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Artificial intelligence methods can be a solution to these problems due to
their ability to manage dynamic activities in natural resources. There are
several artificial intelligence algorithms that have found various
applications in various fields.
In this article, some artificial intelligence methods, including artificial
neural networks, fuzzy models, genetic algorithms, cellular automata,
multi-agent systems, collective intelligence, and hybrid systems, are
introduced, and some of their applications in natural resource
management are listed.

1. INTRODUCTION

Various definitions of artificial intelligence have been proposed so far. In general, artificial intelligence can
be defined as enabling computers to perform intellectual tasks performed by humans. Many of today's world
problems, such as computational problems, information search and analysis, have been solved by computers
in this way.

The basic idea of artificial intelligence is to understand the nature of human thinking and intelligence and
provide software that models how they work. But in applied fields, engineers sought to create algorithms
that perform tasks like humans. Natural resource management is a field that attempts to manage natural
resources such as water, oil, plants and animals, and is of great importance due to the impact of management
on the quality of life of current and future generations.

Natural resource management focuses on the scientific and technical understanding of resources and
ecology and the capacity of resources required for survival. Three computational challenges in natural
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resource management are data management and communications, data analysis, and optimization and
control.

One way to implement computational tools to address the challenges of natural resource management is to
use artificial intelligence methods because they have the flexibility to deal with the inherent dynamics of
natural resources. There are many artificial intelligence methods that have been used in various fields.

In this article, several artificial intelligence algorithms, including artificial neural networks, fuzzy models,
genetic algorithms, cellular automata, multi-agent systems, collective intelligence, and hybrid systems, are
introduced and some of their applications in natural resource management are listed.

2. ARTIFICIAL NEURAL NETWORKS

Artificial Neural Networks (ANN) are inspired by the way the human brain processes information. An ANN
consists of a large number of processing units called neurons or nodes that act as a unit. They are connected
to each other by a series of weighted connections. The network can have one input layer, one output layer,
and any number of hidden layers. Each neuron in one layer is connected to all neurons in the next layer
(Chen et al., 2008).

Artificial neural networks can be applied to seven categories of problems: pattern classification, clustering,
function estimation, prediction, optimization, content-based retrieval, and process control. Pattern
classification assigns an input pattern to one of the predefined classes, for example, sewage odor
classification.( Onkal-Engin, et al.2005).

Clustering is an unsupervised pattern classification method, for example, input patterns for predicting the
ecological status of streams.(Vellido et al. 2007). Function estimation, also called regression, produces a
function from the provided learning patterns.

For example, modeling river sedimentation (Cigizoglu and Alp, 2006) or watershed water supply (Iliadis
and Maris, 2007), predicting ozone concentration (Sousa et al., 2007), modeling leachate flow rates (Karaca
and Ozkaya, 2006), or estimating nitrate distribution in groundwater (Almasri and Kaluarachchi, 2005).
Forecasting takes the output from previous examples in a time series, e.g., climate (Kim and Barros, 2001)
and air quality. (Agirre-Basurko, et al., 2006).

Optimization maximizes or minimizes a cost function given its constraints, e.g., calibrating the infiltration
equation (Jain and Kumar, 2006). Content-based retrieval invokes memory, even if the input is partial or
distorted, e.g., proxies for water quality measurements from Satellite imagery.(Pozdnyakov et al. 2005).

3. GENETIC ALGORITHMS

A Genetic Algorithm (GA) is a search method that mimics natural selection. The algorithm evolves until it
solves the problem satisfactorily. Of the solutions produced by this algorithm in each round, the best
solutions survive and pass on their characteristics to their offspring, replacing the weakest solutions. Each
possible solution is encoded, for example, as a binary string called a chromosome. Successive populations
of productive solutions are called populations (Chen et al. 2008).

GA methods are often used to optimize model parameters or resource management. Some examples of their
application include parameter estimation of a watershed vegetation model (Kumar et al. 2012), groundwater
management (Moharram et al. 2012), and stochastic optimization model for air quality management under
uncertainty (Qin et al. 2010). (Babazadeh and Tabrizi,2013) also investigated the combined optimization of
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water productivity (WP) and crop yield under irrigation management defects using a multi-objective GA
optimization algorithm.

