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A B S T R A C T

Forest roads directly influence storm runoff, soil erosion, and sediment transport, making soil and water con
servation essential. This study estimated runoff and erosion using the Water Erosion Prediction Project (WEPP) 
model for a typical unimproved forest road in the Chipola Experimental Forest, considering two alternative 
designs: a compacted “graded aggregate base” and a gravel surface. Both historical and future performance were 
evaluated using five widely used climate models in their Coupled Model Intercomparison Project (CMIP) fifth 
phase (CMIP5) and sixth phase (CMIP6) versions under emission scenarios 4.5 and 8.5. Model reliability during 
the historical period (2015–2023) was assessed using the ADF test for stationarity and ARMA modeling of 
precipitation biases. Extreme events were extracted to evaluate model performance under high-impact condi
tions. For 2024–2099, uncertainty was quantified using bootstrapped confidence intervals for projected pre
cipitation, and estimated runoff and erosion. Results indicate that all selected models were stationary and 
provided reasonable annual and monthly precipitation estimates. CMIP6 models outperformed CMIP5, exhib
iting lower ARMA intercepts for precipitation differences and more consistent projections of precipitation, 
runoff, and erosion across all road designs. CMIP5 models showed a tendency toward more extreme events. 
CMIP6 bootstrapped confidence intervals were more precise while maintaining comparable accuracy. The 
fractions of acceptable monthly precipitation, runoff, and erosion estimates exceeded 79 %, 64 %, and 45 %, 
respectively, with better performance for compacted and gravel roads than unimproved roads. These findings 
establish a robust framework for estimating runoff and erosion using climate models, underscore the benefits of 
improved road designs, and elucidate the differences between CMIP5 and CMIP6 models. The results can inform 
the design and maintenance of forest road networks under changing climate conditions and support long-term 
infrastructure resilience planning.

1. Introduction

Forest roads enable access for timber, recreation, and conservation 
but disturb watersheds and contribute to runoff and erosion (Foltz et al., 
2009). Sediment-laden runoff degrades water quality and harms eco
systems (Dissmeyer, 2000), while erosion undermines road stability and 
accelerates land degradation. As increasing pressures from changing 
climate conditions intensify rainfall and alter hydrology, understanding 

runoff and erosion is key to reducing environmental impacts and sup
porting sustainable forest management. Elliot et al. (2023) evaluated 
various road designs using the WEPP model (Flanagan and Livingston, 
1995), which effectively simulates road erosion by accounting for 
detachment and delivery processes. Improving roads is essential for 
managing runoff and erosion. Compacted roads limit water pooling and 
channelization, while gravel surfaces reduce runoff velocity and shield 
soil from rainfall and traffic. These methods reduce sediment transport 
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and enhance road resilience in high-rainfall areas (Chen et al., 2025). 
WEPP can be effectively parameterized for high-traffic gravel roads, 
incorporating weather, design, and topographic effects.

The impacts of changing climate on soil erosion have been observed 
since the 1940s (Bryan and Albritton, 1943) and include both direct and 
indirect impacts (Li and Fang, 2016). The direct impacts are driven by 
the changes in rainfall amount, rainfall intensity, and rainfall 
spatio-temporal distributional patterns (Bangash et al., 2013; Pruski and 
Nearing, 2002; Tang et al., 2015; Zhang, 2012; Maeda et al., 2010; 
Lenderink et al., 2025). The indirect impacts are related to the rising 
temperature, which exacerbates soil desiccation and vegetation stress, 
reducing the soil’s capacity to resist erosion. By changing the vegetation 
cover and soil moisture, a warming climate influences soil erosion 
(Nearing et al., 2004). Moreover, the indirect impacts are brought by 
socio-economic factors, such as the changes in crop management, 
planting and harvesting dates, type of cultivars, and price of crops to 
accommodate the new climate regime (Cao et al., 2024; Paroissien et al., 
2015; Mullan, 2013; Parajuli et al., 2016; Garbrecht and Zhang, 2015; 
Garbrecht et al., 2007). Therefore, accurate estimation of runoff and 
erosion under changing climate conditions is critical for developing 
adaptive management strategies. Researchers can simulate future sce
narios, identify vulnerable areas, and design effective mitigation mea
sures by integrating climate models with hydrological and erosion 
models (Ma et al., 2025; Liu et al., 2024; Takhellambam et al., 2023; 
Anache et al., 2018; Zhang and Nearing, 2005). Most of the previous 
future climate studies were focused on the runoff and erosion estimation 
on farmland, however, the study of forest roads under climate change 
scenarios is needed to inform sustainable forest road management 
practices.

Florida is among the most climate-vulnerable U.S. regions, facing 
more frequent and intense hurricanes (https://www.weather.gov/key/s 
torms). Rising sea surface temperatures fuel stronger, wetter, and slower 
storms, causing extreme rainfall, storm surge, and flooding. Florida’s 
low elevation and long coastline heighten its susceptibility to these 
climate-driven impacts. Intensifying storms increase forest road runoff 
and erosion, as heavy rainfall boosts runoff volume and speed, over
whelming drainage and damaging road surfaces and slopes. Hurricanes 
also strip vegetation, uproot trees, and destabilize soil, leaving forests 
vulnerable to further erosion. Hurricane Michael in 2018, for example, 
destroyed nearly 1.2 million hectares of forest in Florida’s Panhandle. 
Estimating forest road runoff and erosion in Florida must account for 
these growing climate impacts.

Climate models, including global (GCMs) and regional (RCMs) 
models, are essential for predicting how future climate may impact 
runoff and erosion. While GCMs provide broad-scale projections of 
climate variables, RCMs operate at a much finer spatial resolution, 
typically ranging from 10 to 50 km. This higher resolution enables RCMs 
to capture local climate features more accurately, such as topographic 
influences on precipitation patterns and temperature variations across 
heterogeneous landscapes. Additionally, RCMs are better equipped to 
simulate extreme weather events, such as heavy rainfall or intense 
storms, which are critical drivers of runoff and erosion. For regional or 
local studies about runoff, erosion, and related parameters, RCMs are 
widely used (Zhu et al., 2024; Takhellambam et al., 2023; Gaur et al., 
2023; Huang et al., 2013). The widely used models included CanESM, 
CNRM-CM, GFDL-ESM, HadGEM, and MPI-ESM (Takhellambam et al., 
2023; Kumar et al., 2021; Wang et al., 2023; Rajbanshi and Bhatta
charya, 2022).

