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The establishment of innovative engineering techniques for meat products is required because of the significant energy requirements associated with freeze-drying of food products. This study is innovative application research on the freeze-drying of meat process and analyses energy efficiency by employing predictive statistical methods. Thermodynamic laws play a crucial role in the thermodynamic analysis of frozen food processes by regulating the essential operations involved in food production. The thermodynamic evaluation of the freeze-drying of meat process was carried out over a total of 40 scenarios covering 24 h (20 scenarios) and 30 h (20 scenarios). The energy efficiency in the 24 h process fluctuated between 38.7 and 43.1% over the 20 scenarios, whereas in the 30 h process, it varied from 36.9 to 41.1% throughout the 20 scenarios. The analysis revealed that the energy efficiency of the 24 h scenarios exceeded that of the 30 h scenarios, suggesting that 24 h is the optimum period for meat drying. This comparative assessment indicates that shortening the drying duration can deliver substantial energy savings without compromising process effectiveness. Future research will look at the application of this technology to enhance food quality and shelf life by applying a comparable freeze-drying technique to meat in various food industries.
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1 Introduction

Drying is a fundamental and traditional method for preserving agricultural items, including meats, vegetables, herbs, and cereals, to prevent spoilage (Cengiz et al., 2025). Drying constitutes a significant and energy intensive process, accounting for 20–30% of the total energy consumption in the world economy (Kaveh et al., 2021; Sivakumar et al., 2016). Drying is chiefly employed to eradicate germs, enhance food transit, and guarantee year-round availability and utilization of dried products (Boateng et al., 2021). The significance of utilizing energy has escalated alongside advancements in food production and storage efficiency. Diverse thermal drying methods are available, including microwave drying, forced convection drying, and natural convection drying (Kraiem et al., 2023; Oztuna Taner, 2024a). The study of drying kinetics is critical for optimizing the drying process and increasing product quality, which aids in determining mass and heat transfer during the drying process (Li M. et al., 2025). Furthermore, the effectiveness of the drying kinetics was demonstrated through mathematical modeling (Boateng et al., 2021). While the drying process mitigates unfavorable conditions in foods, freeze-drying (FD) can enhance efficiency by prolonging the shelf life of food products (Donno et al., 2025; Wang et al., 2025). Consequently, drying kinetics influence the efficiency of FD procedures in meat processing.

FD is a widely used method for the shelf life and preservation of high-quality food products (Donno et al., 2025; Li W. et al., 2025; Matondkar et al., 2025; Wang et al., 2025). The demand for energy is on the rise, as food production and storage are more energy intensive. FD meats are considered superior to other dehydrated products due to their rapid water absorption and their capacity to restore a texture and look akin to the original food (Krokida and Philippopoulos, 2005).

This study revealed that FD is a popular technique for preserving various foods, including meat. Several studies have been conducted on the processing of FD meat, with a special emphasis on energy evaluation (Im et al., 2024; Lee et al., 2024; Loskota et al., 2023; Ma et al., 2018; Oztuna Taner, 2024a; Oztuna Taner, 2024b). Previous studies have focused on the characteristics and physicochemical properties of FD meat (Jarunglumlert et al., 2023; Nakagawa et al., 2024; Nowak and Jakubczyk, 2020; Pissia et al., 2022).

FD is a method that extracts moisture from dissolved compounds by directly changing the solvent from a solid to a gas under low pressure. This process conserves resources, reduces mass, and preserves the original quality, potentially exceeding the initial cost (Dai et al., 2022; Oztuna Taner, 2024a). Furthermore, most of the moisture in the sample remained until it crystallized into ice. The procedure was halted upon the solids in the material attaining supersaturation. Vacuum freeze-drying (VFD) maintains the physical and sensory attributes of fruit extracts due to fluctuations in air pressure (Ansar and Azis, 2019; Oztuna Taner, 2024a). Thermal drying methods include natural and forced convection, as well as microwave drying (Kraiem et al., 2023).

VFD is an ingredient preservation method employed in the food business to sustain as well as enhance the quality of food items (Feng et al., 2020; Lammerskitten et al., 2019). In the drying process, the material’s temperature is reduced beneath its freezing point, and water is eliminated through the sublimation of ice to water vapor at pressures below the triple point of water. The interplay of low temperatures and pressures results in excellent preservation of the shape, color, and flavor of the final dried product. Nevertheless, extended drying durations and elevated expenses are necessary to get these advantageous product attributes. The prolonged VFD durations, spanning from hours to days, constrain the effectiveness of industrial VFD systems. Consequently, it is essential to reduce drying time and conserve energy to achieve ideal drying conditions (Cao et al., 2018; Feng et al., 2020; Lammerskitten et al., 2019).

With advancements in the frozen food industry, refrigeration and cold storage facilities have become indispensable. Food storage, refrigeration, and air-conditioning systems stress energy efficiency. Many food-preservation methods use refrigeration and thermodynamics. Refrigeration systems play a crucial role in cold storage and food processing operations, ensuring product safety and quality (Oztuna Taner, 2024a; Selvaraj and Victor, 2020). Oztuna Taner (2024a) reported that the energy efficiency of vacuum freeze-drying (VFD) technology for meat products ranged from 14.3 to 51.9%. Cooling is the use of refrigeration systems and storage methods that are both environmentally friendly and energy efficient (Bhuvaneshwaran and Govindasamy, 2022). Bhuvaneshwaran and Govindasamy (2022) revealed that for a 10°C increase in condenser temperature, the cooling and heating capacity decreases by 28 and 15%, respectively.

