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Abstract—In recent years, the field of computer science has 

experienced great changes due to the incredible advances in the 

field of artificial intelligence. Deep Learning models are 

responsible for most of them since the biggest milestones occurred 

in 2012 when AlexNet won the image classification challenge called 

ImageNet. These models have demonstrated great performance in 

different types of complex tasks like image restoration, medical 

diagnosis, or object recognition. Their disadvantages are related 

to their high data dependency, which forces experts in the field to 

follow a precise methodology to obtain accurate models. In this 

study, we describe a complete workflow that begins with the 

management of the raw data until the in-depth interpretation of 

the performance of the models. This should be taken as a high-

level consultation document describing good practices that should 

be applied. Apart from the step-by-step methodology, we present 

different use cases that correspond to the two main problems of 

the field: classification and regression. 
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I. INTRODUCTION 

If we talk about what has been one of the biggest advances 
in recent history, we must talk about the revolution of artificial 
intelligence (AI). AI is the domain within computer science that 
analyzes and interprets the processes underlying intelligent 
actions in humans, aiming to replicate these actions in machines, 
not always employing the same mechanisms [1]. These 
advancements have been fostered by two main factors. First, the 
creation and availability of large amounts of data have never 
been seen before. Second, the affordable price of hardware to 
compute this data and train the AI models. 

But if we must talk about the milestone in the modern AI era, 
we must talk about Deep Learning (DL) models. This is a family 
of models whose term was coined in 2006 by Hinton. They are 
defined as multiple-layer models using hierarchical Artificial 
Neural Networks (ANNs) with the capacity to progressively 
learn data representations, beginning with the input data and 
advancing to higher levels of abstraction [2]. Its biggest 
milestone occurred in 2012 when AlexNet was the first DL 
model that won an image classification challenge called 
ImageNet [3]. 

Deep Learning models have been demonstrated to have high 
performance in solving many different complex tasks. 
Nevertheless, some weaknesses face any expert in the field 
constantly, such as poor interpretability, data dependency, or 
lack of generalization in a broad range of datasets. The last two, 
apart from being interrelated, are common to all the 
implementation workflows of these models. Normally, large 

amounts of data are needed to train accurate models, but there is 
also a need to generalize and avoid overfitting. The latter is 
described in [4] as the situation in which the model learns 
characteristics associated with noise or variability within the 
data, rather than the fundamental distribution of the training 
data. So, avoiding overfitting is the main condition to obtain a 
model that performs well generalize. 

Overfitting is tested at the end of the process of model 
training. At this point in the process, different measures of a 
metric are compared, corresponding these values to the different 
sets into which the data in origin is split. The success of the 
training process depends on different decisions to be taken, 
which are related to the type of problem to be solved, the nature 
of the data, and other conditions. The large number of decisions 
to take and the lack of knowledge about what they depend on 
have allowed the publication of papers where the overfitting of 
the models is noticeable. The motivation of this study is to 
compile and explain step-by-step how to perform accurate 
processes to train Deep Learning models. 

The work aims to provide resource information for 
researchers so they can know which steps to apply and 
understand them. This will be very useful for scientists without 
a deep understanding of deep learning terms. In the case of 
experts in the field, they could have a guide of best practices to 
follow. In this sense, the main contribution is to compile in a 
single document the explanation of each step. It will not only 
describe the method step-by-step, but we will also provide why 
each step is necessary and how to apply it depending on several 
conditions, such as the use case to solve or the type of data. As 
we want this study to be accessible to any researcher interested 
in the field, we are providing a high-level explanation of terms, 
strategies, etc., with only basic mathematical formalization. 

The rest of the study is organized as follows: Section II 
describes all the antecedents of the DL field, so a general idea of 
different terms could be obtained, with the possible applications 
DL could have. Section III explains step-by-step the proposed 
methodology to obtain accurate models. Section IV shows 
different use cases where the methodology is applied. Finally, 
Section V compiles different conclusions related to what has 
been explained in the work. 

