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Abstract – Artificial Intelligence (AI) is transforming traditional methods reliant on human 
knowledge by introducing machine learning techniques, which offer effective solutions to 
complex challenges. An example of such a case is the evaluation of the environmental impacts 
of products throughout their life cycle. This study bridges the gap in life cycle assessment 
(LCA) by leveraging AI to predict environmental impacts in agriculture, specifically by using 
LCA data from one cultivation system to model another. We employed Adaptive Neuro-Fuzzy 
Inference Systems (ANFIS) to predict CO2 equivalent emissions for open-field strawberry 
production, utilizing greenhouse strawberry data. The novelty lies in combining machine 
learning with LCA to address data scarcity and improve predictive accuracy in agricultural 
impact assessments. The model was trained with data generated in MATLAB and validated 
against emissions computed using the Ecoinvent 3.10 database and SimaPro software. Among 
the three fuzzy inference system (FIS) generation approaches - Fuzzy C-Means (FCM), 
Subtractive Clustering (SC), and Grid Partitioning (GP) FCM exhibited the highest the 
accuracy. This methodology showcases AI's potential to transform LCA, enabling more 
efficient, data-driven sustainability assessments. 

Keywords – ANFIS; artificial intelligence; carbon footprint; global warming potential; 
sustainability. 

1. INTRODUCTION  

Environmental challenges posed by industrial and agricultural activities necessitate robust 
tools to quantify and mitigate impacts. Life Cycle Assessment (LCA) is widely adopted for 
this purpose, offering comprehensive evaluations of environmental impacts across a product’s 
life cycle. Despite its strengths, LCA’s reliance on extensive, high-quality data creates 
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significant barriers, particularly for sectors like agriculture, due to global, regional, and local 
variations in management practices [1].  

Machine learning techniques can provide new opportunities to deal with data access 
problems. Machine learning methods can be used to predict the best approximation for the 
missing data or to assist in the decision-making process by analyzing large data sets [2]. 
Machine learning applications could be used to define a set of benchmarks within green 
building rating systems based on LCA [3, 4]. Furthermore, machine learning techniques can 
be used to analyze large datasets derived from Environmental Product Declarations (EPDs) 
to determine consistent benchmarks for environmental performance across product 
categories [5], which is often an important step in setting criteria for green procurement 
schemes. Similarly, in the agricultural sector benchmarking of emission reduction credits 
from organically managed crop production can be mentioned as another case of potential 
machine learning application within the LCA context. Distinguishing regional variability in 
data will add complexity to benchmarking procedures. Thus, machine learning could support 
green public procurement initiatives by enabling more precise benchmarks for goods and 
services based on environmental performance [6]. By automating the analysis of EPD data, 
machine learning applications can help stakeholders identify products with lower 
environmental impacts [7]. 

This study introduces an innovative application of ML in LCA by employing Adaptive 
Neuro-Fuzzy Inference Systems (ANFIS) to predict Carbon dioxide equivalent (CO2 eq) 
emissions for open-field strawberry production based on greenhouse data. This approach 
demonstrates a novel use of AI to address data scarcity in agriculture, advancing LCA 
methodology. By comparing three FIS generation methods – Fuzzy C-Means (FCM), 
Subtractive Clustering (SC), and Grid Partitioning (GP) – we identify optimal modeling 
strategies. Our findings underline AI’s transformative potential in making LCA more 
accessible and precise, supporting sustainable decision-making in agriculture and beyond. 

2. MACHINE LEARNING APPLICATIONS IN LCA 

Machine learning is a methodology for analysing and drawing inferences from data based 
on statistics and it includes various algorithms for different types of questions [8]. Three 
primary categories of machine learning are distinguished: supervised, unsupervised, and 
reinforcement learning [9]. Supervised learning refers to when algorithms are used to model 
the relationships between one or more independent variables and a dependent variable. 
Unsupervised learning involves algorithms that identify patterns within datasets or categorize 
data into groups. Reinforcement learning algorithms develop optimized strategies or actions 
based on a defined set of constraints or a reward system [10]. 