The Coupled Model Intercomparison Project (CMIP) improves 
climate change understanding through model comparisons. CMIP6, the 
latest phase, enhances CMIP5 with more models, better atmospheric 
simulations, and improved feedback processes. Chen et al. (2021) found 
CMIP6 outperformed CMIP5 in simulating precipitation extremes. 
CMIP6 also incorporates new socioeconomic pathways (SSPs) for future 
climate scenarios (Eyring et al., 2016). Despite these advances, CMIP5 
remains in use, making comparisons between the two critical 

(Takhellambam et al., 2023). Climate projections, whether derived from 
GCMs or RCMs, CMIP5 or CMIP6, inherently contain uncertainties due 
to the complexity of climate systems and assumptions used in model 
development. Ignoring these uncertainties can lead to overconfidence in 
predictions. By systematically analyzing and quantifying uncertainties, 
researchers can better understand the range of possible outcomes, 
identify key sources of variability, and improve model robustness.

The use of ARMA models for comparing climate model performances 
has been well-established in the literature (Dimri et al., 2020; Dastorani 
et al., 2016; Sarhadi et al., 2014). For example, Wilks (2006) discussed 
how ARMA models, combined with residual analysis, can help identify 
model biases and quantify the goodness of fit for various climate models. 
The intercept of ARMA models can provide a direct measure of model 
bias. In the context of climate models, this can help determine whether a 
model systematically overestimates or underestimates precipitation 
variability. Giorgi and Mearns (1999) demonstrated how statistical 
models like ARMA can capture biases in simulated precipitation and 
provide a basis for comparing the model’s performance across different 
time scales. Mulla et al. (2024) demonstrated the effectiveness of 
ARMA-type modes for climate-related time series forecasting and a 
SARIMAX model was successfully applied to predict monthly rainfall in 
coastal Phaltan.

The bootstrap method is a powerful statistical tool for analyzing 
uncertainties in climate change data for runoff and erosion estimation, 
which does not rely on strict assumptions about the underlying data 
distribution, making it well-suited for complex climate data and models. 
By incorporating bootstrap analyses, researchers can enhance the reli
ability of their results, providing more comprehensive insights into the 
uncertainties associated with climate change impacts on hydrological 
and erosion processes (Kim et al., 2014; Zhang et al., 2018; Kropp and 
Schellnhuber, 2010; Wu et al., 2024).

Although climate change impacts on runoff and erosion have been 
widely studied, limited attention has been given to forest road networks, 
particularly in regions like the Florida Panhandle where high rainfall 
intensity and sandy soils heighten erosion risk. Existing studies often use 
a narrow set of climate models without rigorously validating historical 
performance or comparing CMIP5 and CMIP6 frameworks across 
emission scenarios. Additionally, few studies focus on model behavior 
during extreme precipitation events or incorporate uncertainty in a 
systematic way. This study addresses these gaps by evaluating multiple 
climate models using time-series and resampling techniques to assess 
historical performance, analyze extremes, and project future runoff and 
erosion under different road design scenarios. The findings provide site- 
specific insights and support climate-resilient planning for forest 
infrastructure.

Focusing on a representative forest road within the Chipola Experi
mental Forest in the Florida Panhandle near Clarksville, FL, this study 
evaluates precipitation, runoff, and erosion across multiple climate 
models. The objectives are to: (1) assess projected precipitation from 
selected climate models under various CMIP frameworks and emission 
scenarios by comparing them to observational data; (2) analyze extreme 
precipitation events within defined time windows while accounting for 
model uncertainties in short-term applications; (3) evaluate the perfor
mance of selected climate models in predicting runoff and erosion for 
the forest road under three distinct design scenarios; and (4) project 
future precipitation, runoff, and erosion for the study site while incor
porating uncertainty analysis. By providing a comprehensive evaluation 
of climate model performance across different CMIP frameworks and 
emission scenarios, this study offers robust future projections of pre
cipitation, runoff, and erosion while addressing associated uncertainties.

2. Materials and methods

This study utilized multiple climate models to simulate runoff and 
erosion using the WEPP model. To ensure the reliability of the selected 
models, their performance during the historical baseline period 
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(2015–2023) was evaluated. The Augmented Dickey-Fuller (ADF) test 
was applied to the time series of differences between modeled and 
observed daily precipitation to confirm the stationarity of model biases. 
As high-intensity precipitation events are more relevant to erosion 
processes, large events were identified based on a defined criterion and 
used to assess model performance under extreme conditions. An ARMA 
framework was employed to model residuals and rank the climate 
models based on their temporal fidelity. For the future period 
(2024–2099), a non-parametric bootstrap approach was applied to 
quantify uncertainty and generate confidence intervals for projected 
precipitation, and estimated runoff and erosion, providing a robust basis 
for climate-informed road management planning.

2.1. Study area

This study focused on estimating runoff and erosion for a forest road 
(30.4178◦N, − 85.2628◦E) within the Chipola Experimental Forest in 
Florida, U.S. (Fig. 1). The predominant soil type was Fuquay loamy sand, 
composed of 86 % sand, 10.2 % silt, and 3.8 % clay. The analyzed road 
segment was 100 m in length, 4 m in width, and had a 1 % gradient. 
Runoff and erosion estimates were obtained using the Water Erosion 
Prediction Project (WEPP) model (Elliot et al., 1999). Three road sce
narios were evaluated: (1) an untreated bare-surface road representing 
current conditions, (2) an improved design featuring a graded aggregate 
base as described in Elliot et al. (2023), and (3) a gravel-covered surface. 
The erodibility parameters for all scenarios are presented in Table 1a.

2.2. Climate models

To assess the impacts of climate change, road runoff and erosion 
were modeled under various climate scenarios. This study considered 
five widely used climate models from CMIP5 and CMIP6 across different 

frameworks, including CanESM, CNRM-CM, GFDL-ESM, HadGEM, and 
MPI-ESM (Table 1b).

These models were chosen based on their consistent availability 
across both CMIP5 and CMIP6 generations, structural diversity in 
climate sensitivity and Earth system representation, and demonstrated 
capability in simulating precipitation patterns critical to hydrological 
assessments. GFDL-ESM and HadGEM incorporate advanced atmo
spheric and land-surface parameterizations that are particularly effec
tive in representing extreme rainfall events (Dunne et al., 2020; Rabiee 
et al., 2023). MPI-ESM and CNRM-CM offer well-balanced performance 
across key climate variables, including realistic simulations of subtrop
ical precipitation regimes that are relevant for the southeastern United 
States (Gutjahr et al., 2019; Voldoire et al., 2013; Decharme and Colin, 
2024; Eekhout et al., 2021). CanESM features a high equilibrium climate 
sensitivity, includes fully coupled land and ocean carbon cycle modules, 
and supports large ensemble simulations, making it particularly suitable 
for bounding upper-end projections in erosion stress-testing scenarios 
(Swart et al., 2019; Ahmadi et al., 2019; Güven et al., 2024). Moreover, 
these models are widely used as boundary forcings for RCMs. Their use 
ensures consistency with established downscaling protocols and sup
ports improved spatial resolution and topographic representation, 
which are critical for hydrological modeling in complex forest road 
systems.