Many industrialized countries are experiencing economic development trends in frozen food applications. These methods are very important for the food industry, and it is essential to maintain product quality. Refrigeration and cold storage are indispensable for the expansion of frozen food, and new technologies and optimizations are being focused on, especially in the FD process.

Ensuring the quality and safety of food at a constant temperature is crucial. Temperature fluctuations can lead to deterioration, bacterial growth, and diminished nutritional quality. Compliance with proper refrigeration techniques is essential to maintain food safety and minimize waste (Oztuna Taner, 2024a).

Innovative engineering solutions must be developed to satisfy the substantial energy demands linked to the FD process of beef products. Thermodynamic analysis is fundamental elements in this study of VFD operations. These regulations govern the fundamental processes involved in food production. The purpose of this study was to create various scenarios for FD implementation in a factory. The optimal solution was determined through process optimization by considering various scenarios and using the vacuum FD method. This study is distinguished by integrating thermodynamic modeling and predictive statistical analysis with real industrial-scale data to optimize vacuum freeze-drying of meat products. By systematically comparing 40 scenarios across different drying durations, it demonstrates that shorter processes significantly improve energy efficiency without compromising product quality. This scenario-based framework provides a robust and practical approach to support more sustainable and cost-effective meat drying operations. The specific energy consumption data of the factory were ascertained based on the process energy efficiency (Oztuna Taner, 2024a). Moreover, integrating these findings can enhance both the environment and the economy. Contemporary literature primarily emphasizes the FD of food and various other topics. This study may be revolutionary, as it is the first of its kind.



2 Materials and methods

The meat samples used in this study were boneless beef cuts obtained from a local processing facility in Aksaray, Turkey. To predict the mass input (raw materials) of the products in the FD system, the FD model simulated a total of 40 different scenarios comprising 20 scenarios with a 24 h drying period and 20 scenarios with a 30 h drying period. Based on measurements of the mass loss of the samples during the VFD process, drying curves were plotted as a function of moisture content versus time. The product was frozen to −35°C, and the final vacuum level reached 10 Pa, as recorded in the factory machine data. The enthalpy value (saturated ice at −35°C for −1.475 kJ/kg) for the water energy input calculation was obtained from the thermodynamic table (saturated ice-water-steam), specifically for saturated water at a temperature of −35°C. The mass balance enables the energy balance to be determined and thus the energy efficiency of the system to be explained. FD has a high energy density and uses thermodynamic principles and equations for the computations. Drying curves (parabolic, logarithmic and exponential for graphing) can be evaluated using three different mathematical approaches.

The data was obtained from a local plant in Aksaray, a producer of meat products. The plant management, focusing on VFD and meat products, provided the production and energy input–output data for this analysis. VFD is a combination of vacuum and FD processes. In the VFD process, the suspension is frozen at low temperatures. Thus, the VFD is removed from the frozen state by water or solvent sublimation. VFD transfers both thermal energy and mass simultaneously. Various techniques have been applied to improve the rates of heat and mass transfer during the drying process (Waghmare et al., 2021).

The vacuum freeze-drying (VFD) process removes moisture from meat products while preserving their original quality, including color, flavor, and nutrients. In this study, the VFD process was applied to meat batches with masses of 500 kg and 1,000 kg. The unprocessed products typically had a moisture content ranging from 25 to 30%. During the process, the products were frozen to −35°C and maintained under a final vacuum level of 10 Pa. The drying duration varied between 24 and 30 h, as recorded in the factory operational data. Energy efficiency was evaluated based on thermodynamic principles using the measured energy inputs and outputs. Figure 1 provides a schematic overview of the VFD process steps, which include freezing, primary drying under vacuum, and storage preparation. According to factory management, this technique is highly effective for preserving meat quality during large-scale production.

[image: Diagram depicting a meat processing system. Raw meat is loaded onto a conveyor, entering a freeze-drying chamber via a vacuum machine. The process involves an air heater, quick freezer system, and air dryer. The dried meat is packed and stored in trays. A cooling storage truck is used for transportation.]

FIGURE 1
 The schematic diagram of a VFD plant process for the meat products drawing by engineering program (this diagram was acquired from factory management).


Figure 1 depicts the layout of the FD facility with respect to meat production. The meat was delivered to the primary processing area in uncooked condition before being relocated to the drying and freezing manufacturing process. Cleaning, cutting, peeling, and loading constitute sequential processes in this operation. The meat was transported to a rapid freezer line where it was freeze-dried in an FD chamber via suction, heating, and freezing. The meat was subsequently transferred to the packaging and inventory department for preparation before dispatch.

Figure 2 depicts the FD process of meat products. The energy demands of the equipment utilized for FD and its by-products fluctuate depending on the product being processed. In the FD energy process, plant power and water serve as energy inputs, whereas energy consumption and evaporator operations constitute energy outputs. This study examines energy-efficient solutions through an analysis of case studies to explore alternative optimization methodologies.

[image: Flowchart depicting an energy process. Inputs: “power energy input” in red, “water energy input” in green. Outputs: “energy output” in pink, “evaporation energy output” in light green. The process box is blue.]

FIGURE 2
 The energy cycle of the FD plant for the flow scheme drawing by engineering drawing program.



