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Abstract


This study offers an innovative solution to address performance issues in the manufacturing process of garlic salt within a condiment-producing SME. A hybrid Lean/Six Sigma model utilizing a Surface Tension Neural Network (STNN) was implemented to control temperature and relative humidity in real-time. The model follows the Define, Measure, Analyze, Improve, Control (DMAIC) methodology to identify root causes and correlate them with waste. By integrating statistical tools, artificial intelligence, and engineering design principles, alternative solutions were evaluated to minimize waste. This document contributes to existing knowledge by demonstrating the integration of an STNN with the Lean/Six Sigma framework in condiment production, an area with limited empirical research. It underscores the benefits of advanced AI technologies in enhancing traditional process optimization methods. The STNN model achieved 97.31% accuracy for temperature classification and 97.37% for humidity, outperforming a Naive Bayes model, which attained 90% accuracy for both. The results showed a 3.15% increase in yield, saving 39.7 kg of waste per batch. Additionally, a 2.13-point improvement at the Six Sigma level was achieved, reducing defects per million opportunities by 551.722. These improvements resulted in significant cost savings, with a reduction in waste-related losses amounting to USD 1585 per batch. The study demonstrates that incorporating artificial intelligence into the Lean/Six Sigma methodology effectively addresses the limitations of traditional statistical methods. Significant improvements in yield and waste reduction highlight the potential of this approach, enhancing operational efficiency and profitability, and fostering sustainable manufacturing practices critical for SMEs’ competitiveness and sustainability in the global market.
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1. Introduction


Process optimization is essential for SMEs to remain competitive. By adopting methodologies like Lean and Six Sigma, and leveraging advanced technologies such as artificial intelligence, SMEs can reduce waste, improve quality, and respond more swiftly to market demands [1]. While the smart factory, tailored for SMEs, offers a promising solution by integrating digital technologies and automation to enhance production efficiency and flexibility, its implementation can pose significant challenges. Substantial investments and specialized technical knowledge are often required, which may be a barrier for smaller businesses [2]. Artificial intelligence enables real-time analysis, helping SMEs identify patterns and make data-driven decisions. Implementing elements like sensors and data processing systems allows SMEs to gradually build a competitive advantage. For Badghish and Soomro [3] optimized processes not only increase profitability but also contribute to sustainable practices and a reduced environmental impact. As key players in the manufacturing sector, SMEs’ ability to optimize their processes is vital for economic and technological growth.



Seasonings play an essential role in food and cooking, enhancing flavor and aroma. Comprising spices and herbs, they are added to various dishes. The seasoning industry presents a dynamic and promising market, offering opportunities for producers, distributors, and consumers worldwide. The global condiments and spices market is currently expanding, estimated at USD 19.89 billion in 2024, and is projected to grow at a compound annual growth rate of 5.18% by 2029 [4]. India leads as the top producer and exporter globally, followed by China, the Netherlands, Spain, and Turkey [5].



According to Zhou and Xiangning [6], companies in this sector encounter numerous challenges in their production processes despite their considerable industrial potential. Many organizations focus on continuously improving their operations, aiming to optimize each stage of their processes. To achieve this, most companies utilize methodological approaches such as Lean and Six Sigma [7,8].



Lean methodology, originating from the Toyota Production System (TPS), emphasizes continuous improvement inspired by the Kaizen concept [9]. TPS centers on two core principles: jidoka (automation with human intervention) [10] and just-in-time (demand-driven production) [11]. TPS identifies seven types of waste that should generally be eliminated or minimized: overproduction, inventory, transportation, waiting time, over-processing, defects, and unnecessary movement [12]. This approach focuses on ongoing enhancements to help industrial organizations optimize processes, reduce costs, and eliminate waste sources and non-value-added activities, fostering continuous process flow. One of Lean’s fundamentals is maximizing profits with minimal capital and investment [13].



In the quest for ever-improving business performance, Six Sigma (SS) is a quality-control methodology that businesses use to significantly reduce defects and improve processes. Developed by Motorola in the United States, it is regarded as an evolution of classical quality theories and continuous improvement practices, such as statistical process control and total quality management [14]. SS incorporates elements from its predecessor theories, structuring them systematically to focus on customer satisfaction and value [15]. Within SS, the parts per million (PPM) metric quantifies process or product quality, indicating the expected number of defective units per million produced or processed. Additionally, statistical metrics like process yield (   P p   ), index    P  p k     and Z.Bench, provide insights into process capability from different angles [16].



According to Escobar et al. [17], SS is supported by the DMAIC methodology. This methodology aims to increase process capability to a very low defect rate, of 3.4 defects per million opportunities (DPMO), making errors practically imperceptible to customers. Statistical methods are employed in each DMAIC phase to aid in generating ideas or solutions to problems [18].



Both continuous improvement strategies, with their shared rationale and objectives, are crucial for achieving customer satisfaction [19]. They are utilized across industrial and service sectors because they facilitate the implementation of the integrated Lean-Six Sigma (LSS) approach. Integration in LSS is essential, unlike Lean, which lacks a data-driven approach, SS incorporates data to improve process and performance [20]. LSS eliminates waste, reduces variability, and enhances efficiency in business processes [21].



Currently, small and medium-sized enterprises (SMEs) in the Chinese seasoning industry are leading users of the LSS methodology to improve process efficiency. Many of these companies are suppliers to large food companies, particularly in the United States [22]. However, as production volumes increase, operational challenges often arise. To address these challenges, researchers have adapted the LSS model for condiment production lines, leading to significant improvements [23].



For food SMEs, integrating Industry 4.0 technologies powered by artificial intelligence, alongside sustainable models, is essential [24]. By incorporating these innovations, businesses can enhance efficiency, lower costs, and reduce their environmental impact, thereby establishing a foundation for long-term competitiveness and sustainability in a progressively competitive market. Artificial intelligence drives and is part of significant and promising methodological advances in the food industry [25]. Artificial neural networks (ANNs) are the primary artificial intelligence methods that significantly influence the development of intelligent systems. Their ability to learn, generalize, and make decisions based on complex data allows them to contribute to various fields. LSS methodology has been significantly enhanced by incorporating ANNs. Their ability to learn from data, generalize patterns, and make decisions based on complex information has contributed to various fields [26]. These powerful models in LSS can identify root causes of problems [27], predict and prevent defects [28], optimize process parameters [29], automate repetitive tasks [30], and recognize patterns in data [31]. This integration boosts LSS’s ability to continuously improve efficiency and quality. It marks a significant milestone in the processing of big data generated by supply chain management in food companies [32]. The use of artificial intelligence in LSS provides an opportunity to optimize operations management, increase throughput, and minimize supply chain costs [33].



The importance of process optimization lies in its direct impact on a company’s profitability and competitiveness. In the food sector, this practice is crucial for reducing costs, enhancing product quality, and increasing customer satisfaction [34]. By implementing methodologies like LSS and artificial intelligence technologies, companies can identify and eliminate waste, shorten cycle times, and improve energy efficiency [35].



These enhancements not only yield positive economic results but also contribute to environmental sustainability. Process optimization can significantly reduce water and energy consumption, minimize waste generation, and lower the carbon footprint of operations [36]. In addition to its economic and environmental benefits, process optimization allows companies to be more flexible and respond more quickly to market demands [37].