II. ANTECEDENTS 

DL models are very diverse, with their performance tied to 
the nature and quality of the training data. This section explores 
the different models used in the field. Fig. 1 shows the 
hierarchical organization of these models depending on the way 
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they learn. An in-depth description of the models will be given 
later. 

 
Fig. 1. Classification of Deep Learning models based on their different 

training strategies. 

DL models are first categorized based on their approach to 
learning from data (training stage), which includes supervised 
and unsupervised methods. The first category corresponds to 
those using labelled data for training, where the model 
understands the relationship between input data and expected 
output, which is a discriminative task. 

The Multilayer Perceptron (MLP) represents the most basic 
form of a DL model. Its architecture consists of an input layer, 
multiple hidden layers, and an output layer. It is typically used 
to predict a particular numeric value, but classification problems 
can also be solved, for example, [5]. Take the benefit of using 
MLPs to predict the density of 48 refrigerant systems. 

Convolutional Neural Networks (CNNs) stand out as one of 
the most used models, particularly in computer vision 
applications [3]. Their primary strength lies in their capability to 
detect patterns in a spatially invariant manner. This 
characteristic enables them to recognize specific structures in an 
image, regardless of their location. More recently, there has been 
a development of a specialized type of CNN known as Graph 
Convolutional Neural Networks (GCNNs). Introduced by [6], 
GCNNs are designed to process graph-structured data. This 
model encodes both the structure of a graph and the features of 
its nodes. Examples of the application of these models can be 
found in the following papers [7], where CNNs are used for the 
automated assessment of damage type and severity in wooden 
structures [8], and a GCNN model is used for identifying 
essential genes in organisms. 

Recurrent Neural Networks (RNNs), as defined by [9], 
employ an input vector of variable length and recursively apply 
a transition function to their internal hidden state vector ht. They 
are particularly useful for time series data structures. Within the 
family of RNNs, there are two specific subtypes known as Long 
Short-Term Memory (LSTMs) and another called Gated 
Recurrent Units (GRUs). LSTMs, introduced by [10], were 
devised to effectively handle noisy or ambiguous input data. The 
study [11] is an example where RNNs are used for the task of 
stock prediction. 

The other prominent set of models falls under the 
unsupervised training category. In this scenario, the data has no 
labels, and there is no prior knowledge regarding the results of 
performing generative tasks [12]. 

Deep Autoencoders (DAEs) apply unsupervised learning. 
First described by [13], they are characterized by having input 
and output layers of the same or similar size, along with two 
processing modules. The first structure, the encoder, takes the 
input data and compresses it to a smaller representation 
containing its essential features. The second structure, the 
decoder, aims to reconstruct the original input data by 
upsampling the compressed representation until it reaches the 
size of the input data. 

Restricted Boltzmann Machines (RBMs) are regarded as a 
specific form of Autoencoder, initially proposed by [14], 
capable of learning probability distributions. RBMs have been 
employed to construct Deep Boltzmann Machines (DBMs), as 
stated by [15]. In [16], Autoencoders are used for segmenting 
teeth in Intra-Oral 3D Scans. 

A particular and very well-known Autoencoder is 
Transformers, which are models that avoid recurrence and 
exclusively rely on an attention mechanism to establish global 
dependencies between input and output [17]. This type of model 
is used by [18] for the prediction of risk in cardiovascular 
diseases. 

By combining the previous learning types, it creates a new 
category known as semi-supervised learning. Within this 
classification fall Generative Adversarial Networks (GANs). 
GANs comprise two neural models: the generator and the 
discriminator, operating in an adversarial training paradigm 
[19]. This architecture aims to understand and replicate a given 
data distribution. The generative model tries to generate 
synthetic instances of the input data, while the discriminator 
assesses these instances to determine their similarity to the input 
data. This adversarial process provides a probability of 
authenticity for each instance, distinguishing between input 
(authentic) and synthetic (generated) data. Through iterative 
refinement, the generator learns to produce data that 
increasingly resembles the input data. In [20], the authors 
implement a GAN model to translate RGB images into IR ones 
for fire forest monitoring. 