4. CELLULAR AUTOMATA

Cellular Automata (CA) are dynamic models, discrete in space, time, and state. They consist of a regular
network of cells that interact with their neighbors. The state of the cells is synchronous in time according
to rules Local updates are performed to calculate the new state of a cell at time +1t using its current state
and the neighboring cells at time. Neighbors are cells that are located near the cell of interest, (Chen et
al.2008). Applications of cellular automata include modeling urban landscape dynamics (He et al. (2013),
modeling land use and population density and economic activities (White et al. (2012), and simulating
population dynamics of plant species (Jie et al. 2010).

In these examples, it is clear how the state of a cell is affected by the previous state of its neighbors. In
(Hualin et al. 2012), by setting up a natural development scenario, an object-oriented scenario, and an
environmental priority scenario, a model using CA is presented to simulate the underlying environmental
evolutionary pattern.

5. FUZZY SYSTEMS

Fuzzy systems (or FS) use fuzzy sets to deal with imprecise and incomplete data. In conventional set theory,
an object can be a member of a set or not, but the membership of a fuzzy set can take any value between
zero and one. Therefore, fuzzy models can Describe ambiguous situations. (Chen et al. 2008).

Fuzzy systems handle incomplete and imprecise data in applications such as function estimation,
classification or clustering, control, and prediction. For example, we can mention the characterization and
quantification of vegetative drought (Rulinda et al. 2012), estimation of agricultural crop yield (Wieland,
et al. 2013), monitoring of sensitive environmental ecosystems in a dynamic semi-arid landscape from
satellite images (Meng-Lung, and Cheng- Wu,2010), estimation of agricultural and plant breeding
parameters (Pandey et al.2013), modeling of fish habitat preferences (Fukuda et al. 2012), classification of
fishing areas (Sylaios et al. 2010), assessment of land environmental security (Su et al. 2010), assessment
of habitat suitability (Lu et al. 2012), detection of ocean oil spills in SAR images (Liu et al. 2010)) and
modeling of rainfall runoff (Talei et al. 2010).

6. MULTI-AGENT SYSTEMS

A Multi-Agent System (MAS) consists of a network of agents that interact to achieve a goal. An agent is a
software component that contains code and data. Agents communicate with each other using a high-level
language called Agent Communication Language (ACL), share information, receive requests, and negotiate
with each other (Chen et al. 2008).

Recently, MASs have been widely used in natural resource management. For example, they can be used in
supply chain risk management (Giannakis and Louis,2011), assessing the impacts of land-use policies (Le
et al. 2010), modeling climate adaptation and mitigation options in agriculture (Berger and Troost,2013),
expert system for diagnosing fish diseases (Dongping and Ming,2012), forest fires (Elmas and
Sénmez,2011)). regional-scale land use change modeling (Valbuena et al. 2010), water dynamics and
demand modeling at the watershed level (Farolfi et al. 2010), and human-environment interaction modeling
in agricultural systems (Schreinemachers and Berger,2011).
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7. SWARM INTELLIGENCE

Swarm Intelligence (SI) is a form of agent-based modeling inspired by colonies of social animals such as
ants or schools of fish. While individual agents are simple, as part of a collective, they exhibit higher
intelligence. Self-organization is a key property by which general patterns emerge from local interactions
without central control or a general model. These interactions can occur during direct (agent-to-agent) or
indirect (through the environment) communication, (Chen et al. 2008).

Ant behavior is the basis for Ant Colony Optimization (ACO), one of the main types of swarm intelligence
algorithms. Individual ants move randomly until they encounter a pheromone trail, which they are likely to
follow and subsequently deposit their own pheromone on that trail, reinforcing the trail. Ants tend to choose
a route with a stronger pheromone concentration, so the route that has received more traffic is more likely
to be chosen.

