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Extended Abstract
Introduction: Organic carbon is one of the most important components of soil ecosystems, and changes
in its amount and composition have fundamental effects on the processes that occur in each system. Soil
is a source for carbon storage and deposition in connection with the atmosphere. Since pastures have a
great capacity for carbon sequestration and are broad in arid and semi-arid areas of Iran, the study of
organic carbon content and spatial changes in these ecosystems are important. In developing countries
such as Iran, which are facing a soil erosion crisis, this issue can lead to the creation of a solution that
aims at soil conservation, optimal utilization of land, as well as reforming and reviving destroyed
pastures. Considering the role of organic carbon in soil management and stability, preventing soil
erosion, monitoring the amount of carbon dioxide in the air, and predicting soil organic carbon on a
regional, national and global scale are of particular importance.
Materials and methods: The study area of this project is the Pakel catchment from the sub-basins of
the Qara Chai River. This catchment is located in the southwest of Shazand city, at a distance of 43
kilometers from the city of Arak. Random-systematic sampling was done in 60 points from the soil
depth of 0-30 cm. Soil properties such as apparent specific gravity by cylinder method, pH and EC were
measured after the preparation of saturated soil. Organic matter were measured using cold method based
on oxidation of organic carbon. Then, soil properties were used to model soil organic carbon. For this
purpose, statistical regression and artificial neural network (ANN) were used.
Discussion and results: The amount of organic carbon in the soil is affected by the physical and
chemical properties of the soil. It is therefore necessary to use calculation methods with optimal accuracy
in estimating this complex and important parameter. It is possible to compare different models using
RMSE, R? and CE indices. Paying attention to the index values shows the relative advantage of the
models. The general results of the research show that in natural areas where the problem of sampling
and the costs of their analysis are at a high level, it is possible to use artificial intelligence methods with
the help of data to estimate soil organic carbon. It is expected that in future studies, in order to create a
more reliable model that predicts more variability of the amount of soil organic carbon, denser sampling
and integration of physiographic and soil variables affecting organic carbon will lead to satisfactory
results. Due to the complexity of soil organic carbon relationships and soil physical and chemical
properties, it is better to ignore complex analyses that include various coefficients for adjusting the
mathematical formulas of models and use artificial intelligence methods which have high flexibility.
Conclusion: The results showed that the ANN with RMSE=0.043 and CE=0.87 compared to the
regression model with RMSE=0.08 and CE=0.51 is better in estimating organic carbon. The comparison
between the regression and neural network models showed that the values estimated by the neural
network are more accurate than the regression method. It is suggested to carry out periodic carbon
deposition monitoring studies in the study area in order to check the temporal changes of carbon
deposition in the intended land uses.
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1. Double Sampling
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Figure 4- Structure of the neural network used to model soil organic carbon
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Table 1- Descriptive statistics of measured factors and percentage of soil organic carbon in Pakel area
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Table 2- Summary of the regression model calculated to model soil organic carbon
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Table 3- Results of training and testing of multivariable linear regression model for soil organic carbon
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Figure 5- Fitting the observed and estimated values using multi-variable linear regression in the training
and test phase

CE=+/AY yRMSE=-/-Y¢ R>=-/a2 L,

= ac d(. % J oy 0‘9_": a
09— > *) J.Lw S u_:l_%...s‘ S F——an
55 él asl

W yg—al Glmools 5l | —ol> il
a4 o 1y Gl 5 (o
@l e o Lt v 25y, o (Fy—an
et A5 el 55 ) Sy ol
Sgo> L5 (68,9] ) g slodal e polde
o Grbaie g o5y ;00 S Ly el i (ool

SEguan (rmac a5l e gl
et o o Las lao)l ol (F) Jouo 5o
Ey——an o—ac S b gl =5l ol
§ R il Al o as gl
) S T S 08Tt 5 iala]
) IR - S K YO = VORI [ W
S L e
Sl (g S 4V S g Ol 4
D95 )l S i s Sl ol S Lo VYD
53] ad> o )0 aSgeSe s JLil mls L



e SB J50S 05l 50 See S5 9 (rman omas 4SS slaae b

V.5

9 oo (Jhjgel GBAls po Gly (Lauan omas &b Iyl il Jolo i o pi g s slae,bol- FJgus

S soyd JT o2y 05513 50 (303
Table 4- Error statistics and coefficient of determination resulting from the implementation of ANN for the
stages of training, verification and testing in the estimation of organic carbon of soil particles
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