Addressing this problem has far-reaching implications for both the company and the environment. Economically viable, this solution reduces costs and increases profitability through waste reduction and process optimization. Environmentally responsible, it decreases the carbon footprint and waste generation. Moreover, it positions SMEs as industry leaders by promoting sustainability and innovation, aligning with the growing demand for environmentally conscious products from consumers.



The SME in the case study has been implementing the DMAIC methodology across its processes. Consequently, it proposes applying this methodology to pinpoint the root causes of inefficiencies within the garlic salt production process. It is anticipated that accurately identifying these causes will facilitate the development of targeted and effective solutions.



The hypothesis proposes that utilizing an STNN will significantly improve process control accuracy, resulting in more precise regulation of temperature and humidity. This is expected to lead to at least a 5% reduction in defects, as measured by the DPMO metric, an increase in production yield, and a 10 kg reduction in waste per batch produced. Specifically, the implementation of an STNN is anticipated to reduce the variability of these critical parameters, thereby decreasing the rate of out-of-specification products from 8% to 3%. This enhanced process control will enable the company not only to increase the quantity of compliant products but also to optimize operational efficiency and reduce costs associated with waste generation.



The main objective of this article is the implementation of an improved Lean Six Sigma (LSS) DMAIC model integrated with an STNN to reduce the defect rate and increase the productivity rate in the garlic salt production process in an SME. The general objective will be achieved through the following three specific objectives: (i) achieve a reduction of at least 5% in the DPMO, in order to optimize the overall quality and consistency in the production of garlic salt; (ii) increase production yield, increasing the quantity of conforming products from 850 to 925 units per batch to increase the efficiency and effectiveness of the production process; and (iii) reduce losses by achieving a reduction in the waste generated during the production process by 10 kg per batch to contribute to cost savings and promote more sustainable manufacturing practices.



The methodology proposes a design solution utilizing an STNN to classify whether the mill process temperature and product relative humidity are within specified parameters. Surface tension refers to the property of a liquid that allows it to resist an external force. This force creates a thin film on the surface, allowing objects to float on top. An STNN is a type of artificial neural network characterized by its accuracy, robustness, and scalability. To optimize the convergence of solutions in classification processes, the neuron’s output is calculated by a surface tension function [38]. STNNs have demonstrated effectiveness in various tasks like image recognition, anomaly detection, and control systems.



1.1. Contributions and Limitations of the Study


This study proposes a hybrid model that leverages statistical tools, artificial intelligence, and engineering design principles to improve the performance of the garlic salt manufacturing process in an SME condiment producer. This model will allow for identifying the root causes of problems in the production process and optimize efficiency by reducing losses associated with these problems. The study offers four main contributions:




	
Updating technological requirements and identifying the shortcomings of each machine involved in the process.



	
Use of artificial intelligence to monitor temperature and humidity losses in this process.



	
Providing a practical guide to increase productivity in the seasoning industry, with economic benefits.



	
Identifying the barriers faced by SMEs in the condiment industry for the adoption of technologies.








Data quality is a critical factor in any artificial intelligence model, including the neural network employed in this study. Low-quality data, such as data with noise, measurement errors, or biases, can lead to overfitting or underfitting of the model, compromising its ability to make accurate and reliable predictions. In this specific case, while the model proved effective for garlic salt manufacturing, its results may not be as robust when applied in environments with different data quality or characteristics.



Furthermore, the use of small production batches limits the amount of data available to train and validate the model. This can result in a model that is highly optimized for the specific conditions of the study but may not generalize well to larger-scale production or different industries. The inherent variability in manufacturing processes in larger batches might not have been adequately captured, potentially leading to an overestimation of the model’s effectiveness when faced with more diverse conditions or greater variability in input data.



On the other hand, relying on data from a specific and controlled environment, as in this study, limits the model’s applicability to a broader range of industrial contexts. The lack of data diversity may also hinder the model’s ability to handle different types of variability encountered in other industries, such as variations in materials, machinery, or environmental conditions.




1.2. Related Literature


Different authors have proposed methods for improving supply chain efficiency using LSS/ANN methodologies. For instance, Ramakrishnan [39] proposes a method to evaluate automotive supply performance. This method combines ANNs for predicting demand uncertainty with LSS for evaluating quality factors. The author uses an ANN to forecast future demand by analyzing historical data and identifying complex patterns. Furthermore, he employs the Levenberg–Marquardt Tabu Search optimization algorithm to achieve optimal solutions. The primary finding of this study is that the integration of ANN and LSS can substantially enhance demand forecasting precision and risk mitigation within the automotive supply chain, resulting in increased operational efficiency and elevated product quality. However, the research revealed a knowledge gap concerning the lack of extensive empirical validation of this model across other industrial sectors. While the approach has demonstrated effectiveness in the automotive domain, its applicability and generalizability in diverse industrial contexts remain relatively unexplored. To ascertain its versatility and efficacy in environments with varying supply chain dynamics and challenges, it would be imperative to test and refine the model in various industries.



Perera et al. [34] present an innovative methodology that utilizes machine learning techniques to identify and classify the critical success factors (CSFs) of the LSS approach. This methodology employs a deep neural network model to categorize CSFs into four dimensions: Leadership engagement, LSS culture, LSS project initiation, and LSS execution. The model, trained and validated using natural language processing techniques, achieved a 95.95% accuracy in classifying CSFs. The main contribution of this study lies in the creation of a conceptual model that organizes and prioritizes CSFs in a systematic manner. This detailed classification facilitates the understanding and application of LSS by enabling organizations to identify and prioritize the most relevant factors for the success of their projects. However, further empirical validation of the model is required. Although the preliminary results are promising, it is necessary to assess its performance in different organizational contexts and project types. Future research could explore the influence of contextual variables, such as company size, industry, and the maturity of LSS implementation, on the relationship between CSFs and project success.



Vijayakumar and Suresh [40] propose a methodology to curtail cycle time within the manufacturing sector by synergizing Lean principles and deep neural networks optimized with the Black Widow algorithm. The methodology commences by mapping the organization’s current state through value stream mapping, thereby identifying and eliminating superfluous activities within the production process. Subsequently, a deep belief network optimized with the Black Widow algorithm is utilized to forecast and minimize cycle time. Simulations conducted demonstrate that the proposed model achieves a 98% accuracy rate and a substantial reduction in cycle time, leading to maximum profits. The primary conclusion is that this integrated approach not only enhances production efficiency but also furnishes a potent tool for decision-making within the manufacturing industry, ensuring effective waste elimination and process optimization. However, a knowledge gap is identified in the necessity for more extensive empirical testing across diverse industrial sectors to evaluate the generalizability and adaptability of the proposed model. While the study validates the approach’s effectiveness in the specific context of manufacturing, the absence of practical validation in a variety of industrial settings restricts the model’s applicability to other sectors with distinct production dynamics and challenges.