Supervised learning algorithms require the modeler to provide a dataset of independent 
variables and a dependent variable. Independent variables are called features, and dependent 
variables are called targets. With enough input data, a supervised learning algorithm can 
produce a model of the relationship between features and labels that is precise enough to be 
used in real life [10]. On the other hand, unsupervised learning algorithms operate without 
data labels. The algorithm sorts data points into groups or finds structure within a dataset. In 
the reinforcement learning approach, there is no training dataset. The algorithm tries different 
actions or pathways within a system of rewards, goals, or constraints that provide feedback 
on the quality of answers [9]. 

The search results in Scopus scientific database (see Fig. 1) shows that number of 
publications including “machine learning” AND “life cycle assessment” keywords has 
steadily increased from 2010 to 2023. Notably, there has been a significant surge since 2020, 
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with number of publications rapidly increasing from around 500 in 2020 to over 3000 in 2023. 
The database statistics show that approximately 50 per cent of publications are related to the 
sectors of Energy, Engineering, and Environmental Science. 

 
Fig. 1. Number of publications including “machine learning” AND “life cycle assessment” keywords. 

Furthermore, Ghoroghi et al., 2022 [2], Xue et al., 2024 [11] and Barros & Ruschel, 2021 
[12] provide comprehensive reviews of publications on machine learning applications in 
LCA, highlighting the depth and diversity of research in this rapidly evolving field. Studies 
have demonstrated machine learning effectiveness in predicting environmental impacts, 
identifying key impact contributors, and applying it to topics related to agriculture, building 
design, and clean energy systems. Machine models have improved the application of LCA, 
facilitating more informed decision-making on topics related to sustainability metrics. 

2.1. Machine Learning Applications for Life Cycle Inventory 

Machine learning has been applied to improve the prediction of data for LCI across many 
disciplines and demonstrated usefulness for estimating environmental emissions. 
OrganoRelease model [13] was developed to estimate the release factors of organic chemicals 
into various environmental compartments using an Artificial Neural Network (ANN) model. 
This model is significant for its ability to predict chemical emissions from the use and post-
use of consumer products. Similarly, another study [14] focused on the building sector, 
developing a surrogate ANN to optimize building renovation scenarios. Their model 
estimates energy consumption, life cycle cost, and environmental impacts, providing a 
comprehensive tool for life cycle inventory optimization. 

A slightly different approach reported in the literature [15] involves a linear regression 
model to predict emissions from dual fuel technology. In this case, data gaps in the LCI are 
filled for dual fuel diesel engines in oilfield operations by estimating Greenhouse Gas (GHG) 
emissions, non-methane hydrocarbons, and carbon monoxide. In the field of activated carbon 
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production, [16] an ANN integrated with Aspen Plus Simulation is reported to estimate the 
energy use and carbon footprint of activated carbon derived from biomass. The model 
enhances the LCA framework by accurately predicting the yield of the final product from 
various biomass feedstocks.  

A surrogate-based optimization framework with ANN models in the study of Nguyen et. 
al., 2019 [17] was developed to estimate greenhouse gas emissions and nutrient leaching in 
agricultural landscapes. The work focused on irrigated corn production systems in eastern 
Colorado, USA, providing high spatial resolution estimates that support resource 
management and environmental impact assessments.  

Thilakarathna et al., 2020 [18], explored the optimization of concrete mixes to minimize 
embodied carbon values. By comparing five machine learning models, they were able to 
predict the compressive strength of high-strength concrete and calculate the associated carbon 
footprints. Cheng, Porter et al., 2020 [19], further contributed to the field by developing 
machine learning models to predict product yields and characteristics from the hydrothermal 
treatment of various feedstocks, enabling the calculation of energy consumption and GHG 
emissions. 

