
 
 

 

A Work Project, presented as part of the requirements for the Award of a Master’s degree in 

Business Analytics from the Nova School of Business and Economics. 

 

 

 

 

 

 

FIELD LAB JERÓNIMO MARTINS – INTELLIGENT MANAGEMENT 

INFORMATION SYSTEMS FOR NOVA & GO STORE 

 

 
AUTOMATING FOOD QUALITY AND ENERGY EFFICIENCY MONITORING IN RETAIL 4.0 

 

 

 

 

 

 

 

 

 

 

 

 

MARIANA ALEXANDRA FREITAS FILIPE 

 

 

 

 

 

 

 

Work project carried out under the supervision of: 

Professor Qiwei Han 

Mr. Rui Tomás 

 

 

 

 

25/01/2023  



1 

Acknowledgments: To Professor Qiwei Han, for sharing his experience and for providing such 

valuable guidance. To the Jerónimo Martins group and, in particular, Mr. Rui Tomás, for the 

opportunity to work on a real-world problem. To my colleagues, Maria and Wander, for all the 

video calls and the countless all-nighters. And to my family and friends, for their patience and 

support throughout this journey. 

 

Abstract: Taking advantage of the latest technologies, the retail industry has drastically 

evolved in recent years. Launched by Jerónimo Martins, Nova & Go store is an example of a 

revolutionary supermarket. With the purpose of further improving the Lab store’s daily 

operations, IoT data collected by smart ovens was analyzed to automate the monitoring of the 

food batches produced, both in terms of food quality and energy efficiency. Due to the lack of 

labeled data available, a semi-supervised approach was tested and applied. Later, the multi-

class classification’s results were disclosed using the Microsoft package, InterpretML. 
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1. Introduction 

In today's world, data is viewed, by most organizations, as a strategic asset (Delloite, 2021). In 

the words of Clive Humby, a British mathematician, it can even be described as “the new oil of 

the 21st century”, due to its tremendous potential and value when realized through business 

applications. However, just like oil, data needs to be refined. Raw data is worthless, if valuable 

insights cannot be extracted from it (McKinsey, 2018). Rather, it’s through the acquisition of 

information that companies are able to respond proactively and intentionally to market 

conditions. Accordingly, in 2011, Peter Sondergaard, a Gartner’s board member, corrected 

Humby’s famous quote by stating: “Information is the oil […] and analytics is the combustion 

engine. Today, analytics is the new oil.”  

Among a wide range of industries, Big Data has opened up new opportunities, and Retail is no 

exception. In fact, the concept of Retail 4.0 was introduced in 2010, with the intention of 

describing the sector transformation based on Industry 4.0 technologies, such as Internet of 

Things, Cloud Computing or Artificial Intelligence (Har et al, 2022). Technology has enabled 

the retail sector to create a brand-new shopping experience (Gazzola et al., 2022). From self-

service kiosks to e-commerce platforms or AR-based tools aimed to enhance customer 

experience, this new era is characterized by innovation. 

An example of an innovative project aligned with this new trend is a cashier-less store created 

by Jerónimo Martins (JM), the retail leader in Portugal. In October 2019, JM launched Nova & 

Go store, at the Nova School of Business and Economics campus. Taking advantage of a group 

of customers predominantly made up of young students, unlike what happens in the regular 

stores, this project aims to test new technologies and new products. Being primarily visited by 

Gen Z customers, it is an ideal opportunity to experiment with innovative technologies and new 

business models. Apart from traditional groceries, the store offers various freshly prepared 

foods and other novel products, all offered with the students in mind. 
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Customers’ experience in this Lab store starts with the download of the Pingo Doce & Go Nova 

app, available for both iOS and Android. After registering, a QR code should be displayed to 

enter the store. Once inside, purchases can be recorded in two ways: either through NFC 

technology or by pointing the cell phone’s camera at the product code. Later, to be able to pay, 

customers can associate their bank card to the app or, alternatively, use the payment towers. 

Yet, even in the latter case, only credit or debit cards are accepted, not notes or coins. 

During this process, data is generated at various points. So, in order to handle the large volume 

of data produced by the store, Management Information Systems (MIS) must be incorporated 

into its daily activities. Essentially, MIS collects and processes data from all sources within an 

organization to assist managers in their decision-making processes (Berisha-Shaqiri, 2014). As 

a result, JM has access to a detailed database that helps it explore the habits of its customers 

and analyze critical aspects of its processes. 

Based on the exceptional opportunities provided by the Lab store, JM has identified one of the 

supermarket’s biggest challenges to be developed throughout this thesis. Essentially, the data 

collected from the store’s semi-automated ovens will be used to classify each batch both in 

terms of food quality and energy efficiency. Such an improvement can both increase customer 

trust and decrease costs. 

Lastly, it should be noted that Design Science Research (DSR) methodology was chosen to 

structure the present thesis, since it has proven to offer outstanding benefits when it comes to 

solving real-life problems within organizations (Hevner et al., 2004). In the appendix, it is 

possible to find the different steps of this approach (Fig. 1 in the appendix). 
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1. Problem Statement and Motivation 

At Nova & Go store, hundreds of ready-made meals are sold every day. Currently, the store is 

equipped with three ovens, which secure the preparation of a wide range of food products, 

including bakery items, chicken, burgers, and other takeaway choices. The truth is that the 

customer base of this revolutionary Lab store cannot be compared to any other regular store 

within the group. Apart from the lower average age and the propensity to tech savviness, the 

typical client's mission is not limited to shopping for groceries. Rather, the store is primarily 

used by students for immediate consumption who, due to their fast-paced routine, are looking 

for fast and effective alternatives for their class breaks. The store's singularity justifies, then, a 

greater investment in takeaway solutions (Salgueiro, 2019).  