Abed et al. [41] propose a methodology that combines deep Lean principles with neural networks and the Internet of Things to enhance process reliability in bathtub manufacturing. The methodology adheres to the DMAIC approach, commencing with the identification of the underlying causes of defects associated with uneven coating thickness stemming from bubbles in the bathtub painting process. A neural network model is employed to forecast and regulate the movement of these bubbles, leveraging real-time data furnished by IoT sensors. The outcomes demonstrate a substantial reduction in defects and losses, resulting in greater workflow stability and an overall improvement in process reliability. The primary conclusion is that the integration of advanced technologies such as the Internet of Things and neural networks within a deep Lean framework enables more effective and predictive control of manufacturing processes, optimizing both product quality and operational efficiency. However, although the study focuses on a specific case of bathtub manufacturing, its applicability in other sectors or industrial processes with different production dynamics is not evaluated. Furthermore, the study primarily relies on simulations and controlled experiments, raising the question of how the model would perform in large-scale production scenarios, where variabilities are more intricate and less predictable. Additional research conducted in diverse industrial environments would be essential to validate the efficacy and adaptability of the proposed model across a broader spectrum of applications, leveraging real-time data furnished by IoT sensors. The outcomes demonstrate a substantial reduction in defects and losses, resulting in greater workflow stability and an overall improvement in process reliability. The primary conclusion is that the integration of advanced technologies such as the Internet of Things and neural networks within a deep Lean framework enables more effective and predictive control of manufacturing processes, optimizing both product quality and operational efficiency.



Uluskan [42] employs ANNs as a quality loss function within SS projects. The methodology entails comparing four distinct quality loss function models: Taguchi’s parabolic loss function, the maximum likelihood cost function, logistic regression, and ANNs. An industrial dataset was utilized, comprising energy consumption rates of refrigerators and thermal camera readings surrounding their compressors. The research applied Monte Carlo cross-validation to generate precision-recall curves, enabling the evaluation and comparison of each model’s effectiveness. The main finding reveals that ANN outperforms the other three methods in terms of precision and the capability to identify refrigerators that do not adhere to energy specifications. The main conclusion is that ANNs provide a potent and adaptable tool that could substantially enhance the Six Sigma toolkit by more accurately addressing the nonlinear and complex relationships characteristic of industrial data. Nevertheless, while ANNs demonstrate significant promise in this specific instance, additional research is required to assess their applicability and efficacy in other industrial sectors and Six Sigma projects characterized by diverse data quality and complexity requirements.



Su et al. [43] propose the DAMIC method to prevent defects in the conventional design of portable computers that exhibit structural durability issues within the optical disk drive. The methodology incorporated optimization techniques such as response surface methodology and computational intelligence methods, including ANN and genetic algorithms, to identify and optimize the critical factors influencing the compression strength of the module. The primary outcome of the study was a substantial enhancement in compression strength and a reduction in product weight, resulting in an increase in product performance from 84.27% to 100% and a decrease in material costs. It was demonstrated that the synergy of ANN and genetic algorithms surpassed traditional statistical methods, such as response surface methodology, in terms of precision and efficiency in optimizing design parameters. However, the generalizability of the results to other product designs or electronic components remains unexplored, restricting the potential for widespread adoption of this approach within the technology industry.



Maged et al. [44] demonstrated the potential of ANNs when used throughout the DMAIC phases. These authors, using recurrent ANNs and genetic algorithms, enhanced the quality of electronic component manufacturing by optimizing complex processes. This innovation surpassed the limitations of SS, enabling deeper and more dynamic data analysis. The results included improved board thickness and uniformity, and reduced costs. The authors suggest that ANN could replace traditional statistical analysis due to their ability to handle large datasets more effectively. Furthermore, they assert that integrating machine learning into SS not only accelerates decision-making and improves accuracy but also transforms the process into a self-regulating system, which is crucial in the Industry 4.0 era. Although the proposed approach is innovative, more empirical research in other contexts is needed to fully validate it.



Mishra and Rane [45] propose an approach based on SS and data analysis to predict and improve the quality of cast iron parts. The methodology follows the DMAIC approach and relies on logistic regression models to identify the root causes of defects in foundries. The authors conducted a Delphi study to assess the need for a prediction model and collected data from 26 production batches to build and validate their model. The study resulted in a 99% reduction in casting defects, a significant improvement in on-time delivery, and substantial cost savings. The integration of SS with analytical models can lead to significant improvements in the quality and efficiency of production in the iron casting industry.



The predictive model was validated primarily in a controlled environment and with a limited number of batches (11 products in 7 organizations). Although the results are promising, additional studies with a larger number of batches are needed to confirm the generalizability of the model and its applicability to other manufacturing processes. The research could be enhanced by incorporating simulation models, such as Monte Carlo, to improve the accuracy of predictions and explore the impact of process parameter variations.



Studies demonstrate the potential of LSS/ANN in manufacturing, but its specific application in the food industry, particularly among SMEs producing condiments, remains limited. Given the critical role of SMEs in the economy of developing countries, closing these gaps is essential. Implementing technologies such as STNNs in condiments production can significantly enhance standardization, reduce waste, and improve quality, thereby bolstering SME competitiveness and fostering more sustainable and efficient production.



The reviewed articles emphasize the need for broader validation of ANN integration with LSS-based models in various industrial sectors. While artificial intelligence has garnered interest in other sectors, the lack of large-scale empirical studies in diverse production environments restricts the generalizability of these approaches. To overcome these limitations, it is recommended to broaden the application of these models to different industrial contexts and conduct comparative studies to assess their effectiveness and adaptability. This will ensure their applicability across a wider range of manufacturing processes.



The originality of this study lies in its innovative combination of STNNs and LSS to develop a hybrid model for real-time process optimization. Unlike previous research, which focused on predicting success factors or theoretical approaches, this work offers a practical solution for reducing defects and waste in dynamic industrial settings. The application of the model in a food industry SME provides a relevant case study, showcasing its potential to transform process management across various sectors.



The remainder of this document is organized as follows: Section 2 presents the methodology used in this study, which was employed for waste reduction in the condiment production area. Section 3 presents the results of the case study, obtained from processing the data collected during a pilot period. Section 4 discusses the results. Finally, Section 5 presents the conclusions of the study and describes some future research topics.





2. Materials and Methods


While LSS is a robust framework for continuous improvement, its effectiveness can be limited in environments with variable and challenging real-time operating conditions, such as garlic salt production where temperature and humidity are critical to process stability. These fluctuations can adversely affect product quality, and traditional LSS methodologies may not be sufficiently responsive or precise to adapt to such dynamic changes.



Integrating an STNN into the LSS framework addresses the need for enhanced adaptability and precision. Unlike conventional LSS statistical tools that necessitate historical data analysis prior to implementing improvements, STNNs enable real-time prediction and parameter adjustment. Additionally, STNNs analyze data in real-time to detect complex patterns and anticipate how process fluctuations will affect production, automatically adjusting to minimize defects.



In accordance with Colombian data protection law 1581 of 2012 [46], the data used, particularly those related to the company’s operations, are handled with strict confidentiality. All sensitive information is securely stored and used exclusively for process optimization purposes. Regarding artificial intelligence, transparency and understanding of the model’s functioning are crucial for management. The proposed model integrates ethics approved by administrative management, focusing on mitigating biases during training to ensure reliable results. Given its exclusive use of operational data and the absence of human or animal subjects, ethical approval is not required. This guarantees the model’s adherence to AI ethical standards, preserving the integrity of industrial data.



Google Cloud IoT was selected as the data storage and analysis platform. Its capacity to efficiently handle large datasets makes it well-suited for real-time data processing and future scalability.