CMIP6 represents the latest phase of the CMIP, officially launched in 
2016, with most simulations conducted between 2017 and 2020. The 
corresponding RCMs have been released more recently, such as the 
downscaled climate projections for future climates as represented in the 
Localized Constructed Analogs (LOCA) version 2 dataset at a 6 km res
olution for the North American domain, which was completed in late 
2022. Previous runoff and erosion studies incorporating climate change 
scenarios primarily relied on CMIP5. By evaluating and comparing the 
performance of both CMIP5 and CMIP6, this study establishes a 

Fig. 1. Location of the typical forest road study site in the Chipola Experimental Forest, FL.
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connection between prior research and the latest advancements in 
climate modeling across different CMIP phases.

RCMs are published with a single realization due to the high cost and 
time constraints; therefore, to ensure a fair comparison among all 
climate models, this study considered a single realization for each 
model. In practice, ensemble methods are commonly used in RCM ap
plications by integrating multiple simulations from different global 
climate models (GCMs) and exploring various emission scenarios to 
account for uncertainty. This approach was adopted in this study. Two 
emission scenarios, 4.5 and 8.5, were considered for all climate models 
over an 85-year period (2015–2099).

2.3. Climate inputs in WEPP

The CLImate GENerator (CLIGEN 5.3) was utilized to generate sto
chastic daily weather inputs for long-term and average annual modeling 
in the WEPP model (https://www.ars.usda.gov/midwest-area/west-lafa 
yette-in/national-soil-erosion-research/docs/wepp/cligen). Climate 
data from all selected models were converted into WEPP-compatible 
inputs using the ratio of maximum rainfall intensity to average rainfall 

intensity (IP) and the ratio of time to rainfall peak to rainfall duration 
(TP).

In CLIGEN, the PAR file (GLIGEN water station static input file) was 
calibrated using observational data from the nearest Automated Surface 
Observation System (ASOS) station, Marianna (30.8356◦N, 
− 85.1839◦E). Observations from 2000 to 2023, including daily 
maximum and minimum air temperature, 5-min precipitation, wind 
speed, wind direction, solar radiation, latitude, longitude, and elevation, 
were utilized for this calibration. The PRN files were generated based on 
both the observational data and all selected climate models, containing 
the required inputs of daily precipitation, maximum and minimum air 
temperatures. Given that the study was conducted in late 2024, simu
lated runoff and erosion were assessed for the historical period of 
2015–2023. Furthermore, model performance and associated un
certainties were evaluated for future projections spanning 2023–2099.

2.4. Augmented Dickey-Fuller test

The Augmented Dickey-Fuller (ADF) test is a widely used statistical 
test for assessing the presence of a unit root in a time series, which is a 
key indicator of stationarity. In the time series analysis, stationarity 
means the statistical properties of the series such as mean and variance 
remain constant over time. The ADF test is widely used in climate studies 
(Chandio et al., 2020; Abdi et al., 2022). In this study, the historical 
climate parameters (precipitation, maximum temperature, and mini
mum temperature) were observed from the local ASOS weather station. 
Before using the selected climate models for either historical or future 
runoff and erosion estimations, the differences between the climate 
models and the observed climate parameters were evaluated. The ADF 
tests were conducted to check the stationary of the precipitation dif
ferences. The null hypothesis is the difference data has a unit root, 
meaning non-stationary, which suggests that trends, long-term de
pendencies, or structural shifts may exist. The alternative hypothesis is 
the difference data is stationary, suggesting the statistical properties 
(mean, variance, and autocorrelation) remain constant over time 
Running the ADF on daily model-observation differences is the first 
check before prediction. Divergent stationarity signals structural mis
matches (e.g., trends, cycles) that may call for data transformation or 
revised assumptions. A significant ADF result (stationarity confirmed) 
builds confidence in the models and any downstream forecasting or 
anomaly detection.

Given that most RCMs have only one realization available, this study 
selected a single realization from each model, CMIP, and emission sce
nario (Table 1b). The climate models are mathematical representations 
of the Earth’s climate system that simulate atmospheric, oceanic, and 
land surface processes, which are used to project future climate condi
tions based on physical principles and historical data. Due to natural 
climate variability, local weather fluctuations, and model uncertainties, 
their short-term outputs may differ from the observed conditions, and 
they are more widely used and more reliable for capturing long-term 
climate trends and responses to external forcings. While short-term 
mismatches between model outputs and observations are expected, 
the precipitation differences were evaluated based on the moving 
average values, and various moving average window sizes were 
considered in this study. By applying the ADF test to the moving average 
of climate data, we can reduce the short-term noise, which makes it 
easier to assess long-term stationarity and enhance the detection of long- 
term trends.

The “adf.test(.)” function in the R package of “tseries” was used in 
this study, which offers a robust and convenient approach for assessing 
stationarity. This function provides a test statistic and p-value, enabling 
yo an informed decision about stationarity. However, for this function, 
while the p-value might be smaller than 0.01, it is rounded to 0.01. For 
this study, 0.01 is strong enough for stationarity and there is no need for 
a more precise p-value. Other functions could be utilized if the exact p- 
value is required.

Table 1 
WEPP model simulation parameters.

a. Soil erodibility parameters

Parameters Bare road 
surface

Gravel road 
ditch

Compacted road surface 
(Elliot et al., 2023)

Ke (mm/h) 3.8 3.8 1.3
Ki (kg⋅s/m4) 2,000,000 2,000,000 1,000,000
Kr (s/m) 0.0004 0.0004 0.0008
τc (N/m2) 0.04 10 1.5

b. Climate models selected

Acronym GCM RCM

CMIP5 RCP 
4.5 
and 
RCP 
8.5

CanESM2_CRCM5 Canadian Earth 
System Model, version 
2

Canadian 
Regional 
Climate 
model, 
version 5

CNRM- 
CM5_CRCM5

Centre National de 
Recherches 
Météorologiques, 
version 5

Canadian 
Regional 
Climate 
model, 
version 5

GFDL- 
ESM2M_WRF

Earth System Model – 
Geophysical Fluid 
Dynamics Laboratory

Weather 
Research and 
Forecasting

HadGEM2- 
ES_WRF

Hadley Centre Global 
Environment Model 
version 2 Earth system 
model

Weather 
Research and 
Forecasting

MPI-ESM-LR_WRF Max Planck Institute 
for Meteorology Earth 
System Model LR

Weather 
Research and 
Forecasting

CMIP6 SSP2- 
4.5 
and 
SSP5- 
8.5

CanESM5_LOCA2 Canadian Earth 
System Model, version 
5

LOCA version 
2 for North 
America

CNRM-CM6- 
1_LOCA2

Centre National de 
Recherches 
Météorologiques, 
version 6

LOCA version 
2 for North 
America

GFDL- 
ESM4_LOCA2

Earth System Model – 
Geophysical Fluid 
Dynamics Laboratory

LOCA version 
2 for North 
America

HadGEM3-GC31- 
LL_LOCA2

Hadley Centre Global 
Environment Model 
version 3 Earth system 
model

LOCA version 
2 for North 
America

MPI-ESM1-2- 
LR_LOCA2

Max Planck Institute 
for Meteorology Earth 
System Model LR

LOCA version 
2 for North 
America

Data reference: CMIP5: https://esgf-ui.ceda.ac.uk/cog/search/cordex-ceda/. 
CMIP6: https://loca.ucsd.edu/loca-version-2-for-north-america-ca-jan-2023/.
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2.5. Identification of relevant large events