However, serving ready-to-go meals entails an additional level of responsibility. For instance, 

if chicken is not properly cooked, it may contain bacteria such as salmonella, resulting in health 

problems for the customer (Centers for Disease Control and Prevention, 2022). Due to this, all 

poultry products must be cooked at 74 degrees Celsius or higher (Assistant Secretary for Public 

Affairs (ASPA), 2022). Even in cases where undercooking does not have such severe negative 

consequences, food quality is, nevertheless, an inherent concern to any food provider. Positive 

client perceptions of the supermarket's food options play an important role in building trust and 

loyalty, improving the chances of a repeat customer, and promoting word-of-mouth marketing. 

On the other hand, an adverse incident can damage the brand's reputation, exacerbated by the 

fact that people often recall the bad experiences more vividly and for longer (J. Knutson, 1988). 

Furthermore, to offer takeaway services, Jerónimo Martins (JM) incurs additional electricity 

costs, either for the cooking process itself or for later heating food recipes that have been 

prepared in advance. Yet, considering the global energetical crisis that the modern world faces, 

following Russia’s invasion of Ukraine last February, energy expenditures have increasingly 

become a matter of concern worldwide. (International Energy Agency, 2022). Unquestionably, 
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with the rapid ascension of prices, energy efficiency is now more important than ever, and 

companies are deeply worried about the future and the crisis’ repercussions (Euronews, 2022), 

which are expected to be worse than in the 1970s (Weisenthal & Alloway, 2022). 

Therefore, to ensure that clients are always provided with safe and pleasant meals while at the 

same time minimizing energy losses, both food quality and energy consumption must be 

monitored throughout the preparation of the food batches. As of now, staff members must 

examine the oven's screen to assess each batch and make their own judgment based on their 

experience, which requires time and is subjective.  

 

2. Objectives of a Solution 

However, if Nova & Go store's unique characteristics require a new approach and pose new 

challenges for the store's management, the amount of data collected also allows new solutions 

to be developed. In fact, the semi-automated ovens are connected to a database, which receives 

updates every 60 seconds or whenever something changes in the process - for instance, when 

the door is opened, or the cooking mode is revised. This is a good example of an Internet of 

Things (IoT) application.  

Several advantages would arise if the store's staff was able to automatically monitor the 

preparation of each batch. First, as aforementioned, if successfully implemented, damaged meals 

and energy inefficiencies would be identified and addressed promptly.  As a result, food quality 

would always be assured, which is crucial for the brand's reputation, and costs would be reduced. 

Moreover, automation would allow employees to concentrate on other tasks, which may increase 

their performance, since they would have one less thing to worry about. 

Finally, by collecting and analyzing all this information, it would be possible to determine what 

is lacking in each batch process. Or, to put it another way, what are the external factors that lead 

a given batch to be of poor quality or inefficient in energetical terms? 
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By identifying what is failing, the store manager can act accordingly and correct it. This 

promotes better waste management, which will save time and resources. For instance, by 

reducing the frequency of faulty batches, which cannot be sold, the amount of food wasted would 

decrease. Furthermore, implementing better practices could reduce the amount of energy spent 

unnecessarily. 

In this sense, by combining all the accumulated data, an algorithm could be developed to 

automate batch vigilance and classification. In fact, the problem identified can be summarized 

in one question: 

 

3. Literature Review  

To gain a deeper understanding of the problem at hand, this section provides a brief overview of 

the existing research and solutions in this field.   

3.1. Internet of Things (IoT) 

In 1999, Kevin Ashton introduced the concept of Internet of Things (IoT), by proposing radio-

frequency identification (RFID) as a means of tracking products throughout the supply chain 

(Wang et al. 2015). Despite the absence of a well-established definition, the term can be 

described as a collection of devices that, when connected to the internet, are able to communicate 

and exchange data with each other. Over the past few years, IoT devices have grown rapidly. 

Kaspersky  reported that, in 2019, 61% of global companies had already incorporated IoT into 

their businesses. Moreover, the trend is expected to continue, as Gartner predicts there will be 

25 billion IoT connections worldwide by 2025. In the future, more and more objects are expected 

to extend their connectivity spectrum anywhere in the world, as wireless objects become more 

common (Kellmereit & Obodovski, 2013; Brynjolfsson & McAfee, 2018). 

Research Question: How can Machine Learning be used to monitor and detect faults in 

food preparation processes and spot energy inefficiencies? 
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By connecting data, people, processes, and objects virtually, new opportunities arise. In fact, 

different industries can benefit from IoT applications, supporting operations and optimizing 

processes. A special focus will be placed on Retail and how it can benefit from Industry 4.0. 

Data can be used to improve inventory management or personalize and enhance customers’ 

experience, for example. Sensors are able to track customers' journeys inside the store, aiming 

to better the positioning of the merchandise (Gregory, 2015). Similarly, customers can locate 

products using a mobile application that works with an Indoor Positioning System  (Hicks et al., 

2013). RFID technologies can boost inventory tracking (Gregory, 2015). And sensors and Big 

Data can even help ensure shelf availability (Vargheese et al., 2014). As far as possibilities go, 

there is a vast array to choose from. 

3.2. Applications in the research field 

Specifically, in the areas of energy efficiency and food quality monitoring, research has also 

been conducted in the past. Sensors incorporated into food packaging have proved to enable the 

monitoring of the product’s quality and safety, measuring the number of pathogen agents, gases, 

temperature, humidity, and storage period (Popa et al., 2019). Alternatively, a sensor system 

using optical fibre was used to control the cooking process in a large-scale industrial oven, 

through pattern recognition and artificial neural networks (O'Farrell et al., 2005). Particularly, 

this approach has been applied to poultry products. In addition, a multi-class Support Vector 

Machine (SVM) algorithm was used to classify hyperspectral images of premium honey 

products according to their quality (Phillips & Abdulla, 2021). 

As for power consumption, an example is ERINOKS. Using induction technology, this IoT 

application measures the weight of the food and instantly adjusts the power accordingly, 

maximizing energy efficiency (Tanrıseven et al, 2019).  Moreover, monitoring real-time energy 

data can provide insights into abnormal consumption patterns and quantify energy efficiency 

gaps (Shee Tan et al., 2017). 



