equation (8) also suggests that cost reduction, with electricity savings, in building acclimatization is associated with the replacement of components of the HVAC system component, added by Mawson and Hughes [82], who demonstrates that the operation and maintenance is a hegemonic factor in the functioning of the HVAC system, since the conditions between the inadequate energy flow inside the buildings cannot deal directly with its monitoring. Most of the amount of electricity saved is registered when the technology manages to be active so as not to interfere with thermal comfort or to interrupt work.



The adjustment of the operation and maintenance attribute helps to recognize how the use of the industrial HVAC system is a fundamental issue for the occupational environment, as this attribute, as shown in the previous paragraphs, and the installed location of the HVAC system change the entire acclimatization, improvement arrangement and quality of the workplace.



In addition to the points highlighted above specifically for the HVAC system, the two main recommendations from the industrial assessment center are the following: use computer programs to optimize HVAC performance (ARC 2.7226) and avoid introducing hot, humid or dirty air into the HVAC system (ARC 2.7228). In this way, the attribute EE measures will help OM during preventive maintenance and adapting to building standards.




5.4. Lighting Systems


Finally, the best logistic regression model for the lighting system was:


  l n  (    A E S   1 − A E S    )  = − 2.64 + 4.58   O M  



(9)







According to the logistic model of Equation (9), the operation and maintenance (OM) indicator affects the AES variable. It means that when there is a one-unit increase in the OM dummy variable, the amount of electricity saved increases its log odds by 4.58. The operation and maintenance attribute acts on the AES so that the deviation related to light projection can reduce the quality of the indoor working environment. From another perspective, the influence of OM on the amount of electricity saved helps to establish a program of measures that promotes the reduction in electric consumption of the lighting system [83,84,85].



The independent variable operation and maintenance affect the AES of the lighting system due to the luminosity helping the thermal and structural comfort of the environment, facilitating the work of the employees.



Thus, as Equation (9) shows, the operation of lighting systems not exceeding the performance limits of lamps and lamp maintenance, such as ballast cleaning, improve the lighting of the industrial space. Schratz et al. [86] show, as does Equation (8), that lighting systems require a routine replacement and inspection of lamps and ballasts to ensure their performance. The guidelines indicate that lamps should be replaced upon reaching 70% of the initial light output. Often, facility managers demand a complete replacement of both lamps and ballast routinely in order to improve ambient lighting comfort, in addition to the regulation of the entry of moisture in the environment and of the deterioration of gaskets and other hardware. In addition, the disposal operation of conventional accessories usually requires specialized handling and recycling due to the hazardous nature of materials (phosphorus and mercury) [86].



Thus, as in Equations (8) and (9) show that the adjustment of the operation and maintenance attribute allows one to recognize how the use of the industrial lighting system is a matter of local structure, as this attribute boosts the quality of the occupational circle.



That said, as shown in Equations (6)–(9), the maintenance planning of cross-cutting technologies becomes a driver to facilitate the technical and intellectual development of the teams that monitor industrial electricity consumption. In addition to contributing to industrial managers, it shows new academic paths beyond attributes and subsequent frameworks developed by other authors. The verification of the influence of attributes on the amount of electricity saved are alternative paths for the research carried out so far. Opening a new quantitative possibility to verify the attributes that interfere with energy electricity.



As also highlighted in Equations (8) and (9) show that the recommendations associated with the operation and maintenance attribute are essential to adapt the electrical saving measures, and consequently energy. Among them, the following stand out in the industrial Assessment Center: keeping lamps and reflectors clean (ARC 2.7123), practice of turning off the light when not necessary (2.7124), disconnecting ballasts (2.7122) and replacing lamps with more advanced technologies such as halogens and fluorescent for LED ones (2.7142).





6. Managerial Implications


The managerial implications of implementing and planning EEMs for cross-cutting technologies allow for measuring the consequent improvement in energy consumption in the organization. The indicators of Equations (6)–(9) may help to establish an electricity policy for a continuous improvement of energy management systems [87].



