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Abstract

:

The need to improve the sustainability of intensive livestock farming has led to an increasing adoption of Building Energy Simulation (BES) models for livestock houses. However, a consolidated body of knowledge specifically dedicated to these models is lacking in literature. This gap represents a significant obstacle to their widespread application and scalability in research and industry. The aim of this work is to pave the way for scaling the adoption of BES models for livestock houses by providing a comprehensive analysis of their application, development, and validation. For this aim, a systematic review of 42 papers—selected from over 795 results from the initial database query—is carried out. The findings underscored a growing body of research that involves BES models for different purposes. However, a common approach in both model development and validation is still lacking. This issue could hinder their scalability as a standard practice, especially in industry, also considering the limitations of BES models highlighted in this work. This review could represent a solid background for future research since provides an up-to-date framework on BES models for livestock houses and identifies future research opportunities. Moreover, it contributes to increasing the reliability of BES models for livestock houses by providing some recommendations for their validation.
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1. Introduction


1.1. Background


Animal-derived food products play a significant role in ensuring food security. They account for approximately 25% of the total global protein intake and contribute approximately 18% to global calorie consumption [1]. A substantial share of those food products comes from intensive livestock systems, which contribute to feeding at least 1.3 billion people [2]. In intensive systems, livestock is farmed in livestock houses that are designed and managed to minimize costs and maximize production [3]. Climate control plays a central role in the management of this type of livestock house due to its remarkable impact on different domains of livestock production [4]. Previous works have pointed out how providing adequate indoor climate conditions and avoiding heat stress affects animal productivity in both quantitative [5,6] and qualitative terms [7,8].



Mechanical climate control systems are widely implemented in intensive livestock houses, leading to considerable energy consumption that significantly contributes to the overall energy use of the livestock facilities. Supplemental heating represents up to 96  %   of the total thermal energy consumption (around 140     k W h   t h     m   − 2     a   − 1    ) in broiler houses, while ventilation can account between 40  %   (up to 11     k W h   e l       m   − 2     a   − 1     [9]) and 70  %   [10] of the total electrical energy consumption. In laying hen houses, ventilation can represent around half of the total electrical energy consumption (20     k W h   e l       m   − 2     a   − 1    ). Similarly, ventilation and localized heating in pig houses can amount to nearly 50  %   (37      k W h   e l       m   − 2     a   − 1    ) of the total electrical energy consumption [9].



The energy consumption due to climate control has a noteworthy influence from various perspectives. From a financial point of view, it represents a running cost for farmers. In contract broiler production, the cost of energy may be preponderant for growers. Providing heating and electrical energy to the farm may represent a cost that ranges between EUR 0.06 [10] and EUR 0.32 [11] per broiler, depending on the considered context. In contract broiler production, thermal and electrical energy account for 25% and 12% of the total variable costs for the grower, respectively [11]. The energy consumption due to climate control also has a negative impact from the environmental point of view. Greenhouse Gas (GHG) emissions related to on-farm energy use account for up to 8  %   of the total from the broiler supply chain, 4  %   from the egg supply chain, and 3  %   from the pork supply chain [12]. Such high GHG emissions are due to the fact that electricity from the grid and fossil fuels still represent the main energy sources adopted in livestock farms [13], with further negative impacts on food security. The price of livestock commodities (e.g., meat and dairy), in fact, closely follows the oil price which is characterized by a high volatility [14]. This results in higher production costs and increased business risks for the farmers, leading to a subsequent rise in the price of the final products [15].




1.2. Building Energy Simulation (BES) Models for Livestock Houses


To reduce energy consumption due to climate control, improve indoor climate conditions, and decrease the dependence of livestock systems on fossil fuels, new solutions have been studied in recent years, with a focus on passive solutions [16,17] or the implementation of renewable energy technologies, such as geothermal [18] and aerothermal [19] heat pumps, photovoltaic panels [20], and biogas-fed combined heat and power units (CHPs) [21]. Evaluating the effectiveness and the potential of these solutions is a challenging task, typically accomplished via experiments or numerical simulations, which are often performed using Building Energy Simulation (BES) models. BES models are physics-based mathematical models that allow for the estimation of a building energy performance and indoor climate conditions under a given set of boundary conditions and inputs [22]. The use of BES models for analyses of livestock houses has considerably increased in recent years, especially for performing preliminary analyses and system optimizations due to their cost effectiveness, flexibility, and time efficiency. Moreover, BES models are also considered one of the pillars for future energy performance certification schemes for livestock houses [23].



In contrast, BES models are well established in the building sector, where they have been adopted for decades by researchers and practitioners to predict and analyze the energy use and indoor environmental conditions of buildings for human occupancy [24]. The use of BES models is considered crucial for the assessment of the environmental and energy-related impacts of those buildings [25]. The crucial role of BES models in the building sector has led to the development of a vast body of knowledge. Several studies, in fact, are present in the literature providing comprehensive overviews of the state of the art and insights on specific topics. For example, several works have focused on the development and calibration of BES models [22,26,27], as well as on specific modeling topics, such as the estimation of the infiltration rate [28], the modeling of the occupant behavior [29], and thermal zoning [30].




1.3. Research Gap, Aim, and Contributions of This Work


BES models could play a crucial role even in assessing the environmental and energy-related impacts of livestock houses. Although livestock houses share commonalities with buildings for human occupancy, several specificities (e.g., higher ventilation air flow rates and the use of evaporative cooling) make the energy modeling of livestock houses a separate modeling activity [31], which are worth specific and thorough investigations. However, the existing literature lacks a well-established and consolidated body of knowledge specifically dedicated to BES models for livestock houses. This gap poses a significant obstacle to the scalability of BES models, hindering a widespread application in the livestock sector. Only via the establishment of a comprehensive body of knowledge a growing number of BES models can be developed and validated robustly, using standardized and widely accepted methodologies. This paves the way for making BES models a standard practice in both research and, more crucially, industry. The widespread use of BES models during livestock house design and management stages, in fact, may positively impact several aspects, such as energy efficiency.



The objective of this work is to pave the way for scaling the adoption of BES models for livestock houses in livestock sector by providing a comprehensive analysis of the application, development, and validation of BES models. In addition, a discussion about the limitations that should be overcome to scale their adoption among researchers and practitioners. To achieve this objective, the research efforts made in recent years are encapsulated via a systematic review. This review stands as a pioneer in the literature, being the first—according to the author’s knowledge—to delve into the specific topic of BES models for livestock houses. This paper provides valuable insights into the current state of the art by examining several aspects of the development, validation, and application of BES models for livestock houses. Furthermore, it discusses the main limitations of BES models that should be overcome to enhance their scalability and highlight future research directions.



This paper delivers the following scientific contributions:




	
The presentation and thorough critical comparison of the BES models for livestock houses developed in recent years. By doing so, a pioneering and comprehensive overview of this specific area is provided.



	
A critical examination of the validation procedures adopted in BES models for livestock houses accompanied by insightful recommendations to enhance and harmonize the validation process of future BES models. The final aim is to increase the reliability of these models.



	
A critical discussion about the limitations that should be overcome to make BES models a standard practice, especially in industry.








The outcomes of this review consolidate the existing body of knowledge about BES models for livestock houses and represent strong references for enhancing the quality of current and future investigations in this field. Moreover, the results of this work could contribute to establishing the use of BES models as a standard practice in the livestock sector with positive impacts on energy efficiency, environmental impacts, and operational costs.



The paper is structured as follows. After this introductory section (Section 1), the comprehensive methodology employed for this systematic review and the analyses of the retrieved BES models is presented (Section 2). Then, the main results are presented, and the identified BES models are analyzed and compared (Section 3). A critical discussion (Section 4) examines the limitations of BES models that may hinder their scalability and suggests some recommendations for BES validation. Moreover, a discussion about how BES models can contribute to a more environmentally sustainable and resilient livestock sector is provided. Finally, the concluding remarks are provided (Section 5).





2. Materials and Methods


2.1. Review Methodology


The selection process of the academic publications analyzed in this review relies on the methodology adopted in similar works present in the literature [32,33]. The selection process consists of the following steps: (1) scope delimiting; (2) logic grid creation; (3) definitions of the literature database, search rules, and screening criteria; (4) database search; and (5) identification, pre-screening, and final screening. Each one of these steps is described in the following subsections.



2.1.1. Scope Delimiting


The scope of this review is delimited by defining three inclusion conditions. To be included, the retrieved papers must fulfill all of them, which are as follows:




	
The paper should be focused on livestock houses in intensive systems. Papers focused on other livestock systems (e.g., extensive or backyard systems) as well as on other farm structures (e.g., biodigesters or milking parlors) are out of the scope of this review.



	
The paper should be focused on climate control and/or energy aspects. Papers focused on other topics, such as gaseous emissions and waste management, are out of the scope of this work.



	
In the paper, a physics-based BES model for livestock houses should be adopted.








The last inclusion condition (C) excludes Computational Fluid Dynamics (CFD) and Data-Driven (DD) models from the scope of this review. Even though CFD and DD models are also adopted to analyze livestock houses, they are characterized by some distinctive features that set them apart from BES models.



CFD is a computer-based technique aimed at characterizing, interpreting, and quantifying fluid transport phenomena via a numerical solution of the conservation equations [34]. CFD models provide data for each point of the computational domain simultaneously [35]. Thus, they can accurately estimate the airflow behavior and temperature distributions within the enclosure [36]. For this reason, CFD models are usually applied to livestock houses to study ventilation, thermal distribution, heat transfer rates, gaseous emissions, and the dispersion of odors and minor contaminants [34,35]. One of the main disadvantages of CFD simulations is that running simulations can be time-consuming and require significant computing resources [37], especially when turbulent flows are analyzed. Turbulence models, in fact, are usually too computationally expensive to allow routine simulations [35] and to be included in optimization processes, where thousands of simulations are needed [34]. For this reason, analyses performed using CFD simulations are usually limited to hours or days [37].



