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Abstract: The choice of the optimal amount of food to load on each individual train is a crucial topic for the onboard 
high-speed railway catering service. In fact, a correct management of food load implies important goals: the decreasing 
of food waste, the reduction of non-value-added activities, it means non-necessary food load and the consequent 
unloading, and the optimization in the use of warehouses, on board and on stations. This paper applies a methodology 
for automating the entire process of load forecast of food on trains using classification algorithms of machine learning. 
Starting from a collection of data about travel time, route, duration and other external factors, the goal is to predict 
the optimal load of every type of product for the specific train. A real case study positively validates the load forecast 
methodology, using a 4 months database of 14 parameters from some trains circulating throughout Italy. The paper 
shows the results provided by the comparison of four supervised classification algorithms, the logistic regression (LR), 
the neural network (NN), the decision forests (DF) and the decision jungles (DJ). We have compared the algorithms 
in two situations: on the product that has been wasted more frequently, and on all non-seasonal products. The results 
suggest preferring LR for one product classification and NN for multi-product classification.  
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1. Introduction 

The prediction of the optimal amount of food to load on 
every train is a crucial topic for onboard high-speed railway 
catering service because the process of load and unloading 
has important consequences on all the logistics 
management. In fact, the correct management of food load 
implies the reduction of food waste and the reduction of 
non-value-added activities, with their associated costs. 
Moreover, predicting the optimal load allows the 
optimization in the use of warehouses, on board and on 
stations. The reduction of non-value-added activities 
involves the possibility to occupying human resources in 
more profitable activities, so a shrewder costs management. 
The correct utilization of the warehouses in the onboard 
high-speed railway catering service is a central topic 
because the onboard and the station warehouses can be 
considered a limited resource, in particular for what 
concern cold chain meals (Wu et al., 2019). The onboard 
warehouses have limited dimensions, so it is important to 
load exactly the correct quantities; the station warehouses 
have limited dimensions and they are not distributed in all 
the stations, so the management of any food recharges 
during the trip becomes logistically relevant to handle. We 
have considered a specific situation, that is the load in 
batch, it means in predefined quantities. In fact, the 
quantities to be loaded are generally contractually 
constrained by the travel operators to the catering 
company, with products loaded in predefined bundles. In 
particular, the paper focuses on perishable and fresh 
products; in fact, these product typologies are generally 
difficult to recover, because of the expiration date, the ease 

of damage, or specific conservation modes. In fact, 
perishable farm products (Du et al., 2013), but in general all 
perishable products, have a very short storage life and 
deteriorate very easily. Therefore, it is very important to 
make the right demand forecast for this type of products. 
In catering service, this prediction can be calculated as a 
load forecast or a sales forecast, depending on available 
data. The logistics operator surely has data on load and 
unloading of products, but the sold just if it is a complete 
catering service operator. Thus, the paper considers the 
most common situation of load forecast. To be more 
precise, onboard no loss of sales is tracked, so in this 
prediction is estimated the optimal quantity to load of each 
product, not considering the possible salable quantity. We 
can consider it a sales forecast if the flight or the train are 
modelled as customers. The remainder of the paper is 
organized as follows. Section 2 presents the related 
literature. Section 3 presents the different algorithms tested 
in a case study. Section 4 presents a general methodology 
to approach at situations like this and in Section 5 is 
presented a case study in railways. The discussion of the 
paper results, the conclusions, and future research are 
summarized in Section 6. The considered research 
questions are:      

• Is it possible to define an efficient methodology 
to achieve load forecast for onboard high-speed 
railway catering service? 
 

• Is there a difference between single product and 
multi-product load forecast?      
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2. Literature review 