9 

 

In fact, anomalies have been studied for centuries. In Hawkins' (2014) terminology, an anomaly 

(outlier) is an observation that deviates significantly from other observations, leading to 

suspicions that it was generated by a different mechanism. According to another definition, 

anomalies are patterns in data that do not fit the expected or so-called normal behavior (Chandola 

et al., 2009). Such concept may be appropriate for the issue presented, since energy inefficiencies 

and poor-quality meals are associated with an atypical behavior captured by the variables 

considered. 

Generally, anomaly detection is a one-class classification task (Bergman & Hoshen, 2020).  

However, since both food quality and energy efficiency must be evaluated simultaneously, a 

supervised multi-class classification algorithm should be displayed instead. As part of this type 

of problem, each input example is assigned a single class label. This can be accomplished 

through a variety of models, such as neural networks, support vector machine or decision trees, 

for example (Aly, 2005). Ultimately, any Machine Learning algorithm should be chosen based 

on the type of output desired, the number of features, and the type and size of data. 

 

4. Design and Development  

4.1. Data Understanding 

Data was collected on 1,653 batches prepared on the ovens of the Nova & Go store, between 

February 1, 2022, and July 28, 2022. This is the most recent data gathered by the company, and 

it corresponds roughly to the second semester of the previous academic year (2021/22). 

For the purpose of this thesis, only the ten most prepared food recipes were selected and analyzed 

(Table 1 in the appendix). Thus, the initial dataset comprised a total of 49,914 rows and 25 

columns, split into 5 numerical and 20 categorical features. Each row corresponded to a new 

update sent by one of the IoT devices. 
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4.2. Data Curation & Feature Engineering 

Following an initial inspection of the data, some adjustments were made to ensure an accurate 

and easily understandable dataset. The first step was to remove batches with a total duration of 

0 seconds, as these were erroneous units that were immediately canceled. Similarly, the target 

temperature for one of the recipes, “frango”, was set at 88 degrees for all batches, except for 

some rows. These cases were corrected, as well. Furthermore, to resolve the issue of a few 

batches being incorrectly divided and assigned distinct IDs, the temperature, door status and 

duration at the beginning of each batch were examined. 

All variables recorded in seconds were converted to minutes, to facilitate the understanding of 

the features and the comparison between different food recipes. 

Additionally, departing from each batch’s start date, 7 new columns were added, aiming to 

provide more details about the timeline and the utilization of each oven. The following variables 

were created: Date, Year, Month, Day, Weekday, Time, and Hour. 

Moreover, the number of times the chamber's door was opened during the preparation of each 

batch was not a sufficient indicator. Even if the door was opened only once on a given batch, it 

was important to consider the length of time that it remained open. This would certainly have an 

impact on the baking process and was calculated as another feature.  

Similarly, to measure energy efficiency, the total amount of energy spent was a critical factor. 

Nevertheless, since this is highly dependent on the duration of each batch, the energy spent per 

minute was added too. 

Average and extreme temperatures may also be of interest. Yet, a word of caution is necessary. 

It is possible, as explained above, for the updates to be sent in an irregular manner, regardless of 

the predefined 60-second interval. Naturally, this results in unevenly spaced time series. So, 

before computing statistical measures such as the average, all timestamps must be equally distant 

from each other. To achieve this, a resampling function was applied to the Start Offset column, 
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aiming to increase the time series frequency, through upsampling. Then, a linear interpolation 

method was used, with the goal of filling all the empty values in the newly added rows. Simply, 

by connecting the known data points with a straight line, the unknown entries can be estimated. 

As the temperature variation is not significant in a single second, such an approach seems 

appropriate in this situation.  

Yet, average temperatures can be affected greatly by large deviations, thus making it necessary 

to take into account the time during the cooking process when the temperature was above a 

certain threshold.  

As a final step, some non-relevant and redundant columns were removed. In the end, the cleaned 

dataset included a total of 1,520 batches, disclosed in 49,877 rows and 31 columns. A detailed 

description of all variables can be found in the appendix (Table 2 in the appendix). 

4.3. Exploratory Data Analysis 

Next, using data visualization as a starting point, some conclusions were drawn. Firstly, the 

month in which more data was collected was May (Fig. 2 in the appendix). It is possible, 

however, that this does not reflect a lower number of batches prepared in other months, but rather 

a compromised connection between the device and the database. For instance, there is no data 

available for March. Furthermore, looking at the intra-week variation, on average, the beginning 

and end of the week produce more batches than the other weekdays (Fig. 3 in the appendix). 

Similarly, the busiest hour of the day, measured by the average number of batches prepared per 

hour, corresponds to 7 a.m. and, in general, the morning period (Fig. 4 in the appendix). 

With respect to how each one of the three ovens is utilized, “Restaurante Grande” is used with a 

lesser variety of meal options (Fig. 5 in the appendix). Plus, most of the food recipes are 

exclusive to a given chamber, with a few exceptions. “pao de quejo PD”, “croquetes PD” and 

“frango” can be prepared in more than one oven. Moreover, “Padaria” holds the leading position 

as producer, supplying 72% of all batches (Fig. 6 in the appendix). The reason for this can be 
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ascribed to the fact that the food recipes prepared there have a shorter duration, on average (Fig. 

7 in the appendix) and are typically sold throughout the day rather than more frequently at 

specific times, such as lunch time (Fig. 8 in the appendix). In contrast, “Restaurante Grande” is 

usually used until a certain hour and for longer batches. 

Indeed, focusing on the duration, the longest food recipes are “frango” and “burguer congelado”, 

which take approximately 62 and 42 minutes, respectively (Fig. 9 in the appendix). The two 

products represent 95% of the production of "Restaurante Grande", the device with the lowest 

production volume (Fig. 5 in the appendix). 