A data collection system was built using an ESP8266 Wi-Fi module compatible with Arduino and a DHT-11 sensor to collect temperature and humidity data. Electronic guides were used to connect the hardware to Google IoT. The project is divided into two main files: GARLIC8266_GC, which defines the pins and logic for sending data to the cloud, and secrets.h, which stores the credentials needed for the connection, such as the project ID and service key. The data is sent to Google Cloud through the MQTT topic espGARLIC8266_GC/pub, which indicates that the messages come from the ESP8266 device named GARLIC8266_GC and are of type “pub”. The messages are monitored through an MQTT test client configured to receive messages on this topic.



For unstructured data storage, DynamoDB was selected due to its flexibility in handling data without a predefined schema. This setup enabled seamless integration from data collection to real-time analysis, which is essential for continuous monitoring of the manufacturing process.



The STNN programming was implemented following the methodological approach proposed by [38]. Temperature and humidity data collected by the DHT-11 sensor were fed into the pre-trained STNN. The neural network generated surface tension predictions based on the input values, allowing for model validation and providing the potential to use this information to more precisely control the temperature and relative humidity of the garlic salt product in real-time.



It is important to note that the company under study was already implementing the DMAIC methodology in its processes and decided to continue using this approach based on the direct recommendation of the management. Therefore, this study utilizes the DMAIC methodology, as outlined in [43], which has been adapted for waste reduction in the garlic salt production process. This adaptation connects the objectives, activities, and tools of each DMAIC stage to identify factors impacting process performance. Consequently, improvement actions can be proposed to optimize the process. Table 1 summarizes the adaptation of the DMAIC methodology.



2.1. Surface Tension Neural Network for Classification


At stage 4, an STNN was implemented as a Poka-Yoke to ensure the temperature of the mill, and the relative humidity of the garlic salt product remain within established control limits. The STNN continuously receives process data from a computer equipped with an Intel® Core™ Ultra 5 Processor 125H, 512GB SSD, and 16 GB RAM.



At the start of the process, the neural network receives two inputs: temperature and humidity. After processing this data, the network classifies whether the product has reached the correct temperature and the required humidity (output) (Figure 1).



STNNs draw inspiration from the concept of physical surface tension [47], described in equation 1, to improve the neural network classification process. Conceptually, surface tension refers to the energy required to expand a liquid’s surface area. This property arises from the cohesive forces between the liquid’s molecules, creating a tendency for the surface to contract and minimizing its area [48].


  γ =   F  2 L     



(1)




where    γ    represents surface tension, which measures force per unit length or energy per unit area. In the context of the model, γ represents the humidity and temperature rating, F is the force needed to prevent a side from slipping, L represents the length of the moving side, and the ratio of 1/2 is due to the film having two surfaces [49]. This model essentially calculates the force a liquid exerts on an object’s surface based on the object’s perimeter and the liquid’s surface tension. If an object’s weight surpasses this force, the object will sink.



This theory provides a key advantage by accounting for the non-linear nature of the input variable (IV) and the categorical nature of the dependent variable. The drying process is essential for transforming fresh garlic into powder. According to El-Mesery et al. [50], the optimal temperature for drying garlic is between 60 °C and 70 °C. Initially, the moisture content of fresh garlic is quite high, typically between 60% and 70%. The goal of the drying process is to reduce this moisture content to a level that ranges between 4% and 6% while maintaining the relative humidity of the environment between 30% and 50%. This combined approach leads to a deeper understanding of the relationship between the two variables, thus leading to a more accurate and effective classification process.



2.1.1. STNN Parameters


The Figure 1 parameters are initialized using a random initialization algorithm from Nguyen–Widrow [51]. This approach leads to a more efficient distribution of active neurons across network layers, facilitating faster training and lower learning error rates from the outset.




2.1.2. STNN Training


ANN training is performed in five stages.



	
Calculation of the output of layers 1 and 2: During each training iteration, a pair of IVs from the training set, (represented by vector  E ) is fed into the network. This vector is processed through the first layer, which consists of 80 neurons. Each neuron in this layer has 20 associated parameters called weights. These weights are used to multiply each variable of the input vector  E . The result of each multiplication is then summed with a bias term  b , specific to each neuron. The sum of these multiplications and the bias represents the partial output of the neuron in layer 1.






Figure 1 architecture consists of three standard hidden layers, each containing 80 neurons. A fourth layer is then added (described by Equations (2) and (3)) to introduce the concept of surface tension into the network. This procedure can be described by Equations (4) and (5).    Y k 1    is the result of each neuron  k .


    Y k  1       =     ∑   i = 1  2   E i  ∗  w  k , i  1      +  b k 1     for   k   =   1   to   80  



(2)






    y 1      =    y 1 1  ,  y 2 1  …  y  80  1      



(3)






    Y k 1      =   2  1 +  e  − 2 ∗  y k 1        − 1   for   k   =   1   to   80  



(4)






   Y 1  =    Y 1 1  ,    Y 2 1  …  Y  80  1     



(5)




where    E i    is the variable i of the temperature and humidity data entering the network;    w  k , i  1    is the weight of neuron  k  in the layers, which is multiplied by the variable i; and    b k 1    is the bias value in neuron    k  ’ s     in the layers, which is added to the total of each result. The 80 outcomes are represented in the vector    Y 1   , where    y 1    corresponds to the hyperbolic tangent transfer function. This function is continuous in this process of moisture and temperature pattern recognition in mills. The exponential function  e  is defined in Equation (4) and    Y 1    is the final output of layer 1 (Equation (5)). This layer, like the previous one, has 80 neurons, each with a single output. Layer 2, with the same number of neurons and processes, also employs the hyperbolic tangent transfer function.


     Y k   2  =   2  1 +  e  − 2 ∗    Y k   2       − 1   f o r   k = 1   t o   80  



(6)






   Y 2  =      Y 1   2  ,    Y 2   2  …      Y 80   2     



(7)







	ii.

	
Layer 3 output calculation: The 80 outputs from layer 2 are fed into layer 3, which contains two neurons.









     Y k   3  =     ∑   i = 1   80      Y i   2  ∗    w  k , i    3    +    b k   3    f o r   k = 1   t o   2  



(8)






   Y 3  =      Y 1   3  ,    Y 2   3     



(9)




where      Y i   2    is the output of neuron  i  in layer 2;      w  k , i    3    is the weight of neuron  k  in layer 3, which multiplies the output of neuron  i  in layer 2; and y      Y k   3    is the final output of each of the two neurons represented in vector    Y 3   .



The output variables of this model are mass and perimeter. These parameters, derived from the surface tension equation, are used instead of the neural network’s sigmoid function. This substitution leads to both reduced variability and dimensionality of the data, improving classification accuracy and reducing the final error. To ensure the response range remains consistent, a transfer function is not applied.


   Y 3  =      Y 1   3  ,    Y 2   3    =   m , Per    



(10)







	iii.

	
Surface tension layer output calculation: the variables mass (m) and perimeter (Per), obtained in layer 3 and defined in equation 10, are fed into the final layer, known as the surface tension layer. It has four neurons, each capturing the influence of humidity and temperature. The contribution of each neuron is combined in a power balance, as described by Equation (11).    O k    is the transfer function.