The study by Cornago et al., 2020 [20], focused on the energy sector by forecasting the 
hourly power generation mix for different energy sources. Their model feeds this data into an 
LCA framework to estimate the carbon emissions of the energy mix, thus supporting more 
sustainable production scheduling. Naseri et al., 2020 [21] aimed to design sustainable 
concrete mixtures by developing an ANN model to predict the compressive strength of 
concrete. This model also considers cost, energy consumption, and life cycle carbon 
emissions, providing a holistic approach to sustainable concrete mix design.  

2.2. Machine Learning Applications for Life Cycle Impact Assessment 

2.2.1. Building sector 

Several studies have demonstrated the potential of machine learning to optimize design and 
minimize environmental footprints within the building sector. For instance, 
Płoszaj-Mazurek et al., 2020 [22] applied convolutional neural networks and parametric 
design to optimize the carbon footprint of buildings, developing a supplementary tool that 
enables rapid estimates of environmental impacts during the early design phase. Similarly, 
Xikai et al., 2019 [23] focused on predicting life cycle carbon emissions for residential 
buildings in Tianjin, China, using regression models, emphasizing the importance of 
early-stage impact assessments. D’Amico et al., 2019 [24] went a step further by creating a 
decision support tool with ANN to estimate the energy and environmental performance of 
buildings quickly and reliably, streamlining the design process while ensuring sustainability. 

Duprez et al., 2019 [25] advanced life cycle-based exploration methods by combining 
sensitivity analysis with metamodels, introducing ANN models to predict the global warming 
potential of new building designs. The work highlights the role of machine learning in 
facilitating informed, sustainable choices early in the design process, contributing to greener 
building practices.  

2.2.2. Agriculture sectors 

The agriculture sector is one of the main areas of application directions of machine learning 
techniques to predict LCA outcomes, particularly in estimating environmental impacts like 
GHG emissions and nutrient leaching. For example, a study by [26] explored the 
environmental impact of strawberry production, comparing open field and greenhouse 
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cultivation in Iran using ANN and adaptive neuro-fuzzy inference systems (ANFIS). Their 
study demonstrated how machine learning can help quantify the environmental benefits of 
different agricultural practices. Similarly, [27] applied ANN models to predict the 
environmental impacts of potato production, while another study [28] focused on rice farms. 

Machine learning techniques have also been applied to other crops. Khanali et al., 2017 [29] 
used ANN models to predict the yield and life cycle impacts of black tea, green tea, and 
oolong tea production in Iran, emphasizing energy inputs and environmental consequences. 
Similarly, study by Mousavi-Avval et al., 2017 [30] combined LCA with ANFIS to model 
energy use and environmental emissions for canola production, demonstrating the broad 
applicability of these methods to various crops. 

In an international context, Vlontzos and Pardalos, 2017 [31] used ANN models combined 
with Data Envelopment Analysis (DEA) to predict GHG emissions from agricultural 
production in EU countries, extending historical data to future projections. This approach 
showcased the ability of machine learning to provide forward-looking environmental 
assessments. Nabavi-Pelesaraei et al., 2018 [32] further demonstrated this by integrating AI 
methods with LCA to predict energy output and environmental impacts for paddy production. 

More recent studies continue to explore the intersection of machine learning and agriculture 
under changing environmental conditions. For example, Lee et al., 2020 [33] used boosted 
regression tree models to predict the life cycle impacts of corn production in the US Midwest 
under future climate scenarios, while Romeiko et al., 2020 [34] compared six different 
machine learning techniques to assess the GWP and eutrophication impacts from corn 
production. Lastly, Kaab et al., 2019 [35] applied LCA with artificial intelligence to predict 
the energy output and environmental impacts of sugarcane production, using both ANN and 
ANFIS models to evaluate different sugarcane farming systems in Iran. 