Nevertheless, a major barrier to policy formulation for reducing electricity savings to generate energy efficiency is the absence of relevant indicators for potential and successful implementation. Equations (6)–(9) can establish energy policies through a system of continuous improvement based on the adjusted attributes and their respective measures that shape these attributes. Such policies include energy policies for replacing old light bulbs with LED lights, a biannual cleaning policy for the HVAC system, checking for leaks in the lines of the compressed air system, and establishing predictive maintenance of the engine system to increase its life cycle. With the establishment of these consumption-reduction measures through continuous improvement, the company will better direct where to act in the reduction in electricity consumption of the four transversal technologies studied.



The potential of energy savings is associated with the operational aspects of the equipment. The purpose is to establish adequate operational parameters from the point of view of energy performance, so that there are real energy consumption savings. The electricity management of transversal technologies must be directed towards recognizing and finding the economic and production aspects that support the best operational performance of the equipment, as highlighted by means of Equations (6)–(9) [88].



The fitted indicators’ operation and maintenance, check-up frequency, and productivity, according to Equations (6)–(9), are influencers of cross-cutting technologies, motors, HVAC, lighting systems, and compressed air. They need to receive special attention from managers through constant preventive maintenance, according to suggestions of the manufacturers of cross-cutting technologies, in addition to specific actions implemented at stages guided by previously defined goals and metrics [88].



The structuring of energy management systems allows for redefining responsibility in decision-making processes and helps to control electricity expenditure considering the P, OM, and FCP indicators. Therefore, the influence of the electric performance of production processes and of cross-cutting equipment undergoes a management innovation initiative within organizations [25,89], so that they do not affect the company’s primary actions and thus do not impede energy efficiency, in addition to leading to productivity improvements [90] and the creation of sets of projects for a possible reduction in energy consumption costs. As Mills and Rosenfelds [7] pointed out, cross-cutting technologies are not autonomous energy systems. A certain characteristic may improve the quality of the energy service and its functionality. Reinforced by Madan [91], the managerial impacts of several types of programs, such as safety of equipment maintenance, scheduled maintenance and increased reliability of useful life, result in the reduction in energy consumption costs, in addition to promoting competitive advantages. However, for that, there is a need for joint actions, such as an innovative management system.




7. Conclusions and Policy Recommendation


This study contributes to the field of industrial energy efficiency in three ways. First, it provides the main characteristics that a company must have to reduce energy consumption considering both economic and production-related aspects. Addressing the main applications from a specific management perspective in the cross-cutting technologies HVAC, lighting systems, motors and compressed air systems, mainly related to the decision-making of industrial managers, demonstrates that top management is mainly responsible for the structural changes in the organization of a culture of energy consumption, with a strategic resource positioning with the objective of seeking energy efficiency, according to the adjusted indicators. Second, specific operational measures for each piece of equipment allow for structuring responsibilities so that the organization’s specific standards are met, equipment is not overloaded, the performance of cross-cutting technologies is enhanced and their results are gradually reduced in energy consumption. Thirdly, the study shows that maintenance control planning is essential for the reliability of cross-cutting technologies activity for energy consumption. The preservation of cross-cutting equipment is an innovative method in the ease and technical and intellectual development of employees.



The present article brings new content and guidance for industrial energy efficiency research. In addition, the verification of the action of attributes on energy consumption takes a step beyond the aspects of surveying attributes and their respective characterization, towards the behavior of the performance between the relation of attributes.



Based on our results, top management support in maintenance and measures to be implemented and in helping to save energy show the importance of some activities for transversal technologies, such as improving engine health; efficient synchronization of pneumatic air compressor machines; the efficient allocation of HVAC systems to improve the thermal environment; and the adequate allocation of low-energy-consumption lamps in a suitable place for lighting the entire environment. In addition to expressing, through the characteristics of EEMs, connections with the production resources of transversal technologies, their adaptability, the replacement of parts and equipment, production control and distortions of financial support due to high and low energy consumption are also shown.



For the technical committees, this work is relevant to improve the guidance strategies of corporate energy consultants, showing the need for engine check-up guidelines for proper functioning to avoid damage, as well as the compressed air system in establishing its synchronization with the activities that require its use. Additionally, the HVAC system and lighting used to develop projects such as thermal comfort and lighting are adequate for the proper functioning of the employees’ work.