Shorter routes, because they are traveled faster, are more reinforced and have more pheromone. So after a
short period of time, all ants will choose the same route to find food. Over time, the evaporation of the
pheromone causes less frequented or random routes to be less popular. Another widely used swarm
intelligence algorithm is the Particle Swarm Optimization (PSO) algorithm, which is inspired by the
coordination of bird populations and schools of fish.( Singh,et al.2012)

The system is initialized with a random population of solutions or particles that fly around an N-dimensional
problem space, where each solution is represented by a point. At each iteration, the particles evaluate their
fitness (their position relative to the goal) and share their information about the best position among the
population. Each particle subsequently updates its velocity and position with respect to its previous best
position and the position of the best particle in the population. The algorithm also includes random functions
in the range [1 0,] to avoid falling into local optima.

Environmental applications of ACO include spatial assessment of land use suitability (Yu et al.2011)
optimal management of coastal aquifers (Ataie-Ashtiani and Ketabchi 2011), environmental flow
management for rivers, wetlands, and floodplains (Szemis et al.2012). The PSO algorithm was developed
for general minimization but, like ACO, has found wide applications.

Environmental applications include water resources optimization (Cyriac and Rastogi,2013), oil and gas
field development (Onwunalu and Durlofsky 2010), groundwater management (Gaur et al. 2011), and
rainfall-runoff model parameter estimation (Bardolle et al. 2014).

8 HYBRID SYSTEMS

Hybrid systems combine two or more methods to achieve greater power and overcome shortcomings. There
are three main types of combinatory methods based on how they are combined: sequential, auxiliary, and
embedded. In the sequential method, the first method feeds its output to the second method to produce the
final output.

In the auxiliary combination method, the first method produces some of the information needed to produce
the output by the second method. In the embedded hybrid method, the two methods are combined (Chen et
al.2008). The following examples of hybrid systems can be mentioned:
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1 Combination of FS with ANN: Estimation of heavy metal concentrations in rice, (Liu et al. 2011) and
environmental risk representation in rivers, (Ocampo-Duque, et al. 2012).

2 Combination of FS and CA: Dynamic modeling of complex spatial systems, (Dragic¢evi¢, 2010).

3 Combination of GA and ANN: Forecasting ozone concentrations, (Pires et al.2012) and Forecasting pollen
concentrations, (Voukantsis et al. 2010).

4 Combination of PSO and GA: Multi-objective calibration of large-scale water quality models, (Afshar
and Kazemi,2012).

9. CONCLUSIONS

The suitability of Al methods for natural resource management depends on the case. In complex and
incomprehensible processes, black-box methods such as ANN and GA may be suitable. ANNs are trained
on learning data and derive relationships between data. ANNs have many applications, including
environmental applications for classification, function estimation, optimization, and prediction. GAs evolve
a set of solutions towards a global optimum. ACO and PSO methods also perform population-based
optimization.

SI methods evolve simple agents to collectively solve problems with local interactions. CA and MAS
methods are often used to simulate complex systems. CA models systems in space, time, and discrete states
that have local interactions. They are used to understanding and predict behavior. MASs employ agents that
interact with each other to solve problems. They are often suitable for natural resource management and the
study of management strategies.

In contrast, FSs have been applied to many environmental problems, because they can handle incomplete
and imprecise data. FSs are often combined with other methods to create hybrid methods. Given the
introduction of new methods in artificial intelligence, it is expected that more applications of these methods
will be seen in natural resource management and new methods will also be used in this field.

REFERENCES

Afshar, A., Kazemi, H., 2012. Multi objective calibration of large scaled water quality model using a
hybrid particle swarm optimization and neural network algorithm. KSCE J Civ Eng 16, 913-918.

Agirre-Basurko, E., Ibarra-Berastegi, G., Madariaga, 1., 2006 .Regression and multilayer perceptron-
based models to forecast hourly O3 and NO2 levels in the Bilbao area. Environmental Modelling
& Software 21, 430-446.

Almasri, M.N., Kaluarachchi, J.J., 2005. Modular neural networks to predict the nitrate distribution in
ground water using the on-ground nitrogen loading and recharge data. Environmental Modelling
& Software 20, 851-871.

Ataie-Ashtiani, B., Ketabchi, H., 2011. Elitist Continuous Ant Colony Optimization Algorithm for
Optimal Management of Coastal Aquifers. Water Resour Manage 25, 165-190.

