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Abstract. The study presents a model for classifying the environmental impact 

caused by the transport of vegetables from the production centers of several Bra-

zilian states to a distribution center in Teresina, Brazil, using data mining. The 

distances from production regions to the distribution center were calculated. CO2-

eq emissions and Global Warming Potential (GWP) were estimated. The GWP 

indicates the potential for the environmental impact that gas causes in each period 

(usually 100 years). We applied the data mining approach using the Rapid Miner 

Studio® software to build up the models. The target was the environmental impact 

indexed as “low, “average, and “high.” Results indicated that considering the on-

road modal transport presented in the trees, the "product," "distance," and "quan-

tity" classification for high environmental impact depends on the amount of prod-

uct transported as well as the distance traveled. The found trees classify the im-

pact and can be used as guidance for the decision-maker, as it can be used when 

planning and purchasing fruit and vegetables for public consumption. 

Keywords: Classifiers, Random forest, transportation of vegetables, food sup-

ply chain. 

1 Introduction  

The Global Warming Potential (GWP) compares the amount of heat retained by a cer-

tain mass of CO2 gas to the amount of heat captured by a similar mass of carbon dioxide 

along a period, usually 100 years. The GWP of an anisotropic gas indicates the potential 

for the environmental impact that gas causes in each given period. The report by the 

Intergovernmental Panel on Climate Change [1] estimates that greenhouse gas (GHG) 

emissions should be reduced by 40 to 70% by 2050 compared to 2010 levels, to avoid 

an increase of more than 2 °C at the global average temperature. Such an objective can 

avoid the more severe climate and, eventually, reduce the impacts. However, without a 
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clear research policy, initiatives to overcome the problems of large emerging economies 

and large territorial countries (for example, China, India, and Brazil) that depend on 

road transport is a significant challenge [2, 3]. 

The transport of fruit and vegetables in Brazil takes place from the producing region 

to regional distribution centers (Ceasa). Consumer centers are located close to large 

urban centers, usually in the capitals of Brazilian states. Transport is the logistical ac-

tivity that plays a vital role within the supply chain. It enables sectors of the economy 

and the use of trucks to transport cargo can provide, in several situations, greater flexi-

bility in the operations of distributing products and inputs, in a more agile way, because 

it can cover almost all regions of the country. 

With the development of computers and automation, the storage and recovery of 

large volumes of data have been increased. As a result, machine learning techniques, 

including data mining, have become a useful tool for identifying and exploring patterns 

and relationships between many variables [4, 5]. Data mining applications offer classi-

fication models in some research areas, including health diagnosis and prognosis [6] 

and identifying gaps in education data [7]. 

The present study aimed to develop environmental impact estimation models using 

the data mining approach. The subject was the on-road cargo transportation, from part 

of the logistics chain for the distribution of fruit and vegetables (tomatoes, lettuce, bell 

peppers, cucumbers, and cabbage) from the production centers in several Brazilian 

states to the ‘Nova Ceasa’ distribution center in Teresina, Piauí State, Northeast Brazil. 

2 Material and Methods 

The products transported (tomatoes, lettuce, bell peppers, cabbage, and cucumbers) are 

produced in different regions of the country and distributed in Teresina by ‘Nova 

Ceasa,’ which is the fresh food distribution center. These products are transported in 

‘road modes’ using cargo trucks from the farms in production centers to the distribution 

center from January to October 2019. The production distances were calculated, assum-

ing that the transport trucks consume an average of 10 L/km of fuel (diesel). CO2-eq 

emissions and GWP were calculated in an online spreadsheet [8]. The values found for 

GWP were discretized into three conditions “low,” “average,” and “high.” The data 

obtained were inserted and organized in an Excel® spreadsheet and further used in data 

processing using the data mining approach.  

The Random forest approach in the data mining scenario was selected to describe 

the environmental impact of on-road transportation of fresh food perishable products. 

The Random forest classifier used for this study consists of using randomly selected 

features or a combination of features at each node to grow a classifying tree. 

The complete dataset (containing the distances, km; amount transported, t; and the 

discretized values of GWP) was used to build a decision tree using Rapidminer® Studio, 

a software-based on Java version 9.2 (RapidMiner, Inc. Boston, Mass., USA). The al-

ternative classification was found while processing the dataset, considering the final 

focus (target) as the environmental impact of cargo transport (GWP).  
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The operators used were 'retrieve data,' 'split data,' and 'Random forest' as a classi-

fying algorithm. In the present study, we used 70% of the data to train the algorithm 

and 30% to develop the model as input values for the ‘split’ operator. The subsequent 

set of characteristics in the data training set is recognized by the attributes that discrim-

inate several samples more precisely [9]. Amongst the trees found within the Random 

forest applied algorithm, three trees were selected, the first focusing on the transported 

product, the second on the transport distance, and the third focusing on the quantity of 

product transported. 