The limitation of this work presents alternatives for the creation of future work, such as the expansion and creation of a database of energy efficiency measures, for several countries; the lack of compelling information linking EEMS with barriers; the need for an explicit link between EEMS and production resources; the lack of metrics to assess the impact of EEMs on resources to increase productivity, better use of technologies, environmental compliance and worker comfort.



With the results presented, it is possible to discuss policies to be developed within the industry and even for government managers, as established by the IPCC, taking as parameters the factors adjusted in the four logistic regression models. The indicators analyzed in this work present as the following fundamental behavior: the maintenance system expands specific technical potentials for the engines, compressed air systems, lighting systems and HVAC and presents congruence in policies to reduce electricity consumption. This facilitates the implementation of electricity savings and tends to lead the industry to an adequate potential for energy efficiency. Consequently, this work opens a door for government sectors to present policies in their reports that guide how the behavior adopted for each of the four technologies studied in the industrial sector should be.



In terms of limitations of this study, the results may differ in other regional contexts, especially when it comes to the institutional (regulatory) scenario. Furthermore, this study is based on data found on the industrial assessment center in addition to previous literature. Although, self-reported survey data are commonly used in the literature to measure economic and productive-system performance (thus making this study consistent with previous literature). Therefore, this perception may exceed or underestimate the actual performance achieved depending on the specificity of each country.
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Figure 1. Predictive performance of transversal technologies. 
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Table 1. Industrial energy efficiency measurement systems.
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EEM

	
Description

	
Managerial Impact

	
ARC

	
Source






	
Motor

	
Minimum Efficiency Performance Standards

	
Brazilian motor regulation program and other equipment that defines its mandatory efficiency level.

	
EE for Variable-Speed Drives (VSDs).

	
2.4111; 2.4112; 2.4141

	
[27,28]




	
Motor Rebate Program

	
Efficiency programs that benefit taxpayers with indirect and cascade-induced economic impacts.

	
EE for new premium efficiency engines, variable frequency drives (VFD).

	
2.4113; 2.4141; 2.4142; 2.4143

	
[29]




	
Methodology for Evaluation of EE in Induction Motors

	
Unified training methodology and laboratory equipment in energy efficiency research for induction motors.

	
EE in electrical charge loss and reports CO2 emissions.

	
2.4131;2.4132; 2.413; 2.4134

	
[30]




	
National Project on Energy Saving through Upgrading Electric Motors

	
Chinese national economy project with the purpose of facilitating the application and dissemination of high efficiency EMs.

	
EE measures, Energy-saving Companies and measures environmental.

	
2.4151; 2.4152; 2.4153; 2.4154; 2.4155; 2.4156; 2,4157

	
[30,31]




	
Motor drive controller

	
Control methodology of three-phase induction motor unit due to its rejection and disturbances.

	
EE for three-phase induction motor.

	
2.4144; 2.4145

	
[32]




	
Compressed Air

	
Optimization model of the industrial compressed air system

	
Compressed air system in the hot region on the effect of the inlet temperature on the isentropic efficiency of compressors and on the efficiency of intercoolers.

	
EE for ambient temperature, variation in isentropic efficiencies, and intercooler effectiveness.

	
2.4221; 2.4232; 2.4234; 2.4237; 2.4238

	
[33]




	
Performance control methodology for compressed air systems

	
General computational approach applied to energy performance control for compressed air systems.

	
EE for operations, maintenance, and energy accounting in compressed air systems.

	
2.4233; 2.4235; 2.4236

	
[33]




	
Energy management in compressed air systems

	
Energy management procedure to monitor and control electricity consumption and maintain the energy performance of compressed air systems.

	
Identification of Energy Inefficiency of Compressed Air.

	
2.4222; 2.4224; 2.4225; 2.4226; 2.4227

	
[34]




	
Metric to characterize the performance of compressed air systems

	
Simplified method that uses unique metrics to determine the performance of compressed air systems regarding energy consumption.

	
EE for charge compressor.

	
2.4223; 2.4231;

	
[35]




	
Lighting systems

	
Optimization of indoor lighting tension

	
Variation of active and reactive power as a function of voltage for lighting devices.

	
EE for interior lighting.

	
2.7121; 2.7124; 2.7133

	
[36]




	
Energy management system

	
Lighting system to improve the quality of ambient lighting.