While CFD models are mainly focused on fluid flow analyses, BES models are mainly focused on the simulation of the building thermal behavior and the performance of climate control systems to primarily investigate energy aspects. However, their focus has also expanded to include the analysis of the indoor thermal environment [36]. Usually, BES models assume the indoor air to be well mixed, with a uniform distribution of air temperature, velocity, humidity, and contaminant contents over the building [36]. This simplification with respect to CFD models enables BES models with a short computing time [37], which makes them suitable for routine simulations, optimization processes, and long period analyses. General examples of applications of BES models are the optimization of building design at the envelope and system level, as well as the assessment of the overall building energy use, thermal load under design conditions, and possible overheating risk [38].



While physics-based BES models are based on physical equations (e.g., heat and mass balance equations) to simulate the thermal behavior of the building, DD models use mathematical methods (e.g., statical methods or artificial learning techniques) to deduce the hidden relationship between inputs and outputs [39]. Thus, the development of DD models requires less in-depth knowledge of the involved physical phenomena. In contrast, adequate datasets are required. These features make DD models particularly well suited for analyzing the system performance of existing buildings, enabling a more accurate estimation of the future system performances under specific boundary conditions [38]. On the other hand, being based on physical equations, BES models can be developed even when the investigated building/system is not real, making them especially suitable for the design stage and the preliminary analyses of experimental solutions. Similarly, not depending on data for their development, forward BES models can also be developed when the investigated variables are difficult to acquire, for example, thermal loads.



Considering the distinctive features regarding the development and applications of BES models highlighted earlier, the scope of this review is limited exclusively to them. Such specific focus ensures a deeper comprehension of the analyzed BES models, apples-to-apples comparisons between them, and detailed analyses of their potentialities and limitations in the specific context of livestock houses.




2.1.2. Logic Grid Creation


Once the scope limits were defined, a logic grid of keywords and alternative terms was created and is reported in Table 1. First, the main keywords were selected. They are “livestock”, “hous*”, “energ*”, and “model*”. The asterisk wildcard was used for the truncation to include in the search significant variations of the same word, such as housing and houses for “hous*”. For each keyword, alternative terms were identified to make the search broader and more extensive. The identified alternative terms are reported in the rows below each keyword in Table 1. As visible in the table, several alternative terms were identified—especially for “livestock” and “hous*”—to minimize possible biases in the keyword selection. Please note that the asterisk wildcard was used only for those terms that were considered to have significant variations. Minor variations due to plural or misspellings are directly considered by the search engine of scientific databases.




2.1.3. Definitions of the Literature Database, Search Rules, and Screening Criteria


The literature database adopted for this research was Scopus®. The search was limited to English research papers that were published in peer-reviewed scientific journals. This criterion was set since these publications were considered of higher quality than grey literature, tertiary literature, and conference papers. A 25-year time span was considered for the research. Thus, only papers published between 1998 and 2023 were included in the research.




2.1.4. Database Search


The database search was performed in July 2023. The keywords and the alternative terms were concatenated as follows. Each keyword and its alternative terms (the ones in the same column as the keyword in Table 1) are concatenated using the Boolean operator OR. The keywords “livestock” and “hous*” are concatenated using the operator PRE/n, where n was set equal to one. This operator limits the search to those works in which the first term (livestock) in the query precedes the second one by, at maximum, one term. This choice was led by the need to focus the search specifically on livestock houses. Similarly, the keywords “energy*” and “model*” were concatenated using the operator PRE/n. Here, n was set equal to three. Also, in this case, the choice was led by the need to focus specifically on energy models but include among the results those word combinations in which “energy*” and “model*” appear separated by additional terms, such as in “energy simulation model”. Finally, the keywords “house*” and “energy” are concatenated by the Boolean operator AND. The search was extended to the title, abstract, and keywords of scientific papers. The entire query introduced in the Scopus® database is reported in Appendix A.




2.1.5. Identification, Pre-Screening, and Final Screening


The database search identified 795 scientific papers, which were pre-screened to further limit the search. To this aim, the manual filters of the database were used to exclude the papers from subject areas that were considered out of the scope of this review, namely “Veterinary”, “Biochemistry, Genetics and Molecular Biology”, “Social science, Immunology and microbiology”, “Medicine”, “Pharmacology, Toxicology and Pharmaceutics”, “Arts and Humanities”, “Neuroscience”, and “Nursing”. After the pre-screening, 524 papers were considered for the final screening, as schematized in Figure 1.



The final screening was performed considering the scope of the work delimitations presented in Section 2.1.1. Thus, a paper is included in this review only if fulfills the inclusion conditions A, B, and C. This fulfillment is evaluated at three different and consecutive levels: title, abstract, and paper main body. The number of papers excluded at each level is reported in Figure 1. During the final screening, it stood out that some papers adopted a specific BES model that was developed in a previous work. Since the publication year of that work fell within the 25-year time span considered in this review, that work was included. After the final screening, 42 papers were included in this review.





2.2. Analysis Methodology


The 42 papers are then critically analyzed, focusing on their application, development, and validation.



The first part of the analysis regards model application (Section 3.1). The retrieved research papers are analyzed to identify their main research focus, the investigated type of livestock house, and the type of ventilation, whether mechanical or natural. This analysis is performed to provide an overview of the possible applications of BES models. Additional bibliographical details about the paper (publication year and journal title) are provided to give a more detailed overview of the status of the literature regarding the considered modeling activity. The second part of the analysis (Section 3.2) is focused on model development and discerns the type of model, the type of analysis (dynamic or steady state), and the simulation time step. This comparative approach offers a detailed overview of the predominant approaches adopted in BES models for livestock houses. Additional analyses extend to the key energy parameters estimated by the models, along with an assessment of model validation status. This analysis is performed because can provide a valuable reference for researchers and practitioners interested in evaluating specific energy parameters within a framework of reliable prior works. The last part of the analysis (Section 3.3) examines the pivotal aspect of model validation. A thorough exploration of validated BES models compares the diverse validation procedures. The comparison criteria include validated parameters, duration of the validation period, granularity of the data, goodness-of-fit indexes, and adoption of validation thresholds. This examination is performed to provide insights into the robustness and reliability of the analyzed BES models and valuable information for performing the model validation in future research.




2.3. Bias Risk and Limitations


This work has specific bias risks and limitations that have to be considered when analyzing the outcomes. Some bias risks are identified in the database search that was limited to a single database (Scopus®) and focused only on papers published in English journals during the last 25 years. Proceedings papers, book chapters, and grey literature (e.g., reports and working papers) are excluded from this review. Hence, relevant studies may be missing from the present review. Nonetheless, this bias is considered to have a minor impact on the results of this review. The major contributions on the analyzed topic (BES models), in fact, are estimated to be published mostly in international journals, and the considered time span is deemed suitable to encompass the latest advances in this field. Future reviews could further investigate journals in other languages as well as other literature sources by leveraging different databases.



A possible limitation of this review is its focus limited to BES models only, with the exclusion of both CFD and DD models from its scope, as detailed in Section 2.1.1. On one hand, this limitation of the scope of the work enables deeper and specific analyses focused on BES models. On the other hand, the exclusion of CFD and DD models limits the overall comprehension of numerical modeling adopted to investigate livestock houses from the point of view of climate control and energy use. Future reviews may focus on the simulation models that were excluded in this review. Specifically, the use of CFD models for agricultural buildings—both greenhouses and livestock houses—was recently analyzed by Bournet and Rojano [34]. A similar review may be performed for DD models, especially considering the spreading use of artificial intelligence.



An additional limitation pertains to the scope of analyses conducted in this review. While this review focuses on some specific aspects of BES models, it is important to note that other relevant aspects may be neglected, presenting a potential limitation to the work. However, being the first systematic review specifically focused on this topic, it lays the foundation for further works that could systematically investigate other aspects, contributing to a more exhaustive examination of this research field.





3. Results


3.1. BES Models for Livestock Houses: Applications


The analysis of the included papers makes it possible to identify five main categories of applications of BES models for livestock houses, namely



	
Model investigation;



	
Energy assessment;



	
Heat stress evaluation;



	
Control strategy improvement;



	
Renewable Energy Source (RES) integration.






Please note that additional and more specific categories of applications of BES models could be identified. However, the applications have been deliberately confined to five categories to enhance comprehension and facilitate the comparison.



In Table 2, the 42 included papers are organized according to the previously identified categories of application. From the table, it stands out that model investigation is a common application of BES models. The aim of several works, in fact, is investigating how to develop a BES model for specific or generic livestock houses. This is more common in the oldest works included in this review that aimed at establishing the first methodologies for the energy simulation of livestock houses. Examples of this type of work are the ones of Cooper et al. [40] and Liberati and Zappavigna [41]. Both aimed at developing a general methodology for the energy simulation of generic livestock houses with mechanical or natural ventilation. Other works focus on specific modeling aspects rather than general modelling methodologies. For example, Lee et al. [42] focused on how to estimate the evaporation rate from duck-house litter, while Shin et al. [43] specifically focused on how to calibrate the modeled fan electrical energy consumption.



Another application of BES models is the energy assessment with different focuses. For example, BES models are used to estimate the thermal loads of the livestock house, as performed by Qi et al. [44], Nawalany and Sokołowski [45], and Izar-Tenorio et al. [46]. In other cases, energy assessments are performed for evaluating energy efficient solutions—as performed by Kwak et al. [20] and Jackson et al. [16]—with a specific focus on the envelope, as in Costantino et al. [17], Axaopoulos et al. [47], and Wang and Xue [48]. The energy assessment performed by Si et al. [49] aimed at estimating the overall carbon and water footprint of pig farms. In other cases, BES models are adopted for estimating the indoor climate conditions to assess the heat stress of livestock in different contexts. For example, Mikovits et al. [50] evaluated the pig heat stress in Central Europe between 1981 and 2017, while Schauberger et al. [51] extended this evaluation in a projection to 2030. Gonçalves et al. [52] evaluated the possible heat stress risk considering different types of roof tiles. Other works adopt BES models for improving different control strategies, as performed by Shin et al. [53] through weather forecasting data, or by Lambert et al. [54] with a focus on humidity control. Recently, energy simulation models have also been adopted for analyzing the integration of RES technologies in livestock houses, as carried out by Tyris et al. [19] and Manolakos et al. [55]—with heat pumps—and Tan et al. [21] and Omar et al. [56], with biogas systems. It is worth mentioning that Kwak et al. [20] included a photovoltaic system in their energy assessment.