In hydrology and soil erosion studies, extreme precipitation events 
play a crucial role in shaping runoff dynamics and soil erosion processes 
(Elliot et al., 2023), particularly in Florida. Table 2 presents the number 
of events and their contributions to runoff and erosion across different 
rainfall intensity levels. Between 2015 and 2023, 38 extreme rainfall 
events with daily precipitation exceeding 50 mm accounted for 48.27 % 
of total runoff and 46.73 % of total erosion. In contrast, rainfall events 
below 10 mm, which constituted 65.79 % of the 988 recorded events 
during this period, contributed less than 0.1 % to total runoff and 
erosion. Therefore, beyond assessing climate model performance across 
all events, greater emphasis is needed for predicting extreme precipi
tation events. However, given the expected short-term discrepancies 
between climate model outputs and observations, accurately identifying 
relevant extreme events remains a significant challenge.

Given that climate models are generally more reliable for long-term 
projections, a 91-day window (spanning 45 days before and 45 days 
after each observed extreme event) was used to identify corresponding 
large events within the climate model outputs. The selection of a 91-day 
window ensured that matched events occurred within the same season. 
Two comparative analyses were conducted between the observed 
climate and likely climate scenarios generated for the same period using 
the climate models described in Table 1b: (1) extreme rainfall events 
with daily precipitation exceeding 50 mm and (2) rainfall events 
exceeding 20 mm. As shown in Table 2, the first comparison accounted 
for 48.27 % of total runoff and 46.73 % of total erosion, while the second 
encompassed 94.51 % of total runoff and 93.98 % of total erosion. Given 
the greater influence of larger rainfall events, event selection was per
formed in descending order, starting with the largest observed rainfall 
event and ensuring a one-to-one match. This approach enhances the 
robustness of climate model evaluations by capturing the temporal dy
namics and lag effects associated with extreme precipitation events.

Paired t-tests were conducted to compare climate models across 
different CMIP phases and emission scenarios to the historic climate. 
However, caution was required when interpreting these comparisons, as 
climate models are primarily designed for long-term projections rather 
than short-term event matching. Therefore, an insignificant statistic 
only suggested the study model may have some benefits in capturing the 
short-term events. The significant statistic may have been due to some 
typical short-term events, which may not support a good long-term 
estimation.

2.6. Autoregressive moving-average model

To compare the model performances for precipitation to the 
observed data, the best fit ARMA models were generated for daily pre
cipitation differences for all considered climate models (Table 1b) and 
the estimated intercepts (c in equation (1)) were utilized for estimation. 
Given the ARMA model is particularly well-suited for stationary time 
series, the ADF tests should be conducted first for stationarity checks. In 
ARMA models, the notation “ARx_MAy” refers to the order of autore
gressive (AR) and moving average (MA) components, where “x” gives 
the number of AR terms, meaning how many past values of the series 

influence the current value and “y” gives the number of MA terms, 
meaning how many past error terms influence the current value. For 
example, AR1_MA2 model is shown below. 

Yt = c + ϕ1Yt− 1 + ϵt + θ1ϵt− 1 + θ2ϵt− 2 (1) 

where Yt is the time series at time t; c is the intercept; ϕ1 is the autor
egressive coefficient for lag 1 (AR1), meaning the current value depends 
on the previous value; ϵt is white noise; θ1 and θ2 are the moving average 
coefficients, meaning the current value is influenced by the past two 
random shocks (ϵt− 1 and ϵt− 2). Various ARMA models were generated 
for a given climate model in the differences of precipitation, and the best 
model was selected based on the Akaike Information Criterion (AIC).

2.7. Bootstrap

RCMs often provide only one realization per emission scenario due to 
computational limitations. To address the resulting limitations in un
certainty characterization, the bootstrap resampling method offers a 
powerful solution (Efron and Tibshirani, 1993). This method allows 
researchers to assess the uncertainty of climate projections, even with a 
limited set of model runs. Specifically, the bootstrap is applied to the 
outputs from all selected climate models, repeatedly resampling the 
model predictions with replacement to generate an empirical distribu
tion of outcomes. This approach allowed us to derive robust estimates of 
the confidence intervals for the climate projections, effectively 
capturing the variability introduced by model selection. By leveraging 
the bootstrap, we account for model-based uncertainty without making 
strict parametric assumptions, enhancing the reliability of the uncer
tainty quantification in the climate change assessments.

In this study, five models were selected for each CMIP and emission 
scenario (Table 1b). A bootstrap resampling procedure was performed 
1000 times for each CMIP and emission scenario using a fixed seed value 
of 135 in R to ensure reproducibility. The 95 % confidence intervals 
were generated. The accuracy of runoff and erosion estimates for each 
CMIP and emission scenario was assessed using a tolerance range of 
0.5–2.0. This criterion considers model estimates acceptable if they 
exceed half of the observed values but remain within twice the observed 
data. The percentages of acceptable estimates were summarized for 
monthly and large event precipitation, runoff and erosion.

3. Results and discussion

Given that precipitation is a key driver of hydrological processes, 
directly affecting runoff generation and soil erosion, it is essential to 
evaluate climate model precipitation before applying it in impact 
studies. Therefore, this study first assessed the baseline precipitation 
data before analyzing runoff and erosion. The evaluation began with an 
analysis of climate model outputs for the historical period (2015–2023), 
which is crucial for identifying biases, understanding model un
certainties, and ensuring the reliability of projections for future climate 
impact assessments. The predictions for the future period (2024–2099) 
were conducted and compared to the historical dataset.

3.1. Climate model evaluation based on precipitation

3.1.1. Annual and monthly evaluation
Box plots show annual precipitation differences across climate 

models (Fig. 2a), displaying the interquartile range (IQR), median, and 
outliers (values beyond 1.5 × IQR). During 2015–2023, most models 
overestimated precipitation under both 4.5 and 8.5 scenarios. This study 
focused on high-emission scenarios (RCP 8.5/SSP 5–8.5) because: (1) 
they better capture extreme precipitation events critical for runoff and 
erosion studies, and (2) they support risk-based planning, helping pol
icymakers develop conservative adaptation strategies (IPCC, 2021).