In recent years, a trend has emerged within the field of deep 
learning: the development of hybrid models. These models are 
considered important for future advancements in DL. They 
combine two or more distinct architectures, such as CNN-LSTM 
or Autoencoder-LSTM, [21] and [22]. 

III. INTRODUCTION METHODOLOGY TO TRAIN DEEP 

LEARNING MODELS 

In this section, the methodology to obtain accurate DL 
models is described in depth. The process has been divided into 
different steps, adding the best practices and an explanation 
about how they should be applied. It begins with having the 
dataset raw related to a use case to solve with it. Then, deciding 
which DL model fits better until the obtention of a set of accurate 
metrics that avoid generalizes. Finally, ending with an 
interpretation of the models using other metrics and making a 
comparison with some baselines. 

A. Deciding What Deep Learning Model to Use 

The first decision to be taken when solving a DL problem 
corresponds to choosing a suitable model. Considering what has 
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been described in Section II, the different DL models that can be 
applied depend on the nature of the data and the use case to be 
solved. If we talk about the different use cases, there are also 
many applications, but all of them can be classified into two 
main types: classification and regression. Belonging to one 
group or the other will have consequences, as will be described 
later, in the metrics used to measure the performance of the 
model. Classification problems consist of building a model that 
links the attributes of the instances, typically represented as 
attribute-value pairs, to the corresponding class labels [4]. 
Regression problems aim to predict the value of a dependent 
variable based on one or more independent variables, [4]. 
Typical classification problems in DL are image classification 
or disease diagnosis. Within the regression problems group, we 
have time series prediction and object detection. 

Due to the wide range of models and use cases, this decision 
has multiple solutions. We provide a general vision about how 
to choose the proper DL model. Table I compiles information on 
the different models, the type of data used to train them, and the 
typical use cases to solve. 

TABLE I.  SUMMARY OF DL MODELS USED, TYPE OF DATA AND 

APPLICATIONS. 

Model type Nature of data Use case 

MLP Tabular data  
Prediction of a continuous 

value 

CNNs 
Image data with  

spatial relationships 

Image Classification, Object 

Detection, Segmentation 

GCNNs 
Data represented as 

graphs or networks 

Graph-structured Data, Social 

Network Analysis 

RNNs 
Temporal sequences, 

sequential data  

Sequential Data Modelling, 

Time Series Prediction 

Autoencoders Unlabelled images 
Data Compression, Denoising, 

Anomaly Detection 

Transformers 
Sequential data, 

particularly text data  

Language Translation, Text 

Generation 

GANs 

Often images, but can 

be applied to other 

domains 

Image Generation, Style 

Transfer, Data Augmentation 

DRL 

Sequential decision-

making tasks with  

rewards 

Game Playing, Robotics, 

Autonomous Systems 

Hybrid models 
Mixed data types or 

tasks 

Multiple types of 

data/modalities or tasks 

B. Splitting the Dataset into Train, Validation, and Test 

As has been said before, to obtain a Deep Learning model 
that performs well, we need to avoid overfitting. Model testing, 
which consists of checking how a trained model performs with 
new data never seen before, is the way to prevent it. For this 
purpose, first, there is a need to split the data into three sets: 
training, validation, and test. 

The training set shows instances of the model so it can be 
adjusted to generalize its distribution. The validation set 
measures the accuracy of the model based on the errors obtained. 
The test set is used to check the capacity of the model to 
generalize by using data never seen before. 

So, the first decision to be taken is the percentages used to 
create the three sets. A typical criterion is based on the Pareto 
principle, which states that for many phenomena in nature, about 

80% of the consequences are produced by 20% of the causes 
[23]. In this way, a good choice is to split the training and test 
by 80% and 20%, respectively. Then, split the training set into 
80-20 for training and validation. Anyway, this is not an exact 
rule, and depending on the size of the original dataset, these 
percentages could vary. For small datasets, it could be 70-30, 
and for big datasets, 90-10, as done in [24]. 