Considering energy consumption, the most expensive food recipe is by far "frango", perhaps 

due to the target temperature that must be reached and the longer average duration (Fig. 10 in 

the appendix). Thus, since this variable has a significant correlation with time, it would be more 

appropriate to analyze the energy spent per minute instead. Although “frango” remains in 

second place, surprisingly, “pao” consumes the most energy per minute (Fig. 11 in the 

appendix). This may already indicate some inefficiencies and poor practices in the preparation 

of this recipe. In contrast, “pao de queijo PD” is the less energy intensive. 

Further, to determine if some ovens are inherently more energetically efficient than others, the 

three recipes prepared in more than one device were compared (Fig. 12 in the appendix). In fact, 

it appears that, for the same service, “Restaurant Grande” consumes more energy per minute 

than “Restaurante Pequeno”. However, a sample of two recipes is not sufficient to make a solid 

judgment, and a further analysis with more meals should be conducted. 

As part of measuring energy efficiency, one important factor to consider was the opening of the 

door during the preparation of a batch. As a matter of fact, 17.6% of all exceptional updates sent 

by the ovens were a result of opening the door, which represents almost a fifth (Fig. 13 in the 

appendix). This reveals the severity of the problem. Most of the batches have had the door 

opened at least once during the cooking process (Fig. 14 in the appendix). Specifically, “frango” 
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has the highest average number, with 2.37 times per batch (Fig. 15 in the appendix). Yet, more 

than the number of times the door was opened, it is important to consider the total duration for 

which it remained open. Again, “frango” holds the lead, registering an average of 26.6 minutes 

per batch (Fig. 16 in the appendix). As to why this occurs, one possibility could be that the staff 

members often try to understand the baking status to avoid undercooking. For this purpose, the 

time at which the door was opened, for “frango”, was considered. To eliminate the duration bias 

in the timing of the door opening, only batches with a duration of approximately 60 minutes 

were selected. Unexpectedly, most of the cases occur in the first 10 minutes of the batch’s 

preparation, which suggests that it’s the pre-heating that motivates more investigation (Fig. 17 

in the appendix).  

Upon analyzing the data regarding the temperature, one may wonder if the chamber temperature 

differs from the temperature of the food, which is measured using a thermometer. This may be 

due to energy dispersion. “frango” is the food recipe with the largest variation (Fig. 18 in the 

appendix). Likewise, it is also the recipe that achieves a broader range of temperatures, 

throughout the cooking process (Fig. 19 in the appendix). 

Finally, a supervised model requires labels to be trained. To address the problem at hand, four 

distinct labels were assigned by JM: OK, Inefficient, Void, and Wrong. A description can be 

found below (Table 3).  

Table 3 – Description of the Labels, provided by Jerónimo Martins 

 

 

 

 

 



14 

 

However, only 29.47% of the observations were labeled, with OK and Inefficient being the most 

frequently observed classes (Fig. 20). 

Fig. 20 – Distribution of Labels Across the Entire Dataset, in percentage (%) 

 

 

 

 

 

 

 

“misto pastelaria novo”, “pao”, and “frango” were the food recipes that had the greatest 

number of labeled batches (Fig. 21 in the appendix). This makes sense since these recipes were 

also among the top 5 most-produced meals (Fig. 22 in the appendix). Regarding the factors that 

influence the classification, it is evident that Inefficient and Wrong Batches tend to leave the 

door open for a longer period of time, on average (Fig. 23 in the appendix). Similarly, OK 

batches usually have a higher average temperature (Fig. 24 in the appendix), and Void units 

register a shorter duration (Fig. 25 in the appendix). 

4.4. Model  

a) Feature Selection 

When training a model, large datasets do not necessarily result in better results. In fact, if the 

number of features is significantly greater than the optimal, accuracy may even be reduced 

(Kohavi & H.John, 1998). For that reason, only the most relevant variables were kept for the 

modeling phase. To account for the differences between recipes' requirements regarding duration 

and temperature, the CC Name feature was considered. Furthermore, Duration Minutes is a 

determinant indicator for Void batches. Equivalently, it might be related to unnecessarily long 
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batches, leading to wasted energy, or OK meals, which need to be cooked over a given period 

of time, otherwise, they cannot be properly prepared. 

It was also important to measure both the number of times that the oven's door is open, Open 

Door Count, and the amount of time that it remains open, Open Door Minutes, in order to assess 

inefficiency. Complementarily, Energy Consumption measures the total amount of energy 

consumed during the preparation of each batch. In place of Energy Spent per Minute, this 

variable was used, since the former, while providing us with important insights regarding the 

previous section, was highly dependent upon the duration. Yet, Duration is key to the success 

of the label Void, and thus cannot be removed. 

Lastly, it was necessary to evaluate the temperature registered during the batch's preparation in 

accordance with the recipe requirements. In light of this, the average temperature, Avg 

Temperature, and the maximum temperature reached, Max Temperature, should also be input 

into the model. Yet, although the average was a useful statistical measure, it is highly affected 

by variations. For instance, a batch cannot be properly cooked if it is prepared at a low 

temperature for the majority of the time, and then reaches an extremely high temperature, 

causing the average to be distorted. For that reason, the total amount of time that the temperature 

was above a certain threshold, Minutes Above Threshold, was also considered. The threshold 

was determined by the average temperature of batches labeled as OK for a given recipe, and it 

varies for different recipes. As a result, not only was the average temperature taken into 

consideration, but also for how long the temperature was above a certain target. 

b) A Semi-Supervised Approach for Handling Unlabeled Data 

During the training process of supervised Machine Learning algorithms, a large amount of 

accurately labeled data is required, so that the model is able to generalize its results when 

presented with unseen data. However, data labeling is often a time-consuming and expensive 

task (IBM Cloud Education, 2021). In fact, in the dataset received, only 29.47% of the batches 
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were labeled (Fig. 20 in the appendix). Yet, even if dropping the unlabeled observations seems 

to be an effective solution and simplifies computation, it may lead to an overfitting problem. A 

semi-supervised approach is recommended instead, in these cases. 

Indeed, it is possible to expand the number of labeled points available for training. The 

combination of labeled and unlabeled data allows three different algorithms to be applied and 

compared: Label Propagation, Label Spreading, and Self-Training Classifier. 