Table 3a shows t-test p-values comparing CMIP5 and CMIP6 annual 

Table 2 
Predicted runoff and erosion contributions for historical (2015–2023) rainfall 
events from a road 100 m long with a 1 % grade with a bare surface (Table 1a).

Daily 
rainfall 
(mm)

Number of 
rainfall 
events

Contributed 
events (%)

Contributed 
runoff (%)

Contributed 
erosion (%)

<10 660 65.79 0.09 0.08
10–20 148 14.98 5.40 5.94
20–30 83 8.40 14.76 15.12
30–50 69 6.98 31.48 32.13
>50 38 3.85 48.27 46.73
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precipitation projections against observations. CMIP6 models showed 
better agreement with historical data, with more insignificant p-values. 
While the 9-year sample size introduces uncertainty, most models per
formed better under the 4.5 scenario. The CNRM-CM model was an 
exception, performing better under the 8.5 scenario in CMIP6. These 
results highlight the importance of considering multiple models and 
scenarios for reliable precipitation estimates.

Fig. 2b illustrates the monthly precipitation across all considered 
models. For most months, the climate model data provided reasonable 
simulations, as the results fell within the observed minimum and 
maximum precipitation ranges. However, May exhibited a significant 
overestimation compared to other months. During the historical period 
considered, local minimum precipitation values were observed in May in 
several years, including 2016, 2019, 2021, 2022, and 2023. Since this 
overestimation occurred across all models, it may be attributed to local 
land surface interactions affecting soil moisture or vegetation dynamics 
in May. Given the study’s focus on the impacts of large precipitation 
events and the corresponding wet months, no additional adjustments 
were made for May.

An interesting feature of Fig. 2b is that all but two of the outliers are 
greater than the band of observed precipitation depths, suggesting that 
the future climate algorithms may have more extreme wet periods, but 
are unlikely to have extreme droughts for this region.

In this study, despite considering relatively high-emission scenarios, 
many models demonstrated comparable annual precipitation simula
tions. Additionally, the monthly precipitation projections for nearly all 
months were consistent with observed patterns, indicating reasonable 
model performance.

3.1.2. Model comparison based on the ARMA models
The ADF tests were conducted for all considered models for precip

itation with various moving average window sizes. Table 3b presents the 
p-values for window sizes ranging from 1 day to 91 days (45 days before 
and 45 days after). Significant results across all window sizes rejected 
the null hypothesis, indicating that the data are likely stationary. For the 
1-day window, the ADF test was applied to the daily precipitation dif
ferences. The results confirmed stationarity, suggesting no trends or 
seasonality in the original differences. The moving average was used to 
identify underlying trends and low-frequency variability in the climate 
models, with different window sizes capturing variations at various time 
scales. By removing short-term fluctuations, this approach provided a 
more robust assessment. The stationarity of the data indicates that the 
climate model precipitation outputs do not exhibit trends or systematic 
changes over time and the long-term predictions using these models may 
be more reliable, as future values are expected to statistically behave 
similarly to past values.

Given the stationarity observed for all considered models, the best-fit 
ARMA models were generated, with intercepts presented in Table 4. 
Initially, different ARMA models were fitted to each climate model. The 
primary objective of ARMA modeling is to capture the temporal 
dependence structure of precipitation differences as accurately as 
possible. Since climate models exhibit varying biases and time- 
dependent structures, it is appropriate to fit distinct ARMA models to 
each dataset (Wilks, 2006).

Second, no negative intercept estimates were obtained for any of the 
considered climate models. Since the best-fit ARMA models were 
applied to precipitation differences, the point estimate of the intercept 
represents the mean bias in precipitation differences. Smaller intercepts 

Fig. 2. Comparison of climate models and observational data: Annual precipitation (a, b), runoff (c), and erosion (d) differences (2015–2023), with monthly 
precipitation variability for three road designs.
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(closer to 0) suggest a more unbiased model in terms of precipitation 
differences, while larger positive intercepts indicate greater precipita
tion amounts in the future. The 95 % confidence interval provides a 
range within which the true mean bias is likely to fall with 95 % con
fidence. The estimated intercept for the CMIP6 SSP 2–4.5 CanESM 
model was 0, which also showed insignificant differences in the annual 
precipitation comparison in Table 3a. Based on the confidence intervals, 
0 was included within the ranges for the CMIP6 SSP 2–4.5 HadGEM 
model and CMIP6 SSP 5–8.5 GFDL-ESM model, indicating insignificant 
overestimations in daily precipitation for these two models as well.

Third, Table 4 presents the rankings of the 20 selected models and 
scenarios based on the intercepts in their corresponding best-fit ARMA 
models. Overall, the performance of CMIP6 models was superior to that 
of CMIP5 models. Therefore, studies based on CMIP5 may anticipate a 
reduction in precipitation projections when transitioning to CMIP6, 
even with the same emission scenarios. The emission scenario of 8.5 
tended to show larger overestimations compared to 4.5, though this was 
not always the case. For RCMs, simulated precipitation also depends on 
regional climate responses, model configurations, and feedback mech
anisms, in addition to emission scenarios. While the overall 

Fig. 2. (continued).
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overestimation was higher for 8.5, extreme precipitation events were 
expected to be more frequent and intense under 8.5 than under 4.5. 
When considering the margin of error for the intercepts, most of the 8.5 
models exhibited larger uncertainties than their corresponding 4.5 
models, even with the best-fit ARMA models applied to each. Table 4 can 
also serve as a reference for selecting climate models in the study area 
when working with a limited number of models. However, when 
possible, it is recommended to use multiple climate models and apply 
bootstrapping techniques to achieve a more robust estimate of 
uncertainty.

3.1.3. Model comparison based on relevant large events
Given the significant impact of large events on runoff and erosion 

(Table 2), the performance of all considered climate models was eval
uated based on extreme rainfall events (daily precipitation >50 mm) 
and relatively large events (daily precipitation >20 mm). These events 
were selected using a 91-day window size to address the mismatch 
problem. A total of 38 extreme events and 190 relatively large events 
were included in the analysis. The corresponding p-values from paired t- 
tests are presented in Table 3c.

For both CMIP5 and CMIP6, the models generally performed better 
for events with daily precipitation greater than 20 mm than for those 
exceeding 50 mm, as indicated by less significant statistical results for 

Fig. 2. (continued).
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the latter. Extreme rainfall events (daily precipitation >50 mm) are 
typically associated with highly localized phenomena, such as thun
derstorms, cyclones, or tropical storms, which are challenging to capture 
even with a 91-day window size. Climate models tend to perform better 
for more frequent, less intense events, which are more representative of 
typical atmospheric conditions. At a significance level of 0.001, p-values 
from all CMIP5 models for events with daily precipitation greater than 
20 mm were not significant, and no significant differences were detected 
for 5 out of 10 CMIP6 models. Even for the extreme events with daily 
precipitation exceeding 50 mm, several models from both CMIP5 and 
CMIP6 produced insignificant p-values.