Table 2 also reports the investigated type of livestock house and the adopted type of ventilation, whether mechanical or natural. As visible from the table, the developed models primarily simulate livestock houses for monogastric animals, mainly poultry and pigs. Among the poultry-related BES models, the majority center on broiler houses. Only two models (Wang et al. [57] and Zhao et al. [58]) focus on laying hen houses, and the other two of them (Lee et al. [42,59]) focus on duck houses. In the case of pig houses, most models simulate fattening pig houses, although there is also a notable presence of models focused on piglet houses. Nguyen-Ky and Pentillä [60] and Menconi et al. [61] stand out as the sole contributors focused on livestock houses for ruminants. The former focused on a dairy barn, while the latter on a sheepfold. Lastly, three studies take a broader approach by examining generic livestock houses. These include the works of Turnpenny et al. [62], Liberati and Zappavigna [41], and Cooper et al. [40]. Developed for generic livestock houses, the last two mentioned works are the only ones that encompass both mechanical and natural ventilation, while almost the totality of the others is focused on mechanically ventilated livestock houses. The sole exceptions are the works of Lee et al. [59], Gonçalves et al. [52], Nguyen-Ky and Pentillä [60], Omar et al. [56], and Wang and Xue [48], which are focused on naturally ventilated livestock houses. This preponderant focus on mechanically ventilated livestock houses could be due to two reasons. On one hand, mechanically ventilated livestock houses are characterized by higher energy consumption [9]. Thus, they are the focus of more investigations aimed at improving their energy performance. On the other hand, it is complex to perform detailed fluid analysis and estimate the natural ventilation flow rate using BES models. This aspect may limit their versatility and scalability, as discussed later in the text.





 





Table 2. Applications for the Building Energy Simulation models analyzed in the review. The type of simulated livestock house is reported with the type of ventilation in brackets (M: Mechanical, N: Natural). The journal and the publication year are reported per each analyzed work.






Table 2. Applications for the Building Energy Simulation models analyzed in the review. The type of simulated livestock house is reported with the type of ventilation in brackets (M: Mechanical, N: Natural). The journal and the publication year are reported per each analyzed work.





	
Application

	
Reference

	
Livestock House

(Type of Ventilation)

	
Journal

	
Publication Year






	
Model

investigation

	
Lee et al. [59]

	
Duck house (N)

	
Biosystems Engineering

	
2022




	
Shin et al. [43]

	
Piglet house (M)

	
Biosystems Engineering

	
2022




	
Costantino et al. [31]

	
Fattening pig house (M)

	
Applied Energy

	
2022




	
Nguyen-Ky and Pentillä [60]

	
Dairy barn (N)

	
Applied Engineering in Agriculture

	
2021




	
Lee et al. [42]

	
Duck house (M)

	
Biosystems Engineering

	
2020




	
Costantino et al. [63]

	
Broiler house (M)

	
Energy and Buildings

	
2018




	
Hamilton et al. [64]

	
Broiler house (M)

	
Advances in Mechanical Engineering

	
2016




	
Liberati and Zappavigna [41]

	
Generic house (N/M)

	
Transactions of the ASABE

	
2007




	
Silva et al. [65]

	
Broiler house (M)

	
Revista Brasileira de Engenharia Agrícola e Ambiental

	
2007




	
Wagenberg et al. [66]

	
Fattening pig house (M)

	
Biosystems Engineering

	
2003




	
Schauberger et al. [67]

	
Fattening pig house (M)

	
International Journal of Biometeorology

	
2000




	
Cooper et al. [40]

	
Generic house (N/M)

	
Journal of Agricultural Engineering Research

	
1998




	
Energy

assessment

	
Si et al. [49]

	
Fattening pig house (M)

	
Science of the Total Environment

	
2023




	
Qi et al. [44]

	
Nursery + fattening pig house (M)

	
Agriculture

	
2023




	
Nawalany and Sokołowski [45]

	
Broiler house (M)

	
Energies

	
2022




	
Costantino et al. [17] 1

	
Broiler house (M)

	
Journal of Cleaner Production

	
2021




	
Kwak et al. [20] 2

	
Piglet house (M)

	
Energy Strategy Reviews

	
2021




	
Panagakis et al. [68] 1

	
Broiler house (M)

	
CIGR Journal

	
2021




	
Costantino et al. [69]

	
Broiler house (M)

	
Biosystems Engineering

	
2020




	
Izar-Tenorio et al. [46]

	
Broiler house (M)

	
Journal of Cleaner Production

	
2020




	
Wang et al. [57]

	
Laying hen house (M)

	
Computers and Electronics in Agriculture

	
2020




	
Jackson et al. [16]

	
Fattening pig house (M)

	
Biosystems Engineering

	
2018




	
Jackson et al. [70]

	
Fattening pig house (M)

	
Energy and Buildings

	
2017




	
Axaopoulos et al. [47] 1

	
Fattening pig house (M)

	
Transactions of the ASABE

	
2017




	
Wang and Xue [48] 1

	
Piglet house (N)

	
Transactions of the ASABE

	
2016




	
Zhao et al. [58]

	
Laying hen house (M)

	
Biosystems Engineering

	
2013




	
Menconi et al. [61] 1

	
Sheepfold (M)

	
Journal of Agricultural Engineering

	
2013




	
Park et al. [71]

	
Fattening pig house (M)

	
Computers and Electronics in Agriculture

	
2013




	
Heat stress

evaluation

	
Scherllin-Pirscher et al. [72]

	
Fattening pig house (M)

	
Atmosphere

	
2022




	
Cho et al. [73]

	
Broiler house (M)

	
Agriculture

	
2022




	
Schauberger et al. [51]

	
Fattening pig house (M)

	
Agronomy

	
2022




	
Gonçalves et al. [52]

	
Broiler house (N)

	
Revista Brasileira de Engenharia Agrícola e Ambiental

	
2022




	
Mikovits et al. [50]

	
Fattening pig house (M)

	
International Journal of Biometeorology

	
2019




	
Haeussermann et al. [74]

	
Fattening pig house (M)

	
Transactions of the ASABE

	
2007




	
Turnpenny et al. [62]

	
Generic house (M)

	
Global Change Biology

	
2001




	
Control strategy improvement

	
Shin et al. [53]

	
Piglet house (M)

	
Energy

	
2023




	
Lambert et al. [54]

	
Fattening pig house (M)

	
Canadian Biosystems Engineering

	
2001




	
Gates et al. [75]

	
Broiler house (M)

	
Computers and Electronics in Agriculture

	
2001




	
RES 3

integration

	
Tyris et al. [19] 4

	
Broiler house (M)

	
Energies

	
2023




	
Tan et al. [21] 5

	
Broiler house (M)

	
Energy

	
2022




	
Omar et al. [56] 5

	
Broiler house (N)

	
Renewable Energy

	
2020




	
Manolakos et al. [55] 4

	
Broiler house (M)

	
Computers and Electronics in Agriculture

	
2019








1 Focus on envelope solutions. 2 A photovoltaic system is considered. 3 RES: Renewable Energy Source. 4 Focus on a heat pump. 5 Focus on a biogas system.











In Table 2, the journals where the analyzed works were published are reported. As visible from the table, most of the analyzed works were published in journals focused on agricultural engineering, mainly “Biosystems Engineering”, “Computers and Electronics in Agriculture”, and “Transaction of the ASABE”, which are the journals with the highest numbers of publications. However, the publications in journals dealing with energy topics, such as “Energy” and “Energy and Buildings”, confirm the multidisciplinary nature of this modeling activity. In Table 2, the inclusion of publication years for each work serves to offer insights into the evolution of the analyzed research area over the duration covered by this review (1998–2023). To make this evolution clearer, the annual publication count throughout the timeframe covered in this review is presented in the stacked bar chart of Figure 2. The chart shows a notable surge in research involving BES models for livestock houses since 2016. In the period from 1998 to 2015, only 12 works were published, while the subsequent period, from 2016 onward, witnessed a remarkable increase, with an additional 30 publications. Furthermore, in the most recent years, a pronounced upward trajectory has become evident, with over half of the total works considered (22/42) having been published since 2020. This upswing in research output could have been driven by the increasing concern over the environmental impact of livestock systems. It is no mere coincidence that this surge in the volume of published research occurred during the same period when significant policy initiatives, such as the European Green Deal with its Farm to Fork Strategy [76], were approved. This upward trend underscores the emerging and increasingly prominent nature of this research area. The sub-bars of Figure 2 indicate the publication count specifically referred to the five categories of applications of the BES models identified within this review. The sub-bars highlight how, in the first part of the considered timespan (1998–2007), the main applications were model investigation, control strategy improvement, and heat stress evaluation. Pretty recently (from 2013), BES models have started to be used for energy assessments and RES integration (from 2019).




3.2. BES Models for Livestock Houses: Development


The BES models included in this review are critically analyzed and compared to highlight their main differences. This critical comparison is summarized in Table 3, where the main features of the analyzed BES models are presented and compared. Specifically, the table shows the differences in terms of the type of model, the type of analysis (steady-state or dynamic), simulation time step, and investigated energy parameters. Moreover, the table indicates if the considered BES models estimate the indoor air relative humidity (    φ   a i r _ i    ) and whether the model validation was performed.