The second decision to take related to the training, 
validation, and test sets is the strategy to follow during the split. 
Typically, a randomization is applied to avoid patterns 
depending on the order of the data. This prevents potential biases 
by ensuring that there is enough diversity representing the 
complete dataset in the three subsets. However, depending on 
the type of data and its organization, randomizing it is not always 
the best option. It is very important to avoid instances from the 
test set being introduced during training, which is called data 
leakage. A typical data leakage case occurs when using frames 
of videos in a model. If we split the sets of subsequent frames, 
almost equal frames could be part of the training and test sets. 
To avoid this, it is better to split the dataset into full sequences. 

Finally, a problem could occur in classification problems 
with imbalanced classes. This could lead to a training or test set 
where a class has more presence compared to the other. The 
strategy that is applied to avoid this is called stratification. This 
will ensure that each subset maintains an identical class 
distribution. 

C. Feature Scaling 

Apart from the obvious transformation of data into 
continuous values, as input data in DL models is always numeric 
data, feature scaling is a best practice to apply just before starting 
to train the models. This term is defined in [25] as transforming 
all features to a uniform range, avoiding the influence of large-
scale features on classification models or other feature-
dependent processes. Feature scaling also has different benefits. 
For example, they can accelerate the process of gradient-based 
optimization algorithms, as in DL models, which leads to faster 
training times. Also, by avoiding the influence of features over 
the rest, the model performance tends to be improved. Finally, 
calculating distances is more accurate after feature scaling, as 
this process is part of the algorithms used in DL, for example, 
L1 regularization. 

In this sense, there are two main strategies: scaling and 
normalization. The former transforms features to have a mean 
of zero and a standard deviation of one, which prevents certain 
features from dominating others during training. The latter 
scales features to a range between 0 and 1 or -1 and 1, which is 
particularly useful for algorithms sensitive to the magnitude of 
features, such as distance-based algorithms. There are many 
different strategies to apply scaling and normalization, but the 
following should be highlighted. 

In the case of scaling, most well-known is Min-Max. This 
strategy rescales the features to a fixed range, typically [0, 1], by 
subtracting the minimum value from each feature and then 
dividing by the range (the maximum value minus the minimum 
value). Eq. (1) formalizes this process: 

𝑋𝑀𝑖𝑛𝑀𝑎𝑥=
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
                               () 
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The main strategies in normalization are Euclidean Norm 
and Z-Score. Z-score transforms the features to have a mean of 
0 and a standard deviation of 1. This strategy is depicted by 
Eq. (2): 

𝑍𝑆𝑐𝑜𝑟𝑒=
𝑋−µ

𝛿
                  () 

In the equation, µ is the mean, and δ is the standard 
deviation. 

D. Choosing the Metrics Depends on the Problem to Solve 

The way to measure the performance of a DL model is by 
using metrics. The aim is to obtain the values that ensure that the 
model is well-trained. As a first step, we must choose which 
generic metric to use depending on the problem to solve. As we 
have said before, DL problems can be framed into two big 
classes: classification and regression. 

In classification problems, the main metric is called 
accuracy. This is defined as the proportion of the samples that 
the model has predicted correctly among the total number of 
instances. Eq. (3) describes this metric: 

=
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
                    () 

In the equation above, True Positive (TP) refers to cases 
where the actual sample class is positive, and the model's 
prediction is also positive. True Negative (TN) denotes instances 
where the actual sample class is negative, and the model's 
prediction is also negative. False Positive (FP) signifies 
scenarios where the actual sample class is positive, yet the model 
predicts a negative outcome. False Negative (FN) represents 
situations where the actual sample class is negative, but the 
model predicts a positive result. The accuracy measures a 
percentage in ranges of 1, so the best value is the nearest to 1. 