Second, more significant estimates were obtained from CMIP6 than 
CMIP5 when considering large events. This difference can be attributed 
to the greater frequency of large events generated by the CMIP5 models. 
As a result, it was easier to identify a corresponding large event within 
the 91-day window for the CMIP5 models compared to CMIP6. Consis
tent with the observations in Table 4, which show larger overestimations 
from CMIP5 models, the CMIP5 models generally tend to overestimate 
precipitation across all event scales, including large events.

For both event levels, significant differences were observed in some 
models based on paired t-tests for either CMIP5 or CMIP6, under both 
emission scenarios (4.5 and 8.5). Given the challenges associated with 

Table 3 
P-values from t-test (model vs. observation precipitation differences) and ADF test (stationarity across moving average windows).

a. P-values from the t-test assessing annual precipitation differences between the climate models and the observational data.

Models CMIP5 CMIP6

RCP 4.5 RCP 8.5 SSP 2–4.5 SSP 5–8.5

CanESM 0.027* 0.005** 0.343 0.003**
CNRM-CM 0.000*** 0.001*** 0.000*** 0.092
GFDL-ESM 0.000*** 0.003** 0.053 0.079
HadGEM 0.023* 0.001*** 0.142 0.015*
MPI-ESM 0.016* 0.002** 0.003** 0.024*

b. P-values from the ADF test assessing stationarity for different moving average window sizes.

Models CMIP Emission scenarios Moving average window size

1-day 15-days 31-days 45-days 61-days 71-days 81-days 91-days

CanESM CMIP5, CMIP6 RCP 4.5, RCP 8.5, SSP 2–4.5, and SSP 5–8.5 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
CNRM-CM CMIP5, CMIP6 RCP 4.5, RCP 8.5, SSP 2–4.5, and SSP 5–8.5 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
GFDL-ESM CMIP5, CMIP6 RCP 4.5, RCP 8.5, SSP 2–4.5, and SSP 5–8.5 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
HadGEM CMIP5, CMIP6 RCP 4.5, RCP 8.5, SSP 2–4.5, and SSP 5–8.5 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
MPI-ESM CMIP5, CMIP6 RCP 4.5, RCP 8.5, SSP 2–4.5, and SSP 5–8.5 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

c. P-values from the paired t-tests for precipitation of the relevant large events.

Model Events with daily precipitation > 50 mm Events with daily precipitation > 20 mm

CMIP5 CMIP6 CMIP5 CMIP6

RCP 4.5 RCP 8.5 SSP 2–4.5 SSP 5–8.5 RCP 4.5 RCP 8.5 SSP 2–4.5 SSP 5–8.5

CanESM 0.064 0.010** 0.000*** 0.731 0.346 0.652 0.017* 0.757
CNRM-CM 0.000*** 0.144 0.000*** 0.000*** 0.440 0.860 0.031* 0.001***
GFDL-ESM 0.055 0.455 0.000*** 0.003** 0.047* 0.070 0.000*** 0.162
HadGEM 0.002** 0.000*** 0.001*** 0.010** 0.017* 0.866 0.000*** 0.001***
MPI-ESM 0.111 0.020* 0.000*** 0.000*** 0.475 0.447 0.021* 0.000***

Table 4 
The best fit ARMA models of daily precipitation differences between the climate models and the observational data.

CMIP Emission scenarios Model Best fit ARMA model Intercept (mm)

Estimate Confidence interval (95 %)

lower upper

1 CMIP6 SSP245 CanESM AR1_MA2 0.00 0.00 0.00
2 CMIP6 SSP245 HadGEM AR0_MA1 0.56 − 0.02 1.14
3 CMIP6 SSP585 CNRM-CM AR2_MA2 0.63 0.01 1.25
4 CMIP6 SSP585 HadGEM AR0_MA2 0.65 0.06 1.24
5 CMIP6 SSP245 GFDL-ESM AR0_MA1 0.79 0.22 1.35
6 CMIP6 SSP585 GFDL-ESM AR1_MA2 0.81 − 0.06 1.68
7 CMIP6 SSP585 MPI-ESM AR0_MA2 0.84 0.26 1.43
8 CMIP5 RCP45 MPI-ESM AR1_MA0 0.87 0.25 1.49
9 CMIP6 SSP245 CNRM-CM AR1_MA0 0.87 0.24 1.50
10 CMIP5 RCP45 HadGEM AR1_MA0 0.95 0.27 1.63
11 CMIP5 RCP45 CanESM AR0_MA1 0.96 0.33 1.59
12 CMIP6 SSP245 MPI-ESM AR1_MA0 0.97 0.34 1.61
13 CMIP5 RCP85 MPI-ESM AR0_MA1 1.09 0.49 1.68
14 CMIP6 SSP585 CanESM AR1_MA2 1.16 0.35 1.98
15 CMIP5 RCP85 CanESM AR0_MA1 1.20 0.59 1.82
16 CMIP5 RCP45 CNRM-CM AR0_MA1 1.21 0.63 1.79
17 CMIP5 RCP85 CNRM-CM AR0_MA1 1.26 0.67 1.86
18 CMIP5 RCP45 GFDL-ESM AR1_MA0 1.39 0.78 2.00
19 CMIP5 RCP85 GFDL-ESM AR0_MA1 1.60 0.96 2.23
20 CMIP5 RCP85 HadGEM AR1_MA2 1.74 0.91 2.58
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simulating extreme events in climate models (Kharin et al., 2007), 
neither model considered demonstrated consistently good performance 
across all scenarios. It is therefore recommended to incorporate multiple 
models in the evaluation of large events, as this approach provides a 
more robust uncertainty analysis.

The evaluation of climate models showed that (1) based on the 
exploratory data analysis of annual and monthly precipitation, CMIP6 
outperformed CMIP5. For all climate models considered in the study 
area, it was not possible to determine which emission scenario, 4.5 or 
8.5, provided better simulations. Simulations for most months were 
reasonable, although May was notably overestimated compared to the 
others. (2) The ADF test indicated stationary precipitation differences 
for all considered moving average window sizes, with no extreme large 
intercepts observed for the best-fit ARMA models. CMIP6 models yielded 
intercepts closer to 0, indicating less bias in the precipitation differences 
compared to CMIP5. The non-negative intercepts suggested that all 
climate models tended to overestimate precipitation. (3) The climate 
models performed better for less intense events, and CMIP5 models 
produced a higher frequency of large events than CMIP6 models.