Catering service is an important area for the management 
of the railway logistics and for the improvement of 
passengers satisfaction (Wu et al., 2015). So, the importance 
of correct management of catering service, in different 
ways, is clear. For this reason, the interest is becoming 
bigger in recent years. Some authors analyze the 
distribution system for catering services for high-speed 
railways. In fact, to determine the capacities and the 
locations of distribution centers are crucial topics in order 
to optimize the number of meals delivered to stations, in 
particular for the perishable products (Wu, Nie and Xu, 
2017a). Moreover, the importance of the identification and 
evaluation of potential service stations for high-speed 
railways before the design phase of the distribution system 
is strongly connected with the fact that high-speed railways 
are an important emerging transportation system that must 
integrate rapid transit and heterogeneous passenger 
demand management. Catering services for high-speed 
railways have an important relevance for railway companies 
in order to increase demand for higher-quality passenger 
service (Wu, Nie and Xu, 2017b).Thus, the available 
literature presents food supply chain management and the 
ability to satisfy customer needs are important factors for 
catering service. In research about food supply chain (Wu 
et al., 2018) has been investigated the situation of perishable 
food in high-speed railway catering service; in fact, in this 
supply chain the trains can be considered as the end users: 
the uncertainty of food demand is underlined, due to the 
fact that train tickets usually do not include meals and  
numerous passengers purchase their tickets on the day of 
departure or even a few minutes prior to departure, 
consequently the final number of passengers is unknown 
until minutes before departure. The uncertainty of food 
demand or meals demand is a general problem of catering 
service, investigated even in airline catering service (Ho and 
Leung, 2010), in which the airline meal provisioning has 
been investigated (Goto, Lewis and Puterman, 2004). This 
uncertainty can be considered as explained before, an 
uncertainty of sales. The sales forecast is a theme touched 
in a lot of fields. Some fields of research for sales forecast 
have been, for example, computer retailing (Chen and Lu, 
2017), pharmaceutical distribution companies (Khalil 
Zadeh, Sepehri and Farvaresh, 2014), service organizations 
(Megahed, Yin and Nezhad, 2016; Fargnoli et al., 2018), 
fashion retailing (Choi et al., 2014) or food (Zliobaite et al., 
2009; Xinliang and Dandan, 2017). About food, the 
perishable and the fresh food are investigated carefully, 
because of their fragility and their reduced usability, as 
explained before (Chen et al., 2010; Yang and Sutrisno, 
2018; Ou and Chen, 2006; Wang et al., 2018;  Lee et al., 
2012; da Veiga et al., 2016).  So, there is not, as far as we 
know, research about the load forecast of perishable food 
on a train. So, to sum up, in general research about high-
speed railway catering service is focused on the logistic of 
distribution center and distribution system, but not on 
predicting the optimal quantities of food. Catering service 
importance for customer satisfaction has been investigated, 
too. Moreover, the problem of the uncertainty of food is 
an underlined topic for onboard catering service. Specific 
works about the forecast of food load for railway catering 

service are not present. For the purpose of fill this lack, the 
paper provides a methodology to achieve the optimal load 
forecast of perishable foods for high-speed railway catering 
service, compared LR, NN, DF and DJ. Moreover, DJ 
algorithm has never been tested in this field and, in general, 
these algorithms have never been compared in similar 
logistics situations. 

3. Algorithms 

As explained before, the paper focuses on batch load, in 
order to cover a broader range of situations. This range of 
situations is finished and not continuous: for example, for 
a product that is sold in bundles of 3 pieces, the load can 
be of 3, 6, 9 and so on pieces.  It means that a provision of 
the best load choice belongs to a classification task. The 
load can have more than two possibilities of classification, 
thus the problem requires multiclass classification methods. 
The tested algorithms are supervised learning algorithms, 
so they require a labeled dataset. In the following 
subsections, we will present the four tested algorithms. 

3.1. Logistic Regression 

LR is a statistical method that is used to predict the 
probability of an outcome: the algorithm predicts the 
probability of occurrence of an event by fitting data to a 
logistic function. Standard LR is binomial and assumes two 
output classes, instead multiclass or multinomial LR 
assumes three or more output classes. Binomial LR 
assumes a logistic distribution of the data, where the 
probability that an example belongs to class 1, which means 
“true”, is the formula (1): 

𝑝(𝑥; 𝛽0, … , 𝛽𝐷−1) (1) 

 
Figure 1: Example of Linear regression VS Logistic 

Regression 

LR has an important role in biological sciences and in social 
science applications in order to predict, for example, 
human behaviour, the gender of a specific profile, or the 
outcome of a basketball match. In the proposed 
methodology, the most important set-up parameters are: 

• Optimization tolerance: 1E-07 
• L1 regularization weight:1 
• L2 regularization weight:1 
• Memory size for L-BFGS:20 

3.2. Neural Network 

NNs can be used to create a NN model in order to predict 
a target that has multiple values. 
It is a set of interconnected layers, in which the layers are 
connected by a series of weighted edges and nodes. 
Between the input and output layers it is possible to insert 
multiple hidden layers, also called intermediate layers. The 
number of nodes in the output layer should be equal to the 
number of classes. The weights on the edges are not 
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predefined, but they are learned during the training time on 
the input data. NN algorithm is very performing for what 
concern, for example, pattern recognition (fingerprint 
image, handwritten word, human face or speech signal), 
machine diagnosis, fraud detection, medical diagnosis, 
credit rating, financial forecasting. 