For regression problems, the Mean Squared Error (MSE) is 
usually used. It is defined in [26] as the mean of the squared 
differences between the predictions and the actual values. The 
following Eq. (4) describes this metric: 

 = 
1

𝑁
 ∑ (𝑦𝑖 −𝑦𝑖)

2𝑁
𝑖=1                        () 

In the previous equation, N corresponds to the number of 
instances of the dataset, 𝑦𝑖 is the real value, and 𝑦 𝑖 is the 
prediction made by the model. When using the MSE, the aim is 
to obtain a value as close to 0 as possible. 

These metrics will be used as a first step to measure the 
performance of the model during training, validation, and test, 
or check if underfitting or overfitting is happening. For a deeper 
analysis of how models work, we will use other metrics that will 
be introduced in Section III H. 

E. Using k-Fold Validation During the Training Stage 

K-fold validation is a typical strategy used when data is 
scarce. Apart from that, it should be used to validate the models 
more exhaustively. As DL models are initialized by 
randomization of their weights, this initialization could benefit 
from the data split in how the model performs. To mitigate this 
issue, k-fold cross-validation is employed. 

In this strategy, the training set is divided into k smaller 
subsets or "folds". Subsequently, a loop is executed for each of 

the k folds. Then, the model is trained using k-1 folds as the 
training data and validated (evaluated for its performance) using 
the remaining fold. The numeric measure reported by k-fold 
cross-validation is the average of the values calculated across the 
entire loop. Also, a standard deviation is given that will be useful 
to know if the performance is worse in any of the folds. 
Considering these factors, a good practice is using k-fold cross-
validation with k values set to either 5 or 10. Empirical evidence 
suggests that these values yield test error rate estimates that 
achieve an appropriate balance, mitigating common Deep 
Learning pitfalls as described in [27]. 

F. Hyperparameter Optimization 

Deep Learning models depend on multiple configurable 
variables that set its behavior and performance. Thus, it is 
essential to find the best set of hyperparameters to obtain an 
optimal model. There are different strategies to achieve this task, 
but we can mention the following: grid search, random search, 
and Bayesian Optimization. First, one optimizes the 
hyperparameters by exploring and combining various ranges of 
possible values to find the best configuration [28]. Random 
search is another simple and efficient hyperparameter 
optimization method that randomly samples parameter 
combinations, offering better performance than grid search in 
high-dimensional spaces [29]. The use of one or another 
depends on the model to tune, grid search ensures that all 
hyperparameter combinations are tested, but needs from a lot of 
computational resources, so it is better for models where the 
hyperparameter search space is small. However, random search 
is more efficient in computational terms, but does not explore all 
the search space of hyperparameters, so it should be used when 
the search space is wide. Finally, we have Bayesian 
Optimization defined by [30] as a probabilistic surrogate model 
(often a Gaussian process) to represent prior beliefs about the 
objective function and iteratively updates this model using new 
data. By balancing exploration and exploitation through 
acquisition functions, it efficiently selects the next sample points 
to find the global optimum with fewer evaluations. 

G. Avoiding Underfitting and Overfitting 

As we have said before, the main aim when training a DL 
model is avoiding overfitting/underfitting. Apart from that, it is 
also important that it can perform better than a human doing the 
specific task for which we are training it. To accomplish this, we 
will introduce the concept of trade-off between bias and variance 
[31]. This term addresses the balance between model complexity 
and its ability to generalize to unseen data (test set). In DL 
models, this trade-off plays a crucial role in determining model 
performance and robustness. The bias of a model refers to its 
ability to capture the underlying patterns in the input data, while 
variance refers to its sensitivity to small fluctuations during 
training. 

The aim of the bias is accomplished when the metric at the 
training stage improves how the human performs this task. For 
example, if we are training a model for the diagnosis of 
Parkinson's Disease with Magnetic Resonance, we must obtain 
a better accuracy than that obtained by a physician. A model 
with low bias may simplify the underlying patterns in the data, 
leading to underfitting and poor performance on both the 
training and test sets. Apart from the bias, we use the concept of 
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variance, which is the difference between the metrics at the 
training and test stages. A model with high variance may capture 
noise or irrelevant patterns in the training data, leading to 
overfitting and poor generalization of unseen data. There is no 
exact value for this, but having a difference greater than 10% of 
the value between the training and stages seems too much. In the 
case of underfitting, the metrics during the training stage could 
be higher than during the test. When overfitting occurs, the 
training is lower than the test. In conclusion, the aim is to obtain 
a high bias and low variance. 