2.1 FD system modeling, energy analysis, and mass balance

The FD model simulated a total of 40 different scenarios to predict the mass input (minput) of items in the FD system. The mass balance allows for the determination of the energy balance, thereby elucidating the energy efficiency of the system. FD utilizes thermodynamic principles and equations for computations, exhibiting a high energy density. Drying curves can be assessed using three distinct mathematical approaches. The following equations are employed: parabolic, as shown in Equation 1, and logarithmic, as shown in Equation 2, and exponential as in Equation 3 for graphing (Afolabi et al., 2015; Boateng et al., 2021; Oztuna Taner, 2024a):

ṁMC=a+btn+ctn2      (1)

ṁMC=a−b×ln(tn+c)      (2)

ṁMC=yo+a×exp(ro×c)      (3)

The drying moisture can be represented by ṁMC. The constants of the experiment are a, b, c, and yo, where tn is the drying time (Oztuna Taner, 2024a).

Mass balance can be utilized to identify the mass balance and drying products. The flow rate of the cooling water (ṁcooling water), which was determined to be 55.0 th as the flow rate of the cooling water data from the application of the factory process data, was converted to 15.3 kgh for the mass balance calculation.

The following equations may be utilized to assess the moisture content (MC) on a wet basis of a dried product mass flow rate input (ṁinput), mass flow rate output (ṁoutput), the evaporation mass flow rate (ṁevaporation), the mass of water (mwater), and the total amount of moisture (ṁRH) in meat during processing time (tFD) as delineated from Equations 4 to 8 (Abonyi et al., 1999; Afolabi et al., 2015; Boateng et al., 2021; Kaveh et al., 2021; Krokida and Philippopoulos, 2005).

The mass flow rate input (ṁinput) can be formulated from Equation 4 as follows:

ṁinput=minputtFD      (4)

where ṁinputis a dried product mass flow rate input,tFDis the processing time, and minput is the mass of the product.

The mass output (moutput) can be given in Equation 5 as follows:

moutput=minput×MC      (5)

where moutputis a dried product mass flow rate output, and the MC on a wet basis of a dried product.

The total amount of moisture (ṁMC) can be calculated from Equation 6 as follows:

ṁMC=ṁinput×MC      (6)

where ṁMC is the total amount of moisture.

The mass flow rate output (ṁoutput) can be formulated from Equation 7 as follows:

ṁoutput=ṁinput−ṁMC      (7)

where ṁoutput is a dried product mass flow rate output.

The evaporation mass flow rate (ṁevaporation) can be determined from Equation 8 as follows:

ṁevaporation=mwatertFD      (8)

where ṁevaporation is the evaporation mass flow rate output, and mwater is the mass of water.

The energy balance and efficiency were applied to the FD processes. The MC of the meat was determined to be 75.0% and the latent heat of evaporation (hlatent) was obtained to be 2,257 kJkg (Dai et al., 2022). The product was cooled to −35°C and the final vacuum level reached 10 Pa as recorded in the factory FD machine data. The enthalpy value (hsaturatedice(−35°C)=−1.475kJkg) for the cooling water energy input (Ėnwater) was obtained from the thermodynamic table (saturated ice—water—steam), specifically for saturated water at a temperature of −35°C (Cengel et al., 2019). The power input (Ṗinput) was determined by the factory’s technical section based on the assumptions of various production meat FD. The work energy input (Wwork input) was measured for 40 FD scenarios (from FDF1 to FDF20 for 24 h, and from FDF21 to FDF40 for 30 h).

The energy balance can be derived from Equation 9 to 14 with regard to the energy consumption of the FD (Econsumption=1.49kWhkg), evaporation energy (Eṅevaporation), the cooling water energy (Eṅwater), total energy net (Eṅnet), and overall energy efficiency (ηEṅnet) of the FD meat process (Abonyi et al., 1999; Baeghbali et al., 2016; Beigi, 2016; Boateng et al., 2021; Cengel et al., 2019). The power input (Ṗinput) can be determined from Equation (9) as follows:

Ṗinput=Wwork inputtFD      (9)

where Ṗinput is the power input, and Wwork input is the work input for FD system.

The cooling water energy (Ėnwater) can be calculated from Equation 10 as follows:

Ėncoolingwater=ṁcoolingwater×hsaturatedice(−35°C)      (10)

where Ėncoolingwater is the cooling water energy, and hsaturatedice(−35°C) is the enthalpy value 1.475kJkg for FD system.

The evaporation energy (Ėnevaporation) can be calculated from Equation 11 as follows:

Ėnevaporation=hlatent×ṁevaporation      (11)

where Ėnevaporation is the evaporation energy, and hlatentis the latent heat of evaporation 2257kJkg for FD system.

The consumption energy (Ėnconsumption) can be obtained from Equation 12 as follows:

Ėconsumption=Econsumption×minputtFD      (12)

where Ėconsumption is the consumption energy for FD system.

The total energy net (Ėnnet) can be computed from Equation 13 as follows:

Ėnnet=(Ṗinput+Ėnwater)−(Ėconsumption+Ėnevaporation)      (13)

where Ėnnet is the total energy net for FD system.

The overall energy efficiency (ηĖnnet) can be calculated from Equation 14 as follows:

ηĖnnet=(Ėconsumption+Ėnevaporation)(Ṗinput+Ėnwater)      (14)

These equations predict and enhance energy and mass characteristics. Consequently, the study models were developed for statistical analysis utilizing Minitab 21.4.2 software, which is specifically tailored for input and output data concerning mass balance.