 
Figure 2: Example of NN structure 

In the proposed methodology, the most important set-up 
parameters are: 

• Network architecture: fully-connected case 
o One hidden layer 
o The output layer is fully connected to the 

hidden layer. 
o The hidden layer is fully connected to 

the input layer. 
o The number of nodes in the input layer 

is determined by the number of features 
in the training data. 

o The number of nodes in the output layer 
depends on the number of classes. 

• Number of hidden nodes:100 
• The learning rate: 0.1 
• Number of learning iterations:100 
• The initial learning weights diameter:0.1 
• The momentum:0 
• The type of normalizer: Min-Max normalizer 
• The loss function: CrossEntropy 
• The activation function: Sigmoid 
• The training algorithm: Back-propagation 

3.3. Decision Forests   

The random DF algorithm is an ensemble learning method 
for classification. The first idea of random forest was 
introduced independently and almost simultaneously (Amit 
and Geman, 1994; Ho, 1995). It was later perfected and 
popularized from 2001 (Breiman, 2001), with a subsequent 
unified model of DF algorithm (Criminisi, Shotton and 
Konukoglu, 2011). The DF algorithm is structured by 
multiple decision trees. A decision tree is a predictive model 
where each internal node represents a variable, an arc to a 
child node represents a possible value for that variable, a 
leaf represents the predicted value for the target variable.  

 
Figure 3: Example of Decision tree structure 

In general, ensemble models provide better coverage and 
accuracy than single decision tree. The algorithm works by 
building multiple decision trees and then voting on the 
most popular output class.   

 
Figure 4: Example of DF structure 

The DF algorithm is used in a lot of different fields; some 
important examples are Banking, E-Commerce, Stock 
Market, Medicine, Anomaly Detection, Marketing, 
Semantic Image Labelling. In the proposed methodology, 
the most important set-up parameters are: 

• Resampling method: Bagging 
• Number of decision trees:8 
• Maximum depth of the decision trees: 32 
• Number of random splits per node:128 
• Minimum number of samples per leaf node:1 

3.4. Decision Jungles   

DJ (Shotton et al., 2013) are a recent extension to DF. A DJ 
consists of an ensemble of decision directed acyclic graphs 
(DAGs); decision trees only allow one path to every node, 
but one DAG allows multiple paths from the root to each 
leaf.  

 
Figure 5: Example of DAG structure 

This feature of DAGs is the most important difference 
between DF and DJ. In fact, trees and DF have the 
important limit that nodes grow too much when data 
quantity increases. DJ have been developed to overcome 
this limit. In fact, this growth does not occur in DJ, so this 
algorithm requires dramatically less memory than trees and 
forests; it is important because memory is a limited 
resource. Another not negligible problem of decision trees 
is the risk of overfitting. Overfitting occurs when a 
statistical model lies down on observed data, because of the 
excessive number of parameters compared to observations. 
The second crucial feature of DJ is that they can avoid 
overfitting, too. Moreover, DJ have a better generalization 
performance than decision trees, as can be seen in Figure 
6. Figure 6 shows how a DAG works for classifying image 
patches as belonging to background, square or rectangle 
classes. Better generalization means, using the Figure 6 for 
the explanation, that with DAGs differently colored 
patches of background (yellow and green), for example, are 
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merged together into the same node, because of similar 
class statistics. So, if the algorithm detects that two nodes 
are associated with similar class distributions, it merges 
them, and the model gets a single node with training 
examples for both the previous nodes. This helps capture 
the degree of variability intrinsic to the training data and 
reduce the classifier complexity. 

 
Figure 6: Example of better generalization of DAG 

DJ have been, in general, structured for applications in field 
in which memory is a limited resource, for example on 
mobile or embedded processors; important results have 
been reached in medical field too. In the proposed 
methodology, the most important set-up parameters are: 

• Resampling method: Bagging 
• Number of decision DAGs:8 
• Maximum depth of the decision DAGs: 32 
• Maximum width of the decision DAGs: 128 
• Number of optimization steps per decision DAG 

layer: 2048 
4. Methodology 

The authors want to specify the meaning of methodology. 
The implementation of the model for the load forecast 
requires a meaningful dataset. As explained before, the 
paper focuses on supervised algorithms, so the dataset 
must be labeled to train the machine learning model. In this 
section we propose the logical scheme of the research 
(Figure 7). In the latter explanation of the methodology, 
please refer to the following expressions:  

