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ABSTRACT
The data produced in agricultural supply chains may be divided into three separated systems: (i)
product identification and traceability, related to identifying production batches and places where the
product has passed on the supply chain; (ii) environmental monitoring, considering mainly the
temperature and relative humidity in storage and transportation; and (iii) processes, related to the
data describing production processes and inputs used. Systems (i) and (ii) produce mainly structured
data, while system (iii) produces non-structured data, and these are present in all agents in the supply
chain. Data labeling on the different systems is an important step towards improving supply chain
coordination and decision making related to traceability, production, and certification, among others.
Nevertheless, it is a labor-intensive task, whose adoption is discouraged in data management activities.
The main objective of this paper was to contribute to the reduction of interoperability problems by
applying two clustering algorithms to label non-standardized data from agricultural supply chains.
First, the data were clustered using k-means++ and self-organizing maps, with different model
parameters. Then, a series of inferences were made to evaluate if the labels were correctly assigned,
based on the characteristics of the data on each of the three systems. Lastly, a series of
recommendations to improve the results of the models are discussed.
Keywords: agri-food, supply chains, unsupervised learning

1. INTRODUCTION
A supply chain (SC) can be described as a group of companies that are responsible for fulfilling the
demands of a consumer segment (Chopra, Meindl, 2013). In the case of agricultural SCs, the products
involved are agricultural products, such as grains, fruits, flowers, animal products, among others. An
SC is divided into links or stages, which are groups of companies that are characterized by doing specific
types of activities, such as farms, industries, logistics service providers, retailers, among others
(Chopra, Meindl, 2013). Each company in an SC is termed an agent.
SCs generate a vast amount of heterogeneous data from different sources, processed on different
systems and stored on different databases and formats (Corella, Rosale, Simarro, 2013). Generally, this
data is not standardized among agents in the same link, and it can be processed and stored on different
solutions, resulting in interoperability problems.
The data in an agricultural SC can be divided into three main systems: (i) product identification and
traceability, related to identifying production batches and places where the product has passed among
Copyright © 2019 for this paper by its authors.
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the SC; (ii) environmental monitoring, considering mainly the temperature and relative humidity
during the warehousing and transportation activities; and (iii) processes, related to the description of
production processes and inputs used. Systems (i) and (ii) produce mainly structured data, while
system (iii) produces mainly non-structured data (Pang et al., 2015; Verdouw et al., 2013; Chopra,
Meindl, 2013; Verdouw et al., 2016).
As the Internet of Things (IoT) technologies become widely adopted in the SCs, the quantity of data
that is generated and its associated problems tend to increase. Lack of interoperability, long periods
of implementation and lack of communication are some of the problems of adopting this paradigm
without proper standardization and coordination among agents (Harris, Wang, Wang, 2015).
Interoperability is a significant problem, as most SCs will probably continue to have coexisting
technologies in terms of data generation, storage, and processing, resulting in data on different
formats and resolutions. The complexity and time needed to standardize the data generated by all
agents are prohibitive. Researches by Park and Song (2015) and Pang et al. (2015) consider the
implementation of middlewares for the reduction of interoperability problems. Nevertheless, most of
the research is theoretical and does not consider practical applications.
The main objective of this paper is to contribute to the reduction of interoperability problems by
applying clustering algorithms to label non-standardized data from agricultural SCs. It is unpractical to
manually label this data due to its volume and variety. Yet, this would lead to improvements in SC
coordination and decision making related to traceability, production, and certification, among others.
Our main research question is: “Can the K-means++ and self-organizing maps (SOM) models help on
agricultural SC data labeling?” This is evaluated in light of the results from the models’
implementations.
To the best of our knowledge, this is the first attempt to address this problem using unsupervised
machine learning techniques. Two methods are implemented and studied: K-means++ and SOM.
Logical inferences are developed to evaluate and improve the results. In addition, a framework for
automatic data labeling will be briefly introduced.
The k-means is a clustering algorithm that was invented more than 50 years ago and is still used due
to its good results (Jain, 2010). It basically creates points that will be used to calculate distances and
form clusters, through a series of iterations. Nevertheless, it suffers from a problem due to the method
used for its initialization, leading to local optima. To reduce the impact of this problem, the k-means++
algorithm was proposed (Arthur, Vassilvitskii, 2007). The k-means++ algorithm has a considerably
lower processing time than using multiple random initializations.
The SOM algorithm is a neural network model for unsupervised machine learning and was created in
1982 (Kohonen, 1982). According to Kind and Brunner (2013), SOMs can be used to project ndimensional data into a 2D map. It preserves the data topology, allowing the identification of hidden
patterns that may not be observed in a k-means implementation, especially on datasets with a
considerable amount of features. It can also be used for cluster analysis and labeling generation.
Nevertheless, it is not nearly as used as the k-means algorithm.