Babazadeh, H., Tabrizi, M.S., 2013. Combined Optimization of Soybean Water Productivity and Crop
Yield by Multi-Objective Genetic Algorithm (MOGA). Irrigation and Drainage 62, 425-434.

This is an open access article under the

& . - Acta Globalis Humanitatis et Linguarum
@ Creative Commons Attribution-
BY NC

NonCommercial 4.0 International License ISSN 3030-1718



152

Bardolle, F., Delay, F., Bichot ,F., Porel, G., Dorfliger, N., 2014. A Particle Swarm Optimization for
Parameter Estimation of a Rainfall-Runoff Model. In: Pardo-Iguzquiza, E., Guardiola-Albert, C.,
Heredia, J., Moreno-Merino, L., Duran, J.J., Vargas-Guzman, J.A. (Eds.), Mathematics ofPlanet
Earth. Springer Berlin Heidelberg, pp. 153-156.

Berger, T., Troost, C., 2013. Agent-based Modelling of Climate Adaptation and Mitigation Options in
Agriculture. Journal of Agricultural Economics,.

Chen, S.H., Jakeman, A.J., Norton, J.P., 2008. Artificial Intelligence techniques: An introduction to their

use for modelling environmental systems. Mathematics and Computers in Simulation 78, 379-
400.

Cigizoglu, H.K., Alp, M., 2006. Generalized regression neural network in modelling river sediment yield.
Advances in Engineering Software 37, 63-68.

Cyriac, R., Rastogi, A.K., 2013. An Overview of the Applications of Particle Swarm in Water
ResourcesOptimization. In: Bansal, J.C.,

Singh, P., Deep, K., Pant, M., Nagar, A. (Eds.), Proceedings of Seventh International Conference on Bio-
Inspired Computing: Theories and Applications (BIC-TA 2012). Springer India, pp. 41-52.

Dongping, M., Ming, C., 2012. Building of an Architecture for the Fish Disease Diagnosis Expert System
Based on Multi-agent. Intelligent Systems (GCIS), 2012 Third Global Congress on, pp. 15-18.

Dragicevi¢, S., 2010. Modeling the Dynamics of Complex Spatial Systems Using GIS, Cellular Automata
and Fuzzy Sets Applied to Invasive Plant Species Propagation. Geography Compass 4, 599-615.

Elmas, C., Sonmez, Y., 2011. A data fusion framework with novel hybrid algorithm for multi -agent
Decision Support System for Forest Fire. Expert Systems with Applications 38, 9225-9236.

Farolfi, S., Miiller, J.-P., Bonté, B., 2010. An iterative construction of multi-agent models to represent
water supply and demand dynamics at the catchment level. Environmental Modelling & Software
25, 1130-1148.

Fukuda, S., Mouton, A., De Baets, B., 2012. Abundance versus presence/absence data for modelling fish
habitat preference with a genetic Takagi—Sugeno fuzzy system. Environ Monit Assess 184, 6159-
6171.

Gaur, S., Chahar, B.R., Graillot, D., 2011. Analytic elements method and particle swarm optimization
based simulation—optimization model for groundwater management. Journal of Hydrology 402,
217-227.

Giannakis, M., Louis, M., 2011. A multi-agent based framework for supply chain risk management.
Journal of Purchasing and Supply Management 17, 23-31.

He, C., Zhao, Y., Tian, J., Shi, P., 2013. Modeling the urban landscape dynamics in a megalopolitan
cluster area by incorporating a gravitational field model with cellular automata. Landscape and
Urban Planning 113, 78-89.

This is ¢ access article under th . N .
O 118 1% A pen aceess ame e hder e Acta Globalis Humanitatis et Linguarum
@ Creative Commons Attribution-
BY NC

NonCommercial 4.0 International License ISSN 3030-1718



153

Hualin, X., Chih-Chun, K., Yanting, Z., Xiubin, L., 2012. Simulation of Regionally Ecological Land
Based on a Cellular Automation Model: A Case Study of Beijing, China. International Journal of
Environmental Research and Public Health 9.