To avoid underfitting in DL models, several strategies can 
be employed. Firstly, increasing model complexity by adding 
more layers, neurons, or parameters can help capture underlying 
patterns in the data. Additionally, experimenting with more 
complex architectures such as CNNs, RNNs, or Transformers 
tailored to the nature of the data and task can enhance model 
performance. Another option is training for longer by increasing 
the number of epochs or iterations, which allows the model to 
learn intricate patterns for more time. 

To prevent overfitting in DL models, several strategies can 
be employed. Firstly, regularization techniques like dropout and 
batch normalization. The former consists of temporarily 
disconnecting several neurons from the network, including all 
its incoming and outgoing connections [32]. The latter 
normalizes the inputs of the layers. Another technique is early 
stopping, where training is stopped when the validation metric 
stops improving. We can also use data augmentation techniques, 
such as rotation, translation, scaling, and adding noise, to 
enhance training diversity. Finally, increasing the size of the 
training dataset or simplifying the model by reducing layers, 
neurons, or parameters can also mitigate overfitting. 

H. Adding New Metrics for an In-Depth Interpretation of the 

Model 

In Section III D, we talked about the main metrics that could 
be used for classification and regression problems. These 
metrics have been used to measure the performance of the model 
to find a bias-variance trade-off. As a first approach, these 
metrics are enough, but in some cases, more complex metrics 
should be used. For example, if the developed model is used in 
the field of medicine, metrics considering FP and FN should be 
used. This will let us interpret the models more deeply. Let’s 
consider a model for cancer diagnosis, which is not the same in 
that it has problems with FN (healthy people diagnosed with 
cancer) than FP (people with cancer who have been considered 
as healthy). In the last case, this is a problem that a model should 
minimize. So, considering all these points, we are introducing 
more metrics. 

In the case of classification problems, metrics like specificity 
and sensitivity (sometimes called recall) are very useful. 
Specificity calculates the ratio of true negatives to the sum of 
true negatives and false positives, while sensitivity performs a 
similar calculation, changing true negatives for true positives 
and false positives for false negatives. Finally, precision is 
computed by dividing the number of true positives by the sum 
of true positives and false positives. These three equations 
[Eq. (5) to Eq. (7)] are formalized as follows: 

=
𝑇𝑁

𝑇𝑃 + 𝐹𝑁
                          () 

=
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                          () 

=
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                     () 

The interpretation of the metrics above can be done as 
follows: Specificity is used so the model can distinguish healthy 
individuals from those without cancer, crucial for minimizing 
unnecessary treatments or interventions. In the case of 
sensitivity, the model can identify most cases of cancer, 
reducing the risk of treating cases of disease and applying an 
accurate intervention and treatment, minimizing unnecessary 
stress for patients. Finally, with precision, we ensured to identify 
cases of cancer and apply an accurate intervention and treatment. 
Apart from that, there are other more complex metrics like F1-
Score, Area Under the Curve (AUC), and Receiver Operating 
Characteristic (ROC) Curve. 

If we talk about regression problems with DL models, some 
points should be considered. If the use case consists of 
predicting a particular value, like a time series problem for 
predicting the value of a company´s stock, the concepts of FN 
and FP do not apply. Anyway, there are more metrics like MSE, 
such as Mean Absolute Error (MAE), Root Mean Squared Error 
(RMSE), Mean Absolute Percentage Error (MAPE), or R-
squared (also Coefficient of Determination) that can be used 
similarly. But this is not the only case of regression problems 
that can be solved with DL models; we also have object 
detection, audio restoration, and others. In these cases, the 
concepts of FP and FN can be used. Therefore, there exist 
metrics for this purpose, for example, Intersection over Union 
(IoU) and Dice score. 