• 𝑥𝑖(𝑟; 𝑡) = Process parameter i, measured at time 
𝑡 for the train r, with 𝑖 ∈ [1, 𝑛], 𝑛 measured 
process parameters and 𝑟 ∈ [1, 𝑚], 𝑚 analyzed 
trains; 

• 𝑐(𝑟; 𝑡) = load at time t for the train r, with 𝑟 ∈
[1, 𝑚], 𝑚 analyzed trains; 

• 𝛷(𝑥𝑖(𝑟; 𝑡)) = function of 𝑥𝑖(𝑟; 𝑡), with 𝑟 ∈
[1, 𝑚], 𝑚 analyzed trains; 

• 𝑥𝑖(𝑟; 𝜏)= Process parameter i, measured at time 
𝜏 for the train r, with 𝑖 ∈ [1, 𝑛], 𝑛 measured 
process parameters and 𝑟 ∈ [1, 𝑚], 𝑚 analyzed 
trains and τ > t; 

• 𝑐(𝑟; 𝜏) = optimal load at time 𝜏 for the train r, 
with 𝑟 ∈ [1, 𝑚], 𝑚 analyzed trains and τ > t. 

With the expression “τ > t” the authors would indicate that 
with a training on labelled data referred to time “t”, so in 
the past, it is possible to make a correct prediction of the 
optimal load on unlabelled data referred to time “τ”, that is 
chronologically subsequent to “t”, it means in the future. 

 
Figure 7: Logical scheme of the methodology 

The first step is the process knowledge: in fact, it is 
important to understand the process and its constraints. In 
order to dispatch this step, the first thing to do is involve 
the experts of the process; in fact, people who carry out the 
load and the unloading of food on the trains know the 
official constraints, but also the practical problems involved 
in the process, and the meanings of the information 
gathered in the input dataset. Obviously, the process 
knowledge is composed of the real observation of the 
process, too. After that, all the ability to understand the data 
available has been acquired. The first practical step is the 
computation of the parameters not measured in the dataset, 
but that can be computed with the available data and that, 
according to you, can add important information to the 
prediction. For example, a parameter is the presence of a 
specific meal during the route. In order to carry out this 
part of the methodology, you must interlock one or more 
parameters; in fact, in this step the correlations between the 
available parameters are determined. During this step, if-
then-else rules can be useful. Often the roundtrip is 
considered as two different routes; according to us, instead, 
it is important to consider the roundtrip as a whole. In this 
way, the process of load can be optimized at the beginning 
of the roundtrip, avoiding underestimation of the real 
requirements of every product. It practically means that all 
the information about a roundtrip must be in the same line 
of the dataset. It does not mean that the data become 
cumulative: the duration of the outward trip and the 
duration of the return trip, for example, remain two 
different parameters, but they refer to the same load 
prediction. The management of the load at the beginning 
and during the trip (replenishment) is a further important 
element to consider in the model. During the load labeling 
step, the parameter referred to the quantity of every 
product that went up on every specific train in a determined 
period must be the sum of the load at the beginning and all 
the replenishments. This can be called “Pre-processing”. At 
the end of the pre-processing, the step objective is the 
difference between the loaded products and the unloaded 
products in the train during the roundtrip. The necessary 
load is simply the difference between “how much has risen 
(the load) and how much has fallen (the unloading)”. Now 
it is possible to start the machine learning model training; 
thus, the model develops, through the study of the labeled 
dataset, the ability to independently predict the optimal 
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amount of food for every train. The model builds the 
functions 𝑐(𝑟; 𝑡) which determine the optimal load, that is 
(2):  