2.2.3. Other sectors 

In other sectors, machine learning has demonstrated successful application results when 
applied to LCIA. For example, Ozbilen et al., 2013 [36] developed an ANN model for 
nuclear-based hydrogen production, predicting GWP and acidification potential. Similarly, 
Marvuglia et al., 2015 [37] applied machine learning to predict the toxicity of organic 
chemical emissions, enhancing the accuracy of chemical fate models and streamlining the 
process for rapid LCA predictions. 

In a related effort, Slapnik et al., 2015 [38] provided normalization factors for traditional 
impact categories and additional categories specific to Slovenia. By computing and 
comparing chemical characterization factors (CFs) within Slovenia and across Europe, the 
work highlights regional variations and provides a basis for more localized LCA predictions. 
Both studies show the importance of machine learning in reducing complexity and improving 
the accuracy of chemical impact predictions. Hou et al., 2020 [39] further advanced the field 
by developing machine learning models to estimate ecotoxicity characterization factors for 
552 chemicals in the USEtox database. By predicting hazardous concentrations, their study 
fills critical data gaps, enhancing the accuracy of chemical CFs and supporting more 
comprehensive ecotoxicity assessments. 

For the mining industry Asif et al., 2019 [40] created an integrative model combining life 
cycle inventory and ANN to manage air pollution from metal mining systems. The model 
estimates the carbon footprint by considering GHG emissions, fuel consumption, and 
operational data, offering a comprehensive tool for mitigating the environmental impacts of 
mining activities. Machine learning has also been used to refine chemical impact assessments. 
For instance, Song et al., 2017 [41] introduced a novel ANN-based approach for rapid 
screening of chemical life-cycle impacts, which is crucial for timely decision-making in 
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chemical production. Zhu et al., 2020 [42] took this further by applying ANN models to 
identify green chemical substitutes with minimal environmental impacts, particularly in the 
pharmaceutical industry. 

2.3. Machine Learning Applications for Life Cycle Interpretation 

The application of machine learning techniques in life cycle interpretation is helping to 
provide significant insights into results of LCA studies, identifying key drivers of impacts, 
and managing uncertainties. Azari et al., 2016 [43] explored the optimization of building 
designs to achieve superior energy and environmental performance of buildings. The study 
employed a hybrid approach combining ANN and Genetic Algorithms (GA) to facilitate 
multi-objective optimization. In a similar way, Zhao et al., 2019 [44] used a random forest 
model to identify the primary drivers of household carbon footprints among herdsmen in Inner 
Mongolia, China. 

Supervised machine learning techniques to assess sustainability in food consumption 
sectors are reported in the study of Abdella et al., 2020 [45]. By applying centroid-based 
clustering and logistic regression, different food industries are classified and analysed. The 
approach helped to identify key aspects influencing sustainability, enhancing the ability to 
manage food consumption impacts.  

Ziyadi and Al-Qadi, 2019 [46] focused on model uncertainty analysis for life cycle 
assessments. The work combined an ANN surrogate model with interval, Bayesian, and 
model correction analysis methods to estimate uncertainties in the life cycle assessment of a 
pavement section in Chicago. The methodology highlighted the importance of addressing 
uncertainties to improve the reliability of LCA results. 

The study of Romeiko et al., 2020 [47] examined the spatially and temporally explicit life 
cycle impacts of soybean production in the US Midwest. Using boosted regression trees, the 
study identified key contributors to the life cycle impacts, such as soil, weather, and farming 
practices. This allowed the study to explain the significance of spatial and temporal variations 
in environmental impacts to enhance supply chain designs.  

A framework for the optimal integration of solar-assisted district heating systems in urban 
communities was developed by Abokersh et al., 2020 [48]. The authors applied global 
sensitivity analysis with machine learning and created a decision-making tool that supports 
the transition to clean energy in Europe. The use of ANN as a surrogate model for TRNSYS 
in this study enabled computationally intensive optimizations, demonstrating the potential of 
machine learning in complex system integrations. 