2. METHODOLOGY
The methodology adopted for this work is divided into five main steps:
1. Data collection and processing using Python on the Jupyter IDE and LibreOffice Calc. It is
composed of the following activities: (i) data collection; (ii) data preprocessing (unique
identification of rows, separating target column from the data, dealing with missing data with
zeros and interpolations, and .csv exporting); (iii) data processing (eliminate errors and
outliers); (iv) data fusion (identify common features on the datasets, merge them, solve
missing data problems and select which final features will enter the model); and (v) data
normalization (using the MinMax scaler on Scikit-Learn package);
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2. Implementation of the K-means++ algorithm using Scikit-Learn, considering seven
implementations: K-means++, PCA with two features and five variations of k-means with
random initialization (10, 20, 30, 40 and 50);
3. Implementation of the SOM algorithm using MiniSom1, with the triangle neighborhood
function and several combinations of the following parameters: learning rate (0.2, 0.3 and 0.5),
sigma (3, 4, 5 and 6), and number of rounds (100, 500 and 1000);
4. Definition and implementation of logical inferences using Python in the Jupyter IDE, based
on statistical analysis of the features and an in-depth literature review;
5. Comparison of the implemented algorithms using Scikit-Learn, divided into two parts: (I)
unsupervised part, using silhouette score, homogeneity and processing time; and (ii)
supervised part, using a confusion matrix and a classification report with the target labels.
Due to the lack of practical researches on clustering of agricultural SC data, and of suitable datasets
that could be readily used in our research, some simplifying assumptions were made:
1. The predicted labels are related to the three main systems described in Section 1;
2. The considered SC is composed of four links: farm, industry, transportation, and retailer;
3. The dataset used for clustering was formed by the fusion of seven open datasets, described
in Table 1. Each one represents partial data generated by different links in the SC as well as
the most common information architecture present on it. This selection was based on a
thorough search for open databases on Kaggle2, Datahub3 and Github4. Datasets features
were analyzed during the data fusion activities;
4. The final dataset represents the situation of an agricultural SC, in which agents send their
data to a common database in the cloud, without standardization.
Table 1. Open datasets selected to form the final dataset
Dataset
number
01

SC Link and System

Description

Farm - 2

Environmental data collected5

02

Farm - 3

Herbicide application per plot

6

03

Farm - 3

Plant growth measurements per
plot6

12 (5 common, 7 unique)

04

Farm - 3

Productivity per plot6

6 (5 common, 1 unique)

05

Transportation - 1

Transportation from farm to
industry7

9 (6 common, 3 unique)

06

Industry - 2

Environmental data at the industry8

07

Industry - 3

Total number of features

Operational data at the industry

9 (6 common, 3 unique)
10 (5 common, 5 unique)

9

15 (8 common, 7 unique)
12 (5 common, 7 unique)

3. RESULTS AND DISCUSSION
Among the several implementations of k-means tested, the k-means++ and k-means random 50 times
presented the best results. In relation to the SOMs implementations, the best results were achieved

1
2
3
4

5
6
7
8
9

https://github.com/JustGlowing/minisom
https://www.kaggle.com
https://datahub.io
https://github.com
INMET - Data from Rio Verde, GO - http://www.inmet.gov.br
Scribner et al (2003); Silva et al (2012); Omer et al (2015); Agridat - https://github.com/kwstat/agridat
Cashew Truck Arrivals - https://www.kaggle.com/extralime/cashew-truck-arrivals
Wsn-indfeat-dataset - https://github.com/apanouso/wsn-indfeat-dataset
Vega shrink-wrapper degradation - https://www.kaggle.com/inIT-OWL/vega-shrinkwrapper-runtofailure-data
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with the following parameters: 3 (sigma), 0.2 (learning rate), and 500 (rounds). Table 2 contains the
unsupervised quality metrics for the above mentioned methods.
From the analysis of these results, we can conclude that: (i) k-means++ was the best method due to a
higher homogeneity score compared to the SOM model, it has a similar silhouette score compared to
the k-means random 50 times, but presents significantly lower run time when compared to it; and (ii)
the SOM model had a considerably worse silhouette score, and a much higher run time compared to
k-means methods.
Some of the main reasons that may explain these results are: (i) the data imbalance among labels
(System 1 contains 671 data points, while System 2 contains 20.527, and System 3 contains 15.153);
(ii) the considerably small size of the dataset, especially for a neural network method; and (iii) the
heterogeneity of data itself. Nevertheless, these results can work as a baseline for other
implementations of unsupervised learning on the agricultural SCs domain.
Table 2. Model implementation results
Model