Table 3 points out significant differences between the analyzed BES models. Considering the total 42 analyzed works, a customized energy simulation model was developed in 27 of them. In the remaining 15 works, the BES model was implemented using a ready-to-use simulation tool. Customized energy models rely on a set of customized equations specified by the modeler to define the boundary conditions, solve thermal balance, and simulate the system performance [31]. The development of a customized energy model is an approach that is adopted for both steady-state and dynamic models, and it represents the first solution, in chronological terms, adopted for the energy simulation of livestock houses, as noticeable by comparing Table 2 and Table 3. In contrast, the adoption of ready-to-use simulation tools for the energy simulation of livestock houses is more recent, and it is preferred to perform dynamic simulations. In this second approach, the simulation model is implemented via physics-based software able to simulate the building and the HVAC system, once the required inputs are introduced via the tool interface. In most cases, these tools are adopted for analysis on an hourly or shorter time basis, as shown in the fourth column of Table 3.



Amongst the customized dynamic models, different approaches are adopted. To simulate dynamically the thermal behavior of the analyzed livestock houses, some of the analyzed works [21,31,63] adopt the simple hourly method presented in the ISO 13790 standard [77]. This method is based on the thermal–electrical analogy between the simulated building and an equivalent electrical network with 5 resistance and 1 capacitance (5R1C), which represent the heat transfer resistances and the lumped fabric heat capacity, respectively. By solving the thermal balance, the hourly heating/cooling loads and the lumped indoor air temperature are estimated. Two approaches can be found in the literature to solve the balance. The first one is based on a Crank–Nicholson scheme with hourly time steps, as proposed by the ISO 13790 standard itself. The second approach is based on a network analysis solved via a numerical method (Runge–Kutta algorithm) in the time steps in which the indoor air temperature is in free-floating conditions [31]. The other customized and dynamic BES models indicated in Table 3 are developed with different approaches. The simulation models of Tyris et al. [19], Park et al. [71], and Gates et al. [75] were implemented in the Simulink® environment. The energy balances of Park et al. [71] were based on two differential equations to calculate the air temperature of the room and pit, respectively. A similar approach was adopted for the dynamic mass balance equations for the estimation of the concentration of dust, water vapor, ammonia, and carbon dioxide in both the room and the pit. Gates et al. [75] also used a differential equation to describe the sensible energy balance of the enclosure. Its solution is obtained using a numerical method (Runge–Kutta algorithm) to provide the indoor air temperature. Liberati and Zappavigna [41] used two differential equations to define the dynamic sensible and latent heat balances. The thermal behavior of each building element is modeled using a one-dimensional Fourier equation solved via the finite difference method. It is worth pointing out that the model considers the possibility that the floor surface can be either dry or wet due to the presence of manure, urine, and water. Differential equations are used for the dynamic energy and mass balances also in the works of Haeussermann et al. [74] and Wagenberg et al. [66].



As mentioned before, ready-to-use simulation tools represent the alternative mainly to customized models for performing dynamic analysis. Cross-referencing the publication year in Table 2 and the model type in Table 3, it stands out that the use of ready-to-use simulation tools for the development of BES models for livestock houses is quite a new approach in the literature. The first application of these tools—in the framework of this review—was found in 2013, with the work of Menconi et al. [61]. In the following years, a growing number of BES models were developed via ready-to-use simulation tools, becoming a consolidated approach for the energy simulation of livestock houses. This growth could be attributable to various factors, mainly the increasing accessibility to computing capacity, the emergence, the enhancements of the existing ones. Additionally, it has to be highlighted the maturation of a well-established body of knowledge in the application of ready-to-use simulation tools to human-occupied buildings, which facilitated their adaptation to livestock houses. Table 3 shows that the most frequently adopted ready-to-use simulation tools are EnergyPlus (E+) [78] and Transient System Simulation Tool (TRNSYS) [79], which were employed in 12 out of the 15 works that adopt ready-to-use simulation tools. Thus, E+ and TRNSYS can be considered the current standard in ready-to-use tools for the energy simulation of livestock houses. This preference for these two tools is also confirmed by a comparative evaluation performed by Kwak et al. [20]. Starting from the results of a previous wider analysis on the capabilities of several ready-to-use building simulation tools [80], Kwak et al. [20] ranked E+ as the best option (39 out 40 points), followed by TRNSYS and Environmental Systems Performance—Research (ESP-r) [81] (both with 35 out 40 points). Besides E+ and TRNSYS, three other ready-to-use simulation tools were used in the framework of the analyzed works, as visible in Table 3. Nawalany and Sokołowski [45] adopted WUFI plus [82], Nguyen-Ky and Pentillä [60] adopted IDA Indoor Climate and Energy (IDA ICE) [83], while Wang et al. [57] preferred to use Designer’s Simulation Toolkit (DeSt) [84]. The simulation time steps adopted in ready-to-use simulation tools are generally shorter than in customized models, ranging between five minutes and one hour, as visible from the works of Cho et al. [73] and Shin et al. [53], respectively.



Steady-state models are less complex than dynamic ones and usually adopt longer simulation time steps. The steady-state models considered in the framework of this review, in fact, adopt simulation time steps that go from 30 min [67] to two hours [65]. Usually, steady-state models are based on static equations that describe the steady-state thermal balance of the livestock house. The reduced complexity of steady-state models and their longer simulation time steps require less computing capacity for running the simulations compared to the dynamic models, which often rely on numerical methods to solve differential equations. Even though today, the availability of computing capacity has increased remarkably compared to the past, some recent works are still based on steady-stated simulation models. This happens mainly when the system dynamic is not a central point of the analysis and/or there is a need to simplify the overall model. In some cases, in fact, the BES models are only a part of broader models that encompass several system models. The first case can be found, for example, in Si et al. [49] who estimate the energy consumption of a pig farm using a steady-state energy balance for assessing the overall carbon and water footprint of the farm. In this case, the dynamic effects of the system were not considered due to the scope of the analysis. The second case can be found, for example, in Omar et al. [56], who coupled a steady-state dynamic model of a broiler house to a model of a biogas system, which was the main focus of the work. This analysis highlights that a common and shared approach for the development of BES models of livestock houses is still not present in scientific literature. This lack of standardization poses a significant obstacle to their widespread adoption, particularly in industry.



All the analyzed models can estimate the indoor air temperature (    θ   a i r _ i    ), and many of them embed a dynamic or steady-state moisture balance for the estimation of the indoor air relative humidity (    φ   a i r _ i    ), as visible from Table 3. This feature is of the uttermost importance in those works that specifically aim at evaluating the livestock thermal stress via indexes that also include the effect of     φ   a i r _ i    , as carried out by Cho et al. [73] or Schauberger et al. [51]. Some of the analyzed works enable the calculation of the thermal loads (  ϕ  ) that can be defined as the instantaneous amount of heat that has to be provided or removed to/from the enclosure to maintain the air set point temperature. Heating (    ϕ   H    ) and cooling (    ϕ   C    ) loads are crucial parameters required for sizing the HVAC system of the livestock house. When     ϕ   H     and     ϕ   C     are integrated over time, they are theoretical energy needs (  Q  ) for heating (    Q   H    ) or cooling (    Q   C    ). Other outputs of some of the analyzed BES models are the energy consumption (  E  ) for heating (    E   H    ) or for fan operation (    E   f a n    ) for indoor air quality control and cooling. The main difference with the energy needs (  Q  ) is that the performance of the HVAC system has to be simulated for the estimation of   E  . For this purpose, the works in which     E   f a n     is estimated adopt different solutions for simulating the fan performance. For example, Shin et al. [43] adopted the part-load-factor model starting from the results of the fan motor test, while Costantino et al. [31] modeled the fans using their specific fan performance based on manufacturer data. Some recent works simulated livestock houses equipped with heat pumps. Manolakos et al. [55] simulated the heat pump to estimate its electrical energy consumption for heating (    E   H    ) and mechanical cooling (    E   C    ). Tyris et al. [19] adopted the same approach, and they included the energy consumption due to dehumidification in their estimations.



Another element of interest that is highlighted in Table 3 is the validation status of the models, meaning whether the models were validated or not. As visible from the last column of the table, not all the BES models were validated. Specifically, the model validation was performed in 21 works, and 3 works adopted a model that was validated in a previous work. In the remaining 18 works, model validation was not performed. Even though the presence of model validation may depend on the aim and scope of the work, the lack of validation seems to be more common in the oldest works analyzed in this review. Probably, the spread of low-cost, reliable sensors in recent years has facilitated the acquisition of real datasets needed for experimental validation. The main aspects regarding model validation are discussed in more detail in the following section.




3.3. BES Models for Livestock Houses: Validation


The adopted validation procedures are critically compared in Table 4, with a focus on the duration of the validation periods, the validated parameters (    θ   a i r _ i    ,     φ   a i r _ i    ,     E   H    , and     E   f a n    ), the adopted Goodness-of-Fit (GoF) indexes, and the considered validation thresholds. All the validations performed in the works reported in Table 4 are performed against real monitored data. The only exception is the work of Manolakos et al. [55] that proposes a different approach by comparing the     E   H     estimated by the model to the     E   H     numerically estimated by a previous energy audit [85].



The first four columns of Table 4 show which parameters were validated in each model. Please note that the adopted symbols convey specific meanings:




	
“✓” signifies the validation was performed for that parameter;



	
“☓” denotes the validation was omitted for that parameter;



	
“-” indicates the validation was not possible for that parameter because it cannot be estimated by the simulation model.








As visible from the table, almost all the considered models validate the estimation of     θ   a i r _ i    , with the only exceptions of Manolakos et al. [55] and Zhao et al. [58]. In Manolakos et al. [55], the validation of     θ   a i r _ i     was omitted because energy audit results were used instead of monitored data. Thus, no monitored     θ   a i r _ i     values were available for the validation. In Zhao et al. [58], the omission of     θ   a i r _ i     could be attributable to the aim of the work, which is mainly focused on the energy requirements and related costs of various laying systems. In both cases [55,58], the validation of the estimated     E   H     was performed. The models’ estimation of     φ   a i r _ i     was validated in many works, while very few of them validated the energy parameters. Most of the models previously presented in Table 3, in fact, estimate thermal loads (  ϕ  ) and theoretical energy needs (  Q  ) that cannot be measured, being purely theoretical parameters.



