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3- Molarity Of Ethanol Droplet
4- Machine Learning (ML)
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Figure 1- Geographic location of the Tushan watershed in Golestan Province and Iran.
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5- Completely Randomized Design (CRD)
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Figure 2- Plant species used in the prescribed fire.
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Table 1- Characteristics of Measured Soil Physicochemical Properties and Laboratory Methods
Used in This Study.

Property Measurement Method Scientific Reference
Organic Carbon (OC) Walkley-Black Method Enang et al. (2018)
Organic Matter (OM) Calculated as 1.72 x OC Nelson & Sommers (1982)
pH and EC Saturated Paste Extract (Soil:Water 1:2.5) Kargas et al. (2020)
Soil Texture Bouyoucos Hydrometer Method Beretta et al. (2014)
Aggregate Stability Wet-Sieving Method Almajmaie et al. (2017)
Water Drop Penetration 5 mL Standard Drop on Air-Dried Soil Doerr et al. (2009)
Time (WDPT) Surface

AWDPT) Ol 6,kd 34a5 yloj bl p S 53,50 Gud goudinb -Y  Jgi
Table 2- Classification of Soil Water Repellency Intensity Based on Water Drop Penetration Time

(WDPT).
Hydrophobicity Status Penetration Time (s)
Non-hydrophobic <5
Slightly hydrophobic 5-60
Moderately hydrophobic 60-180
Strongly hydrophobic 180-600

Severely hydrophobic > 600
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Table 3- Categorization of machine learning algorithms used for predicting WDPT.

Algorithm Group

Models

Linear & Simple Models (Baseline)
Neighborhood & Kernel-Based Models

Ensemble Models
Hybrid/Meta-Models

Bayesian Ridge, Decision Tree

K-Nearest Neighbors (KNN), Support Vector Machine (SVM —

Polynomial Kernel)

Random Forest, Gradient Boosting, XGBoost, LightGBM
Voting Regressor, Stacking Regressor
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Table 4- Descriptive statistics of key variables on the first day following the wildfire.

One day post-fire (mean +  One week post-fire (mean +  One month post-fire (mean +

Property

SD) SD) sD)
Silt (%) 55.8 + 4.55 56.0 + 4.51 56.4 + 4.12
Sand (%) 8.28 + 2.55 6.63 +1.92 6.50 + 1.83
Clay (%) 35.9 +3.43 37.4+4.90 37.1+4.45
pH 7.58+0.31 7.60+0.27 7.61+0.15
EC (dSm™) 1.02+0.20 0.95+0.19 0.93+0.17
OC (%) 1.26 £0.74 1.27 £0.72 130 0.74
OM (%) 2.17+1.28 2.19+1.25 2.24+1.28
MWD (mm) 0.36 +0.17 0.33%0.15 0.31+0.14
BD (g cm™®) 1.66 % 0.16 1.6240.13 157 +0.12
WDPT (min) 2.48 + 4.28 0.48 + 1.00 0.00 + 0.00
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WDPT Correlation with Soil Properties - One Day After Fire
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WDPT Correlation with Soil Properties - One Month After Fire
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Figure 3- Heatmap of correlations between WDPT and soil properties across three post-fire time
intervals.
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Figure 4- Heatmap comparison of machine learning models' performance in predicting soil water
repellency (WDPT) post-fire based on RMSE, MAE, R%, NSE, and CCC metrics.
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Figure 5- Comparison of the coefficient of determination (R2) values of machine learning models
used for predicting the soil water repellency index (WDPT) post-fire.
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Comparisen of Actual vs Predicted WDPT for Three Best Models
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Figure 6- Comparison of observed versus predicted soil water repellency (WDPT) values by the top
three models (the red dashed line represents the ideal prediction scenario, (y = x)).
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Permutation Feature Importance (PFI) - Heatmap
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Figure 7- Importance of soil features in predicting the soil water repellency index based on the
Permutation Feature Importance method for three selected machine learning models.
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Figure 8- SHAP summary plot for the Gradient Boosting model in predicting the soil water
repellency index (WDPT).
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Bootstrap Uncertainty: R? vs RMSE (with 95% Ellipses)
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Figure 9- Scatter plot of R2 and RMSE performance metrics for the three selected models based on
bootstrap resampling, with 95% confidence ellipses for each model.

