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Soil erosion is a significant environmental issue in terrestrial ecosystems that can
impact habitat quality in a region. This study aimed to evaluate soil erosion and
habitat quality in the Sistan region, eastern Iran, based on land use patterns. The

INVEST model was used to assess soil erosion and habitat quality after collecting
the necessary data. The relationship between soil erosion and habitat quality was
analyzed using Spearman's correlation test and geographically weighted
regression (GWR). The study found that the annual soil erosion in the region was
3.41 Mt (averaging 2.07 t ha™'). Despite having higher quality, the western
habitats showed a higher potential for soil erosion. The highest and lowest
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erosion rates were observed in rangelands (3.6 t ha™! y') and wetlands (0 t ha™!
y ), respectively. The highest and lowest habitat quality values were seen in

KEYWORDS: rangelands and built-up areas, respectively. Spearman's test revealed a positive
. ] and significant correlation between habitat quality and soil erosion (R = 0.71, P-
Soil erosion, value < 0.01). GWR analysis also confirmed a significant spatial correlation

between the two variables (R2 = 0.91, P-value < 0.01). The spatial pattern of
habitat quality and soil erosion in the study area was similar, with higher-quality
habitats located in the western parts of the region, which naturally had a higher
potential for erosion. This study provided valuable information on habitat quality
and soil erosion and emphasized the importance of managers and planners
adopting effective strategies to reduce soil erosion, particularly in high-quality
habitats in the region.
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Extended Abstract

Introduction

Climate change, driven by global warming, poses an existential threat to both natural and
human systems, necessitating accurate and reliable projections of future climate variations.
While extensive research has examined the impacts of climate change on various subsystems
and proposed adaptation and mitigation strategies, many studies have overlooked the inherent
uncertainties in climate modeling. Limiting analyses to selected scenarios from Atmosphere-
Ocean General Circulation Models (AOGCMs) and neglecting uncertainty analysis reduces the
credibility and certainty of the final results. Indeed, uncertainties arising from structural and
parametric diversity in models, downscaling processes, and impact assessment models require
rigorous investigation and quantification.

A comprehensive assessment of climate change impacts requires the identification and analysis
of three primary categories of uncertainty:

1. Uncertainties associated with the structure and parameters of AOGCMs;

2. Uncertainties arising from statistical and dynamical downscaling methods at regional
scales; and

3. Parametric and structural uncertainties in impact assessment models.

AOGCMs, due to their diversity in structure and parameters, produce varying outputs for
climatic variables, representing a significant source of uncertainty in climate projections.
Incorporating uncertainties into climate change impact assessments leads to various plausible
future scenarios that can inform decision-making and adaptation planning. Given computational
and data limitations, a comprehensive examination of all uncertainty sources in every study is
infeasible. However, studies have shown that certain uncertainties, such as those related to
downscaling methods, significantly impact the final results and must be considered in assessing
climate change impacts on river flows. Employing multi-model ensemble approaches and
ensemble prediction methods to quantify and reduce uncertainties arising from AOGCMs is an
effective strategy adopted in this research.

Material and Method

The Qarasu watershed, located in western Iran within Kermanshah province, served as the focal
point of this study. Observational data spanning 1976-2005 were obtained from the
Kermanshah synoptic station, courtesy of the Iran Meteorological Organization.
Complementing this, downscaled data from 21 Global Circulation Models (GCMs) were
acquired from the NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP)
dataset. This dataset encompassed both the historical (1976—2005) and future (2020-2049)
periods under the Representative Concentration Pathway 4.5 (RCP4.5) scenario, selected for its
intermediate climate change trajectory.

Following meticulous data validation and preprocessing, the uncertainty inherent in the GCMs
was rigorously assessed. To evaluate GCM performance, the coefficient of determination (R2)
and Nash-Sutcliffe Efficiency (NSE) were computed, facilitating a comparative analysis
between simulated temperature and precipitation under RCP4.5 and observed values from the
Kermanshah synoptic station.

To address and mitigate uncertainties in climate projections, this research employed a suite of
ensemble methods, including ensemble prediction (EP), multi-model ensembles (MEP), and
weighted multi-model ensembles (MEPWi), rather than relying solely on individual model
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outputs. The fundamental premise underpinning these methods is that models demonstrating
superior skill in replicating historical climate patterns are anticipated to maintain their relative
accuracy in future projections, thereby identifying them as optimal candidates. Consequently,
the weight assigned to each model within the ensemble is directly proportional to its historical
performance. Finally, the accuracy of the model simulations relative to observational data was
evaluated using Rz and NSE.