Table 4 also highlights the number of data (sample size) that were adopted for the validation and for calculating the GoF indexes together with the duration of the validation period. As visible from the table, the duration of the validation period is remarkably different amongst the analyzed works and ranges between 48 h [41] and one year [45,55]. The sample size used for the validation of the indoor climate conditions (    θ   a i r _ i     and     φ   a i r _ i    ) is usually higher than the ones used for the validation of energy parameters (    E   H     and     E   f a n    ). This is because     θ   a i r _ i     and     φ   a i r _ i     are often validated by adopting the same time step of the BES model. In contrast,     E   H     and     E   f a n     are usually validated considering the whole energy consumption over the entire validation period. For this reason, for example, Shin et al. [43] validated     θ   a i r _ i     using 504 samples (hourly values), while     E   f a n     was validated using 21 samples that represent the daily energy consumption over the same number of days. The same approach was adopted by Costantino et al. [63], who validated     θ   a i r _ i     and     φ   a i r _ i     on an hourly basis (1200 samples), while     E   H     and     E   f a n     were validated over the entire period (1 sample each). In contrast, Shin et al. [53] and Costantino et al. [31] adopted a different approach since they used the same number of samples for both indoor climate conditions and     E   f a n    . This approach could be considered more accurate since it considers the dynamics of the system.



The last two columns of Table 4 show the calculated GoF indexes and the thresholds that were adopted to consider the model as validated. As visible, several different GoF indexes are adopted for the validation of the simulation models. The definitions and the formulations of the reported GoF indexes are presented in Appendix B. Three main approaches regarding GoF indexes and their thresholds can be identified amongst the analyzed works. In the first approach, GoF indexes are calculated and then compared to established thresholds. Usually, in this approach, the Root Mean Square Error (  R M S E  ), the Coefficient of Variations of the   R M S E   (  C V R M S E  ), and the Normalized Mean Bias Error (  N M B E  ) are adopted and then compared with the thresholds defined by specific guidelines and protocols on building energy simulation. The main reference documents in this sense are provided by ASHRAE (Guideline 14 [86] and Fundamentals Handbook [87]), the International Performance Measurements and Verification Protocol (IPMVP) [89,91,92], and the Federal Energy Management Program (FEMP) [88,90]. This approach was used, for instance, by Cho et al. [73], Costantino et al. [31], and Nguyen-Ky and Pentillä [60]. In other cases, the thresholds are defined in the work itself, without referring to the previously mentioned documents. This second approach is adopted, for example, by Nawalany and Sokołowski [45] and Silva et al. [65]. Nawalany and Sokołowski [45] set the thresholds for the coefficient of determination (    R   2    ) and the Goodness of Fit (  G O F  ) at values higher than 75  %   and 80%, respectively. Silva et al. [65] considered the model validated since the standard error between measured and simulated values is lower than the one calculated between the two sensors inside the livestock house. A similar approach was adopted by Haeussermann et al. [74], who considered the BES model reliable because the standard deviations (  σ  ) of the differences between simulated and measured values were within the accuracy of the adopted sensors. The last approach relies on calculating GoF indexes to provide an extent of the error, but without considering any established threshold. This last approach was adopted, for example, by Qi et al. [44] and Lee et al. [59]. The only exception to those three approaches is in the work of Jackson et al. [70], who do not provide any numerical assessment of the error between the simulated and monitored     θ   a i r _ i     data. A graphical comparison (a line plot) is given to provide an extent of the reliability of the simulation model.



A final note is dedicated to the topic of model calibration, which is closely linked to model validation. Model calibration means fine-tuning model parameters so that the predicted values closely match with the measured ones. The topic of model calibration was not faced in the framework of this review because the scientific literature on the topic is very scarce. Very few works amongst the ones analyzed in this review face this topic. It is worth mentioning that the work of Shin et al. [53] is entirely focused on calibration aspects, with a special focus on the calibration of the modeled fans. Moreover, they performed an optimization-based calibration on     θ   a i r _ i     by considering calibration parameters as the infiltration rate and the equipment load. The work of Nguyen-Ky and Pentillä [60] also thoroughly discussed the performed optimization-based calibration, providing several details about the optimization parameters, their initial values, and the adjusting range. The seven considered optimization parameters regard the cow emissions (heat, CO2, and vapor emissions), the thermophysical properties of the curtain wall window (its thermal, solar, and visible transmittance), and its opening curve, defined as the ratio of opening area and total window area as a function of the outdoor air temperature. An optimization-based calibration was adopted by Costantino et al. [63] who considered as a calibration parameter the direct saturation effectiveness of the evaporative pads. Silva et al. [65] performed the model calibration via a consecutive approximation approach for estimating a correction factor for the heat sources of the livestock house.





4. Discussion


4.1. Toward BES Models as a Standard Practice in the Livestock Sector


As pointed out, there has been a remarkable recent increase in the use of BES models in literature. However, it has to be remarked that the current predominant use of BES models is limited mainly to research applications, with minimal integration into actual industry practices. To facilitate the broader adoption of BES models as a standard practice in research and, more crucially, in industry, concerted efforts should focus on overcoming some specific limitations that are hindering the scalability and versatility of BES models for livestock houses.



The complex modeling methods at the basis of BES models, especially dynamic ones, are one of the main limitations that could prevent their scalability. Developing a reliable dynamic BES model is a time-consuming process, which requires a deep multidisciplinary knowledge of the involved physical phenomena, the building, and the systems. Ready-to-use simulation tools may, in part, overcome this limitation because the main equations are pre-defined, as well as some equipment. However, some customizations can also be required in ready-to-use simulation models to adjust them to the simulation of livestock houses because ready-to-use simulation models were primarily developed for human-occupied buildings. To definitively overcome this limitation, the research efforts made in recent years could be channeled toward the development of a ready-to-use BES model specifically developed for the application to livestock houses. In this way, energy simulation of livestock house could have a shared approach and practitioners could have a well-established ready-to-use tool.



Another disadvantage of BES models is the limitation in performing detailed fluid analyses due to the reasons previously mentioned in Section 2.1.1. This limitation mainly affects their versatility because it narrows down the scope of application to totally enclosed livestock houses with mechanical ventilation. Thus, ruminant housing systems—mainly dairy barns—are usually not analyzed using BES models, as is also pointed out in Table 2. CFD [93] or DD [94] models are usually preferred for naturally ventilated buildings or when hybrid ventilation systems, a combination of mechanical and natural ventilation, are adopted. Extending the applicability of BES models to partially enclosed houses or totally enclosed livestock houses with natural ventilation is challenging because the accurate estimation of the natural ventilation flow rate gains complexity because of wind effects, thermal buoyancy forces, and their combination [93]. Some recent works tried to overcome this limitation with different approaches. Nguyen-Ky and Pentillä [60], for example, adopted the mass–pressure balance method directly embedded in IDA ICE to estimate the natural ventilation flow rate. Another possible approach to solve this problem is the co-simulation between BES and CFD models, as performed by Lee et al. [59] for evaluating the wind pressure coefficients necessary to estimate the natural ventilation rate. This approach seems promising because can provide more accurate estimations about energy use and indoor environmental conditions by using the complementary information provided by BES and CFD models [95]. However, these more accurate estimations have to be counterweighted by an increased computational time. A study performed in the context of the building sector showed that a co-simulation required approximately four hours to run, while the simulation performed only via the BES model required only a few seconds [96]. Such high computational time may hinder the adoption of co-simulation by practitioners. Thus, future works may investigate the specific application of BES-CFD co-simulation to livestock houses, focusing on the variables that should be transferred between the models to find a tradeoff between computational time and more accurate estimations.



Finally, another limitation that could be attributed to BES models—and simulation models in general—is their reliability. Model validation is crucial in this perspective. However, this review underscored that the approaches regarding model validation vary significantly amongst the analyzed works. As previously shown in Table 4, some of the analyzed works validated the models by estimating the extent of the model error via specific GoF indexes that are then compared with thresholds established by protocols. Other works only calculate the GoF indexes to provide an extent of the model error without comparing them to any thresholds. Finally, some other works do not validate the model and do not provide any indication of the model reliability. Starting from this premise, it appears necessary to harmonize the validation procedure amongst BES models for livestock houses. This task poses a complex challenge because, while there exists an extensive body of knowledge on validating energy models for human-occupied buildings [97,98], the scientific literature regarding the validation of BES models for livestock houses is notably scarce. Certainly, many approaches could be borrowed from the validation procedures of BES models for human-occupied buildings. However, the development of specific procedures is encouraged for BES models for livestock houses due to their significative differences with other building types. A similar approach was adopted to ensure the prediction quality of CFD models for livestock houses [35]. This development represents a complex task that deserves to be analyzed in future specific works. However, some valuable recommendations for model validation can be drawn from the results of this work.




4.2. Recommendations for BES Model Validation


4.2.1. Perform Model Validation


The first recommendation regards the necessity of validating all the models, whether they are customized models or are implemented in ready-to-use tools. This recommendation is provided because it has to be considered that a difference exists between customized models and the ones implemented using ready-to-use simulation tools. The former, in fact, are usually developed from scratch, while the latter are based on software that was previously verified by the developers. Model verification and validation are both necessary to quantify and build credibility in numerical models [99], but they are two different processes. Model verification can be defined as “the process of determining that a model implementation accurately represents the developer’s conceptual description of the model and its solution” [99]. In contrast, model validation can be defined as “the process of determining the degree to which a model is an accurate representation of the real world from the perspective of the intended uses of the model” [87]. Thus, differences in predictions that may be caused by algorithmic differences or coding errors were previously identified by the developers [87] in ready-to-use tools. In contrast, those differences should be carefully identified by the modeler in customized BES models through a debugging operation. Hence, model verification represents a step toward the accurate representation of the real world by the model, but it does not exempt the models from the validation, which makes them suitable for their intended use. This holds particularly true, especially considering that ready-to-use tools were primarily developed for environments for human (rather than for livestock) occupancy and comfort and then adapted to livestock houses. This adaptation makes the validation even more recommended.




