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Fig. 1- Image of the components of a drilling sample under a microscope
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Fig. 2- Single-layer partial learning regression model (Huang and Chen, 2008)
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Table 2. Values of statistical parameters measured on the heavy metals section of the data
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Ag o, 0.009 1.3727 0.92 1.794 1.6717 12.276 4,706 29.865
Baws b 11.64 529.19 540.56 34877 186.72 923.786 -0.658 0.7
Cdpesls’ 0.068 0.034 0.11 1.06 1.03 6.65 5.16 27.73
Coulls 0.3 1 0.74 1.61 1.27 9.29 5.47 35.17
Cres,s 26.64 16.74 12.78 129.5 11.38 56.83 1.86 4.695
CU e 0.65 25.11 19.91 442.32 21.031 69.06 0.53 -0.966
Ni s 6.81 15.9 12.19 88.87 9.42 29.478 0.778 -0.895
Pbo s 12.76 11.29 11.78 64.98 8.061 46.26 1.691 6.72
Vauolly 2.2 10.07 7.43 162.36 12.74 73.92 3.29 12.84
Znss, 0.35 1.36 0.95 2.67 1.63 9.54 3.27 12.61
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Table 3. The values of statistical parameters measured on the section of the aromatic compound of the data
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Type Mode Median Middle Variance standard Variation Skewness  Elongation
Deviation Range
Anthracene . ;51 0.5 14.13 2.35 414.24 20.35 64.95 1.44 0.647
Astaphetilene Lzl 19 16.38 19 194.95 13.96 736 1.09 2.96
Asnaphene 3l 4.4 4.86 4.4 6.72 2.592 12.8 0.926 1.028
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Fig. 3-Neural network operation steps to estimate drilling cutting and mud contamination
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Table 4. Results of neural network learning with basic data for heavy metals

R-Train R-Test RMSE-Train RMSE-Test RMAE-Train RMAE-Test
Ao &5 318 0.981 0.975 0.018 0.012 0.125 0.127
Bag. L ;1 0.991 0.887 0.009 0.025 0.091 0.247
Cdpeosls 515 0.992 0.917 0.017 0.017 0.271 0.143
Coudls ;L8 0.998 0.973 0.015 0.009 0.097 0.098
Cres,s 5l 0.995 0.923 0.009 0.015 0.134 0.158
Cu s 318 0.963 0.842 0.015 0.034 0.037 0.092
Ni G5 516 0.954 0.952 0.014 0.021 0.075 0.099
Pbs s 518 0.934 0.923 0.016 0.031 0.12 0.175
VNgaobly 518 0.999 0.825 0.008 0.045 0.068 0.195
ZNn s, 38 0.973 0.812 0.012 0.057 0.143 0.27
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Table 5. Neural network learning outcomes with primary data for aromatic hydrocarbons

R-Train R-Test RMSE- RMSE-Test ~ "MAE- pMAE-Test
Train Train
oL 0911 0.905 0.019 0.021 0.111 0117
Asnaphene
. 0.923 0.899 0.015 0.025 0.091 0.147
Astaphetilene
ol 0.987 0.928 0.009 0.027 0.121 0.145
Anthracene
oAl o5 0.992 0.978 0.008 0.021 0.097 0.215
Banzen/Anthrasene
oS 0.951 0.927 0.011 0.014 0.144 0.178
Chrysin
Oligishd 0.923 0.872 0.017 0.034 0.167 0.247
Flouorantine
a9k 0.912 0.898 0.028 0.027 0.177 0.278
Flourene
s
el 0.999 0.947 0.005 0.011 0.094 0.099
Naphtaline
S 0.982 0.967 0.01 0.013 0.92 0.097
Phenanthrene
o 0.957 0.937 0.013 0.017 0.144 0.189
Pyrene
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Fig. 4- Graph of the difference between the real and estimated values of silver and barium metal validation
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Fig. 5 - Graph of the difference between the real and estimated values of cadmium and cobalt metal validation

VEY g o) oled ¢ w55 5 oy 090 e shame pole anlilad
VY-



P ppm

e 9p9)5 B (i yliel ond 035 (eSS g (28ly yaolie Sglis Hloges P JSS

Fig. 6- Diagram of the difference between the real and estimated values of chromium and copper metal validation
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Fig. 7- Diagram of the difference between real and estimated values of nickel and lead metal validation

695 9 peobly 31 ot Lol 00 003 yaadS g (oBly polie Ciglis Jloges —A JK&
Fig. 8- Diagram of the difference between real and estimated values of vanadium and zinc validation

pom Pm

ol:.’i.éL.u‘ 9 O.'Z.éL.u‘ W)lf:.c‘ o (23} O.:.Aﬁﬁ 9 6'5‘3 I.‘\'.)Laa C;sm )|.)343 -1 JS..::

Fig. 9 - Diagram of the difference between the real and estimated values of the validation of snaften and snaftylene
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Fig. 10- Diagram of the difference between real and estimated values of Anthracene validation
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Introduction: The process of extraction and exploitation of oil and gas resources requires the cycle of
production, sending, and recycling of drilling mud or drilling fluid, so achieving the right combination of
drilling mud and its recycling is an essential and fundamental matter in the industrial oil and gas and also the
environment.

Material and methods: Determining the level of contamination of heavy metals and organic matter in the
drilling mud and drilling cuttings can be necessary so that intelligent methods to estimate these contaminants
can be indirectly effective. This study tried to estimate the contamination rate of drilling cuttings, despite the
formation parameters of 10 oil wells drilled at different depths (66 data sets), using the regression learning
limit of an artificial neural network.

Results and discussion: A total of 60 data sets were prepared to estimate the rate of change in the concentration
of heavy metals, polycyclic aromatic hydrocarbons in the learning and testing process, and another six sets of
data related to a well that was randomly selected and used in the artificial neural network validation process.
Limit learning regression algorithm for ten heavy elements and ten aromatic compounds contaminating cutting
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and drilling mud on two different data sets in a drilling area in one of the oil fields in southern Iran was
evaluated.

Conclusion: The results are suitable for estimating the contamination of drilling cuttings and subsequent
environmental protection processes. Such processes of contamination and recycling of drilling mud will play
an efficient role.

Keywords: Heavy metals, Polycyclic aromatic hydrocarbons, Drilling cutting, Limit learning regression.
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