Results and Discussion

The findings indicated that MRI-CGCM3, MPI-ESM-LR, BNU-ESM, ACCESS1-0, MIROC-
ESM, MIROC-ESM-CHEM, and MPI-ESM-MR exhibited robust performance in simulating
monthly precipitation patterns. Concurrently, ACCESS1-0, CNRM-CM5, MIROC-ESM,
MIROC-ESM-CHEM, MPI-ESM-LR, MPI-ESM-MR, MRI-CGCM3, and BNU-ESM
demonstrated heightened accuracy in replicating temperature regimes. Notably, MRI-CGCM3,
MPI-ESM-MR, and MIROC-ESM-CHEM were assigned the highest weights and exhibited the
lowest uncertainty in their simulations of monthly precipitation, maximum temperature, and
minimum temperature, signifying their superior fidelity and minimal deviation.

Analysis of statistical metrics from the ensemble methods revealed that the multi-model
ensemble prediction (MEP) approach, characterized by an R? of 0.95 and NSE of 0.92, provided
the most congruent estimates compared to baseline data from the Kermanshah synoptic station.
Consequently, the MEP method was adjudicated as the optimal ensemble prediction paradigm
for GCMs in this study.

Scrutiny of mean monthly and annual fluctuations under the MEP framework projected that:

e Monthly and annual precipitation are anticipated to change by 1.9% and 22.7%,
respectively, in the future period.

¢ Mean monthly and annual temperature increments are projected to be 1.89°C and
1.88°C, respectively.

Conclusions

This study examined and compared various climate modeling methodologies to mitigate
uncertainty in climate projections. Our findings reveal that no single climate model accurately
predicts all climatic parameters within a given region. Optimal projections for temperature and
precipitation necessitate the utilization of multiple models, underscoring the importance of
multi-model ensemble techniques. We evaluated three ensemble methods: Model Ensemble
with Weighting (MEPWi), Model Ensemble Projection (MEP), and Ensemble Prediction (EP).
The results indicated that projected values from these methods were relatively consistent, with
minimal discernible differences. However, the MEP method yielded the most precise estimates
for temperature and precipitation, establishing it as the superior technique for reducing
uncertainty in climate projections. This research emphasizes that leveraging diverse climate
models significantly enhances projection accuracy and reduces uncertainties. Relying solely on
a single GCM is insufficient for formulating robust strategies to mitigate climate change
impacts. Our results align with prior research demonstrating the efficacy of multi-model
ensembles in improving predictive accuracy.

In summary, this study demonstrates that applying climate model ensemble techniques,
particularly the MEP method, substantially improves the reliability of climate projections. This
enhanced precision is crucial for enabling policymakers and planners to make informed
decisions aimed at mitigating climate change impacts. Future studies could explore the
performance of these ensemble methods under different climate scenarios and in other regions.
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(Renard & Freimund, 1994).2s oo

— _ (1-sp SI |03 _ 0.250C _
k= (0'2 +0.3exp [ 0.025654 100 ]) (CL+SI) (1'0 0C+exp (3.72+2.9oc)) (1'0
SA
0.7(1-235)
B)alayl
(1—%)+exp(—5.51+22.9(1—%))> (@)akl,

.(Shao, Liu & Zhai, 2014

(F)aka C = exp[—a(NDVI/B — NDVI)]
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«(Van der Knijff, Jones & Montanarella, 2000)axze V 9 ¥ plp cud 5 4 el colo By

cod S WS (bl 2 P gl (05,1 - Jgu
Table 1- P-factor value based on slope classes(Smith & Wischmeier, 1962)

s (WS

<3 3-6 6-9 9-12 12-15 15-20 20-25 >25
Slope class
Pyt 0/6 0/5 0/5 0/6 07 0/8 0/9 1
factor P
ol j CatnS U )