Iliadis, L.S., Maris, F., 2007. An Artificial Neural Network model for mountainous water-resources
management: The case of Cyprus mountainous watersheds. Environmental Modelling & Software
22,1066-1072.

Jain, A., Kumar, A., 2006. An evaluation of artificial neural network technique for the determination of
infiltration model parameters. Applied Soft Computing 6, 272-282.

Jie, X., Baojing, G., Yanting ,G., Jie, C., Ying, G., Yong, M., Xiaogang, J., 2010. A cellular automata
model for population dynamics simulation of two plant species with different life strategies.
Intelligent Systems and Knowledge Engineering (ISKE), 2010 International Conference on ,pp.
517-523.

Karaca, F., Ozkaya, B., 2006. NN-LEAP: A neural network-based model for controlling leachate flow-
rate in a municipal solid waste landfill site. Environmental Modelling & Software 21, 1190-1197.

Kim, G., Barros, A.P., 2001. Quantitative flood forecasting using multisensor data and neural networks.
Journal of Hydrology 246, 45-62.

Kumar, K., Hari Prasad, K.S., Arora, M.K., 2012. Estimation of water cloud model vegetation parameters
using a genetic algorithm. Hydrological Sciences Journal 57.789-776 ,

Le, Q.B., Park, S.J., Vlek, P.L.G., 2010. Land Use Dynamic Simulator (LUDAS): A multi-agent system
model for simulating spatio-temporal dynamics of coupled human—landscape system: 2.
Scenario-based application for impact assessment of land-use policies. Ecological Informatics 5,
203-221.

Liu, M., Liu, X., Wu, M., Li, L., Xiu, L., 2011. Integrating spectral indices with environmental parameters
for estimating heavy metal concentrations in rice using a dynamic fuzzy neural-network model.
Computers & Geosciences 37, 1642-1652.

Liu, P., Zhao, C., Li, X., He, M., Pichel, W., 2010. Identification of oceanoil spills in SAR imagery based
on fuzzy logic algorithm. International Journal of Remote Sensing 31, 4819-4833.

Lu, C.Y., Gu, W,, Dai, A.H., Wei, H.Y., 2012. Assessing habitat suitability based on geographic
information system (GIS) and fuzzy: A case study of Schisandra sphenanthera Rehd. et Wils. in
QinlingMountains, China. Ecological Modelling 242, 105-115.

Meng-Lung, L., Cheng-Wu, C., 2010. Application of fuzzy models for the monitoring of ecologically
sensitive ecosystems in a dynamic semi-arid landscape from satellite imagery. Engineering
Computations 27.

Moharram, S.H., Gad, M.I., Saafan, T.A., Allah, S.K., 2012. Optimal Groundwater Management Using
Genetic Algorithm in El-Farafra Oasis, Western Desert, Egypt. Water Resour Manage 26, 927-
948.

This is an open access article under the

& . - Acta Globalis Humanitatis et Linguarum
@ Creative Commons Attribution-
BY NC

NonCommercial 4.0 International License ISSN 3030-1718



154

Ocampo-Duque, W., Juraske, R., Kumar, V., Nadal, M., Domingo, J., Schuhmacher, M., 2012. A
concurrent neuro-fuzzy inference system for screening the ecological risk in rivers. Environ Sci
Pollut Res 19, 983-999.

Onkal-Engin, G., Demir, 1., Engin, S.N., 2005. Determination of the relationship between sewage odour
and BOD by neural networks. Environmental Modelling & Software 20, 843-850.

Onwunalu, J., Durlofsky, L., 2010. Application of a particle swarm optimization algorithm for
determining optimum well location and type. Comput Geosci 14, 183-198.

Pandey, A., Prasad, R., Singh, V.P., Jha, S.K., Shukla, K.K., 2013. Crop parameters estimation by fuzzy
inference system using X-band scatterometer data. Advances in Space Research 51, 905-911.