IoU computes the ratio of the overlapping area between the 
predicted (output image of the model) and ground truth (image 
used in the output layer during training) regions to the total area 
covered by both regions [33]. It ranges from 0 to 1, where 0 
signifies no overlap and 1 denotes perfect spatial alignment 
between the regions. So, it is defined as the ratio of the area of 
intersection between the predicted image and ground truth to the 
area of their union. Eq. (8) formalizes it mathematically: 

=
|𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ∩ 𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ|

|𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ∪ 𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ|
                      () 

In the equation above, ∣Predicted ∩ Ground Truth∣ 
represents the area of intersection between the predicted and 
ground truth regions. Then, ∣Predicted ∪ Ground Truth∣ 
represents the area of union between the predicted and ground 
truth regions. 

Dice score is a metric based on IoU and calculates the ratio 
of twice the overlapping area to the sum of the sizes of the 
predicted and ground truth regions [34]. It also ranges from 0 to 
1, having the same interpretation as IoU. Eq. (9) describes it: 

=
2 × |𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ∩ 𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ|

|𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑| + |𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|
              () 

Regarding the equation above, the numerator is the same as 
in IoU. Then, ∣Predicted∣ represents the size of the predicted 
region, and ∣Ground Truth∣ represents the size of the ground 
truth region. 
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I. Making a Comparison with a Baseline 

Using a baseline is essential for evaluating the performance 
of a Deep Learning model for several reasons. Firstly, it provides 
a point of reference against which the model's performance can 
be compared. This is crucial in understanding whether the model 
is learning meaningful patterns in the data or if its performance 
is merely a matter of luck. Secondly, baselines help in setting 
realistic expectations for the model's performance. By 
comparing against a simple baseline, we can measure how much 
improvement DL techniques offer over simpler approaches. 
This helps in assessing whether the additional complexity of 
applying DL techniques is justified. Moreover, using a baseline 
can also highlight potential shortcomings or biases in the dataset. 
If a DL model struggles to outperform a simple baseline, it may 
indicate issues with the quality or representativeness of the data, 
prompting further investigation and data preprocessing. Overall, 
employing a baseline is a fundamental step in the evaluation 
process of Deep Learning models, providing context and 
insights that are essential for making informed decisions about 
model performance and deployment. 

IV. USE CASES 

In this section, we are exploring some use cases where the 
methodology explained above has been explained in detail, step-
by-step. These examples try to cover most of the situations that 
could happen during the implementation of a DL model, 
considering the decisions to take. The first use case is a model 
that could diagnose breast cancer using thermographic images 
[35]. In the second use case, a diagnostic model for epilepsy 
using electroencephalographs [36]. Finally, the third use case 
solves the problem of small brain tumor detection in Magnetic 
Resonances [37]. In the following Table II, Table III, and 
Table IV (one for each use case), we summarize each step of the 
methodology, adding the decision taken and its explanation. 

TABLE II.  METHODOLOGY APPLIED TO BREAST CANCER DIAGNOSIS 

Step Decision Explanation 

3.1. 

Classification problem with  

coloured images solved with  

CNNs 

The dataset consists of 

thermographic images of 

healthy people and people 

with breast cancer. 

3.2. Randomise 80-20 split 

The number of images is 

enough, and the images 

between patients are very 

different. 

3.3. Scaling: Min-Max 
Typical decision when 

working with images. 

3.4. Accuracy metrics 

In a diagnosed problem, we 

need to measure the number 

of hits. 

3.5. K-fold validation with k=5 Usual decision 

3.6. 

Bias-variance trade-off. Train: 

87.67%±6.65, Val: 

86.67%±12.47, Test: 

89.23%±5.85 

Bias is correct as human 

performance accuracy, 

assisted by a CAD, is near 

83%, (Keyserlingk et al. 

2020). The variance is also 

correct. 

3.7. 

Other metrics. Specificity: 88%, 

Sensitivity: 90.53% and 

Precision: 88.91% 

These metrics are around the 

same values which means 

the model is very stable 

3.8. 