This literature review illustrates the diverse applications of machine learning in life cycle 
interpretation and how machine learning models contribute to more effective life cycle 
assessment, thus supporting decision-making related to sustainability questions across 
various disciplines. 

3. CASE STUDY OF NEURO-FUZZY MODEL APPLICATION FOR LIFE CYCLE 
IMPACT ASSESSMENT  

Using MATLAB, data for 33 greenhouse producers was generated to train the adaptive 
neuro-fuzzy inference systems ANFIS model. The Ecoinvent 3.10 database and SimaPro 
software were utilized to calculate GHG emissions as CO2 eq emissions, which serve as the 
model’s target data. This section also covers fuzzy logic, fuzzy inference systems (FIS), and 
adaptive neuro-fuzzy inference systems (ANFIS), highlighting the methodology and 
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performance evaluation of different ANFIS models in predicting CO2 eq emissions for both 
greenhouse and open-field strawberry production systems. 

3.1. Machine Learning Approach 

Lotfi Zadeh [49] created the concept of fuzzy logic during the 1960s. Fuzzy logic is a 
computing approach based on “degrees of truth” rather than the binary “true or false” (0 or 
1) Boolean logic. His research primarily focused on the problem of computer understanding 
of natural language, which is not easy to translate into the absolute terms of 0 and 1. Fig. 2 
shows the difference between Boolean and Fuzzy logic. 

 

 
Fig. 2. Boolean logic vs. Fuzzy logic. 

System modelling using conventional mathematical tools, such as differential equations, is 
often inadequate for handling uncertain systems. The FIS captures the qualitative aspects of 
human knowledge and reasoning processes, eliminating the need for precise quantitative 
analysis. This fuzzy modelling or fuzzy identification, was first explored systematically by 
Takagi and Sugeno [50]. FIS, presented in Fig. 3, involves interpreting values of input vector 
based on some sets of rules, assigning values to the output vector. The truth of a statement is 
expressed in degrees rather than as a binary true or false value.  

 
Fig. 3. A diagram of fuzzy inference system. 

According to [52], FIS structure is explained through four functional blocks:  
− Rule base containing several fuzzy if-then rules and a database that defines the 

membership functions of the fuzzy sets used in the fuzzy rules that are embedded in 
the Knowledge Base; 
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− Decision-making unit which performs the inference operations on the rules (Fuzzy 
Inference Engine); 

− Fuzzification interface which transforms the inputs into degrees of match with 
linguistic values (Fuzzifier); 

− Defuzzification interface which transforms the fuzzy results of the inference into an 
output (Defuzzifier). 

Three approaches are used to generate the FIS in the model, which are Fuzzy C-Means 
(FCM), Subtractive Clustering (SC), and Grid Partitioning (GP). These approaches are 
defined in MATLAB as genfis1 (GP), genfis2 (SC), and genfis3 (FCM). 

Fuzzy clustering is an unsupervised method for analysing data and constructing 
models [52]. Objects on the boundaries between several classes are not forced to fully belong 
to one of the classes. Instead, membership degrees are assigned between 0 and 1. The FCM 
employs fuzzy partitioning such that a data point can belong to all groups with different 
grades between 0 and 1. 

Clustering algorithms require the user to specify the number of cluster centres and their 
locations. Thus, the quality of the solution depends strongly on the choice of initial values. 
Yager and Filev [53] proposed a simple and effective algorithm, called the mountain method, 
for estimating the number and initial location of cluster centers. Their method is based on 
gridding the data space and computing a potential value for each grid point based on its 
distances to the actual data points [54]. A grid point with many data points nearby will have 
a high potential value. The grid point with the highest potential value is chosen as the first 
cluster center. When the first cluster center is chosen, the potential of all grid points is reduced 
according to their distance from the cluster center. Grid points near the first cluster center 
will have greatly reduced potential. The next cluster center is then placed at the grid point 
with the highest remaining potential value. This procedure of acquiring a new cluster center 
and reducing the potential of surrounding grid points repeats until the potential of all grid 
points falls below a threshold.   