4.2.2. Prefer Empirical Validation


The second recommendation regards the methodological basis of the validation. This review underscores that empirical validation is the most adopted methodology for the validation of BES models for livestock houses. According to the ASHRAE Fundamental Handbook [87], empirical validation relies on the comparison of the simulation results to monitored data. Indoor climate conditions—    φ   a i r _ i     and, especially,     θ   a i r _ i    —are the variables that are usually monitored for this purpose. The use of     θ   a i r _ i     as a validation parameter enables the validation even for those models that, excluding the HVAC system, focus solely on simulating indoor climate conditions and thermal loads, without considering energy consumption. In these cases, the validation of     θ   a i r _ i     is the main way to evaluate the accuracy of the model in estimating the livestock house thermal behavior. When the HVAC system is incorporated into the model, it is advisable to monitor the energy consumption for a comprehensive comparison with simulated data. In this case, the evaluation extends beyond assessing the estimation of the thermal behavior of the building to also encompass the reliability in the estimation of the HVAC system performance. This paper does not delve into specific details on how to conduct a monitoring campaign, as this topic is considered beyond the scope of our current work. However, comprehensive information can be explored in the existing literature and the references provided in Table 4. The only crucial aspect emphasized in this context is the duration of the validation period, which should be sufficiently extended to accurately capture the dynamic effects of the building and the changes in the boundary conditions, such as the variation in air set point temperature or the ventilation air flow rate. This is considered a crucial element because those changes are considered one of the main specificities of livestock houses when compared to buildings for human occupancy [31]. Moreover, it seems recommendable to consider a validation period that encompasses the operation of various climate control systems—e.g., heating system, ventilation, and evaporative cooling—and their control logic.



Currently, performing empirical validations has been eased, compared to the past, thanks to the widespread availability of accurate sensors and advancements in Internet of Things (IoT) technologies that are playing a key role in smart farming. Moreover, most of the recently built livestock houses are equipped with digital systems for the monitoring and acquisition of several parameters, providing valuable datasets for empirical validation. However, if real data are not available, two alternative methodologies in compliance with the ASHRAE Fundamentals Handbook [87] and ASHRAE Standard 140 [100] could be adopted, namely the analytical verification and the intermodal comparison. The former relies on the comparison of model results to results from a known analytical solution or a generally accepted numerical method, while the latter relies on the comparison of the model to another [87]. In this last case, the results from a customized model could be compared with the results from a ready-to-use tool, as carried out in previous studies [101].




4.2.3. Choose GoF Indexes with Defined Thresholds


The last recommendation provided in this work regards one of the most critical aspects of model validation. It is the identification of the GoF indexes and the thresholds that should be respected for deeming the model validated when empirical validation is performed. Various GoF indexes (e.g.,   M A E  ,   M a x A E ,   and   M B E  ) can be adopted to evaluate the model error, as reported in Table 4. Additional indexes with related insights about their use can be found in [102]. A first recommendation that could be provided is to always specify the formulation of the adopted GoF indexes, to consistently clarify how they were calculated, as there may be slightly different formulations in the literature. It is noteworthy that only a subset of the considered GoF indexes has established thresholds that make it easier to define whether the model can be considered validated. In Table 5, some GoF indexes with their thresholds that can be used for the BES model validation in future works are reported. Please note that the table is not intended to provide an exhaustive list, but it only reports some of the GoF indexes and the respective thresholds that were identified in this review. Their formulation is provided in Appendix B.



The first identified GoF index is the   N M B E  , whose threshold is fixed in the interval     − 10 % , + 10 %       for hourly data. In the case of monthly data, that interval reduces being     − 5 % , + 5 %      . These thresholds are provided by ASHRAE Guideline 14 [86] and the FEMP [90], even though slight differences exist between the adopted nomenclatures and formulations. According to FEMP [88], the   N M B E   is a metric for the accuracy of the model estimations compared to measured data. However, it has to be considered that   N M B E   in a GoF index is subject to cancellation errors, meaning that the combination of positive and negative differences between measured and simulated data reduces the   N M B E  . For this reason, it is recommended to evaluate it together with the   C V R M S E   to avoid such cancellation errors.   C V R M S E   indicates the overall uncertainty of the prediction [90], and the lower its value, the better the estimation. According to ASHRAE Guideline 14 [86] and the FEMP [90], the   C V R M S E   should be positive and lower than   30 %   when hourly data are used or lower than   15 %   when monthly data are used. IPMVP [91] suggests thresholds for the same indexes, and, as visible in Table 5, they are more restrictive than the ones of both ASHRAE Guideline 14 [86] and the FEMP [90]. It has to be pointed out that all the previously presented thresholds were originally developed for being used with measured and simulated data on energy consumption. Nevertheless, this review highlighted that their use is generally accepted in literature to evaluate the robustness of the model estimation regarding other variables, such as     θ   a i r _ i     and     φ   a i r _ i    .



Another GoF index that is recommended to be used for the model validation is     R   2    , which indicates how close the simulated variables are to the regression line of the measured ones [73]. ASHRAE Fundamentals [87] primarily suggests the use of     R   2     to gauge the goodness-of-fit of univariate regression models for estimating the energy consumption of a building. However, the analyzed literature shows that, in many works, this GoF index was used for validating different types of models -not only univariate regression models- with respect to the predictions of     θ   a i r _ i     and     φ   a i r _ i    , as carried out by Cho et al. [73], Lee et al. [59], and Shin et al. [43]. The threshold of     R   2     is fixed in the interval     + 75 % , + 100 %      , as reported in ASHRAE Fundamentals [87] and FEMP [90]. Another index that can be used to validate the model with respect to the predictions of     θ   a i r _ i     and     φ   a i r _ i     is the   G o F   by Nawalany and Sokołowski [45], which considers a threshold within the interval       + 80 % , + 100 %      .



The last GoF index recommended in Table 5 is the   M A P E   that was used by Nguyen-Ky and Pentillä [60]. This index is not subject to cancellation errors, as it occurs for the   M P E  . Thus, the former could be preferred to the latter.   M A P E   can be used for the model validation with an hourly time step or for the energy consumption over the entire validation period, as carried out by Nguyen-Ky and Pentillä [60].





4.3. BES Models for a More Environmentally Sustainable and Resilient Livestock Sector


Having robust and reliable BES models is crucial for tackling some of the challenges that the livestock sector currently confronts. Specifically, BES models can contribute to moving toward a more environmentally sustainable and resilient livestock sector.



In the context of environmental sustainability, BES models can actively contribute to enhancing the integration of RESs in intensive livestock systems. For this integration, both experimental and numerical approaches are needed. Experimental setups could provide detailed information about the technical feasibility of such integration, as well as highlight practical problems. Numerical simulations performed via reliable BES models integrate well with experimental setups since they provide a multitude of advantages. First, BES models may be helpful in the preliminary stage of an experimental setup to have exploratory results that could help in better defining the integration between the building and the systems also using optimization methods. Second, BES models facilitate standardized assessments, enabling apples-to-apples comparisons of different solutions and scenarios that could not be possible with experimental setups. Third, BES models are ideal for long-term analyses that are functional for financial evaluations (e.g., cost-optimal, and global cost analyses) of the RES integration. Finally, BES models can play a key role in the evaluation of the impact of RES integration on the overall greenhouse gas emissions from livestock houses. At present, there is a notable gap in the literature regarding the quantification of the share of greenhouse gas emissions attributable to energy use within the overall emissions from livestock systems. Consequently, it remains unclear whether the adoption of RESs could play a pivotal role in mitigating the carbon footprint associated with the livestock sector or if it would have a minor impact.



In the context of resilience to climate change, BES models can have a crucial role in assessing the impacts of climate change, as well as evaluating the effectiveness of some mitigation and adaptation strategies and solutions. BES models, in fact, can be used to perform simulations in future climate scenarios considering the Shared Socioeconomic Pathways [103] and provide a numerical evaluation of their impacts. In this way, it will be possible to evaluate, for example, the impacts of heat waves in terms of heat stress, increased energy consumption, and decrease in productivity. An example of this analysis was performed in [104] for the specific context of the USA. However, more information is needed. It is of the uttermost importance, in fact, to understand where the actual design and management of livestock houses have room for improvement. For example, it is worth understanding if evaporative cooling systems will still be effective in the context of future heat waves and water scarcity or if alternative solutions, such as mechanical cooling, should be preferred. Also, different management strategies should be evaluated, as carried out by Zhao et al. [58], who compared the impact of different farming systems for laying hens (i.e., conventional, aviary, and enriched colony houses) and management parameters (e.g., stocking density,     θ   a i r _ i    , and     φ   a i r _ i    ) on both the house energy consumption and the running cost related to energy. BES models are crucial for this type of assessment because they can be used for optimizing livestock housing. This is possible by defining multi-objective optimization problems whose solution could bring, for example, to the optimum tradeoff between energy consumption, productivity, and costs. This type of energy analysis is highly current, considering that various countries are implementing modifications in livestock systems to guarantee better animal welfare. For example, New Zealand [105] and Canada [106] are shifting from egg production in conventional cage systems to enriched or cage-free systems. BES models can evaluate how this shift could affect energy consumption and contribute to evaluating the impact on the final product price.





5. Conclusions


In this work, a comprehensive analysis of the Building Energy Simulation (BES) models for livestock houses present in the literature is performed to contribute to paving the way for making their use a standard practice in research and industry. For this purpose, a systematic review of 42 scientific papers—selected out of 795 resulting from the initial database query—was performed for a 25-year time span (1998–2023). The results indicated a recent increasing trend in the use of BES models for various applications to livestock houses, such as energy assessments and heat stress evaluations. However, the results pointed out that a common and shared approach for this specific modeling activity is still not present in scientific literature. The analyzed BES models, in fact, present several differences in terms of development and validation, such as the adoption of different simulation methods and validation procedures.