	
EE for luminance with luxmeter.

	
2.7111; 2.7112; 2.7122; 2.7134; 2.7141; 2.7142; 2.7143

	
[37]




	
Short and long term monitoring

	
Identify lighting efficiency measures in industrial manufacturing.

	
EE for lighting retrofit.

	
2.7123; 2.7131; 2.7132; 2.7135; 2.7144; 2.7145

	
[38]




	
HVAC

	
Energy efficiency management in HVAC systems

	
Energy efficiency in serial-production systems.

	
EE for machine recovery time.

	
2.7226; 2.7232; 2.7233; 2.7235; 2.7241; 2.7244; 2.7271; 2.7291; 2.7293

	
[39]




	
Optimal scheduling strategy based on activity type and weather

	
Daily schedule of activities allowing energy savings.

	
EE for internal environmental.

	
2.7221; 2.7222; 2.7223; 2.7224; 2.7234; 2.7292; 2.7311; 2.7312; 2.7314

	
[40]




	
On-demand ventilation and energy conservation of HVAC systems

	
Ventilation demand model and the system’s projected and optimized exhaust rate determination.

	
EE for industrial exhaust systems.

	
2.7225; 2.7227; 2.7243; 2.7245; 2.7252; 2.7261; 2.7262; 2.7273; 2.7313; 2.7316

	
[41]




	
Framework for dimensioning the HVAC

	
Sizing method that ensures a certain minimum level of performance of the HVAC system.

	
EE for safety factor.

	
2.7212; 2.7228; 2.7242; 2.7251; 2.7263; 2.7264; 2.7272; 2.7315

	
[42]
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Table 2. Indicators fitted to the logistic regression model.
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	Name
	Source





	Amount of electricity saved (AES)
	[12]



	Costs (C)
	[12,51]



	Working environment (WE)
	[12]



	Corporate involvement (CI)
	[12,52]



	Productivity (P)
	[12,53,54]



	Operation and maintenance (OM)
	[12,54,55]



	Check-up frequency (CF)
	[12,56]
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Table 3. Adjusted logistic regression model.
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BAT

	
Variables

	
β

	
SE (β)

	
p-Value






	
Motor

	
Interceptor

	
−5.32

	
2.17

	
0.0145




	
CF

	
1.91

	
0.76

	
0.0118




	
Compressor

	
Interceptor

	
−2.079

	
1.061

	
0.0499




	
P

	
2.996

	
1.214

	
0.0136




	
HVAC

	
Interceptor

	
−1.5404

	
0.6362

	
0.01547




	
OM

	
2.1823

	
0.7466

	
0.00347




	
Lighting

	
Interceptor

	
−2.639

	
1.035

	
0.01079




	
OM

	
4.585

	
1.488

	
0.00206
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Table 4. Validation of tests for logistic regression.
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	BAT
	AIC
	Pseudo-R2
	Wald
	Accuracy





	Motor
	24.54
	0.36
	0.02
	0.83



	Compressor
	27.03
	0.28
	0.02
	0.78



	HVAC
	57.21
	0.17
	0.005
	0.71



	Lighting
	17.37
	0.55
	0.005
	0.92
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Table 5. Bootstrap interval.






Table 5. Bootstrap interval.





	
BAT

	
Variables

	
Normal

	
Percentile

	
Bca






	
Motor

	
Interceptor

	
−39.22; 47.78

	
−65.16; −2.44

	
−59.79; −1.27




	
CF

	
−17.36; 14.26

	
0.88; 22.27

	
0.44; 20.85




	
Compressor

	
Interceptor

	
−12.95; 20.53

	
−20.57; −0.51

	
−19.56; 0.33




	
P

	
−20.79; 14.17

	
1.1; 20.17

	
−16.72; 20.86




	
HVAC

	
Interceptor

	
−7.94; 6.59

	
−19.57; −0.45

	
−2.95; −0.32




	
OM

	
−6.03; 8.58

	
0.81; 20

	
0.45; 3.58




	
Lighting

	
Interceptor

	
−14.86; 23.62

	
−25.57; −1.3

	
−25.57; −0.58




	
OM

	
−38.98; 20.16

	
2.42; 51.13

	
1.18; 23.13
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