3.2. Evaluation based on the estimated runoff and erosion

The WEPP model predicted forest road runoff and erosion using both 
climate model and observed data inputs. Fig. 2c shows annual runoff 
differences across models for three road designs. Like precipitation 
(Fig. 2a), future scenarios produced more runoff than observed. Despite 
differing hydraulic conductivities (3.8 mm h− 1 for bare/gravel vs 1.3 
mm h− 1 for compacted), road designs showed no significant runoff 
differences. CMIP6 runoff predictions matched observations better than 
CMIP5, with similar historical standard errors across designs. Some 
CMIP6 models (GFDL-ESM SSP 2–4.5, MPI-ESM SSP 2–4.5, HadGEM SSP 
5–8.5, CNRM-CM SSP 5–8.5) yielded runoff values closest to 
observations.

Fig. 2d shows annual erosion differences across climate models. 
Improved road designs (compacted surface, graveled ditch) reduced 
erosion and standard errors. The gravel ditch design showed negligible 
erosion differences compared to other designs. CMIP6 models performed 
better, with difference distributions closer to zero. Given CMIP6’s su
perior precipitation and runoff predictions, their improved erosion es
timates are expected, as erosion depends on these factors.

Bootstrapping of monthly precipitation, runoff, and erosion across 
multiple climate models (Table 5a) showed observed runoff generally 
within 95 % confidence intervals (Fig. 3a). CMIP5 had wider intervals 
than CMIP6, indicating greater uncertainty. Despite narrower intervals, 
CMIP6 accurately predicted the runoff across event magnitudes.

Table 5a shows acceptable estimation fractions (95 % CI within 0.5- 
2 × observed values). Average acceptance rates were: precipitation 
(0.813) > runoff (0.685) > erosion (0.601), reflecting their dependency 
chain. While road designs showed no differences for precipitation/ 
runoff, unimproved roads had lower erosion accuracy due to higher 
variability. CMIP5/6 performed similarly, though CMIP6 SSP 5–8.5 
yielded best runoff/erosion predictions across all designs.

Fig. 3b shows monthly erosion bootstrap results. Like runoff, CMIP5 
exhibited wider confidence intervals than CMIP6. CMIP5’s consistent 
overestimation across both scenarios better captured large erosions but 
missed smaller events. Compacted and gravel roads showed narrower 
intervals with more accurate erosion estimates than unimproved roads 
(Fig. 3a and b). For future monthly runoff/erosion studies, multi- 
scenario bootstrapping reduces model bias but increases variability, 
potentially widening confidence intervals.

Given the challenges associated with daily-scale comparisons, 
bootstrapping was performed for relevant large events across all 
considered climate models. The large events were selected based on 
daily precipitation amounts. The fractions of acceptable estimations for 
precipitation, runoff, and erosion were 0.961, 0.950, and 0.816 for 
events with daily precipitation exceeding 50 mm, and 0.992, 0.862, and 

Table 5 
Fractions of acceptable estimations for monthly and large-event precipitation, runoff, and erosion across climate models and road designs (vs. historic climate data).

a. Fractions of acceptable estimations of monthly precipitation, runoff, and erosion for the considered climate models with three road designs compared to using historic climate data.

Design CMIP Emission scenario Fraction of acceptable estimations

Precipitation Runoff Erosion

Unimproved CMIP5 RCP 4.5 0.833 0.731 0.454
RCP 8.5 0.806 0.722 0.509

CMIP6 SSP 2–4.5 0.806 0.676 0.519
SSP 5–8.5 0.824 0.769 0.556

Compacted CMIP5 RCP 4.5 0.833 0.667 0.611
RCP 8.5 0.806 0.648 0.602

CMIP6 SSP 2–4.5 0.806 0.648 0.630
SSP 5–8.5 0.824 0.694 0.704

Gravel CMIP5 RCP 4.5 0.833 0.667 0.639
RCP 8.5 0.806 0.648 0.630

CMIP6 SSP 2–4.5 0.806 0.648 0.630
SSP 5–8.5 0.824 0.704 0.722

b. Fractions of acceptable estimations of large event precipitation, runoff, and erosion for the considered climate models with three road designs.

Design CMIP Emission scenario Fraction of acceptable estimations for events with daily 
precipitation >50 mm

Fraction of acceptable estimations for events with daily 
precipitation >20 mm

Precipitation Runoff Erosion Precipitation Runoff Erosion

Unimproved CMIP5 RCP 4.5 0.974 0.974 0.632 0.995 0.947 0.542
RCP 8.5 1.000 1.000 0.684 1.000 0.963 0.516

CMIP6 SSP 2–4.5 0.921 0.895 0.789 0.984 0.942 0.663
SSP 5–8.5 0.947 0.947 0.658 0.989 0.942 0.626

Compacted CMIP5 RCP 4.5 0.974 0.947 0.842 0.995 0.832 0.647
RCP 8.5 1.000 1.000 0.789 1.000 0.816 0.642

CMIP6 SSP 2–4.5 0.921 0.895 0.842 0.984 0.811 0.705
SSP 5–8.5 0.947 0.947 0.868 0.989 0.816 0.747

Gravel CMIP5 RCP 4.5 0.974 0.947 0.947 0.995 0.837 0.816
RCP 8.5 1.000 1.000 0.947 1.000 0.816 0.789

CMIP6 SSP 2–4.5 0.921 0.895 0.868 0.984 0.805 0.795
SSP 5–8.5 0.947 0.947 0.921 0.989 0.816 0.789
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0.690 for events with daily precipitation exceeding 20 mm, respectively 
(Table 5b). The performance for precipitation and runoff was consistent 
and similar across all considered CMIPs and emission scenarios for both 
the >50 mm and >20 mm precipitation events. However, the perfor
mance for erosion estimation was poorer for the unimproved road 
compared to the compacted and gravel roads.

For short-term climate modeling, bootstrapping reduces bias and 
improves reliability. Given poor erosion estimates for unimproved 

roads, additional models/scenarios may address uncertainties. While 
CMIP6 produced narrower confidence intervals, its acceptable estima
tion rates were similar to CMIP5, though with slightly better erosion 
predictions.

3.3. Estimations for the future period

Our analysis shows GCMs can reasonably predict historic 

Fig. 3. Bootstrapped monthly runoff and erosion for the historical period with observed values and 95 % confidence intervals
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precipitation, runoff, and erosion, enabling confident future projections 
using WEPP. Fig. 4 compares future (2024–2099) and historical periods 
across models. Most models projected increased average annual pre
cipitation under higher emission scenarios (4.5 and 8.5), though Can
ESM showed decreases for 8.5. CMIP5 HadGEM (RCP 8.5) was an outlier 
with significantly lower precipitation, while its CMIP6 version projected 
increases. CMIP5 exhibited greater variability than CMIP6, where only 
CNRM-CM (SSP 2–4.5) and CanESM (SSP 5–8.5) projected decreases.