The results of this review represent a solid background for future research, which considers the use or development of BES models for livestock houses. Researchers can have a complete framework of the different existing BES models that can be useful for the development and application of new ones. Moreover, the validation procedure of the new models can be facilitated by the recommendations provided in this work. At a more general level, this work represents a significant contribution to the current body of knowledge toward the development of commercial tools for the energy analysis and management of livestock houses. Future research endeavors, in fact, could prioritize overcoming the limitations identified in this review that currently hinder BES models from becoming standard practice primarily in the livestock industry. This is of crucial importance, considering that BES models could contribute to moving toward a more environmentally sustainable and resilient livestock sector.
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Appendix A


The following query was introduced in the Scopus® database:



“TITLE-ABS-KEY((livestock OR animal OR poultry OR broiler OR hen OR duck OR swine OR pig* OR farrow* OR cattle OR dairy OR cow) PRE/1 (hous* OR building OR room OR barn OR facilit* OR farm*)) AND TITLE-ABS-KEY((energ* OR simulation OR therm* OR dynamic) PRE/3 (model* OR simulation OR assessment)) AND (LIMIT-TO (SRCTYPE, ”j”)) AND (LIMIT-TO (DOCTYPE, ”ar”)) AND (LIMIT-TO (PUBYEAR,2023) OR LIMIT-TO (PUBYEAR,2022) OR LIMIT-TO (PUBYEAR,2021) OR LIMIT-TO (PUBYEAR,2020) OR LIMIT-TO (PUBYEAR,2019) OR LIMIT-TO (PUBYEAR,2018) OR LIMIT-TO (PUBYEAR,2017) OR LIMIT-TO (PUBYEAR,2016) OR LIMIT-TO (PUBYEAR,2015) OR LIMIT-TO (PUBYEAR,2014) OR LIMIT-TO (PUBYEAR,2013) OR LIMIT-TO (PUBYEAR,2012) OR LIMIT-TO (PUBYEAR,2011) OR LIMIT-TO (PUBYEAR,2010) OR LIMIT-TO (PUBYEAR,2009) OR LIMIT-TO (PUBYEAR,2008) OR LIMIT-TO (PUBYEAR,2007) OR LIMIT-TO (PUBYEAR,2006) OR LIMIT-TO (PUBYEAR,2005) OR LIMIT-TO (PUBYEAR,2004) OR LIMIT-TO (PUBYEAR,2003) OR LIMIT-TO (PUBYEAR,2002) OR LIMIT-TO (PUBYEAR,2001) OR LIMIT-TO (PUBYEAR,2000) OR LIMIT-TO (PUBYEAR,1999) OR LIMIT-TO (PUBYEAR,1998)) AND (LIMIT-TO (LANGUAGE, ”English”))”
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Table A1. Nomenclature (in alphabetical order) referring to the Goodness-of-Fit indexes (GoF) reported in Table 4.






Table A1. Nomenclature (in alphabetical order) referring to the Goodness-of-Fit indexes (GoF) reported in Table 4.





	Acronym/Variable
	Definition





	   A N O V A   
	ANalysis Of VAriance



	   C V   
	Coefficient of Variation



	   C V R M S E   
	Coefficient of Variation of the Root Mean Square Error



	   G O F   
	Goodness Of Fit



	   I Q R   
	Interquartile Range



	   L S D   
	Fisher’s Least Significant Difference



	     M  ¯    
	Arithmetic mean of the monitored values



	     M   i     
	i-th measured value



	   M A E   
	Mean Absolute Error



	   M A P E   
	Mean Absolute Percentage Error



	   M a x   
	Maximum value



	   M a x A E   
	Maximum Absolute Error



	   M a x R E   
	Maximum Relative Error



	   M B E   
	Mean Bias Error



	   M i n   
	Minimum value



	   M P E   
	Mean Percentage Error



	   n   
	Dataset cardinality



	   N M B E   
	Normalized Mean Bias Error



	   r   
	Correlation coefficient



	     R   2     
	Coefficient of determination



	   R M S E   
	Root Mean Square Error



	     S  ¯    
	Arithmetic mean of the simulated values



	     S   i     
	i-th simulated value



	   S E   
	Standard Error



	     x  ¯    
	Arithmetic mean of values



	   σ   
	Standard deviation








The algebraic formulations of the main GoF indexes presented in Table 4 are reported below. The GoF indexes are presented in alphabetical order, except for those whose formulation is a function of another index (e.g.,   C V R M S E   and   R M S E  ) that, for clarity, were presented before. Please note that slight differences may be found between various formulations present in the literature.



The Root Mean Square Error (  R M S E  ) reads [90]


  R M S E =      ∑  i = 1   n          S   i   −   M   i       2       n     



(A1)







The Coefficient of Variation of the   R M S E   (  C V R M S E  ) reads [90]


  C V R M S E =   R M S E     M  ¯    · 100  



(A2)







The Goodness of Fit (  G O F  ) reads [45]


  G O F =   1 −      ∑  i = 1   n          M   i   −   S   i       2           ∑  i = 1   n          S   i   −   M  ¯      2          · 100  



(A3)







The Mean Absolute Error (  M A E  ) reads [102]


  M A E =   100   n     ∑  i = 1   n        S   i   −   M   i        



(A4)







The Mean Absolute Percentage Error (  M A P E  ) reads [102]


  M A P E =   100   n     ∑  i = 1   n            S   i   − M   i       M   i          



(A5)







The Maximum Absolute Error (  M a x A E  ) reads (adapted from [102])


  M a x A E =       max   n     i = 1    ⁡        S   i   − M   i        



(A6)







The Maximum Relative Error (  M a x R E  ) reads


  M a x R E =       max   n     i = 1    ⁡        S   i   −   M   i       M   i          



(A7)







The Mean Bias Error (  M B E  ) reads [90]


  M B E =     ∑  i = 1   n        M   i   −   S   i         n   · 100  



(A8)







The Normalized Mean Bias Error (  N M B E  ) reads (adapted from [86])


  N M B E =   M B E     M  ¯     



(A9)







Please note that some works in the literature use Equation (A9) while referring to   M B E  . However, the formulation that is considered correct in the framework of this work is the one reported in Equation (A8).   M B E  , in fact, measures the average difference between measured and simulated data.   N M B E   normalizes the   M B E   over the mean of the measured values.



The Mean Percentage Error (  M P E  ) reads [102]


  M P E =   100   n     ∑  i = 1   n            S   i   − M   i       M   i          



(A10)







Various formulations can be used for calculating the coefficient of determination (    R   2    ). The one reported in [45] reads


    R   2   =         ∑  i = 1   n        M   i   −   M  ¯    ·     S   i   −   S  ¯           ∑  i = 1   n          M   i   −   M  ¯      2   ·     ∑  i = 1   n          S   i   −   S  ¯      2            2   · 100  



(A11)







The correlation coefficient (  r  ) can be obtained as follows:


  r =    R   2     



(A12)







Please note the sign of   r   depends on whether the data are positively correlated or negatively correlated.



The Standard Error (  S E  ) reads


  S E =   σ    n     



(A13)
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Figure 1. Schematization of the systematic selection of the scientific papers considered within this review. 
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Figure 2. The annual publication count of the 42 journal papers included in this review throughout the considered timeframe (1998–2023). The sub-bars indicate the publication count related to the identified applications of the Building Energy Simulation models identified within the framework of this review. 
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	Livestock
	Hous *
	Energ *
	Model *





	Animal
	Building
	Simulation
	Simulation



	Poultry
	Room
	Therm *
	Assessment



	Broiler
	Barn
	Dynamic
	



	Hen
	Facilit *
	
	



	Duck
	Farm *
	
	



	Swine
	
	
	



	Pig *
	
	
	



	Farrow *
	
	
	



	Cattle
	
	
	



	Dairy
	
	
	



	Cow
	
	
	







The asterisk wildcard is used for the truncation to include significant variations of the same word in the search.













 





Table 3. Comparison of the main features of the analyzed Building Energy Simulation models. Model type indicates if a custom model was implemented, or a ready-to-use tool was adopted for its implementation (the name of the tool is indicated in brackets). The type of analysis is distinguished between steady-state (SS) or dynamic (D) analysis.
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	Reference
	Model Type
	Type of

Analysis
	Simulation

Time Step
	   Indoor   Air   Relative   Humidity   (   φ   a i r _ i     ) Estimation
	Estimated Energy

Parameter 1
	Model

Validation





	Si et al. [49]
	Custom
	SS
	n.a. 2
	✓
	     E   H          E   f a n     
	☓



	Tyris et al. [19]
	Custom
	D
	n.a.
	✓
	     E   H          E   C       3
	☓



	Qi et al. [44]
	Custom
	SS
	1 h
	✓
	     ϕ   H          E   H     
	✓



	Shin et al. [53]
	Tool (E+)
	D
	1 h
	☓
	     E   f a n     
	✓



	Scherllin-Pirscher et al. [72]
	Same of [67]
	SS
	1 h
	✓
	-
	☓



	Cho et al. [73]
	Tool (E+)
	D
	5 min
	✓
	-
	✓



	Nawalany and Sokołowski [45]
	Tool (WUFI)
	D
	1 h
	☓
	     ϕ   H     
	✓



	Tan et al. [21]
	Custom
	D
	1 h
	☓
	     Q   H          E   f a n     
	☓



	Lee et al. [59]
	Tool (TRNSYS)
	D
	5 min
	✓
	     ϕ   H          ϕ   C     
	✓



	Shin et al. [43]
	Tool (E+)
	D
	1 h
	☓
	     E   f a n     
	✓



	Costantino et al. [31]
	Custom
	D
	1 h
	✓
	     E   H          E   f a n     
	✓



	Schauberger et al. [51]
	Same of [67]
	SS
	1 h
	✓
	-
	☓



	Gonçalves et al. [52]
	Tool (E+)
	D
	1 h
	✓
	-
	✓



	Costantino et al. [17]
	Same of [63]
	D
	1 h
	✓
	     E   H          E   f a n     
	in [63]