2.2 Statistical of the mathematical model with predictive numeric analysis of the data

Data analysis was conducted using Minitab version 21.4.2. The current study demonstrated the reliability of scenario mass data and mathematical modeling through the application of statistical approaches for data collection and generation (Oztuna Taner, 2024b). This study calculated mass analysis for 40 scenarios and provided a meat-processing FD configuration. In many studies, the standard formatting of footnotes, especially statistical significance, is indicated by superscript letters (Altmann et al., 2018; Son et al., 2018; Yang et al., 2021; Weththasinghe et al., 2021). In the context of these data, statistical analyses are omitted in this study and the standard formatting of footnotes in tables, especially statistical significance, is indicated by superscript letters.

This study highlights a predicted numerical analysis of the data. The Weibull probability plot (WPP) method was employed to ascertain the estimated values and rough boundaries of the unknown parameters, which served as initial points in the optimization of the expectation maximization procedure (Wu et al., 2024). The WPP was estimated and illustrated using Minitab software in this study. The data analyzed were evaluated using Minitab software to assess the fit of the distributions and to compare the compatibility and probability of the Weibull, three-parameter Weibull (input and output mass, mass moisture content), minimal extreme, and normal distribution models (Wei, 2024). The WPP has a dependability of 95% across many scientific domains (Jokiel-Rokita and Piaṃtek, 2024). The methodology for determining the initial values and approximate boundaries of each parameter was outlined in the WPP (Wu et al., 2024). The square root of the variance was computed to reverse the variance to its original scale, resulting in the standard deviation. The conclusive formula for the standard deviation can be derived from Equation 15, as demonstrated by Nisbet et al. (2018):

φ=∑(X−X¯)2n−1      (15)

where φis the standard deviation, X represents the data point, n is the total number of data points, X signifies the mean, and Σ is the sum of all square deviations from 1 to n. The remaining Fisher statistics (standard error, correlation coefficient, etc.) are only extensions of these two parameters (mean and standard deviation). Thus, it can be observed the inception of the term parametric statistical analysis. The subsequent stage involved deriving a standard probability table (F-distribution) according to the notion of likelihood. F-statistics were employed to assess significant differences between the two datasets (Nisbet et al., 2018). The mixture of the WPP (FDF) can be given cumulatively from Equation 16 and the reliability of the corresponding function(R) can be computed using Equation 17, as follows (Wu et al., 2024):

FDF(t)=1−∑k=1kπke−(tαk)βk      (16)

where FDF(t) is the reliability function, k is the number of sub-populations, βk is the shape parameters of the kth sub-population, αk scale parameters of the kth sub-population, πk is the weight parameters of the kth sub-population in the mixture Weibull distributions, π is the weight factor for the kth sub-population, and t is the observed life-time.

The reliability of the corresponding function (R) can be computed using Equation 17, as follows (Wu et al., 2024):

R(t)=∑k=1kRk(t)=∑k=1kπke−(tαk)βk      (17)

where R(t) is the reliability function in the mixture of Weibull distributions.

The WPP initially provides a linear transformation of the empirical reliability function for each individual WPP. The empirical reliability function for the complete failure data R(t)i is defined by Equation 18 as follows (Jokiel-Rokita and Piaṃtek, 2024; Wu et al., 2024):

R(t)i=n−in;i=1,2,3,…,n      (18)

where n is the number of data.

For lifetime cases beyond 20, the empirical reliability function, as determined by the Kaplan–Meier technique, can be applied to censored data in Equation 19 (Wu et al., 2024):

R(t)i=∏j=1inj−1−djnj−1      (19)

where nj−1 is the number of samples still functioning, and can be observed before time ti, and dj is the failure time.

This study encompasses 40 scenarios (samples); hence, the Kaplan–Meier technique was employed for these 40 scenarios using the Minitab software.




3 Results and discussion

A methodology for evaluating the mass balance and energy analysis of an FD facility is outlined in this study. The evidence was obtained from a facility that produces FD meat products. Data was collected at an FD facility in Aksaray, which specializes in raw meat preservation. Currently, this energy system is being constructed concurrently. The results of this endeavor seek to enhance the quality of product manufacturing by minimizing the consumption of energy prior to the FD process. This study revealed the significant efficacy of deep learning in forecasting the energy and mass efficiency of industrial operations.

In this study, the FD of meat was applied for energy efficiencies in 500 and 1,000 kg masses, which were investigated and calculated with predictive analysis methods. Reorganize 40 scenarios employing optimization methods to identify improvements in energy efficiency and productivity based on the current input–output data presented in Tables 1, 2. Table 1 shows the details of the parameters altered in Scenarios FDF1-FDF20 for 24 h, and Table 2 presents the details of the parameters altered in Scenarios FDF21-FDF40 for 30 h. In addition, a statistical analysis was conducted on the data derived from the mass balance calculations presented in Tables 1, 2.