Label Propagation (LP) assumes that closer data points have similar class labels. It creates a 

linked graph of the data, in which nearby points have a greater connection and weight, thus 

increasing the likelihood of a particular label propagating. Using the probabilities determined by 

the process above, new labels are assigned to unlabeled points. Labels keep being updated, for 

multiple iterations, until convergence is reached (D’Sa et al., 2020). 

Similarly, Label Spreading (LS) is also a graph-based algorithm based on distance and similarity 

matrices (sometimes called affinity matrices) (Chen & Wang, 2017). In Scikit-learn 

documentation, the differences between the two approaches are explained by adjustments to the 

similarity matrix that is used to graph the label distributions, as well as clamping effects. For 

instance, while LP uses the raw similarity matrix, LS uses the symmetric normalized graph 

Laplacian matrix in its calculations. Simply, it has a regularization function, thereby making it 

more robust to noise.  

Another difference is that LS employs a soft clamping, controlled by a hyperparameter α, 

whereas LP employs a hard clamping (α = 0). Clamping describes the degree to which the labeled 

data can be influenced by its neighbors, resulting in the reclassification of the original points. 

Consequently, a value near 1 allows most of the original labeled data to be altered. 

Alternatively, the Self-Training Classifier (STC) algorithm starts by using the labeled data to 

train a classifier, which is then used to make predictions on unlabeled data (Didaci & Roli, 2006). 
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Later, the pseudo-labels with the highest confidence are added to the training set and the process 

is repeated through multiple iterations.  

To determine which algorithm best fitted the dataset studied, the accuracy scores of the three 

algorithms were compared, since pseudo-labels should be as reliable as possible to avoid 

harming the model's performance in later steps. An algorithm’s accuracy can be understood as 

the probability that the prediction is correct (Grandini, Bagli & Visani, 2020). 

Moreover, to maximize the algorithm's performance, the right combination of hyperparameters 

was determined before the comparison. In addition, due to the wide range of values, features 

were scaled. To ensure a fair assessment, only the labeled data points were selected for the 

evaluation. After that, 30% of the labels were retained, while the remaining ones were masked. 

The threshold of 30% was chosen to make the experiment as similar as possible to the dataset. 

Looking at the results, LS had the best performance, achieving an accuracy of 76.1%. This means 

that the algorithm was capable of accurately predicting approximately 76% of the masked data. 

In contrast, LP and STC registered a score of 62.1% and 57.1%, respectively.  

It should also be noted that the best estimator included a clamping factor of 0.1, which means 

that 10% of the original label distribution was replaced. This may indicate the presence of some 

noise in the input labels. In spite of this, the fact that alpha was still smaller than the default 

hyperparameter for Label Spreading, which is set as 0.2, may hint that there is no cause for 

concern. As a matter of fact, the accuracy score is decreased when alpha is increased, ceteris 

paribus. 

Furthermore, an analysis of the confusion matrix can provide us with additional insights (Fig. 

26 in the appendix). This metric can be defined as a representation of the number of occurrences 

between the true/actual label, and the predicted classification (Grandini et al., 2020). It was 

evident that, compared to the other labels, the algorithm failed to spot the poor food-quality 

batches, as 21 incorrectly prepared batches were not identified. In contrast, out of 13 labels 
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predicted as Wrong, only 6 of them were accurate. This can be problematic, as mistakenly 

classified batches may be wasted, while undetected wrong units may be sold to customers. That’s 

why inputting more labels, especially from this class label, is extremely important as a future 

step, to ensure the model’s reliability. 

c) Training the Model 

In order to determine which algorithm was best suited to the dataset presented, a number of 

different models were tested. A listing of all experiments, along with the accuracy score 

obtained, can be found in the appendix (Table 4 in the appendix). It should be noted that, during 

this initial analysis, all models were trained using the default hyperparameters. As a result, 

XGBoost proved to be the most suitable classifier. 

In numerous data mining competitions, Extreme Gradient Boosting (XGBoost) has shown to 

provide exceptional results on a wide range of classification problems (Chen & Guestrin, 2016). 

Being an optimized distributed gradient boosting library, as described in the XGBoost 

documentation, it combines a set of weak learners together to create a single strong classification 

model. Also, it is trained in an additive manner, using the learned mistakes to improve the 

output’s performance, in each iteration (Chen & Guestrin, 2016). That is, each tree added 

considers the previous prediction value for the given input data and then maximizes the 

prediction gain (Le, Oktian & Kim, 2022). 

Moreover, one of the most important advantages introduced by XGBoost is its scalability, 

making its running time more than ten times faster than other models through parallel learning 

(Chen & Guestrin, 2016; Zou et. al, 2022). In addition, the algorithm is also capable of handling 

missing data and fine-tuning an ample range of hyperparameters (Le, Oktian & Kim, 2022). 

Based on the advantages offered by this algorithm and the preliminary results obtained, this 

thesis will focus on XGBoost. In fact, some studies have shown that it is superior to other 

algorithms in handling tabular data (Chakraborty & Elzarka, 2019). 
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Before setting up the model, however, to solve the unlabeled data issue, Label Spreading was 

now applied to the entire dataset, using the best hyperparameters determined in the previous step. 

The experiment returned an accuracy of approximately 76% with only 30% of the data labeled, 

as in this case, which appears to be a reasonable estimate. 

As a result, a new distribution of class labels was created (Table 5 in the appendix). Now, the 

most frequent class corresponded to OK, with 881 batches classified, followed by Inefficient, 

and lastly, Wrong and Void, with only 79 and 74 observations, respectively. However, this 

reflects a moderately imbalanced dataset, according to Google Developers, where the least 

populated class has a 1:8 ratio for the most recurrent label. Therefore, the classifier would tend 

to assign all data to the majority class, which is usually the less important one (Kotsiantis et al., 

2006). In fact, due to the lack of food quality, Wrong labeled batches cannot be sold. This is the 

class with the highest risk of misclassification, and one of the least frequent.  