In GP method, data are divided into grids, based on the type and number of member 
functions in each dimension [55]. ANFIS-GP begins with zero output and progressively learns 
the different fuzzy set rules and functions through the training procedure.  

3.2. Development of Adaptive Neuro-Fuzzy Inference System (ANFIS) 

An adaptive network is a network structure consisting of nodes and directional links [51]. 
Part or all of the nodes are adaptive, which means their outputs depend on the parameter(s) 
of the nodes, and the learning rule specifies how these parameters should be changed to 
minimize a prescribed error measure. 

According to [56], ANFIS is a rule-based system with three components: membership 
functions of input–output variables, fuzzy rules, and output characteristics and system results. 
The system has a feedforward neural network structure and each layer is a neuro-fuzzy system 
component capable of learning and generalizing from the training data. This approach allows 
to find non-linear relationships between inputs and outputs. 

In this study fuzzy logic toolbox of MATLAB version: 9.12.0.2039608 (R2022a-academic 
use) was used with the following inputs: diesel fuel, electricity, irrigation water, machinery, 
nitrogen, phosphate, potassium, farmyard manure, pesticides and plastic (nylon). The kg of 
CO2 eq emissions is considered as the output of the model. Input clustering is used to divide 
the inputs into four groups. Results are obtained by aggregating the contribution of each input 
to the total kg of CO2 eq emissions as seen in Fig. 4. 
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Fig. 4. ANFIS structure to predict kg of CO2 eq of greenhouse strawberry production. 

Five adjustments were made in the structure of ANFIS network to define configuration 
would produce the most accurate model with the lowest errors. The adjustments were made 
on the number of membership functions, types of membership functions (triangular, 
trapezoidal, bell-shaped, Gaussian and sigmoid), types of output membership function 
(constant or linear), optimization methods (hybrid or back propagation) and the number of 
epochs. After this, the model performance was validated using a statistical parameter namely 
root mean squared error (RMSE) Eq. (1): 

 ( )2

1

1  n

t
RMSE predicted actual

n =
= −∑  (1) 

The RMSE is a measure of how close the ANFIS predicted values is to the observed one. 

3.3. Input Data Generation 

The input data for this study were obtained from a study that analysed the environmental 
impacts of open-field and greenhouse strawberry production in Guilan Province in the north 
of Iran. Among strawberry producers in the region, 33 greenhouse holders and 77 open field 
growers were randomly selected and surveyed. The data for open-field and greenhouse 
production systems are summarized in Table 1.  

In the next step, 10 out of 12 inputs were selected and the data for 33 greenhouse producers 
generated using average and standard deviation of the sample. This data is further used as 
training data in the ANFIS model. Data generation was accomplished using MATLAB 
version: 9.12.0.2039608 (R2022a-academic use). Labor and microelements were excluded 
due to the lack of clarity in the details provided in the source literature. 

In order to calculate the target data to be used in the model, Ecoinvent 3.10 database and 
SimaPro software were employed. The generated data were used as input for SimaPro analysis 
and then the amount of CO2 eq was calculated using IPCC 2021 GWP100 V1.02. 

 
 

CO2 eq (1) 

CO2 eq (2) 

CO2 eq (3) 

CO2 eq (4) 

Total CO2 eq  
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TABLE 1. LIFE CYCLE INVENTORY DATA FOR STRAWBERRY PRODUCTION 
(PER 1 TON OF PRODUCED STRAWBERRIES) 

Inputs Greenhouse Open field 

Units Average SD Average SD 

Machinery kg 94.8 40.8 1059.3 578.2 
Labor h 1183 356.4 570.8 219.6 
Diesel fuel L 3.9 2.2 5.56 3.9 
Electricity  kWh 450.8 227.9 24.7 5.2 
Chemical fertilizers 
Nitrogen (N) kg 9.8 3.9 40.7 13.8 
Phosphate (P2O5) kg 29.4 11.8 38.7 15.1 
Potassium (K2O) kg 15.2 2.7 48.1 24.6 
Microelements kg 2.7 1.2 – – 
Farmyard manure kg 955.6 405.7 1018.7 345.3 
Pesticides kg 1 0.3 6.4 2.5 
Water for irrigation m3 358.8 185.5 189.1 39.5 
Plastic kg 27.58 23.5 – – 