    O k  = 1 −  e    F  2 L      f o r   k = 1   t o   2   



(11)






    O k  = 1 −  e     − m ∗ g    T k  ∗ P e r      f o r   k = 1   t o   2 ,   where   



(12)








   O =    O 1  ,  O 2      



(13)







   T k  =   22.1 ;   47.7    



(14)




where  m  corresponds to the output of the first neuron of layer 3,  g  is the value of the gravity constant (  9.8   m   s 2     )  , and the multiplication of  m  ∗  g  produces the weight of an object.   P e r   is the output of the second neuron of layer 3, and    T k    is the value of the surface tension in neuron  k . The force exerted by a liquid’s surface on an object to resist sinking is proportional to the product of the object’s perimeter and the liquid’s surface tension. Therefore, if an object’s weight exceeds this force, it will sink.



 T  are the surface tension values for two liquids: ethanol 22.1 mN/m; and ethylene glycol 47.7 mN/m. These values are compared to the surface tension of water at 20 °C, which is 72.8 mN/m [47]. In this model, which analyzes the risk of surface tension breakdown, this reference value is linked to variables like temperature and humidity. Lower surface tension values, such as that of ethanol, indicate lower risk, while higher values, like ethylene glycol, correspond to higher risk levels.



In this context, if a variable like temperature or humidity becomes very high, the risk also rises. The parameters in the new surface tension neuron will be equivalent to having experienced both ethanol and ethylene glycol surface tensions. Theoretically, at this point, the liquid tension will be broken, and the risk classification will be outside the appropriate study parameters, representing a high risk and indicating a high-risk situation.



The    O k    transfer function was used due to its behavior, considering the following limits.


    lim   x → ∞     1 −  e  − x     = 1  



(15)






    lim   x → 0     1 −  e  − x     = 0  



(16)







Thus, when the force exerted by the weight is greater than that exerted by the liquid, the surface tension breaks. When this occurs,    O k    tends to be one, and when it does not, the value of    O k    tends to be zero.



The correct outputs for the two types of risk related to temperature and humidity are expressed in (17).


        R i s k   1 ,       0 =   1 ,   0 ,   0 ,   0         R i s k   4 ,       0 =   1 ,   1 ,   1 ,   1          



(17)







Risk 4 breaks both surface tensions, while risk 1 only breaks the first surface tension.



	iv.

	
Backpropagation error: The four outputs contained in  O  are compared with the    E  i j     response, which the neural network should have given, thus calculating the root mean squared error (RMSE).









   R M S E =   ∑   k = 1  4       (  O k  −  T k  )  2   2     



(18)












	v.

	
Statistical measure for the classification test: The accuracy metric was used to evaluate the algorithm, which provides the total accuracy percentage of the neural network.











  A c c u r a c y =    T P + T N   T P + T N + F P + F N     



(19)




where TP, TN, FP, and FN denote the true positives, true negatives, false positives, and false negatives. An analysis of variance was conducted using Equation (20) to assess the stability of the system based on the obtained results.





   Y i  = μ +  T i  +  ε i   



(20)




where    Y i   , is the observed value of the dependent variable for the i-th observation, and  μ  represents the overall mean of all observations across all groups.    T i    is the treatment effect or group effect for the i-th observation, indicating how the mean of the specific group to which the observation belongs deviates from the overall mean   μ ,   and    ε i    is the random error associated with the i-th observation.




2.1.3. Comparison with Other Techniques


The performance of the neural network model, utilizing humidity and temperature data, was evaluated for risk level classification. We compared its effectiveness to the Naive Bayes (NB) algorithm. The NB algorithm, a probabilistic method, underwent a three-stage evaluation process to improve its performance: (1) data cleaning and preprocessing, (2) variable reduction using a genetic algorithm, and (3) attribute filtering. The NB algorithm estimates the probability that a data point falling outside the established control limit (   C *   ) for a specific process, given known humidity and temperature values (   X 1   …,    X n   ).


  = a r  g c  max p   C = c )   ∏   i = 1     n   ρ (  X i  =  x i  | C = c    



(21)




where   a r  g c  m a x   p ,   is the operator that selects the class c (temperature and humidity) that maximizes the expression; p(C = c) is the prior probability of class  C ;     ∏   i = 1  n  ρ ( (  X i  =  x i  | C = c   is the product of the conditional probabilities of observing each feature    X i    given that the class is c; and    X i  =  x i    represents each feature of the temperature and humidity data being classified.    X i    is the i-th feature and    x i    is the observed value of that feature in a particular instance in the process, and   p (  X i  =  x i  | C = c   is the probability that the temperature and humidity variables    X i    take the value    x i    given that the class is  c . This probability was estimated from the training data.





2.2. Case Study


This study analyzes the case of an SME that experienced a notable increase in demand for its product during 2020. Compared to 2019, demand rose by 49%. The company managed to optimize its production efficiency, achieving an average yield of 94.22%. The remaining 5.78%, corresponding to an average of 77.5 kg of waste per batch produced, represents a commercial loss of USD 325 per batch.



The case proposes the use of LSS, assisted by the neural network schematized in Figure 1, to optimize the manufacturing process of garlic salt seasoning. In the food industry, the production of seasonings like garlic salt is an important economic activity. Garlic salt, a popular and versatile condiment, is made by finely grinding dried garlic into a granulated powder and then mixing it with salt in specific ratios [52].



The company directly imports select Chinese garlic bulbs, which it then sells wholesale nationally in 50 kg packages. The garlic salt production process involves nine steps as follows: selection, separation, cleaning, peeling, crushing, dehydration, grinding, sieving, and packaging. The process can be described as follows: upon receipt of the raw materials, the garlic is received in accordance with established quality standards. The garlic then undergoes cleaning and disinfection to eliminate impurities, followed by the mechanical removal of peels. Next, the garlic is sliced to facilitate processing, and the slices are then dried to extend their shelf life. The crushed garlic is subsequently ground into a fine powder, which is mixed with salt in the desired proportion. Finally, the product is packaged in appropriate containers for storage and distribution.





3. Results


The results of the case study are summarized in the five stages of the DMAIC methodology.



3.1. Stage Define


The current yield of the garlic salt production process is 92%, which has been identified as a critical area for improvement. The project aims to increase this yield to 95%. To gain a deeper understanding of the existing process and identify customer needs, SIPOC and VOC tools were employed. Finally, the IPO method was used to map the relationships between the process inputs and outputs (Table 2).




3.2. Stage Measure


To define the performance baseline, the work team used the information from Table 1 and a matrix of critical variables. Each team member then conducted an individual evaluation of each variable.



To establish the project baseline and focus on the problem, the team prioritized the variables using the Scoring method, a simple approach within multi-criteria decision theory [53]. Equation (22) demonstrates how the weighted sum function value was calculated.


    S j      =   ∑  1 n   w i   f  i j     



(22)




where    S j    is the value of the weighted sum function for IV  j ;    w i    represents the weight or importance of output variable  i ; and    f  i j     is the value of output variable  i  for IV  j .



To prioritize performance improvements for garlic salt, a rating scale of 1 to 10 was used to assess two types of variables, IV and process variable (PV). As summarized in Table 3, a score of 1 indicated no impact, 3 minimal impact, 5 moderate impact, 7 significant impact, and 10 total impact.