Consequently, to rebalance the class distribution, a random sampling approach was enforced on 

the training dataset. After applying a Random Oversampling technique, rows within minority 

classes were randomly duplicated until all labels had the same number of data points. In contrast, 

a Random Undersampling approach would eliminate rows from the majority classes at random, 

until all classes had 74 observations. Since there was only a limited amount of data for the 

purpose of the current thesis, the first approach was preferred.  

Following the abovementioned adjustments, a fine-tuning process was conducted.  For instance, 

the maximum depth of each tree, max_depth, was used to control the degree of overfitting to the 

model. A higher value allows the model to learn the specificities of a particular sample.  

The optimal combination of hyperparameters was, then, determined through Randomized 

Search, available in the scikit-learn library. This technique involves testing a random mix of 

hyperparameters, for a predetermined number of iterations, until the best estimator is found 
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(Akyol, 2022). Indeed, when limited computational resources are available, it has been proven 

that searching over a wider range has resulted in better results (Bergstra & Bengio, 2012).  

d) Results and Discussion 

i) Model Evaluation 

Once the hyperparameters have been tuned to ensure optimal performance, the model must be 

evaluated using a variety of multi-class metrics. In fact, the use of disparate methods allows for 

different perspectives and, consequently, a deeper level of judgment to be reached. 

The confusion matrix is, once more, used as a starting point, since it summarizes all the 

classifier’s predictions and behavior (Grandini, Bagli, & Visani, 2020). It can be seen that, 

although 29 batches were not properly identified, the model correctly classifies 275 others (Fig. 

27 in the appendix). This is a clear indication of a positive result. 

In fact, to provide an overall evaluation of multi-class classification, accuracy is among the 

most widely used metrics. As stated before, it calculates the percentage of correct predictions 

made by the model. Based on the data provided, a score of 90.5% was achieved. 

However, as the dataset is unbalanced towards labels OK and Inefficient, this score heavily 

depends on the model's performance on these classes, as a result of its weight (Luque et. al, 

2019). Alternatively, macro-average precision and recall can be calculated, by computing each 

metric independently for every class and then averaging the results. Precision can be defined as 

the proportion of correct predictions, divided by the total number of predictions for a given 

class (Grandini, Bagli, & Visani, 2020). Meanwhile, Recall measures the proportion of data 

points from a given class that were detected. Based on the results, macro-averaged precision 

was greater than recall, although by a relatively small margin, with scores of approximately 

85% and 83%, respectively. The fact that both values are lower than their weighted-averaged 

scores, confirms the dataset’s imbalance and the distortion of overall metrics. 
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This is also visible on the classification report, where each metric’s score varies on the class 

considered (Fig. 28 in the appendix). By looking at the F1-score, which combines both precision 

and recall, the Wrong class performs relatively worse, reaching only 62%, compared to 

approximately 90% for all other labels. Similarly, even if macro-averaged precision was equal 

to 85%, it is evident that there was a discrepancy across classes. 

Overall, labels OK, Inefficient, and Void are able to accomplish fairly good results. In fact, the 

precision score of 0.93 indicates that almost all batches classified as Void and OK were correct 

predictions. Additionally, a large percentage of inefficient batches were detected, as evidenced 

by an 88% recall rate. Yet, it appears that the model did not fully understand the characteristics 

of the Wrong class, which is the most poorly predicted label. As a matter of fact, when 

evaluating the label-spreading algorithm, this behavior was already evident. This can be 

justified by the limited amount of labeled data available, which is likely to have an impact on 

the model in two ways. The first concern is that it may compromise the propagation of labels, 

as Wrong was the less frequent label, making it difficult to absorb the class's essence. Plus, for 

the modeling phase, the fact that this label has a very small number of rows, as a result of an 

imbalanced dataset, creates the need for oversampling, potentially resulting in overfitting, since 

data points from minority classes are repeated (Kotsiantis, Kanellopoulos & Pintelas, 2006).  

Thus, to dive into the performance differences between classes, the Area Under the Curve 

(AUC) can be estimated, assessing how well the classifier can distinguish between labels 

(Döring, 2018). Simply, it computes the likelihood that a random data point from one class has 

a lower probability of belonging to another class than a random observation from the opposite 

class (Hand & Till, 2001).  In general, a value close to 1 indicates a high level of separability. 

In this multi-class classification setting, a One-vs-One (OvO) approach was employed. The 

results show that, registering the lowest scores, Wrong batches are difficult to separate from 

Void and Inefficient units. In contrast, Void batches are undoubtedly distinct from Inefficient 
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and OK meals, achieving a value of 1. Despite this, all values are 0.75 or higher, resulting in an 

average of 0.94. This reflects how accurate the classifier was in predicting each class. Later, 

further insights can be gained by examining the most important features that may affect the 

model's prediction. 

ii) Model Interpretability 

It is important for people who will be affected by a Machine Learning algorithm to trust it, no 

matter how well the model performs in its evaluation. In fact, trust is a key factor in the success 

of any deployment and plays a crucial role in determining whether or not people will rely on 

automated systems (Lee, 2021). Furthermore, in critical areas, such as medicine, the criminal 

justice system, or the financial markets, it is even more decisive to understand how models 

make decisions or exhibit a given behavior (Lipton, 2018). In a similar manner, controlling food 

quality and determining whether a batch is fit for human consumption carries some 

responsibility, since misclassification can result in health-related issues. 

Toward this end, Microsoft has developed a free open-source package, InterpretML, which 

aims to help business decision-makers gain a solid understanding of models’ overall behavior, 

through a collection of techniques (Microsoft, 2020). In addition, this toolkit can also be used 

for debugging and examining individual predictions. The goal is to ensure Intelligibility, one 

of Microsoft's six principles of artificial intelligence (AI), which states that AI systems should 

be understandable, monitorable, and responsive to human input (Microsoft, 2020). This has 

proven to be beneficial, in terms of improving the model's performance by identifying errors 

and fixing them, increasing trust, and therefore making the adoption process easier for end-

users, as well as uncovering potential unfair practices. 