TABLE 1 Detailing the parameters altered and Statistical analysis of mass balance data by Fisher pairwise comparisons: Scenario (FDFn) 95% confidence in Scenarios FDF1-FDF20 for 24 h.

	t = 24 h
	FDF1
	FDF2
	FDF3
	FDF4
	FDF5
	FDF6
	FDF7
	FDF8
	FDF9
	FDF10
	FDF11
	FDF12
	FDF13
	FDF14
	FDF15
	FDF16
	FDF17
	FDF18
	FDF19
	FDF20

 

 	ṁinputkgs 	5.8E-03Aq 	6.1E-03Apq 	6.4E-03Aopq 	6.7E-03Anop 	6.6E-03Amno 	7.2E-03Almn 	7.5E-03Aklmn 	7.8E-03Ajklm 	8.1E-02Aijkl 	8.4E-02Ahijk 	8.7E-03Aghij 	9.0E-03Affghi 	9.3E-03Aefgh 	9.5E-03Adefg 	9.8E-03Acdef 	1.0E-03Abcde 	1.0E-03Abcd 	1.1E-03Aabc 	1.1E-03Aab 	1.2E-03Aa


 	ṁMCkgs 	4.3E-03Bq 	4.6E-03Bpq 	4.8E-03Bopq 	5.0E-03Bnop 	5.2E-03Bmno 	5.4E-03Blmn 	5.6E-03Bklmn 	5.9E-03Bjklm 	6.1E-03Bijkl 	6.3E-03Bhijk 	6.5E-03Bghij 	6.7E-03Bffghi 	6.9E-03Befgh 	7.2E-03Bdefg 	7.4E-03Bcdef 	7.6E-03Bbcde 	7.8E-03Bbcd 	8.0E-03Babc 	8.4E-03Bab 	8.7E-03Ba


 	ṁoutputkgs 	1.4E-03Cq 	1.5E-03Cpq 	1.6E-03Copq 	1.7E-03Cnop 	1.7E-03Cmno 	1.8E-03Clmn 	1.9E-03Cklmn 	2.0E-03Cjklm 	2.0E-03Cijkl 	2.1E-03Chijk 	2.2E-03Cghij 	2.2E-03Cffghi 	2.3E-03Cefgh 	2.4E-03Cdefg 	2.5E-03Ccdef 	2.5E-03Cbcde 	2.6E-03Cbcd 	2.7E-03Cabc 	2.8E-03Cab 	2.9E-03Ca


 	ṖevapkW 	64.60 	66.76 	68.91 	71.06 	73.22 	75.37 	77.52 	79.68 	81.83 	83.98 	86.14 	88.29 	90.44 	92.59 	94.75 	96.90 	99.05 	101.21 	104.65 	107.67


 	ηen% 	38.7% 	39.1% 	39.5% 	39.8% 	40.1% 	40.4% 	40.6% 	40.9% 	41.1% 	41.4% 	41.6% 	41.8% 	41.9% 	42.1% 	42.3% 	42.4% 	42.6% 	42.7% 	43.0% 	43.1%





*Values in different columns with different lowercase superscripts (a–n) and values in different rows with different uppercase superscripts (A–C) (except Pevap and ηen) differ significantly at the 95% confidence level (p < 0.05), as determined by Tukey’s post-hoc test. Identical superscripts indicate no significant difference. Statistical analysis was performed using Minitab version 21.4.2 software.
 


TABLE 2 Detailing the parameters altered and Statistical analysis of mass balance data by Fisher pairwise comparisons: Scenario (FDFn) 95% confidence in Scenarios FDF21-FDF40 for 30 h.

	t = 30 h
	FDF21
	FDF22
	FDF23
	FDF24
	FDF25
	FDF26
	FDF27
	FDF28
	FDF29
	FDF30
	FDF31
	FDF32
	FDF33
	FDF34
	FDF35
	FDF36
	FDF37
	FDF38
	FDF39
	FDF40

 

 	ṁinputkgs 	4.6E-03An 	4.9E-03Amn 	5.1E-03Almn 	5.3E-03Aklmn 	5.6E-03Ajklmn 	5.8E-03Aijklmn 	6.0E-03Ahijklm 	6.3E-03Aghijkl 	6.5E-02Afghijk 	6.7E-02Aefghij 	6.9E-03Adefghi 	7.2E-03Acdefghi 	7.4E-03Abcdefgh 	7.6E-03Abcdefg 	7.9E-03Aabcdef 	8.1E-03Aabcde 	8.3E-03Aabcd 	8.6E-03Aabc 	8.9E-03Aab 	9.3E-03Aa


 	ṁMCkgs 	3.5E-03Bn 	3.6E-03Bmn 	3.8E-03Blmn 	4.0E-03Bklmn 	4.2E-03Bjklmn 	4.3E-03Bijklmn 	4.5E-03Bhijklm 	4.7E-03Bghijkl 	4.9E-03Bfghijk 	5.0E-03Befghij 	5.2E-03Bdefghi 	5.4E-03Bcdefghi 	5.6E-03Bbcdefgh 	5.7E-03Bbcdefg 	5.9E-03Babcdef 	6.1E-03Babcde 	6.3E-03Babcd 	6.4E-03Babc 	6.7E-03Bab 	6.9E-03Ba


 	ṁoutputkgs 	1.2E-03Cn 	1.2E-03Cmn 	1.3E-03Clmn 	1.3E-03Cklmn 	1.4E-03Cjklmn 	1.4E-03Cijklmn 	1.5E-03Chijklm 	1.6E-03Cghijkl 	1.6E-03Cfghijk 	1.7E-03Cefghij 	1.7E-03Cdefghi 	1.8E-03Ccdefghi 	1.9E-03Cbcdefgh 	1.9E-03Cbcdefg 	2.0E-03Cabcdef 	2.0E-03Cabcde 	2.1E-03Cabcd 	2.1E-03Cabc 	2.2E-03Cab 	2.3E-03Ca