Analysis of Table 3 identifies relative humidity and process technology as the most impactful IVs on garlic salt product yield. Relative humidity directly influences the production process, while technology is crucial for optimization. Among PVs, husk weight, a residue from sieving, also significantly impacts yield. Excessive moisture, outdated technology, and high husk weight can all negatively affect final product quality.



To determine moisture content, each 10 kg sack of garlic salt underwent a loss-on-drying test. Ten batches of 10 kg were sampled to assess performance. The critical variables, detailed in Table 4, were assessed, and an average yield of 92% was observed, although the target yield was 95%.




3.3. Analysis Stage


Brainstorming identified potential causes contributing to the problem under analysis. This information was used to develop the cause-and-effect diagram presented in Figure 2.



According to Table 5, the Machinery category presents the greatest source of variation. Within this category, the variables with the highest valuation were the equipment temperature and the milling system.



In accordance with customer requirements, the upper and lower specification limits were set at 1 and 0.95. Statistical tests, summarized in Table 6, were employed to evaluate data normality and determine the process’s current performance capability.



Based on Table 6, the sigma level is −1.91, indicating a defect rate of 97.22%. This value estimates the percentage of parts from the process that fall outside the specification limits. Actual capability refers to what the customer truly experiences. The mean process yield was 91.8%, with a standard deviation of 0.16%.




3.4. Stage Improve


Proposed solutions were designed to address identified causes, taking into account project constraints, which include (1) demand fulfillment—it is essential that the proposed improvements do not impact the fulfillment of the demand for the Garlic Salt product, as its production is limited to one batch per month; (2) execution time—the time required to implement the improvements should not exceed the planned time for the production of the corresponding batch for the period, as there are other products waiting on the production line; (3) quantity to be produced in the lot—as in the measurement stage, 10 batches of 10 kg each will be produced to collect the necessary data for statistical analysis; and (4) human resources—there is only one operator available to carry out the improvement proposals.



The proposed solution alternatives focus on prioritizing the identified causes, detailed in Table 7.



The choice of the design and implementation alternative is based on an analysis of the criteria detailed in Table 8. These criteria were evaluated using a weighted sum method [53].



According to Table 8, in the evaluation of the prioritization criteria, improvement alternative 1 obtained a score of 5.1, surpassing improvement proposal 2.



3.4.1. STNN Model


Figure 3 shows the comparison of garlic salt production performance before and after the implementation of the STNN.



Prior to implementing the STNN, the average yield of the garlic salt production process was approximately 91.8%. This finding aligns with previous assessments, indicating a generally consistent efficiency level of around 92%.



The data revealed a notable variation in yields across batches, fluctuating between 90% and 94%. This dispersion suggests that factors such as temperature, humidity, and other process variables exerted a significant influence on the final outcomes.



The range of yield variation before implementation was 4%. While this represents a moderate level of variability, it highlights the presence of substantial differences between production batches.



The average yield of the garlic salt production process experienced a significant increase after the implementation of the STNN (adjusted), reaching a value of approximately 97.36%. This 5.5% increase compared to the pre-implementation yield evidence of the system’s effectiveness in optimizing the process.



The data distribution is narrower and much more homogeneous, with yields ranging between 97% and 98%. The lower dispersion in the data translates into a substantial improvement in the quality of the final product.



Regarding the calculated range of variation, it decreased from 4% to 1%. This indicates that the STNN has successfully controlled the variables that previously caused fluctuations in production, resulting in greater consistency and stability in process control.



Table 9 shows the evaluation of the dataset using each of the specified metrics. The evaluation involved six separate runs, each of which uses different data partitions for training, validation, and testing. The objective is to determine which type of data partition allows the algorithm to best classify humidity and temperature in the process.



The first run, using 18% for training, 2% for validation, and 80% for testing, achieved an accuracy of 94.88%. In contrast, the sixth run (72% training, 8% validation, 20% testing) achieved a higher accuracy of 97.38%, suggesting better performance for result classification.




3.4.2. Confusion Matrix for STNN


Table 10 shows the performance visualization of the training, validation, and test data for the STNN algorithm. The highest average result accuracy was 98.1% (risk 1) and the lowest was 82.7% (risk 2).




3.4.3. Comparison Algorithm


An analysis of the confusion matrix in the test data set reveals that the STNN classification accuracy surpasses that of the NB technique for both risk levels. The STNN achieves an accuracy of 98.1% for risk level 1 and 97.43% for risk level 4 (Table 11).



In the test set, the confusion matrix shows that the classification accuracy of the STNN, at 97.31%, is better than that of the NB algorithm.



An LED alert system using an STNN informs the operator about temperature and humidity levels critical for mill control. When triggered, the operator intervenes by cooling down the machine with a mechanical sprinkler until normal operating temperature is restored.



To effectively train the STNN and achieve adequate classification of humidity and temperature values, a pilot test was conducted for one week, gathering a sufficient data set. This allowed for the demonstration of the impact of the improvements, resulting in satisfactory outcomes related to the increased performance of the production process in the milling equipment.





3.5. Stage Control


To provide statistical support, a two-sample t-test was conducted to compare the process means before and after the intervention. Given Equation (23), the hypothesis test established the following as the null hypothesis.


   X = Average   performance   ( before )   −   Average   performance   ( after )   



(23)







H0: 

The average performance before is equal to the average performance after.





H1: 

The average performance before is lower than the average performance after.





The test was performed with a confidence level of 95% and an alpha of 0.05.



Consequently, the p-value fell below the predetermined significance level (alpha). This allows us to reject the null hypothesis (   H 0   ) and support the alternative hypothesis (   H 1   ) (Table 12).



The test resulted in a −0.03143 difference, indicating a 3.14-percentage point improvement in average performance compared to before. The 95% confidence interval for the difference ranges from −0.04229 to −0.02058.




3.6. Project Effectiveness Measurement and Economic Impact


Table 13 presents a new process capability analysis, comparing the results of the tests performed with the performance achieved before the improvement implementation. This analysis allows us to determine if the implemented improvement has increased the process sigma level.



The customer’s requirements define new upper and lower control limits of 0.97 and 0.95, respectively, with a target value of 0.96.



The implemented changes resulted in a significant improvement in several key areas. Production yield increased by 3.14%, directly contributing to the organization’s productivity and competitiveness. This translates to higher profitability due to the increased number of kilograms produced per batch.



Additionally, improved temperature control led to a reduction of 37.8 kg of finished product waste, representing an economic saving of USD 158.5 per batch. There was also a decrease in the percentage of out-of-specification products.



Furthermore, the standard deviation of the process decreased by 0.014059, indicating greater process stability. This improvement translated to a 2.13-point increase in the sigma level, resulting in a significant reduction of 551.722 in DPMO (Table 14).



The results of this study demonstrate a substantial increase in process efficiency and a significant reduction in waste attributed to the implementation of the hybrid LLS model powered by an STNN. These findings align with existing research, underscoring the advantages of LLS methodologies in process optimization and continuous improvement.



The presented study demonstrates the feasibility of implementing LSS models with ANN for real-time control of critical variables in specific processes, such as garlic salt manufacturing. Unlike other studies [34,42] that focus on analyzing historical data to predict and classify key success factors and improve quality using machine learning, our approach enables a more rapid response to real-time fluctuations.