In this sense, although XGBoost is defined as a glass-box model, meaning that it is inherently 

interpretable, it is still advantageous to employ explainability tools to have both global and local 

explanations. Microsoft offers two methods for this purpose: SHAP and LIME. 
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The former, Shapley Additive Explanations (SHAP), uses Shapley values to explain a model’s 

output. Based on a game theory approach, it measures how each feature contributes to the 

model’s prediction (Smith & Alvarez, 2021). Essentially, SHAP values calculate the mean 

marginal contribution of having a certain feature value, across all possible values in the feature 

space. It can be used either for analyzing individual predictions or, rather, for global 

explainability.  

Taking an overall look at feature importance, it is evident that Max Temperature and Avg 

Temperature, as well as Duration Minutes, are among the most important features for the 

model’s classifications (Fig. 29). 

 

Fig. 29 – SHAP Summary Plot 

 

 

 

 

 

 

 

 

 

Contrary to this, the number of times the oven's door was opened appears to have little impact. 

In fact, due to the limited number of unique values, it may be difficult to differentiate between 

classes based on this. The type of food recipe seems to be of little relevance, too. 

Specifically, the Void label is highly affected by Max Temperature and Duration Minutes. This 

makes sense, since interrupted batches are characterized by a shortened duration, which results 



24 

 

in a lower temperature being achieved. The lower the duration and maximum temperature 

achieved, the greater the effect on prediction (Fig. 30 in the appendix). Rather, the Inefficient 

class is most impacted by Open Door Minutes, where larger values push the prediction toward 

this label (Fig. 31 in the appendix). This class is also associated with longer durations and lower 

average temperatures, due to the dispersion of energy caused by the opening of the door. 

Correspondingly, OK batches are defined by high values of Avg Temperature and Minutes 

Above Threshold, along with modest values of Open Door Minutes (Fig. 32 in the appendix). 

This indicates that the cooking process was conducted in an appropriate manner. Finally, 

batches classified as Wrong depend mostly on temperature-related features (Fig. 33 in the 

appendix). Particularly, contributing to this category are small average temperatures and the 

length of time it was above a threshold, which suggests that these meals were often 

undercooked, leading to a poor-quality batch. This is the opposite of an OK unit. 

Diving into the confusion between the three classes, it may be convenient to evaluate individual 

classifications as part of the interpretability analysis. Even if it does not provide a universal 

rule, examining concrete examples of incorrect predictions can help identify the root cause of 

the problem. 

Keeping this in mind, another framework for achieving intelligibility is Local Interpretable 

Model-Agnostic Explanations (LIME), which focuses exclusively on local interpretation. It can 

be applied to any classifier or regressor, by approximating it locally with an interpretable model. 

Plus, in essence, it generates a new dataset composed of perturbed samples and their 

corresponding predictions, to test what happens when data is varied and how this affects the 

outcome. When training the interpretable model, the algorithm weighs the sampled instances 

by the proximity to the target instance (Molnar, 2022). 

In general, it is evident that all labels are primarily affected by the batch's temperature and 

duration, which are the most relevant features for the model's overall behavior. The difference 
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relies on the values taken. While Void units have a short duration and low temperatures 

recorded, Inefficient batches are lasting, despite the low temperatures. At the same time, Wrong 

batches seem to correspond to undercooked meals with low temperatures, as well. Thus, 

commonly in these three labels, the average temperature is reduced, regardless of whether the 

cause is energy dispersion or short duration. Moreover, since the Wrong label is solely a 

function of food quality, it is largely influenced by temperature. Such ambiguity in other aspects 

allows it to display certain misleading traits, such as excessive Open Door Minutes and 

Duration values, in some cases.  

To illustrate this, a random batch was chosen from the test set (Fig. 34 in the appendix). 

According to the model, there is a 52% confidence level that this data point belongs to the 

Wrong class, when in fact it corresponds to an Inefficient production. The features that lead the 

model to a bad allocation are an extremely long duration of about 2 hours and a low average 

temperature. In fact, when a batch is prepared in an inefficient manner, where the cooking time 

is prolonged, but the door is open most of the time, it is difficult to determine whether the food 

was properly cooked or not. 

Besides, considering an example of misidentification involving the Void class, another row was 

randomly selected (Fig. 35 in the appendix). Based on the algorithm's judgment, there is a 98% 

probability that the meal was interrupted, but it was in reality of low quality. Curiously, only 

the fact that the door was opened once pushes the label towards Wrong, as Void batches are 

typically valued as 0. This confirms the intuition that relying only on the quality of food and 

having ambiguous measures of inefficiency can lead to some problems, and it may explain the 

confusion between the three classes. 
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5. Challenges & Limitations 

The model built produces fairly good results, with an accuracy rate of almost 91%. In fact, 

although the Wrong class performed relatively poorly, the label still managed to achieve an F1 

score of 62%, which seems reasonable. Yet, there are certainly limitations, which can be turned 

into opportunities for improvement and, for that reason, should be addressed. 

Firstly, as explained before, the limited amount of labeled data compromises the performance 

of the model from the very beginning of the pipeline. Based on the results of the above 

experiment, a portion of 30% of the labeled data could provide a 76% accuracy rate, using a 

semi-supervised solution. However, the results can be further improved if more batches were 

labeled. This way, the algorithm would have access to a greater number of examples, allowing 

it to better absorb the essence of each class and perform a more sustained propagation. Later, 

feeding the model with labels that are more confidently distributed would benefit its training 

and performance. It is, however, important to note that labeling efforts should be directed 

primarily at minority groups, at least as a first step, to ensure that all classes are represented and 

treated equally. 

Additionally, the ambiguity in class Wrong and the fact that labels do not mutually exclude one 

another complicate the classification task. Thus, the definition and number of labels should be 

reviewed. Rather, adding more features would be another alternative for improving 

differentiation. In fact, other types of data, such as humidity, are collected by the devices. 