4. RESULTS OF STRAWBERRY PRODUCTION CASE STUDY

To build the model and predict the CO2 eq emissions for the production of one ton of 
strawberries in a greenhouse system, four Adaptive Neuro-Fuzzy Inference Systems (ANFIS) 
were developed utilizing the grouped inputs. Each FIS component within ANFIS has its own 
inputs and outputs. There are three inputs for ANFIS (1), namely, Diesel, Machinery, and 
Irrigation. The output is CO2 eq related to the inputs which has been calculated using IPCC 
GWP100 v1.02. The rule view showing the mechanism of membership functions related to 
each amount of inputs, and the surface which shows the changes of each input on the CO2 eq 
emission. 

There are five layers in the ANFIS structure which are input, input membership functions, 
rule, output membership functions, and output. 

The model initiates a dialogue box in which to input values for each emission-contributing 
factor in strawberry production, computes the CO2 eq emissions, and displays the calculated 
amount. 

 To assess the accuracy of the model’s predictions, the Root Mean Square Error (RMSE) 
for each ANFIS is illustrated in Fig. 5. A comparison between the output and predicted 
(target) data indicates that the Fuzzy C-Means (FCM) approach is more effective for ANFIS 
(1) and ANFIS (2), whereas the Grid Partitioning approach demonstrates better performance
for ANFIS (3) and ANFIS (4). Further details regarding the network structures and their
respective RMSE values can be found in Table 2.

In order to predict the equivalent CO2 eq emissions associated with open-field strawberry 
production, the average values specific to this production system, as outlined in Table 1, were 
input into the model using various FIS generation approaches. Table 3 illustrates that the 
equivalent CO2 eq emissions related to open-field production, predicted by the FCM 
approach, closely align with the calculated CO2 eq values obtained using the IPCC GWP100 
v1.02 method via SimaPro software. 
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Fig. 5. RMSE for ANFIS (1) to ANFIS (4) using FCM approach. 

TABLE 2. CHARACTERISTICS OF THE STRUCTURE OF EACH NETWORK AND THEIR RMSE 

Model 
FIS 
generation 
approach 

Type of mf Number of mf Learning 
Method RMSE 

Input Output Input Epochs 

ANFIS (1) FCM gaussmf linear 5 100 Hybrid 1.597e–3 

ANFIS (2) FCM gaussmf linear 5 100 Hybrid 2.006e–3 
ANFIS (3) FCM gaussmf linear 5 100 Hybrid 2.221e–3 
ANFIS (4) FCM gaussmf linear 5 100 Hybrid 3.702e–2 
ANFIS (1) Sub. Clust. gaussmf linear 5 100 Hybrid 1.635e–2 
ANFIS (2) Sub. Clust. gaussmf linear 5 100 Hybrid 2.945e–2 
ANFIS (3) Sub. Clust. gaussmf linear 5 100 Hybrid 2.279e–3 
ANFIS (4) Sub. Clust. gaussmf linear 5 100 Hybrid 7.819e–3 
ANFIS (1) Grid Part. gaussmf linear 5 100 Hybrid 5.268e–3 
ANFIS (2) Grid Part. gaussmf linear 5 100 Hybrid 7.836e–3 
ANFIS (3) Grid Part. gaussmf linear 5 100 Hybrid 1.560e–3 
ANFIS (4) Grid Part. gaussmf linear 5 100 Hybrid 1.688e–3 

TABLE 3. PREDICTED (MATLAB) AND CALCULATED (SIMAPRO) VALUES FOR GREENHOUSE AND 
OPEN FIELD STRAWBERRY PRODUCTION BY DIFFERENT APPROACHES 