𝑐(𝑟; 𝑡) =  𝛷(𝑥𝑖(𝑟; 𝑡)) (2) 
At this point, the trained machine learning model becomes 
one of the inputs of the load forecast model; in fact, in the 
trained model has been generated the capacity of 
understanding the relations between parameters and 
optimal load. The other inputs are the process parameters 
of the specific train. In few words, after all these steps the 
result is a machine learning load forecast system which 
having in input the process parameters can, independently, 
determine the load. The prediction does not consider the 
“shelf-life” of the products to be managed because the 
model predicts only the quantity to load on the train and, 
according to the authors, the shelf-life is not a relevant 
parameter; in fact the shelf-life is important, after the 
prediction of the quantity, during the actual load for 
choosing the specific products to load and during the sale 
in order to have a better selling criterion. The authors assert 
that they provide a methodology because they are not only 
focused on test and compare existing predicted methods, 
but they are testing if the considered features, shown in the 
following section, “5. Case study”, are reliable and effective; 
in fact, there is not a standard approach, for what concern 
the features. Moreover, they suggest considering the 
roundtrip as a whole, in order to predict the optimal load 
of food, avoiding underestimation and compensating, for 
example, the excessive requests of the first trip and the low 
requests of the second trip in one load, reducing load and 
unloading activities; even in this case, there is not a standard 
approach. Likewise, they suggest a specific approach to the 
analysis and the consideration about the results: it is 
important not only to find the algorithm with the best OA, 
but also the algorithm that guarantees smaller forecast 
errors, avoiding excessive waste or excessive need to 
recharge food, consistently with the goal of reducing food 
waste, but also non-value-added activities 

5. Case study 

The case study is structured on a dataset from a catering 
service company, referred to trains circulating throughout 
Italy. In particular, this dataset considers 4 months, from 
June to September, and it is composed of 14 parameters: 
𝑥1 = Product Item Number; 
x2 = Product Description; 
x3 = Date; 
x4 = ID Number of Departure Train; 
x5 = Day; 
x6 = Departure Outward Trip; 
x7 = Arrival Outward Trip; 
x8 = Duration Outward Trip;  
x9 = Departure Return Trip; 
x10 = Arrival Return Trip; 
x11 = Duration Return Trip; 
x12 = Breakfast Presence; 
x13 = Lunch Presence; 
x14 = Dinner Presence. 
The original dataset contained only Product Item Number, 
Product Description, Date, ID Number of Departure Train 

and Day. But these parameters were in different databases, 
so the first action has been the aggregation of all data in the 
same dataset. After that, other factors relevant to the 
forecast are recovered through the available data. Nine 
parameters are added, that are Departure Outward Trip, 
Arrival Outward Trip, Duration Outward Trip, Departure 
Return Trip, Arrival Return Trip, Duration Return Trip, 
Breakfast Presence, Lunch Presence and Dinner Presence.  
The ID number of the train of the outward trip needs to be 
associate to the ID number of the train of the return trip in 
order to associate both trips on the same dataset line. This 
is to calculate the Departure Outward Trip, Arrival 
Outward Trip, Departure Return Trip, and Arrival Return 
Trip. The train operator schedule permits to associate every 
train to its trip and its schedule. With this information, it is 
possible to compute the duration of the roundtrip, and 
decompose it in Duration Outward Trip and Duration 
Return Trip as (3), (4): 

𝑥8 = 𝑥7 − 𝑥6 (3) 
𝑥11 = 𝑥10 − 𝑥9 (4) 

An if-then-else rules provides Breakfast Presence, Lunch 
Presence and Dinner Presence; in particular, hourly ranges 
for every meal are: 

 

• BREAKFAST:  05:45-10:00; 
• LUNCH: 12:00-15:00; 
• DINNER: 19:00-23:00. 

 
So, if the schedule of the trip is inserted in one or more 
hourly range, the correspondent meals are present during 
the trip; the presence of the meal is represented by 
assignment of “1” to the correspondent parameter of the 
meal, else the parameter value is “0”. Thereafter, the load 
labeling can be done using the history of every load and 
every unloading for all the period covered by the dataset of 
the parameters presented. The label “optimal load” is 
computed as  the difference between the load and the 
unloading of the specific train, obtaining with the 
corresponding parameters. Now the dataset is ready for the 
training. As explained before, two different situations are 
tested to consider firstly the product more wasted, secondly 
all non-seasonal products. In the first situation, a sandwich 
generates approximatively 15% of the sunk costs, looking 
only at all the sunk costs generated by the analyzed 
perishable food. In general, sandwich is the class which 
overall determines the greater amount of sunk costs. With 
the expression “sunk cost” we refer to the costs of non-
recoverable products; in fact, some unloaded products are 
not recoverable because they are damaged or expired. In 
the second situation, all non-seasonal products permit to 
avoid the variability caused by seasonality. The dataset is 
split into training dataset (70%), that contains the known 
output and the model learns on this data. The model test 
works on the remaining 30% of the dataset, to score the 
performance of the algorithms. The dataset is big enough 
for having accurate training and for testing our model on 
an important group of data. Moreover, only data from three 
of the four months available are considered in order to use 
the last month to compare real loads with suggested by the 
machine learning model. The general parameter of quality 
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for the algorithms is the “Overall Accuracy” (OA), that is 
(5):                                                                                                                

𝑂𝐴 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑖𝑡𝑒𝑚𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠 𝑡𝑜 𝑝𝑟𝑒𝑑𝑖𝑐𝑡
 (5) 

Table 1 shows the results in situation 1 (the sandwich). In 
this case, the load can assume 7 possible classes. Looking 
at the single prediction of every class, we can confirm that 
LR, according to OA value, performs better than the 
others.  