5 Gl Sl Sty Gl 5 peeal <350
3 b Jae ol golezel B o Sloe g iy Cdo
L (‘}:L..: Ol o lools Calizes Ll i L g
5 w2 g (Vo)) LSen 5 SULE slaasdl
sools bylps o &Sl 5 g (V00 9) oK
L Joolw b Jow 5 Il g Sl Kol g dgue
sl st 50 Ll o Shae § Conl i lal> 1
Syl Sladres il polesel 18 aiges gy

Pl se (siluand

«599,9 23 3l A6 Cuxbad 098 o)l skt
ol Je 59y LS5 B0 b gl 5 hse (giluand
ooyl lresls & 1SS oy ol Tl Soug
Sre o Sl Sl 5l O Jolae ol 550
aolol jo il Cud b cio i e g D 00938l
5 dawbxe 07 lawabsl o3l g by cnion 5 Skeo
O US8) al ey 2Bl ool LS o

Bootstrap coskd g Juloxs
e syll ob plas saelewsa mls
aleo b Sty ool 5 ool S50 sl ;631
Py 0 wgame SauSTy als o +/F0 sq0> R?
G0 Gaw 1A SS) cnl i eole Sl
ilive ailoe (10 0929 b gy 2 S| oy 55!
e o R? laoslail o s mSaigessb 5l (solosws o
Colu oacmoylis a8l pl 0g oLy RMSE 4
sloosls ;o Siz Sl 4 @Sl ol de
Szo5 sladcgere )3 (Bilngie Jlizl 5 (53959
ooy el plas ploebl o pan Judos ool
sl can bl Lo les )7 obxm! o Slae slas
Sl Kby b ae bl ST, bl
b san ol S8 g o3Il K08 g 5108 (o) 2
Alr o e s)lnl die yo (Sl Sl 5
2 FpSTre 9 5SasS lagan Sg besls Sl ks



d/‘:/.".(.r‘ﬂd’,;}'

(A) Monte Carlo; R? vs RMSE with 95% Ellipses {
Decision Tree 045
Gradient Boosfing
44 XaBoast
. 040
12
ij 035
s 4
i
030
\
38 ' e
0
\ 025
[
36 0
020 025 030 03 040 045 DN0 Decision Tree

Rz

B) Distribufion of R*

[l

Gradient Boosting

) fR
Q
44 0
43 8 0
: :
E 8
42
u _0
s 41
r
§ 40
g

O STl 1 Y WS SR OT- PP SO X\ PP P TI N R g

(C) Distribution of RMSE

) . 9

XGBoost Decision Tree  Gradient Boosting XGBaost

RMSE ;65 (C) 3« R223365 (B) /.20 sligabl sau b ol ,eaR>-RMSE
Figure 10- Monte Carlo simulation results for the three models (Decision Tree, Gradient Boosting,

and XGBoost), including: (A) R=RMSE scatter plot with 95% confidence ellipse, (B) R?
distribution, and (C) RMSE distribution.
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Extended Abstract

Introduction and Goal

In recent decades, forest fires have been recognized as one of the most important environmental
threats to forest and rangeland ecosystems. In addition to destroying vegetation and habitats,
this phenomenon also severely changes the physical and chemical properties of the soil, the
most important of which is the occurrence of the phenomenon of soil water repellency. Soil
water repellency can lead to increased surface runoff, reduced permeability, increased erosion,
and ultimately reduced ecosystem stability. In recent years, the occurrence of successive and
widespread fires in the Hyrcanian forests of northern Iran, particularly in Golestan Province, has
caused serious concerns in the field of natural resource management. Despite numerous studies
worldwide, domestic research on the effect of fire on soil water repellency, especially the use of
new modeling approaches such as machine learning algorithms, is still limited. On the other
hand, traditional approaches such as the Water Drop Penetration Time (WDPT) test or ethanol
test, although useful for initial identification, cannot model the complex and nonlinear
relationships between soil properties and water repellency intensity. Therefore, this study aimed
to investigate the temporal changes in soil water repellency after fire and evaluate the power of
Machine learning (ML) algorithms in predicting the WDPT index in the Tushan watershed of
Golestan Province.
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In addition, this research, while addressing existing scientific limitations, provided a practical
tool for managing fire risks and planning post-fire recovery.

