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Extended Abstract

Introduction

Soil moisture or water content, and the fraction of that water available to plants, are among the most critical aspects of soil
water management. The concept of plant-available water was first introduced nearly a century ago by Veihmeyer and
Hendrickson (1927), derived from the difference between Field Capacity (FC) and Permanent Wilting Point (PWP). The
concepts of the Unrestricted Water Content Range and the Minimum Restricted Water Content Range were proposed by DaSilva
et al. (1994). In this framework, in addition to the two moisture limits (FC and PWP), soil aeration and the effect of soil
penetration resistance on water availability to the plant are considered using simple relationships. A limitation or defect of the
LLWR concept is that it treats the boundary values for aeration porosity, penetration resistance, and soil water potential as
abrupt or discontinuous in restricting water availability. In an effort to overcome the shortcomings of these preceding concepts,
Minasny and McBratney (2003) proposed the Soil Water Integral Energy (IE) as a criterion for estimating plant-available water
in soil, replacing the focus on soil moisture content. Soil water integral energy is a measure of the energy required to extract
water from the soil over a specified range of soil water content. Under this concept: firstly, the plant-available water is not
solely confined to the PWP and FC range; secondly, the effect of rapid drainage at high moisture contents, which reduces the
opportunity for soil water supply to the plant, is taken into account; and thirdly, the limitation imposed by soil hydraulic
conductivity at low moisture contents on water flow towards the root and subsequent absorption is incorporated. They utilized
various weighting functions across a wide range of soil water potentials, encompassing the potential effect of all limiting
physical characteristics on soil water availability. The most significant limitation in employing this index is the time-consuming
and costly process of obtaining the soil moisture characteristic curve, the soil penetration resistance curve, and the accuracy or
reliability of the coefficients used in defining the proposed weighting functions. Furthermore, in addition to time and expense,
errors present in soil sampling and measurement can impose constraints on the application of IE (Integral Energy).

Materials and Methods

The study area includes a part of the Tabriz plain. For estimation of IE using the deep learning method, Artificial Neural
Network (ANN), and Multiple Linear Regression (MLR), Mathematica Wolfram software version 14.1.0 was utilized. The
input features for all three models (MLR, ANN, and Deep ANN) were identical. The data were randomly divided into two
groups: training (67 data points) and testing (30 data points). The input features for the models included: 1- Percentage of
water-stable aggregates 2- Soil bulk density 3- Porosity 4- Saturated hydraulic conductivity of the soil 5- Percentage of soil
texture particles 6- Equivalent calcium carbonate 7- Penetration resistance at saturated moisture 8- Saturated moisture.

Results and Discussion

The created models were evaluated using the evaluation statistics of the coefficient of determination R?, the adjusted coefficient
of determination R?adj, the root mean square error RMSE, the relative error RMSEr, the model efficiency coefficient NSE, and
the average percentage of relative error RME.The results showed that the deep learning method with the highest adjusted
coefficient of determination (training: 0.998, test: 0.661) and the lowest root mean square error (training: 15.943, test: 118.593),
the artificial neural network method (training: 0.945, test: 0.514) and root mean square error (training: 45.347, test: 139.267),
and the linear multivariate regression method (training: 0.544, test: 0.317) and root mean square error (training: 126.955, test:
239.264), respectively, provide the best estimate of the IE index.

Conclusion

This study underscores the importance of soil water management and the precise assessment of Plant Available Water (PAW).
Given the limitations of traditional concepts like PAW and LLWR, particularly their reliance on discontinuous boundaries, the
newer the soil water Integral Energy (IE) criterion is adopted as a more accurate measure for estimating plant water availability
in soil.The results demonstrated that IE can be effectively and accurately estimated in the studied area (the Tabriz plain) using
deep learning techniques (Artificial Neural Networks), relying on a comprehensive set of key soil properties, including the
percentage of water-stable aggregates, bulk density, porosity, and saturated hydraulic conductivity. These findings pave the way
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Table 1 - Statistical characteristics of independent and dependent variables measured on 97 soil samples

Seejl slmodls h9el (slmodls

Coefficient Standard Cocfficient Standard

of Variation Deviation Average max min 9f. Deviation Average max min Unit Parameter
(V) (SD) Variation (SD)

(V)

0.50 25.61 51.64 95.53 2.55 0.51 25.99 51.03 99.51 5.62 A WSA
0.11 0.13 1.26 1.51 0.97 0.12 0.16 1.38 1.87 0.93 grcm? Dy
0.10 0.05 0.52 0.63 0.43 0.13 0.06 0.48 0.65 0.29 cm’em’ n
1.65 34.73 21.11 138.65 0.11 1.64 21.68 13.21 168.11 0.54 mmh’! Ks
0.68 8.61 12.59 36.77 0.92 0.5 19.21 38.76 86.06 441 YA Sand
0.32 10.69 33.75 56.23 10.78 0.43 11.38 26.49 49.23 5.14 A Clay
0.14 7.33 53.66 75.63 41.60 0.34 11.99 34.76 61.65 8.81 YA Silt
0.31 0.13 0.43 0.63 0.19 0.31 0.19 0.62 1 0.14 MPa PRs
0.85 6.15 7.23 20.02 0.29 0.84 5.8 691 19.04 0.26 A CCE
0.10 0.05 0.55 0.68 0.41 0.12 0.06 0.48 0.63 0.32 Os
0.56 237.46 425.65 1044.50 12.19 0.46 205.7 446.19 998.4 10.57 JKg! IE
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Figure 2 - Soil texture distribution of the 97 studied soil samples
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Table 2 - Pearson correlation coefficients between input and output variables.

WSA Dy n Ks Sand Clay Silt PR CCE Ovs

WSA 1

Dy -0.320" 1

n 0.320" -1 1

Ks -0.092 0.257° -0.257° 1
Sand -0.199 0.670" -0.670" 0.133 1
Clay 0.279* -0.380" 0.380™ -0.139 -0.767" 1

Silt 0.062 -0.677" 0.677" -0.081 -0.843™ 0.301° 1

PRs -0.235" 0.810™ -0.810™ 0.184 0.757" -0.471" -0.730"™ 1
CCE -0.929™ 0.271" -0.271™ 0.068 0.197 -0.321" -0.024 0.197 1

Ovs 0.296" -0.708™ 0.708" -0.198 -0.757" 0.543™ 0.670"™ -0.732" -0.304™ 1

IE 0.356™ -0.168 0.168 -0.322" -0.251 0.250" 0.164 -0.062 -0.201" 0.257"
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Table 3 - Evaluation statistics of linear multiple regression, artificial neural network, and deep learning methods for IE in the
training phase.

Parameter R%adj RMSE RMSEr NSE RME
Unit JKg! JKg! JKg'!
REG 0.544 126.955 0.285 0.512 0.220
ANN 0.945 45.347 0.104 0.922 0.061
DNN 0.998 15.943 0.035 0.994 0.029
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Figure 3 - Graphs of the measured and estimated IE values in all three models studied in the training data
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Table 4 - Evaluation statistics of the multiple linear regression, artificial neural network, and deep learning IE methods in the testing

phase
Parameter R%adj RMSE RMSEr NSE RME
Unit JKg! JKg! JKg!
REG 0.317 264.239 0.464 -0.281 0.514
ANN 0.514 139.267 0.298 0.644 0.249
DNN 0.661 118.593 0.261 0.742 0.210
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Figure 4 - Graphs of the measured and estimated IE values in all three models studied in the test data.
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