Pires, J.C.M., Gongalves, B., Azevedo ,F.G., Carneiro, A.P., Rego, N., Assembleia, A.J.B., Lima, J.F.B.,
Silva, P.A., Alves, C., Martins, F.G., 2012. Optimization of artificial neural network models
through genetic algorithms for surface ozone concentration forecasting. Environ Sci Pollut
Res.3228-3234, 19

Pozdnyakov, D., Shuchman, R., Korosov, A., Hatt, C., 2005. Operational algorithm for the retrieval of
water quality in the Great Lakes. Remote Sensing of Environment 97, 352-370.

Qin, X., Huang, G., Liu, L., 2010. A Genetic-Algorithm-AidedStochastic Optimization Model for
Regional Air Quality Management under Uncertainty. Journal of the Air & Waste Management
Association 60, 63-71.

Rulinda, C.M., Dilo, A., Bijker, W., Stein, A., 2012. Characterising and quantifying vegetative drought in
East Africa using fuzzy modelling and NDVI data. Journal of Arid Environments 78, 169-178.

Schreinemachers, P., Berger, T., 2011. An agent-based simulation model of human—environment
interactions in agricultural systems. Environmental Modelling & Software.859-845 ,.26

Sousa, S.I.V., Martins, F.G., Alvim-Ferraz, M.C.M., Pereira, M.C., 2007. Multiple linear regression and
artificial neural networks based on principal components to predict ozone concentrations.
Environmental Modelling & Software 22, 97-103.

Su, S., Chen, X., DeGloria, S., Wu, J., 2010. Integrative fuzzy set pair model for land ecological security
assessment: a case study of Xiaolangdi Reservoir Region, China. Stoch Environ Res Risk Assess
24, 639-647.

Sylaios, G.K ,.Koutroumanidis, T., Tsikliras, A.C., 2010. Ranking and classification of fishing areas using
fuzzy models and techniques. Fisheries Management and Ecology 17, 240-253.

Szemis, J.M., Maier, H.R., Dandy, G.C., 2012. A framework for using ant colony optimization to schedule
environmental flow management alternatives for rivers, wetlands, and floodplains. Water
Resources Research 48, W08502.

Talei, A., Chua, L.H.C., Wong, T.S.W., 2010. Evaluation of rainfall and discharge inputs used by Adaptive
Network-based Fuzzy Inference Systems (ANFIS) in rainfall-runoff modeling. Journal of
Hydrology 391, 248-262.

This is an open access article under the

& . - Acta Globalis Humanitatis et Linguarum
@ Creative Commons Attribution-
BY NC

NonCommercial 4.0 International License ISSN 3030-1718



155

Valbuena, D., Verburg, P., Bregt, A., Ligtenberg, A., 2010. An agent-based approach to model land-use
change at a regional scale. Landscape Ecol 25, 185-199.

Vellido, A., Marti, E., Comas, J., Rodriguez-Roda, I., Sabater, F., 2007. Exploring the ecological status of
human altered streams through Generative Topographic Mapping. Environmental Modelling &
Software 22, 1053-1065.

Voukantsis, D., Karatzas, K.D., Damialis, A., Vokou, D., 2010. Forecasting airborne pollen concentration
of Poaceae (Grass) and Oleaceae (Olive), using Artificial Neural Networks and Genetic
algorithms, in Thessaloniki, Greece. Neural Networks (IICNN), The 2010 International Joint
Conference on, pp. 1-6.

White, R., Uljee, 1., Engelen, G., 2012. Integrated modelling of population, employment and land-use
change with a multiple activity-based variable grid cellular automaton. International Journal of
Geographical Information Science 26, 1251-1280.

Wieland, R., Mirschel, W., Nendel, C., Specka, X., 2013. Dynamic fuzzy models in agroecosystem
modeling. Environmental Modelling & Software 46, 44-49.

Yu, J,. Chen, Y., Wu, J., 2011. Modeling and implementation of classification rule discovery by ant colony
optimisation for spatial land-use suitability assessment. Computers, Environment and Urban
Systems 35, 308-319.

Received: 02.25.2025
Revised: 03.01.2025

Accepted: 03.08.2025
Published: 03.13.2025

This is an open access article under the

& . - Acta Globalis Humanitatis et Linguarum
@ Creative Commons Attribution-
BY NC

NonCommercial 4.0 International License ISSN 3030-1718