Another point of comparison lies in the industrial context. While this study focuses on a food process with critical variables, other research [39,40,43] utilizes artificial intelligence techniques to reduce cycle times in manufacturing or to optimize electronic components. This highlights that the choice of technique depends on the specific objectives of each study. While cycle time reduction is a priority in high-volume manufacturing, real-time quality control is more critical in food production.



In [45], data analysis and regression models are employed to predict and improve the quality of cast iron parts. Unlike STNNs, which focus on real-time control of operational parameters, this study relies on predictive analysis to enhance quality in a casting process, where production conditions are more controlled. The distinction lies in the need for immediate and continuous control in the food process, compared to post-process optimization in casting.





4. Discussion


The LSS/STNN methodology facilitated the identification of key variables and root causes impacting production performance. These factors were addressed using the methodology’s prescribed tools, enabling the design and implementation of a Poka-Yoke system. This system demonstrably enhanced process performance, productivity, and standardization [54].



The integration of an STNN as a Poka-Yoke mechanism facilitated continuous process control and ensured long-term performance improvements. The review of the literature revealed a paucity of scientific articles addressing the problem studied in SMEs in the food sector. The limited studies available primarily focused on quality control and legal frameworks [55]. This study highlights the significant advantages of employing the proposed hybrid model to bolster company productivity and profitability. Notably, the methodology yielded substantial reductions in operational costs, signifying its effectiveness in driving significant improvements in both process performance and product quality.



The analysis of results at each DMAIC stage, supported by statistical techniques and artificial intelligence tools, enabled process standardization. This approach facilitated the investigation and analysis of root causes pertaining to condiment production within the food industry.



An STNN-based classification model was developed and compared with the NB algorithm. In the domain of pattern recognition and risk prediction, the STNN exhibited superior performance due to its enhanced explanatory capabilities and adeptness at handling high-dimensional attributes with exceptional accuracy.



A fundamental aspect of this algorithm’s structure lies in the improvement achieved by adapting the physical surface tension concept to the neural network model and the garlic salt drying process. This adaptation leverages the strengths of artificial neural networks and elevates model accuracy through an innovative integration of the Six Sigma methodology, specifically by modifying the backpropagation neural network. This combination effectively eliminates inaccuracies inherent in linear models and fosters the development of a model that incorporates real-world variables with greater fidelity.



This article explores the transformation of supply chains within the food industry in the context of Industry 4.0 adoption. The case study analyzes production losses associated with garlic salt seasoning manufacturing and their detrimental economic impact. From this analysis, the technological requirements of the process are updated, and the deficiencies of each machine involved are identified.



The study’s proposed methodology presents a groundbreaking algorithm that addresses temperature and humidity fluctuations, common challenges encountered in condiment production. This robust algorithm has the potential to serve as a fundamental framework for the sector, enabling adaptation to the disruptive transformations of Industry 4.0 in the mid-term. The findings hold significant promise for the SME sector within the condiment food industry, offering a practical solution to optimize production and minimize losses.



This work proposes to promote the implementation of a triple helix model, fostering collaboration between industry, academia, and government to integrate artificial intelligence into the industrial design of novel processes or machinery within the food sector. This strategic collaboration will lead to optimized machinery performance, reduced operational costs, and a strengthened competitive position for the sector on the global stage.



The study’s findings underscore the relatively low investment in Industry 4.0 technologies by SMEs. To bridge this gap, the formulation of public policies that address investment costs is imperative.




5. Conclusions


This study successfully addresses performance issues in the garlic salt manufacturing process for an SME within the condiments industry. By using a hybrid methodology that combines LSS/STNN, and following the DMAIC approach, the study identified the main causes of waste and designed effective solutions to minimize its impact on the process. The results have been promising, showing a significant yield increase of 3.15%, equivalent to a saving of 39.7 kg of waste per batch produced.



By increasing process efficiency by 3.15%, the company has successfully produced more output using the same resources, directly translating to increased revenue. A reduction in waste by 39.7 kg per batch has generated significant savings in raw material costs. Moreover, this waste reduction is not only economically beneficial but also has a positive environmental impact. Less waste equates to fewer solid residues requiring management and disposal.



Process optimization through advanced technologies such as STNNs has led to more efficient energy consumption. More precise and controlled processes typically demand less energy, thereby reducing the production carbon footprint. These advancements have been made possible by implementing advanced technologies like STNNs and continuous improvement practices like LSS. These tools empower the company to optimize processes, curtail costs, and enhance overall efficiency.



Additionally, continuous improvement efforts have yielded positive outcomes, achieving a sigma level of 0.20, which represents a notable increase of 2.13 points compared to the previous sigma level. This achievement has led to a significant reduction in DPMO of 551.722. Furthermore, these findings contribute to the advancement of process optimization in the condiment sector and underscore the importance of applying interdisciplinary approaches to tackle complex challenges in food manufacturing.



The hybrid method of this study, supported by an STNN, achieved superior results in predicting humidity and temperature during garlic salt production compared to models like NB. The input parameters were chosen based on the expertise of professionals in the production process. However, the STNN method excelled at optimizing these parameters, allowing for the transformation and reduction of physical variables. This overcame limitations inherent to traditional artificial neural networks. The prediction results validate the applicability of the proposed model for identifying risk levels associated with temperature and humidity control during garlic salt production in food companies. The model’s high accuracy makes it a valuable tool for enhancing manufacturing processes within this industry.



The combination of Google IoT and Google Cloud Services provides a powerful solution for SMEs. By enabling real-time data collection, storage, and analysis, these businesses can make more informed decisions and significantly improve their processes.



The hybrid model implemented in this case has proven to be highly effective, adapting to environmental changes and making automatic adjustments in real-time. This is particularly valuable in industries where conditions can vary rapidly, ensuring product quality and consistency. The success of this model in an SME demonstrates that these technologies are not limited to large corporations. On the contrary, they can be implemented in a scalable and cost-effective manner in businesses of all sizes. This allows SMEs to enhance their competitiveness and long-term sustainability by optimizing their processes and making data-driven decisions.



In the food industry, beyond garlic salt production, the model could be applied to dairy product manufacturing, where temperature and humidity significantly impact safety and quality. In pharmaceutical manufacturing, the model could optimize the storage of temperature- and humidity-sensitive medications, ensuring their stability and efficacy. Similarly, in the textile industry, where environmental conditions influence fabric quality during dyeing and finishing, this approach could enhance color and texture consistency.



In the automotive sector, the model could optimize the vehicle painting process, where humidity and temperature affect adhesion and finish. Moreover, in the electronics industry, it could control manufacturing conditions for printed circuits, where precise temperature control is essential to prevent component defects.



This study establishes a foundation for future research, including the integration of advanced data analysis techniques such as deep learning algorithms. These algorithms can process large volumes of information in real-time, enabling the model to make more accurate predictions and adjust process conditions more efficiently. Additionally, artificial intelligence-controlled actuators could automate responses to process variations, optimizing temperature and humidity control based on data generated by the STNN.



To enhance competitiveness, especially for SMEs, it is essential to optimize the model for energy efficiency and operational costs. Developing lighter models that require fewer computational resources without sacrificing accuracy would be a significant step toward this goal.