Finally, even IoT systems are susceptible to flaws, which can be caused, for instance, by a bad 

connection or a misuse of the device on the part of the employee. Therefore, some errors were 

discovered in the oven's database. A more concerning example relates to batches that were 

incorrectly split and assigned different IDs. Consequently, each batch's data is at risk, as it may 

be unreliable and influence the prediction. Taking steps to address this issue will ensure that 

the classifier uses good-quality data, promoting a successful outcome. 
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6. Recommendation for Future Steps 

In the future, Jerónimo Martins plans to prototype this pilot project, so that batch surveillance 

and process optimization can be performed close to real-time. To accomplish this, it is necessary 

to settle and run the trained algorithm on a server, which, in turn, should be connected to the 

database where the oven updates are stored. Upon implementation, if a batch of food is not 

properly prepared, an alert should be sent to the device, so that staff members are informed and 

can act accordingly. Later, to ensure optimal performance, the model should be retrained 

periodically in light of new data collected.  

With this in mind, a partnership with Amazon Web Services (AWS) was established.  In fact, 

a few initial meetings have already taken place to implement the model in an agile manner. 

Apart from Cloud computing, AWS provides other solutions that can facilitate all steps of a 

Data Science project, from data curation to deployment. Among the most advantageous built-

in tools for the present case is Amazon SageMaker Ground Truth service, which provides a 

wide range of options for labeling the data in a less costly and time-consuming manner. 

Nevertheless, further discussions with AWS technicians are necessary to better understand the 

different options and tailor them to meet the business' needs. Plus, with extended computational 

resources, the model’s performance can also be potentially improved. For instance, a broader 

range of hyperparameters can be tested, when fine-tuning. 

 

7. Conclusion 

In Hopping's (2000) view, the history of retail industry reflects the progress of technology. In 

fact, retailers have been able to streamline and accelerate their processes over the years by 

implementing technology, from ATM card payments to RFID systems. 

Nova & Go store exemplifies this increased ability to modernize and improve the shopping 

experience. Among other things, this store can gather various types of data, from sales, in-store 



28 

 

product placement, inventory levels or even the cooking process of takeaway meals. For the 

purpose of this thesis, the latter type of data was analyzed. 

To constantly ensure the quality and safety of ready-to-go meals, the surveillance of the store’s 

food batches was automated. Previously, a staff member would need to inspect the oven's screen 

manually, which was a time-consuming, subjective process that could result in human error. 

Alternatively, an algorithm for multi-class classification was now developed, based on the data 

collected from the store’s semi-automated ovens. As a result of incorporating the model into 

the store's daily activities, an alert could be sent whenever the food quality is not adequate. 

Further, an analysis of the inefficient batches would allow an understanding of what are the 

poor practices in place. Leaving the door open is, for example, a significant risk factor. 

Identifying the primary reasons for this action can help reduce energy waste and, in turn, reduce 

costs.  
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Table 1 – Top 10 of Most Prepared Food Recipes, in Total Number of Batches 
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Table 2 – Description of the Cleaned Dataset’s Features 
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Table 3 – Description of the Labels, provided by Jerónimo Martins 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4 – Other Models Tested, and the Accuracy Score obtained  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5 – Comparison of the Distribution of Labels before and after Label Spreading 
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Appendix Figures 

 

Fig. 1 – Data Science Research 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 – Total Number of Batches Prepared, by Month 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 – Average Number of Batches Prepared, by Weekday 
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Fig. 4 – Average Number of Batches Prepared, by Hour 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5 – Percentage of Chamber Utilization, by Food Recipe 
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Fig. 6 – Percentage of Batches Produced, by Chamber 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7 – Average Duration by Food Recipe and by Chamber, in Minutes 
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Fig. 8 – Total Number of Batches Prepared, by Hour and by Chamber 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

Fig. 9 – Average Duration per Batch, in Minutes, by Food Recipe 
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Fig. 10 – Average Energy Consumption per Batch, in kWh, by Food Recipe 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 11 – Average Energy Spent per Minute, in kWh, by Food Recipe 
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Fig. 12 – Average Energy Spent per Minute, in kWh, by Food Recipe and by Chamber 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 13 – Possible Motives for an Exceptional Update, in percentage (%) 
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Fig. 14 – Distribution of the Number of Times the Door was Opened per Batch 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 15 – Average Number of Times the Door was Opened, by Food Recipe 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 16 – Average Total Time the Door was Opened, in Minutes, by Food Recipe 
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Fig. 17 – Number of Updates Sent Due to Opening the Door, by Start Offset 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 18 – Average Chamber and Food Temperature, by Food Recipe 
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Fig. 19 – Average Maximum and Minimum Temperature, by Food Recipe 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 20 – Distribution of Labels Across the Entire Dataset, in percentage (%) 
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Fig. 21 – Number of Distinct Labels, by Food Recipe 

 

 

 

 

 

 

 

 

 

 

Fig. 22 – Top 5 Most Produced Food Recipes, in Number of Batches 
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Fig. 23 – Average Total Time that the Door was Opened, in Minutes, by Recipe and Label 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 24 – Average Food Temperature, by Food Recipe and Label 

 

 

 

 

 

 

Fig. 25 – Average Total Duration in Minutes, by Food Recipe and Label 
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Fig. 26 – Confusion Matrix for the Label Spreading experiment with 30% of labeled data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 27 – Confusion Matrix for the fine-tuned Model (using the Test Set) 
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Fig. 28 – Classification Report obtained for the fine-tuned Model (using the Test Set) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 29 – SHAP Summary Plot 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



49 

 

Fig. 30 – SHAP Summary Plot for Class 2 (Void) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 31 – SHAP Summary Plot for Class 0 (Inefficient) 
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Fig. 32 – SHAP Summary Plot for Class 1 (OK) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 33 – SHAP Summary Plot for Class 3 (Wrong) 
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Fig. 34 – Example of an incorrect prediction between Wrong and Inefficient 

 

 

 

 

 

Fig. 35 – Example of an incorrect prediction between Void and Wrong 

 

 

 

 

 