	Kwak et al. [20]
	Tool (E+)
	D
	1 h
	✓
	     E   H          E   f a n     
	☓



	Nguyen-Ky and Pentillä [60]
	Tool (IDA ICE)
	D
	1 h
	✓
	     E   H     
	✓



	Panagakis et al. [68]
	Tool (TRNSYS)
	D
	1 h
	✓
	     ϕ   H          ϕ   C     
	☓



	Lee et al. [42]
	Tool (TRNSYS)
	D
	5 min
	✓
	     ϕ   H          ϕ   C     
	✓



	Costantino et al. [69]
	Same of [63]
	D
	1 h
	✓
	     E   H          E   f a n     
	in [63]



	Omar et al. [56]
	Custom
	SS
	1 h
	☓
	     Q   H     
	✓



	Izar-Tenorio et al. [46]
	Adaptation of [64]
	SS
	1 h
	☓
	     ϕ   H          ϕ   C     
	☓



	Wang et al. [57]
	Tool (DeST)
	D
	1 h
	✓
	     ϕ   H          ϕ   C     
	✓



	Manolakos et al. [55]
	Custom
	SS
	1 h
	✓
	     ϕ   H          ϕ   C          E   H          E   C     
	✓



	Mikovits et al. [50]
	Same of [67]
	SS
	1 h
	✓
	-
	☓



	Jackson et al. [16]
	Same of [70]
	D
	1 h
	☓
	-
	in [70]



	Costantino et al. [63]
	Custom
	D
	1 h
	✓
	     E   H          E   f a n     
	✓



	Jackson et al. [70]
	Tool (E+)
	D
	1 h
	☓
	-
	✓



	Axaopoulos et al. [47]
	Tool (TRNSYS)
	D
	1 h
	☓
	-
	☓



	Hamilton et al. [64]
	Custom
	SS
	1 h
	✓
	     ϕ   H     
	✓



	Wang and Xue [48]
	Tool (E+)
	D
	1 h
	☓
	     E   H     
	☓



	Zhao et al. [58]
	Custom
	SS
	1 h
	☓
	     Q   H     
	✓



	Menconi et al. [61]
	Tool (E+)
	D
	1 h
	☓
	     Q   H          Q   C     
	☓



	Park et al. [71]
	Custom
	D
	n.a.
	✓
	     E   H     
	☓



	Liberati and Zappavigna [41]
	Custom
	D
	1 h
	✓
	-
	✓



	Silva et al. [65]
	Custom
	SS
	2 h
	✓ 4
	-
	✓



	Haeussermann et al. [74]
	Custom
	D
	3 s
	✓
	     E   H          E   f a n     
	✓



	Wagenberg et al. [66]
	Custom
	D
	3 s
	✓
	     E   H          E   f a n     
	☓



	Lambert et al. [54]
	Custom
	SS
	1 h
	✓
	     E   H          E   f a n     
	☓



	Turnpenny et al. [62]
	Adaptation of [40]
	SS
	1 h
	✓
	     E   f a n     
	☓



	Gates et al. [75]
	Custom
	D
	30 s
	☓
	-
	☓



	Schauberger et al. [67]
	Custom
	SS
	30 min
	✓
	-
	☓



	Cooper et al. [40]
	Custom
	SS
	1 h
	✓
	-
	✓







1 The investigated energy variables are the thermal load (  ϕ  ), energy need (  Q  ), and energy consumption (  E  ) referred to Heating (subscript: H) and Cooling (subscript: C). The term     E   f a n     indicates the electrical energy consumption of fans. 2 No data is available from the manuscript. 3 The energy consumption for dehumidification is also estimated. 4 The estimation concerns the indoor air-specific humidity.













 





Table 4. Comparison between the validated Building Energy Simulation models. The considered validation parameters are the indoor air temperature (    θ   a i r _ i    ) and relative humidity (    φ   a i r _ i    ), the energy consumption for heating (    E   H    ) and fan operation (    E   f a n    ). In the validation parameter columns, the symbol “✓” means the validation was performed for that parameter, “☓” means the validation was omitted, “-” means the validation was not possible since the model does not estimate that parameter, and “n.a.” means that data are not available from the manuscript.
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Validation Parameters (Sample Size)

	

	

	




	
Reference

	
      θ   a i r _ i      

	
      φ   a i r _ i      

	
      E   H      

	
      E   f a n      

	
Validation Period

	
GoF Indexes 1

	
Thresholds






	
Qi et al. [44]

	
✓ (n.a.)

	
✓ (n.a.)

	
☓

	
-

	
14 days

	
  M A E  ,   M a x A E  ,   M a x R E  ,   M P E  

	
☓




	
Shin et al. [53]

	
✓ (504)

	
-

	
-

	
✓ (504)

	
21 days

	
  C V R M S E  ,   N M B E  

	
[86]




	
Cho et al. [73]

	
✓ (2016)

	
✓ (2016)

	
-

	
-

	
7 days

	
  M A P E  ,   N M B E  ,     R   2    ,   R S M E  

	
[87,88,89]




	
Nawalany and Sokołowski [45]

	
✓ (8760)

	
-

	
-

	
-

	
365 days

	
  G O F  ,     R   2    

	
Custom




	
Lee et al. [59]

	
✓ (2016)

	
✓ (2016)

	
-

	
-

	
7 days

	
  M A P E  ,     R   2    ,   R S M E  

	
☓




	
Shin et al. [43]

	
✓ (504)

	
-

	
-

	
✓ (21)

	
21 days

	
  C V R M S E  ,   N M B E  ,     R   2    

	
[86]




	
Costantino et al. [31]

	
✓ (744)

	
✓ (744)

	
☓

	
✓ (744)

	
37 days

	
  C V R M S E  ,   N M B E  ,   R M S E  

	
[86,90,91]




	
Gonçalves et al. [52]

	
✓ (48)

	
✓ (48)

	
-

	
-

	
2 days

	
  C V  ,   r  ,     R   2    

	
☓




	
Nguyen-Ky and Pentillä [60]

	
✓ (4416)

	
✓ (2928)

	
✓ 3 (2)

	
-

	
184/122/197 days 2

	
  C V R M S E  ,   M A P E  ,   N M B E  

	
[86,88,92] Custom




	
Lee et al. [42]

	
✓ (2016)

	
✓ (2016)

	
-

	
-

	
7 days

	
  M A P E  ,     R   2    ,   R M S E  

	
☓




	
Omar et al. [56]

	
✓ (144)

	
-

	
-

	
-

	
6 days

	
     R   2     

	
☓




	
Wang et al. [57]

	
✓ (168)

	
✓ (168)

	
-

	
-

	
7 days

	
  A N O V A  ,   L S D  ,     R   2    

	
☓




	
Manolakos et al. [55]

	
☓

	
☓

	
✓ 4 (1)

	
☓

	
365 days

	
   M P E   

	
☓




	
Costantino et al. [63]

	
✓ (1200)

	
✓ (1200)

	
✓ (1)

	
✓ (1)

	
50 days

	
  C V R M S E  ,   M P E  ,   N M B E  ,   R M S E  

	
[86]




	
Jackson et al. [70]

	
✓ (240)

	
-

	
-

	
-

	
10 days

	
☓

	
☓




	
Hamilton et al. [64]

	
✓ (840)

	
✓ (840)

	
-

	
-

	
35 days

	
   R M S E   

	
☓




	
Zhao et al. [58]

	
☓

	
-

	
✓ (1)

	
-

	
152 days

	
   M P E   

	
Custom




	
Liberati and Zappavigna [41]

	
✓ (48)

	
✓ (48)

	
-

	
-

	
48 h

	
     R   2     

	
☓




	
Silva et al. [65]

	
✓ (34)

	
✓ 5 (34)

	
-

	
-

	
68 h

	
   S E   

	
Custom




	
Haeussermann et al. [74]

	
✓ (17,280)

	
✓ (17,280)

	
☓

	
☓

	
180 days

	
  I Q R  ,   M a x  ,   M i n  ,     x  ¯   ,   σ  

	
Custom




	
Cooper et al. [40]

	
✓ (168)

	
☓

	
-

	
-

	
7 days

	
  M A E  ,   σ  6

	
☓








1 The Goodness-of-Fit (GoF) indexes are detailed in Appendix B. 2 Respectively, for     θ   a i r _ i    ,     φ   a i r _ i    , and     E   H    . 3 Validation performed considering     E   H     in the total energy consumption of the livestock house. 4 Validation performed via the comparison with energy consumption estimated via a previously performed energy audit [85]. 5 Validation performed on the indoor air specific humidity. 6 The standard deviation (  σ  ) is calculated amongst the errors.













 





Table 5. Recommended Goodness-of-Fit (GoF) indexes with their respective threshold intervals specified for the time step of the validation dataset.
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GoF Index

	
Threshold Interval

	
Time Step of the

Validation Dataset

	
Source






	
   N M B E   1

	
     − 10 % , + 10 %       

	
Hour

	
[86,88]




	
     − 5 % , + 5 %       

	
Month

	
[86,88]




	
     − 20 % , + 20 %       

	
Month

	
[89]




	
   C V R M S E   

	
     0 % , + 30 %       

	
Hour

	
[86,88]




	
     0 % , + 20 %       

	
Hour

	
[89]




	
     0 % , + 15 %       

	
Month

	
[86,90]




	
     0 % , + 5 %       

	
Month

	
[91]




	
     R   2     

	
     + 75 % , + 100 %       

	
Hour

	
[87,88]




	
   G o F   

	
       + 80 % , + 100 %       

	
Hour

	
[45]




	
   M A P E   2

	
       0 % , + 10 %       

	
Hour/Entire period

	
[60]








1 Not recommended to be used alone due to cancellation errors. 2 Mainly recommended for evaluating the estimation of the energy consumption over the entire validation period.
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