Equivalent CO2 eq 
emissions (kg) 

 MATLAB  SimaPro 

 FCM SC GP  IPCC GWP100 v1.02 

Open field  7790.31 1444.85 1584.53  7784.30 
Greenhouse  1604.43 1604.52 1596.29  1604.38 
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However, the Subtractive Clustering and Grid Partitioning approaches do not demonstrate 
efficiency in this production system. Conversely, for greenhouse production systems, all three 
approaches prove proficient, yielding predicted values that closely match those calculated 
using the IPCC GWP100 v1.02 method via SimaPro. 

As can be seen in Table 4, agricultural machinery accounts for approximately 40 % of CO2 eq 
emissions in the greenhouse strawberry production system, whereas it plays a more dominant role 
in open field system contributing to around 90 %. In the greenhouse system, electricity and nylon 
contribute 22 % and 16 % respectively to total CO2 eq emissions, while their impacts are relatively 
insignificant in the open field system.  

TABLE 4. CO2 EQ EMISSION RELATED TO EACH INPUT ITEM 

Input Items 
CO2 eq emission, kg 

Greenhouse Open field 

Diesel {GLO}| market group for | APOS, S 1.61 2.29 

Electricity, low voltage {GLO}| market group for | APOS, S 323.68 17.74 

Agricultural machinery, tillage {GLO}| market for | APOS, S 584.91 6535.84 

Nitrogen fertiliser, as N {GLO}| market for | APOS, S 111.90 464.75 

Phosphate fertiliser, as P2O5 {GLO}| market for | APOS, S 64.15 84.44 

Potassium chloride, as K2O {GLO}| market for | APOS, S 6.93 21.94 

Manure, solid, cattle {GLO}| market for | APOS, S 20.20 21.53 

Pesticide, unspecified {GLO}| market for | APOS, S 10.25 65.58 

Irrigation {GLO}| market group for | APOS, S 33.61 17.71 

Nylon 6 {GLO}| market for | APOS, S 258.32 0.01 

Calculated CO2 eq emissions (IPCC GWP100 v1.02 method) 1415.57 7231.82 

5. CONCLUSION 

The study investigated the integration of a ML technique known as ANFIS into LCA for 
assessing environmental impacts. Recent literature on the application of machine learning in 
LCA showed a wide range of ML applications across the phases of Life Cycle Inventory, Life 
Cycle Impact Assessment, and Life Cycle Interpretation. The information from the Scopus 
database showed that machine learning techniques in LCA have emerged recently and can 
serve as support in managing uncertainties in LCA across many sectors, from agriculture to 
construction and energy systems. This also underlines a growing recognition of ML 
techniques for sustainability analysis.  

A case study on the ability of ML to predict LCA outcomes for open-field strawberry 
production systems using data derived from LCA assessments was performed. The created 
ANFIS model demonstrated strong predictive performance for estimating GHG emissions in 
both greenhouse and open-field production systems. The FCM approach showed the highest 
accuracy, proving the efficiency of combining fuzzy logic with neural networks for the 
defined study context.  

The study advances knowledge by demonstrating the feasibility of cross-system data 
application, paving the way for broader ML-based innovations in sustainability assessments. 
This integration of AI with LCA not only enhances predictive accuracy but also reduces the 
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time and resources required for data collection and modeling. The practical implications 
extend beyond strawberries, offering a scalable methodology for other crops and systems. 
Future research should explore expanding this approach to incorporate additional 
environmental parameters and apply it across diverse agricultural and industrial contexts. By 
bridging the gap between AI and LCA, this study sets a foundation for more efficient, data-
driven sustainability practices. Further investigations should consider extending model 
validation across a broader range of empirical datasets from open-field cultivation systems. 
This would help reflect real-world complexity more accurately and reinforce the reliability 
of cross-system predictions. 
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