 	ṖevapkW 	66.56 	68.81 	71.07 	73.32 	75.57 	77.82 	80.07 	82.32 	84.57 	86.82 	89.07 	91.33 	93.58 	95.83 	98.08 	100.33 	102.58 	104.83 	108.43 	111.58


 	ηen% 	36.9% 	37.2% 	37.6% 	37.9% 	38.2% 	38.4% 	38.7% 	38.9% 	39.2% 	39.4% 	39.6% 	39.8% 	39.9% 	40.1% 	40.3% 	40.4% 	40.6% 	40.7% 	40.9% 	41.1%





*Values in different columns with different lowercase superscripts (a–n) and values in different rows with different uppercase superscripts (A–C) (except Pevap and ηen) differ significantly at the 95% confidence level (p < 0.05), as determined by Tukey’s post-hoc test. Identical superscripts indicate no significant difference. Statistical analysis was performed using Minitab version 21.4.2 software.
 

For the significance analysis of the mass balance data, two statistical tests were used to evaluate differences among the scenarios. Specifically, the Fisher pairwise comparison test was applied to the 24 h freeze-drying scenarios presented in Table 1. This test was selected because it is appropriate for comparing multiple means when the number of groups is relatively small and provides a straightforward approach to identify significant differences between pairs of scenarios.

For the 30 h scenarios presented in Table 2, the Tukey pairwise comparison test was employed. The Tukey test is particularly suitable for situations involving multiple comparisons, as it controls the family-wise error rate and is more robust when the number of comparisons increases. The selection of these two methods was based on the characteristics of the data sets and the need to ensure rigorous assessment of statistical significance across the different process conditions.

These analyses allowed us to identify which scenarios differed significantly in terms of mass balance parameters and to confirm that the observed variations were not due to random variation alone.

Table 1 indicates the statistical analysis of mass balance data by Fisher pairwise comparisons for 24 h, while Table 2 emphasizes the statistical analysis of mass balance data by Tukey pairwise comparisons for 30 h. Tukey and Fisher pairwise comparisons at the 95% confidence level were applied to organize the data. The individual confidence level for the bulk data was found to be 99.05% (R2). The regression analysis yielded a coefficient of determination (R2) of 0.9905, indicating that 99.05% of the variance in the data was explained by the model.

The analysis of manufacturing and energy data is a major focus of current research. Consequently, a framework was established to create a system for forecasting the production and energy consumption at the FD facility. A fully integrated production-estimation system was created using customizable input parameters. The energy data gathered during the FD manufacturing process served as an input parameter for assessing the output, encompassing mass and total energy. The input parameters were the mass, water content, evaporation, and total energy. This study performed an extensive assessment of the present conditions of graphics, production, and energy input outputs in several situations.

Figure 3 illustrates that augmenting the measurement integral within the manufacturing process of the FD and its derivatives by employing optimization techniques boosts production efficiency. Figure 3A displays the outcomes of 20 scenario assessments conducted over a 24 h period (from FDF1 to FDF20), utilizing current mass and energy efficiency. Figures 3B displays the outcomes of 20 scenario assessments conducted over a 30 h period (from FDF21 to FDF40), using current measures of mass and energy efficiency. The FD yield was determined by evaluating the efficiency of energy production for various FD products and dividing it by the energy analysis production efficiencies of the instruments used to assess the FD facility. The total FD of meat products can be employed to analyze the efficiency of production. 40 scenarios were created utilizing optimization techniques for assessing meat product production in large input and output graphs. The logarithmic slope of the data was plotted on a graph against the nominal factory default parameters.

[image: Two line charts are shown representing process forecasts at different times. Chart (a) depicts time over 24 hours, while chart (b) covers 30 hours. Both charts include three colored lines: brown for \(m_{\text{in}},\) green for \(m_{\text{m.c.}},\) and purple for \(m_{\text{out}}\) in kilograms per second. The x-axes display FDF numbers, while the y-axes show mass flow rates, with values ranging from 0.001 to 0.012 kilograms per second. The charts show an upward trend across all lines.]

FIGURE 3
 Scenario mass balance of the meat process chart: (a) 24 h, (b) 30 h.


The mass balance of the FD process over a 24 h period, specifically from FDF1 to FDF20, is displayed in Figure 3A. The mass input was in the range of 0.00579–0.01157 kg/s, whereas the mass output fluctuated between 0.00145 and 0.00289 kg/s. The mass balance of the FD plant 30 h later (from FDF21 to FDF40) is depicted in Figure 3B. The mass input fluctuated between 0.00463 and 0.00926 kg/s, whereas the mass output fluctuated between 0.00116 and 0.00231 kg/s.

Figures 4A,B depict the energy analysis outcomes of the FD technique for meat. A total of 40 scenarios highlighted the FD process for 24 h (from FDF1 to FDF20) and 30 h (from FDF21 to FDF40).

[image: Two line graphs compare the maximum energy (E\_{ng,max}) in kilowatts and efficiency (η) over forecast process times of 24 hours and 30 hours. Graph (a) shows an upward trend from 60 to 110 kilowatts over 20 forecast days, with a strong correlation (R² = 0.9974). Graph (b) displays a similar upward trend from 65 to 115 kilowatts over 20 forecast days, also with high correlation (R² = 0.9974). Both graphs depict efficiency on the secondary axis.]