Sl ailaie (sloolSing) S )l jskite & (HQ-INVEST) cnsiyl olfij cuieS Jo
Jols ol slosgyg 5 005 go 0,515 V dlolas 4 a2 ] (ala; CodS Jao (ol (285 18 Jlains
a5 0,5 18 axgi 0590 Wb Jele gz dLiwly ol jo sl wags Julse g olSiny ) ¢ ool (60,15 ais
gl & ol ) Colbos waagd @lie Sl (oalliun ) (5))] caades B9, 9 )1 alols Lol
> g el K SO ey ae )8 Sl alols ail o sblis Oliladl mhaw g wuugs
Jele as 255 o0 iy o ot b pled Sppar Lad 5o (] (6l il 5 5dse 48,5 Sl seslS
29 dbhie byld 4 g b aagd ple 4 ol ) Conlus 5 008 gl Cosal (ol (55
555 Jelge adlllae (nl )3 sl oo ()KL B jao (ulide ;5 (ole mlie 5 (bt )5 Ol ks ol
cbla> 3blie 0925 5 Co oo 55 4 axgi b 50 ablas Sloladl o ol (i ,05 ¥ Jgoo b golkao
Sy S 4 658555 WY Sy Sjpe g 09bee A1) U i Wlde o dihaie j3 eud
«(Sharp et al., 2015; Ahmadi Mirghaed & Souri, 2022)ss 5
Quj = H;(1 = (DF;/D%; + k) (V) ak,
FoS 0 B S a5 ol Cansllae ()] ey cotS Sle oo 4 Dy 5 Hi Qy
o sl 5 Joe Gyl padlS a8 el gLl ps i Kol VIO b s o5 Z 0ied | 5,05 L X
i i o Joe szl LS b g 4,5 5 4 10l 25 e ssbo & K 5o ol
.(Sharp et al., 2015; He, Huang & Li, 2017)s5& o jekaie o] (slp o 56 o3, Slake
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Table 2- Values assigned to habitats, sources of threat, and sensitivity of habitats to
sources of threat

Q o § lbom.)'
g 2 £ Habitat
. A 185
£ 38 =2
R s 2 » o _ T < o Sy &L
Y= 95 PEB LS £ 2E49% Y2 3o <
38 o2 YESg2E 8 L2 45 55 A 5 Sourcesof threat
s 3£ ~B3 B )E Vs S N E 2.8
= F 9 g .2 ] o 2 L 2= 5 s 4 =
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yee o & <
L~
i ° & Lu)
o9 e 6 o8 o6 05 01 01 0 g
Linear Made
o7 e 6 09 07 05 01 0/5 0 205
Linear Agriculture
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oy 6 o7 o0)8 06 0/6 0/5 0 29032
Linear Road and path
BBy )]

0/9 0/7 0/5 0/3 0/3 0/1 ]
Habitat value
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3,18 Cuduiw ok vgax U ol nl o ead plol Cldllas Koo b gols oyl
ci8 b oy 0 R eSS ol (Sadeghi, Zabihi, Vafakhah & Hazbavi, 2017) )| Sen 4 Solo
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Fig.3. Maps of (a) rain erosion, (b) soil erodibility, (c) slope length and extension, (d)
vegetation factor, (e) land management factor, and (f) land use.
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Fig.4. Maps of (a) soil erosion resulting from the INVEST model and (b) soil erosion
classification into five classes (very low: 0.5-0.5, low: 1-0.5, medium: 1-2, high: 2-3 and
very high: >3 tons per hectare)
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Table 3- The amount of area allocated to each of the soil erosion classes and habitat

quality
S ol 1o o § S’
Soil erosion Habitat quality
i Sl ,8 ol IE W i _ N IS WS
T’“b Erosion rate Area T”b ® E’“”) “’I””‘ Area
Floor thaly?) ha " Floor Habitat value ha "
. oS k=
s ‘-‘L’ 0-0/5 993498 60 Very 0-0/2 101389 6
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g 12 157602 10 g 0/4-0/6 377842 23
Medium Medium
S 2-3 66567 4 S 0/6-0/8 323489 20
Severe Severe
Very 3< 193700 12 S 0/8-1 0 0
intense Very

intense
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Table 4- Soil erosion rates and habitat quality for each land use
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Made
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Fig.5. Maps of (a) habitat quality resulting from the INVEST model and (b) classification of
habitat quality into four classes (very low: 0.0-2, low: 0.2-4, moderate: 0.4-6, and high: 0.6-8)
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Fig.6. Results of statistical analysis of the relationship between habitat quality and soil erosion
(a) GWR: spatial weighted regression (R2=0.91, P-value<0.01) and (b) Spearman test
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