Baselines. VGG16: 68%. 

VGG19: 51.33%, Inception 

84% 

The proposed model 

performs better than the 

baseline 

TABLE III.  METHODOLOGY APPLIED TO EPILEPSY DIAGNOSIS 

Step Decision Explanation 

3.1. 
Classifying chunks of an 

EEG using a CNN 

The dataset is chunked into 

timestamps that are modelled as 

graphs represented in images. The 

CNN model discriminates between 

stages of a seizure. 

3.2. 
80-20 split between 

patients 

As brain states in a person do not 

change a lot from a particular 

moment and the following, the split 

is done considering the EEGs of the 

patients. 

3.3. Scaling: does not apply 
As images are in greyscale, they are 

in the same ranges. 

3.4. Accuracy metrics 
For a classification problem, 

accuracy should be used. 

3.5. K-fold validation with k=5 Usual decision 

3.6. 

Bias-variance trade-off. 

Model 1: 93.6%, 88.2%, 

87.2%. Model 2: 91.9%, 

86.8%, 81.3% 

Bias cannot be measured as there 

are no official studies about the 

performance of physicians in 

distinguishing seizure states. The 

variance is correct. 

3.7. 

Other metrics. Specificity: 

94%, Sensitivity: 94.1% 

and Precision: 93.2% 

These metrics are around the same 

values, which means the model is 

very stable. 

3.8. Baselines: nothing. 
There is no baseline for being a 

very specific use case. 

TABLE IV.  METHODOLOGY APPLIED TO TUMOR DETECTION 

Step Decision Explanation 

3.1. 

Small brain tumor 

detection in MR using a 

U-Net 

The dataset is pairs of MRs of the 

brain and the mask that isolates the 

brain tumour in this MR 

3.2. Randomise 80-20 split 
The number of MRs is enough and 

they are very different between them. 

3.3. Scaling: Not needed The images are in greyscale. 

3.4. Loss metrics: MSE 

In object detection, we need to know 

how the predicted mask resembles the 

ground truth image that represents the 

mask. 

3.5. 
K-fold validation with  

k=5 
Usual decision. 

3.6. 

Bias-variance trade-off. 

Train:10% ± 0.5%, 

Validation: 11.1% ± 

0.5%, Test: 14% 

Human performance goes from 28 

and 44% error (the model performs 

better), and the variance is not high. 

3.7. 

Other metrics: Dice 

score. Train: 96.3% ± 

0.8%. Validation: 92% ± 

1%. Test: 91.6%. 

Dice score considers FP and FN. 

3.8. 
Baselines. Dice score: 

45% 

The proposed model performs better 

than the baseline. 

V. CONCLUSION 

This study presents a step-by-step methodology to train DL 
models accurately. Apart from that, it presents the best practices 
to do so, and complete information is provided during the 
process. The manuscript should be taken as an information 
resource for researchers who are not experts in DL and want to 
use these techniques in their field, so they can understand the 
main terms and strategies to apply and why. In case of having a 
deeper understanding of DL models, this could be used as a 
guide for best practices. 
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The methodology is divided into eight steps. First, tries to 
explain which DL models should be used depending on the 
nature of the data and the use case to solve. Second, describe 
how to split training, validation, and test sets considering the 
distribution of the dataset and its similarities. Third, compile 
different strategies to apply feature scaling, which is related to 
the value ranges of the different features of the data. The fourth 
shows which general metrics should be used depending on 
whether the problem to solve is regression or classification. The 
fifth describes the validation strategy called k-fold cross-
validation. Sixth, introduces the concept of bias-variance trade-
off that shows if there is any underfitting or overfitting. Seventh 
tries to understand in-depth how the model performs by 
introducing metrics that consider false positives or false 
negatives. Eighth, evaluates the proposed model against a 
baseline, so it can be demonstrated that it is better than what can 
be found in the scientific literature. 

Finally, three different use cases have been compiled where 
we have provided information for each step of the method, 
pointing out the decision that has been taken and an explanation 
about it, if possible. 
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