FIGURE 4
 Energy efficiency of the FDF system: (a) 24 h, (b) 30 h.


The production capacity and energy efficiency of the facility were explored in this study through optimization techniques supported by plant data and technical assessments. Quality performance is demonstrated by establishing a process for evaluating productivity and energy efficiency under optimal conditions. This study conducts a comprehensive comparison between the current situation and various scenarios in terms of graphics, production, and energy input–output.

In Figure 4A, the energy efficiency of FD ranged from 38.7 to 43.1% from FDF1 to FDF20 at 24 h, as the net energy of FD ranges from 64.60 to 107.67 kW from FDF1 to FDF20 at 24 h. Figure 4B illustrates the energy efficiency results of the FD plant at 30 h from FDF21 to FDF40, which exhibits an energy efficiency ranging from 36.9 to 41.1%. The net energy of FD ranges from 66.56 to 111.58 kW from FDF21 to FDF40 at 30 h.

In addition, the predictive model was applied all the results data for the mathematical models. This study conducted mass analysis calculations based on 40 scenarios and determined the FD configuration of meat processing. Weibull distribution model of the data was illustrated in Figures 5, 6, which demonstrate the WPP distribution and the probability plot of the amount of data for the scenario FDF1-FDF40.

[image: Top chart shows a Weibull probability plot of quantity with blue, green, and red data sets. Bottom chart shows a normal probability plot of the same data. Both include statistical values like shape and scale.]

FIGURE 5
 Probability plot of quantity data with Weibull method (95%) for the scenario FDF1-FDF20.


[image: Two probability plots of quantity are shown. The top plot uses the Weibull distribution with 95% confidence intervals, displaying data for mass in, mass out, and mass MC using different colors and markers. The bottom plot uses the Normal distribution with 95% confidence intervals, depicting the same datasets with different statistical values provided in a legend. Both plots compare percentage probability on the y-axis against quantity on the x-axis.]

FIGURE 6
 Probability plot of quantity data with Weibull method (95%) for the scenario FDF21-FDF40.


These charts illustrate the predictive analysis of the extensive data. These results demonstrate the similarity of the data indices used in the current study. Figure 5 displays the probability plot of the amount of data for scenario FDF1-FDF20 within the range of 0–0014. In Figure 5, the probability plots of quantity for the mass input (mass in), the mass output (mass out), and the mass MC were analyzed utilizing both Weibull and Normal distributions at a 95% confidence level. In both instances, the Anderson-Darling (AD) statistics were minimal (0.211 for Weibull and 0.184 for Normal), and the p values exceeded 0.250 and 0.897, respectively, signifying an excellent match with no substantial divergence from the presumed distributions. Among all groups, the mass input demonstrated the greatest quantities and variability, succeeded by the mass MC, however the mass output displayed the lowest and least variability. The Weibull distribution had a uniform shape parameter (5.659) across all groups, indicating comparable distribution features. Normal distribution yielded marginally elevated the p values, signifying a superior fit for the data. Consequently, both distribution models are statistically valid, with the Normal distribution being slightly more advantageous for subsequent study.

Figure 6 depicts the probability plot of the amount of data for the scenario FDF21-FDF40 within the range of 0–0012. Figure 6 presents probability charts that depict the distribution characteristics of quantity data for the mass input, the mass output, and the mass MC according to both Weibull and Normal distribution models. In both instances, a robust statistical fit is evident, corroborated by elevated the p values (>0.250 for Weibull and 0.897 for Normal) and minimal AD statistics. Nevertheless, the Normal distribution exhibits a greater goodness-of-fit, as evidenced by markedly elevated p-values and narrower confidence intervals surrounding the fitted line. This outcome indicates that the quantitative data for all three assessed categories more closely adhere to Normal distributions than to a Weibull distribution under the specified conditions (FDF21–FDF40 scenario). Consequently, for subsequent statistical analysis or modeling, supposing Normal distributions will probably produce more precise and dependable results.

Jokiel-Rokita and Piaṃtek (2024) utilized the AD test to confirm the null hypothesis that the observed failure times are derived from random variables following the Weibull distribution. The p-value obtained from this test was 0.8257, hence it cannot be rejected at the 0.05 significant level (Jokiel-Rokita and Piaṃtek, 2024). Wu et al. (2024) utilized a Weibull distribution with a shape parameter of 2.5 for 30 samples and 4 for the remaining 70 samples. Nisbet et al. (2018) established the utilization of distribution models with p values ranging from 0 to 1. The findings of this investigation about the Weibull distribution align with existing literature.

This study indicates that the energy efficiency of FD varied from 38.7 to 43.1% across FDF1 to FDF20 during a 24 h, with the net energy of FD ranging from 64.60 to 107.67 kW during the same timeframe. The energy efficiency outcomes of the FD plant at 30 h, from FDF21 to FDF40, demonstrate a range of 36.9–41.1%. The net energy of FD varies from 66.56 to 111.58 kW between FDF21 and FDF40 for a duration of 30 h. Comparative literature research indicated that the VDF procedure led to a decrease in energy consumption between 17.67 and 35.66% (Li et al., 2024). The energy efficiency of the drying process ranges from 35 to 45% (Crichton et al., 2017). An independent analysis revealed that the application of ultrasound and other FD pretreatments reduced the drying time by 25.0–62.50% and decreased overall energy consumption by 24.28–62.35% (Xu et al., 2021). Another study indicates that the energy efficiency of the FD methods for food products typically varies from 14.3 to 51.9% (Oztuna Taner, 2024a).