Processing time (s)

Homogeneity

Silhouette

K-means random 50 times

2.68

0.640

0.472

K-means++

0.41

0.640

0.426

SOM

52.50

0.569

0.012

After implementing the models and analyzing the unsupervised machine learning metrics, it was
implemented a confusion matrix and a classification report, comparing the predicted clusters with the
real labels. Table 3 contains the classification report for the k-means++ model and Table 4 contains the
classification report for the SOM model. It is possible to observe that k-means++ can still be considered
as the best model to cluster our dataset, presenting a considerably high precision, recall and F1-score
across clusters 2 and 3. Nevertheless, it did not correctly classify cluster 1, missing all values. We
believe that this is due to the data imbalance and the heterogeneity of this cluster. For the SOM model,
although it manages to have a high recall for cluster 1, it achieves that by associating many more data
points to this cluster than it really has (about 10 times more).
Table 3. Classification report for the k-means++ model
Quality metric

Cluster 1

Cluster 2

Cluster 3

Weighted average

Precision

0.00

0.86

1.00

0.90

Recall

0.00

1.00

0.81

0.90

F1-Score

0.00

0.93

0.90

0.90

Data points associated

250

23813

12288

-

Real number of data points

671

20527

15153

-

As a conclusion of both the unsupervised and supervised metrics analysis, the k-means++ model
performed better than the SOM model. Nevertheless, this is an initial analysis of this domain, as stated
before. More experiments with different datasets, are needed to validate this hypothesis. Based on
the dataset that was created during our analyses, it is possible for other researchers to further improve
on our findings.
Table 4. Classification report for the SOM model
Quality metric

Cluster 1

Cluster 2

Cluster 3

Weighted average

Precision

0.10

1.00

1.00

0.98
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Recall

1.00

0.85

0.80

0.84

F1-Score

0.18

0.92

0.89

0.90

Data points associated

6589

18261

11501

-

Real number of data points

671

20527

15153

-

Based on our model implementation, we devised an initial framework for automatic data labeling for
agricultural SCs. It is composed of the following steps:
1. Data generation, with standardization as the main target;
2. Data collection, with automatic row and dataset unique identification. This should, ideally, be
done locally, if possible. However, as most agricultural SCs suffer from a lack of coordination,
it could be executed automatically in the cloud;
3. Data processing, generating a new dataset without outliers, which are eliminated using logical
inferences based on the features mean and standard deviation. Part of this process can be
automatized. It is essential to maintain the original dataset, as some food quality problems are
directly related to extreme variations on temperature, RH, gases, among others;
4. Data fusion, considering both the identification and selection of common features and the
percentage of null cells in each feature. We believe this step can present some automation
problems, as it would involve a considerable amount of inferences, which may not be clear
before analyzing the datasets. More research is needed on this topic;
5. Data normalization, using the MinMax or standard scalers;
6. Application of the labels on the original datasets. This process can be automated, as the
individual observations are uniquely identified. Future work is needed in order to identify if it
is possible to extend the predicted labels to the observations that were considered initially as
outliers and if any value is added to the SC by doing so.

4. CONCLUSIONS
In this paper, a dataset, representative of the data in an agricultural SC, was built and two models were
implemented for clustering analysis to generate labels for these data: k-means++ and SOM. It was
observed that the k-means++ performed better for both unsupervised and supervised machine
learning metrics, while also having a considerably lower processing time. The results can be considered
satisfactory, and a framework was proposed for automatic data labeling on this domain, becoming an
important contribution of this work towards improving supply chain coordination and decision making
in the agri-food sector.
Some limitations were observed, related to (i) the lack of open datasets that could be used to evaluate
agricultural SCs, especially the ones containing data from the whole SC; and (ii) the lack of a framework
to analyze heterogeneous, non-standardized data generated throughout agricultural SCs. Further work
is needed to improve and enlarge the dataset. The implementation of other models, such as DensityBased Spatial Clustering of Applications with Noise (DBSCAN) and Expectation-Maximization (EM) is
also intended, as well as dealing with the current cluster imbalance in our data. The development of a
common dataset, that can be used for evaluating data labeling in this domain, should be done in
cooperation with partners from the different links of an agricultural SC.
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