Materials and Methods

The study was conducted in the Tushan watershed in Golestan Province, part of the Hyrcanian
Forests registered on the UNESCO World Heritage List. The climate of the region is semi-
humid to humid, with an average annual rainfall of 620 mm and mean temperature of 16 °C.
The soils in the region are mainly loess with silty loam texture and high organic matter content,
which provide conditions susceptible to the formation of soil water repellency after fire. The
experimental design was factorial and was designed in a completely randomized design with
two main factors including land-use type and fire treatment (burned vs. control). Soil samples
was conducted at three time intervals (one day, one week, and one month after the fire) and at
two depths (0-5 and 5-10 cm), and total of 96 samples were collected. Physical and chemical
properties of the soil, including texture, pH, EC, OC, OM, aggregate stability, bulk density,
were measured. The soil water repellency intensity was measured by the WDPT test. After
entering the data into the Python environment, they were preprocessed; outliers were identified
using the IQR method but not removed, normalization was performed using Z-score, and the
collinearity of variables was checked using VIF. Then, the data was divided into two parts:
training (70%) and testing (30%). Twelve ML algorithms were implemented for modeling,
including basic, neighborhood-based, aggregate, and hybrid models. Optimization of the
hyperparameters was performed using Bayesian search and five-way cross-validation. The
performance of the model was evaluated with R?2, RMSE, MAE, NSE, and CCC indices. In
addition, sensitivity analysis was performed using PFlI and SHAP methods, and uncertainty
analysis was performed using bootstrap and Monte Carlo simulations.

Results and Discussion

The results show that the effect of fire on soil water repellency was sever but short-lived. The
average WDPT one day after the fire was 2.5 minutes, indicating a significant increase in water
repellency. In the first week, this decreased to less than a minute and after a month, it was
almost zero. This finding indicates the transient nature of the effect of fire on soil surface water
repellency. Statistical analyses ANOVA showed that the effects of fire treatment and its
interaction with time and land-use on WDPT was significant. Among ML models, the best
performance was for Decision Tree (R2=0.44) and Gradient Boosting (R2=0.43), while models
such as SVM and Bayesian inference were less accurate. The results of sensitivity analysis
showed that silt, EC, and OM were the most important variables in predicting WDPT. SHAP
results also showed that increasing silt and OM increased water repellency, while increasing EC
had a decreasing effect. The uncertainty analysis indicated that simpler models such as Decision
Tree were more robust to outliers, while the uncertainty of more complex models increased at
extreme WDPT values. Based on these findings, soil water repellency after fire can be predicted
more accurately and stably using simple or boosting-based models.

Conclusion and Suggestions

This study demonstrated that the effect of fire on soil water repellency in the Tushan watershed
was severe but short-lived, and this effect completely disappeared within one month. By using
machine learning algorithms, especially Decision Tree and Gradient Boosting, complex
relationships between soil properties and water repellency intensity can be modeled with
acceptable accuracy. The results of sensitivity and uncertainty analysis showed that variables
such as silt, EC, and OM played an important role in the formation of water repellency. Based
on the findings of this study, it is suggested that for post-fire management, soil water repellency
should be monitored in the short-term and simple and stable models should be used to predict its
changes. In addition, by combining field data and remote sensing data and developing regional
models, it is possible to improve fire risk management. As a result, it is suggested that future
research should examine the long-term effects of fire on other soil properties and ecosystem
functions, and that deep learning algorithms be used to increase the accuracy of predictions.
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