The primary importance of experimental design is in its scenario-based methodology, which methodically compares 24 h and 30 h freeze-drying processes across different input masses under regulated industrial settings. By maintaining a consistent drying length within each group and varying the input quantities, the study effectively isolated and assessed the impacts of processing time and mass load on energy efficiency. This paradigm offers a more thorough comprehension of operational dynamics than single-condition trials.

During the identical time intervals, the findings indicated that reduced drying durations consistently attained superior energy efficiency, irrespective of input mass. Statistical analysis demonstrated significant differences among scenarios at the 95% confidence level (p < 0.05), as denoted by the superscript annotations in Tables 1, 2. The increase in mass load led to a small decrease in efficiency due to the additional energy needed for sublimation and vacuum maintenance; however, this effect was less significant than that of drying time. The regression analysis, exhibiting R2 value of 0.9905, indicated that most of the variance in efficiency could be accounted for by the synergistic effects of drying time and input mass. The findings are substantiated by thermodynamic principles, which demonstrate that prolonged processing time correlates with increased cumulative energy consumption, chiefly due to the continuous running of refrigeration and vacuum systems. Thus, optimizing cycle duration is a more efficacious approach to enhancing energy efficiency than merely modifying batch size.

The results of this study have been presented in literature. Consequently, this study includes several comparable energy efficiency studies conducted in FD industries. The scenario evaluations correspond with prior studies, demonstrating that the application of optimization techniques in FD industries can boost energy efficiency in response to evolving conditions.



4 Conclusion

This study effectively utilized thermodynamic analysis and predictive statistical modeling to enhance the FD process of meat products, tackling the substantial energy requirements commonly linked to these activities. The results indicated that a 24 h FD period produced greater energy efficiency, varying from 38.7 to 43.1%, in contrast to the 30 h, which attained efficiencies between 36.9 and 41.1%. The utilization of probability distribution analyses employing both Weibull and Normal models yielded robust statistical validation of the experimental data. Both models had a satisfactory match at the 95% confidence level; however, the Normal distribution displayed marginally enhanced performance, evidenced by elevated p-values (0.897) and reduced AD statistics (0.184). Mass input demonstrated the most variability among the measured parameters, succeeded by mass MC, while mass output displayed the least variability. Furthermore, it was noted that energy efficiency improved with extended process duration but diminished with increased mass load, highlighting the necessity of balancing operating parameters to attain best results.

The results indicate that reduced processing times improve energy efficiency and that predictive models serve as excellent instruments for analyzing and improving critical process variables, including mass input, mass output, and mass MC. These findings enhance the current knowledge base by illustrating the efficacy of model-based methodologies in augmenting process efficiency, decreasing production expenses, and prolonging the shelf life of FD of meat products.

Subsequent study ought to concentrate on modifying and broadening the suggested modeling framework to encompass other food products and investigating real-time optimization techniques. Subsequent investigations may enhance process parameters and assess long-term product quality results, thereby fostering more sustainable and economical FD technologies in the food sector.
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Glossary


	AD

	
Anderson-Darling


	FD

	
freeze-drying


	FDF

	
scenario freeze-drying


	MC

	
moisture content, %


	VFD

	
vacuum freeze-drying


	WPP

	
Weibull probability plot


	Unit and symbol

	a, b, c, yo

	
constants of the experiment


	Ėncoolingwater

	
cooling water energy input, kW


	Ėnevaporation

	
evaporation energy, kW


	Ėnnet

	
total energy net, kW


	Ṗinput

	
power input, kW


	ṁMC

	
total amount of moisture with dry basis, kgs


	ṁcooling water

	
flow rate of cooling water, th


	ṁevaporation

	
evaporation mass flow rate output, kgs


	ṁinput

	
dried product mass flow rate input, kgs


	ṁoutput

	
dried product mass flow rate output, kgs


	hlatent

	
latent heat of evaporation, 2,257 kJkg


	hsaturatedice(−35°C)

	
enthalpy value, 1.475kJkg


	Econsumption

	
energy consumption of the FD, kWhkg


	FDF(t)

	
reliability function (mixture Weibull distributions)


	R(t)

	
reliability function in the mixture of Weibull distributions


	Wwork input

	
work energy input, kJ


	dj

	
failure time


	minput

	
mass input of the product, kg


	moutput

	
mass output of the product, kg


	mwater

	
mass of water, kg


	nj−1

	
number of samples still functioning


	tFD

	
processing time, s


	tn

	
drying time, s


	αk

	
scale parameters of the kth sub-population (mixture Weibull distributions)


	βk

	
shape parameters of the kth sub-population (mixture Weibull distributions)


	ηĖnnet

	
overall energy efficiency, %


	πk

	
weight parameters of the kth sub-population (mixture Weibull distributions)


	k

	
number of sub-populations reliability function (mixture Weibull distributions)


	n

	
total number of data points


	R

	
reliability of the corresponding function


	X

	
data point


	Σ

	
sum of all squared deviations from 1 to n


	t

	
life-time


	π

	
weight factor for the kth sub-population (mixture Weibull distributions)


	φ

	
standard deviation
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