Furthermore, improving the quality of the data used to train the model is crucial. Implementing advanced preprocessing techniques, using higher-precision sensors, and increasing the size of production batches would enable the development of more robust and generalizable models. This would facilitate their application across a wide range of industrial contexts, solidifying their value in optimizing processes and reducing production costs.



Finally, to enhance innovation and competitiveness among SMEs in developing countries, a thorough cost-benefit analysis of implementing advanced technologies like STNNs is crucial. This will pinpoint conditions for maximizing the profitability and sustainability of these investments.
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Figure 1. STNN adapted to the grinding process [38]. 
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Figure 2. Cause–effect diagram. 
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Figure 3. Impact of STNN implementation on garlic salt production performance. 
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Table 1. Summary of DMAIC methodology.
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Stages

	
Objectives






	
Define

	
Diagnosis of the production process and understanding of customer needs.




	
Review of historical data.




	
Estimating potential savings based on process performance objectives.




	
Definition of the problem and the critical variables of the process.




	
Measure

	
Identifying potential causes of the problem.




	
Design of activities.




	
Format for data collection of activities.




	
Sampling of the process and information updating.




	
Evaluation of process capability for quality assurance.




	
Analyze

	
Methodical identification and prioritization of root causes.




	
Systematic exploration of potential causes and subcauses.




	
Rigorous validation of root causes.




	
Improve

	
Enhancing process performance by addressing identified root causes.




	
Comprehensive evaluation and selection of design alternatives.




	
Utilization of machine learning techniques, such as STNNs.




	
Control

	
Establishment of control mechanisms.




	
Training and awareness of the work team.




	
Periodic evaluation of process performance and capability.











 





Table 2. Process inputs and outputs.
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I

	

	
P

	

	
O




	
Input Variables

	

	
Process Variables

	

	
Output Variables






	
Natural garlic (relative humidity)

	

	
Waste

	

	
Quantity of approved product




	
Equipment cleaning

	

	
Moisture loss

	

	
Quantity of non-conforming product




	
Equipment readiness

	

	
Storage temperature

	

	
Process performance




	
Raw materials

	

	
Husk weight

	

	
-




	
Equipment

	

	
-

	

	
-




	
Operators (training)

	

	
-

	

	
-











 





Table 3. Critical variable evaluation matrix.
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Evaluators

	




	

	

	
1

	
2

	
3

	




	
Type

	
Variable

	
Process Performance

	
Score






	
IV

	
Natural garlic (relative humidity)

	
10

	
7

	
10

	
27




	
Equipment cleaning

	
3

	
5

	
5

	
13




	
Equipment readiness

	
3

	
1

	
3

	
7




	
Raw materials

	
7

	
5

	
3

	
15




	
Equipment

	
7

	
7

	
7

	
21




	
Operators (training)

	
7

	
7

	
3

	
17




	
PV

	
Waste

	
5

	
7

	
7

	
19




	
Moisture loss

	
7

	
7

	
5

	
19




	
Storage temperature

	
3

	
1

	
3

	
7




	
Husk weight

	
5

	
9

	
7

	
21











 





Table 4. Sieving process yield.






Table 4. Sieving process yield.





	
Input (kg)

	
Performance (%)

	
Waste (kg)

	
Husk (%)






	
10

	
93

	
0.265

	
3




	
91

	
0.258




	
90

	
0.273




	
94

	
0.28




	
90

	
0.245




	
91

	
0.289




	
93

	
0.312




	
94

	
0.291




	
91

	
0.284




	
91

	
0.304




	
Average performance

	
92

	

	
3











 





Table 5. Variables/impacts matrix.
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Categories

	
Variables

	
Sub-Variables

	
Impact

	
Feasibility

	
Total






	
Machinery

	
Equipment temperature

	
Horsepower (HP)

	
7

	
1

	
7




	
Cooling system

	
10

	
9

	
90




	
Revolutions per minute (RPM)

	
9

	
1

	
9




	
Ingredients

	
5

	
1

	
5




	
Readiness (cleaning)

	
Lack of time

	
3

	
9

	
27




	
Overproduction

	
3

	
7

	
21




	
Number of operators

	
5

	
10

	
50




	
Mill system

	
10

	
9

	
90




	
Measurements

	
Temperature

	
Unsystematic measurement

	
7

	
9

	
63




	
Lack of temperature-measuring equipment

	
5

	
7

	
35




	
Weighing (sub-processes)

	
Uncalibrated equipment

	
9

	
5

	
45




	
People

	
Shortage personnel

	
7

	
7

	
49




	
Lack of training

	
9

	
9

	
81




	
Material

	
Characteristics (garlic)

	
Lot date

	
7

	
7

	
49




	
% humidity

	
9

	
3

	
27




	
Environment

	
Storage humidity

	
7

	
1

	
7




	
Methods

	
Garlic drying

	
7

	
1

	
7




	
Removal of shell

	
9

	
5

	
45











 





Table 6. Characterization of the process.
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	Measurements
	Values





	Mean
	0.918



	Standard deviation
	0.016



	Overall actual capacity
	-



	Pp
	0.21



	Ppk
	−0.64



	Z.Bench
	−1.91



	Percentage out of specifications
	97.30



	PPM (DPMO)
	973.036










 





Table 7. Proposed solution alternatives.
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	Probable Cause
	
	Root Cause
	
	Solution Alternative





	Temperature variation in crushing
	
	Friction that occurs during the crushing process
	
	Using an STNN, temperature can be controlled by implementing a spray system in crushing processes.



	Inadequate specifications for process design
	
	Closed system that does not allow visualization of the discharge of all the product from the silo
	
	Installation of high-capacity (HP) equipment with turbine attachments for temperature control.










 





Table 8. Evaluation of the design alternatives.
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Alternative 1

	
Alternative 2




	
Criteria

	
Weight

	
Rating

	
Score

	
Rating

	
Score






	
Investment

	
15%

	
1

	
0.15

	
7

	
1.05




	
Transfer of product in process

	
20%

	
7

	
1.4

	
1

	
0.2




	
Environmental aspects

	
30%

	
7

	
2.1

	
1

	
0.3




	
Worker fatigue

	
25%

	
3

	
0.75

	
7

	
1.75




	
Process time impact

	
10%

	
7

	
0.7

	
1

	
0.1




	
Score obtained

	
5.1

	

	
3.4











 





Table 9. Test results for the data set.
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	Execute

(Training, Validation, Test)
	Accuracy





	1 (18-2-80)
	94.88%



	2 (36-4-60)
	95.40%



	3 (45-5-50)
	95.39%



	4 (54-6-40)
	96.64%



	5 (72-8-20)
	97.38%



	6 (81-9-10)
	96.81%










 





Table 10. Statistical measures of the classification test (20%) for the four risk levels.
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Risk Levels




	
Statistical Measure

	
Risk Level 1

	
Risk Level 2

	
Risk Level 3

	
Risk Level 4






	
Accuracy

	
98.1%

	
82.7%

	
96%

	
97.43%











 





Table 11. Prediction percentages for predictive results on humidity and temperature variables.
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	Replicas
	NB Humidity
	STNN Humidity
	NB Temperature
	STNN Temperature





	1
	90
	96.96
	91
	97



	2
	90
	97.37
	91
	97



	3
	90
	97.37
	91
	97