Fig. 4 reveals amplified runoff and erosion changes compared to 
precipitation, consistent across road designs. CMIP5 models under RCP 
4.5 showed minimal changes from historical periods, though main
taining high event magnitudes. Under RCP 8.5, most CMIP5 models 
exhibited little change except MPI-ESM (increase) and HadGEM 
(decrease). CMIP6 models under SSP 4.5 showed runoff/erosion in
creases exceeding precipitation (CanESM, GFDL-ESM, HadGEM, MPI- 
ESM), suggesting more extreme rainfall, while CNRM-CM’s decreases 

Fig. 3. (continued).
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matched precipitation changes. Under SSP 8.5, all CMIP6 models dis
played greater runoff/erosion changes than precipitation, indicating 
shifts in both averages and extremes.

Fig. 5a shows bootstrap results for monthly precipitation. CMIP6’s 
historical estimates captured observations within confidence intervals, 
while CMIP5 overestimated March and November. CMIP5 under both 
scenarios showed lower precipitation in several months, with July (4.5 
scenario) as an outlier due to extreme events. The 77-year future period 
should reduce extreme event impacts versus the 9-year historical period. 
Under RCP 8.5, most CMIP5 months showed decreased future precipi
tation, largely influenced by HadGEM’s notably lower projections.

For CMIP6 models, the patterns of average monthly precipitation 
remained relatively consistent from the historical to the future period, 
with the highest precipitation occurring from June to September. For 
both emission scenarios (4.5 and 8.5), average monthly precipitation 
increased for most months. In the historical period, which only consid
ered 9 years, the bootstrap results varied between emission scenarios for 
each month. However, in the future period, which spans 77 years, the 
bootstrap results for each month became similar across the two emission 
scenarios. This suggests that the future emission scenarios will not 
typically increase the overall precipitation but change the probabilities 
of extreme events.

Fig. 4. Changes in average annual precipitation, runoff, and erosion for the future period compared to the historical period.
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Fig. 5. Bootstrapped average monthly precipitation, runoff (WEPP), and erosion (WEPP) for historical and future periods
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Fig. 5b presents bootstrap results for estimated average monthly 
runoff during the historical and future periods. No significant differ
ences in monthly runoff were observed across the three road designs. 
The bootstrap confidence intervals for the CMIP6 models accurately 
captured the observed runoff, whereas the CMIP5 models showed 
several discrepancies. The future runoff projections based on CMIP5 
were generally similar to those in the historical period for most months. 
The runoff decreased dramatically in July for CMIP5 RCP 4.5 and in 
March and April for CMIP5 RCP 8.5. In contrast, the CMIP6 models 

provided consistent runoff estimates for both emission scenarios, with 
increased runoff observed for most months, peaking in March, June, and 
September.

Fig. 5c presents the bootstrap results for average monthly erosion. 
The highest estimated erosion was observed in the unimproved roads, 
followed by the compacted roads, with the least erosion occurring in the 
gravel roads. The CMIP6 models provided better estimations, but they 
showed higher estimated erosion rates for March in the case of com
pacted roads. Several months had higher estimated erosion rates with 

Fig. 5. (continued).
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the CMIP5 models. The CMIP6 models displayed clear increases in 
erosion, with similar characteristics observed between the historical and 
future datasets. For the CMIP5 models, estimated erosion increased for 
certain months, including January, February, June, and August, while it 
decreased in May, with opposite trends for the remaining months across 
the two emission scenarios.

This study recommends using the CMIP6 models for estimating 
future scenarios for hydrologic modeling. A comparison of historical and 
future datasets indicates that the CMIP6 models provided consistent 
estimations. This is supported by the absence of outliers in the average 
annual estimates, confirmed stationarity in precipitation differences 
(ADF test), superior rankings in ARMA model assessments, and higher 
fractions of acceptable estimates for large-event precipitation, runoff, 
and erosion. When applying bootstrap to account for uncertainties, the 
characteristics of average monthly precipitation, runoff, and erosion 
remained relatively consistent between the historical and future periods. 
The bootstrap confidence intervals from the CMIP6 models captured 
nearly all observed historical values for both emission scenarios, with 
only one exception for March erosion on the compacted roads. Based on 
the evaluation of historical datasets in Table 5a and the bootstrap con
fidence intervals for each month (totaling 1032 months in the future 
period) for the CMIP6 models, the expected fractions of acceptable es
timations for monthly precipitation, runoff, and erosion are projected to 
exceed 79 %, 64 %, and 51 %, respectively, across all considered road 
designs.

4. Conclusions

This study evaluated the projected precipitation from multiple 
climate models and investigated the corresponding runoff and erosion 
estimated by the WEPP model for a typical forest road in the Chipola 
Experimental Forest in the Florida Panhandle region. The analysis pro
vided a comprehensive evaluation of the selected climate models under 
different CMIPs and emission scenarios, considering uncertainties and 
future predictions for precipitation, runoff, and erosion.

The climate models CanESM, CNRM-CM, GFDL-ESM, HadGEM, and 
MPI-ESM were analyzed in both their CMIP5 and CMIP6 versions under 
emission scenarios 4.5 and 8.5. A comparison of the historical period 
indicated that all models provided reasonable long-term precipitation 
projections. The best-fit ARMA models established the rank of projected 
precipitation for all models based on stationarity achieved in both short- 
term and long-term analyses. The CMIP6 models demonstrated superior 
performance, as evidenced by lower intercepts in the ARMA models for 
precipitation differences, along with more consistent projected precip
itation and estimated runoff and erosion across both historical and 
future periods. When incorporating bootstrapped confidence intervals, 
both CMIP5 and CMIP6 models demonstrated strong predictive perfor
mance, with the fractions of acceptable estimated monthly precipita
tion, runoff, and erosion exceeding 79 %, 64 %, and 45 %, respectively, 
across all road designs. For large events within a 91-day window, these 
fractions increased to over 98 %, 80 %, and 51 % for events with daily 
precipitation exceeding 20 mm, with better performances for events 
exceeding 50 mm. This study generated bootstrapped confidence in
tervals for each CMIP and emission scenario. Future research could 
extend this approach by constructing confidence intervals across mul
tiple emission scenarios, which may help reduce bias but at the cost of 
decreased precision.

This study establishes a framework for estimating runoff and erosion 
on forest roads using climate models while accounting for uncertainties. 
The comprehensive evaluation of the selected models provides a valu
able reference for future model selection. By highlighting the differences 
between CMIP5 and CMIP6, this study bridges research conducted with 
these two CMIPs. Incorporating three road designs under both historical 
and future scenarios, it supports informed decision-making in forest 
management, road construction, and climate adaptation strategies 
within the study area.

Future research should consider expanding the spatial scope to 
include diverse topographic and soil conditions across the southeastern 
U.S. and beyond, to test the generalizability of the approach. Integrating 
economic assessments of road maintenance and erosion mitigation 
under projected climate scenarios would also support more compre
hensive, cost-effective management planning. Finally, long-term field 
monitoring of forest roads, where feasible, would provide critical data 
for validating model projections and enhancing the accuracy of future 
erosion prediction models.
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