Table 1: Results for situation 1  
ALGORITHM OVERALL ACCURACY 

LOGISTIC REGRESSION 54.41% 

NEURAL NETWORK 52.38% 

DECISION FORESTS 54.35% 

DECISION JUNGLES 51.85% 

Table 2 shows results for situation 2 (all the non-seasonal 
products). In this case, the load can assume 48 possible 
classes that can be assumed by the load. All the algorithms 
have a comparable OA but looking at the percentage of 
correct prediction for every possible output classes, NN 
performs better than the others, despite the worst OA 
value. In fact, when the prediction is not correct, NN 
guarantees a better performance than DF, that is the 
algorithm with the better OA: its incorrect predictions have 
a smaller quantitative difference with the real optimal load 
compared to other algorithms.  So, NNs make smaller 
predictive errors than other algorithms, thus ensuring to 
avoid excessive waste or excessive need to recharge food. 

Table 2: Results for situation 2 

ALGORITHM OVERALL ACCURACY 
LOGISTIC REGRESSION 58.89% 

NEURAL NETWORK 58.09% 

DECISION FORESTS 59.96% 

DECISION JUNGLES 58.54% 

 

For both the situations, when the predictions are not 
correct, the difference between the predicted value and the 
actual value, in most cases, is not bigger than two batches. 
It means that even with an uncorrected prediction, the 
model reduces the sunk costs: when it overestimates the 
load, the overestimated quantity is small; when it 
underestimates the load, the underestimation can be easily 
handled with the replenishments of small quantities. The 
last month in the dataset permits to validate the model and 
confirm the statements above. Table 3 shows the results 
from the application of the NN to set the loads, comparing 
this to the load/unload data in the last month in the dataset. 
The dataset referred to situation 1 (the sandwich) contains 
4403 lines and the dataset referred to situation 2 (all the 
non-seasonal products) contains 125377 lines. In both 
models, the 70% of the dataset has been used for train the 
model and the 30% for the test. The authors have decided 
to validate the model only on situation 2 (all non-seasonal 
products). The validation dataset contains 44123 lines. 

 

Table 3: Results from the model application 
LOAD REDUCTION 51,90% (61.488 

€/month) 
UNLOADING REDUCTION 52.15% (101.870 

€/month) 
IMMOBILIZED CAPITAL 
REDUCTION 

> 20% 

MANPOWER COST REDUCTION > 50% 

6. Discussions and conclusions 

The tested algorithms perform similar, in a very efficient 
way. The methodology, both for the load forecast of one 
product and for the load forecast for all non-seasonal 
products, has tangible results. The implemented tests show 
that there is a sort of compensation between the products: 
it means that the presence of a specific product involves, 
for example, a bigger or a smaller load of another product; 
so, the response of the algorithms to the tested situations is 
different. In fact, despite the increasing of the classes and 
the increasing of the number of products, all the algorithms 
have a better OA during the load forecast for all the non-
seasonal products than for the single product. As explained 
in Section 5, the application on unlabeled data of one 
month, in the real case scenario, measures the possible 
benefits through the comparison of real loaded/unloaded 
batches and the using the loads suggested by the model. 
The results obtained are exciting. Their performances are 
good, and they leave open important future developments 
in order to try to improve their performance. Future 
research will be focused on testing different load situations 
in order to compare the different responses of the 
presented algorithms. In fact, the authors have considered 
only non-seasonal products; seasonal products add the 
variability caused by seasonality and they have decided to 
ignore it currently. Moreover, the authors have tested the 
model on a limited time window: the model has been 
trained and tested on the same season of the year. It will be 
interesting to discover its prediction ability with data of 
different seasons, and its possible improvements. The 
authors have not considered possible discounts offered by 
the transport operator or feast day in specific cities, 
information that can affect the load and consequently 
increase the forecasting capabilities of the model. Finally, it 
would be interesting to test the methodology with different 
parameters for the algorithms. 
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