The percentage of correctly classified samples compared to the number of all exam-

ples is named accuracy (Eq. 1). 

 Accuracy = TP+TN/TP+FP+FN+TN (1) 

where TP = true positive, TN =true negative, FP = false positive, and FN = false nega-

tive.  

Figure 1 shows the data processing scheme of the present study. 

 

 

Fig. 1. Schematic of data processing used in the present study. 

3 Results and Discussion 

The trees found were selected for the model accuracy (75%), containing the classifica-

tion of environmental impact (high, average, and low). The trees were selected whose 

processing classified the ‘product,’ ‘distance,’ and ‘quantity’ transported. Figures 2, 3, 

and 4 show the selected trees that were obtained from the processing results of the 

Random forest. 
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Fig. 2. Random tree with a focus on the environmental impact mainly due to the product trans-

ported. 

The classifying tree shown in Figure 2 indicates the level of impact on CO2 emis-

sions, considering the concepts, arbitrated, pre-established in this work (A = high, M = 

medium, and B = low). When analyzing the origin of the products by the state (or re-

gion) of production, it appears that for the tomato production from the State of Goiás 

(GO), it has a high environmental impact compared to the GWP of the other states that 

supply tomato products. It is highlighted the transport from Pernambuco (PE) with low 

impact. 

 

Fig. 3. Random tree with a focus on the environmental impact, mainly due to the distance the 

products were transported.  
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The analysis of the tree concerning the distance between the producers and the dis-

tribution center resulted that for a distance less than or equal to 12,323.5 km, the lettuce, 

bell pepper, and cabbage products have a “low” environmental impact (GWP). In con-

trast, the tomato product produces a “low” impact. When the distance is more signifi-

cant than 12,323.5 km, for the same products, it is seen that, when importing from the 

State of Goiás (GO), there is a “high” impact on CO2 emissions. On the other hand, 

when acquired the product in the State of Bahia (BA), the environmental impact is “av-

erage.” Thus, the presented tree objectively guides the analyzed consequences of pur-

chasing products from a particular region, giving decision-makers the possibility to 

make the choices that best protect the environment 

The resulting tree (Fig. 4) focus the analysis of the impact concerning the quantity 

transported on-road from the production area to the distribution center in Teresina. 

When the tree is analyzed, it is noticed that for amounts less than or equal to 862 (t), 

the transport of the tomato product, originating in the State of Goiás (GO), has a high 

environmental impact. However, when provided in the State of Piauí (PI), the effect is 

classified, in the model, as low, clearly indicating the influence that the distance trav-

eled has, since there is a higher consumption of fossil fuel, in the modal transportation 

used, with direct reflection in the GWP. It is also seen that for quantities less than or 

equal to 862 (t) for lettuce and bell peppers, the impact is low. On the other hand, when 

the amount exceeds 862 (t), the GWP presents a medium environmental impact, and 

the decision-maker might, given these indicators, make a choice that best protects the 

environment, not disregarding other variables considered by the consumers. 

 

 

Fig. 4. Random tree with a focus on the environmental impact mainly due to the quantity of 

products transported. 
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The claims of ‘local food’ chains propose improvements in the relations between the 

urban and rural areas [10]. Within the ‘local food’ debate, environmental impacts are 

not restricted to GHG emissions. However, carbon reduction policies may provide po-

tential trade-offs in the overall ecological sustainability issue until other impacts are 

measured [11].  

Policy contexts need to address how environmental impact will be assessed and man-

aged as governments attempt to meet the schedule of emissions cuts [12]. In a similar 

study, [13] provides a scenario of food on-road transportation in Brazil, stating that 

such an array of food distribution without impacting the environment is a difficult task 

in continental countries. 

4 Conclusions 

The objective of the present study was the development of an environmental impact 

estimation model (GWP) using data mining to transport loads in the road mode. This is 

part of the logistics chain for the distribution of fruit and vegetables from production 

centers in several Brazilian states to the ‘Nova Ceasa’ fresh food distribution center in 

Teresina, State of Piauí, Northeast of Brazil. 

The models obtained as Random forest are useful to support tool for decision making 

since they can present graphical information to guide managers in their decisions. From 

the found trees, it was possible to verify that the vegetables from the Goiás state produce 

high environmental impact. The trees might guide the decision-maker, as they can be 

used when purchasing fruit and vegetables considering the environmental impact. It is 

reasonable to believe that the choice of the production center should favor the one that 

least contributes to the emission of polluting gases. 
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