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1. Light Non-Aqueous Phase Liquid (LNAPL)

2. Gene Expression Programming (GEP)

3. Adaptive Neuro-Fuzzy Inference System (ANFIS)
4. Multivariate Linear Regression (MLR) Ebrahimii.edu@gmail.com :1a.5 1 s%iungs
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1. Data-Driven models (DDM)

2. Artificial Intelligence (AI)

3. Computational Intelligence (CI)
4. Soft Computing (SC),

5. Machine Learning (ML)

6. Data Mining (DM)
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1. Genetic-Programming (GP)
2. Genetic-Algorithms (GA)
3. Smear zone
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