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ABSTRACT

CAPTURING THE VARIABILITY OF RAINFALL INTENSITY AND ITS IMPACTS ON

MOUNTAIN HYDROLOGY

Storms in mountainous regions can develop quickly and cause significant flooding. Under-

standing how brief high intensity precipitation is influenced by terrain is important for evaluating

the risk of flash floods and other natural hazards. The lack of precipitation gages in mountainous

remote areas inhibits detailed monitoring of these hazardous events. As wildfires become more

common in areas of complex terrain, increasing the likelihood of flash floods and debris flows,

it is more important than ever to understand the potential for extreme precipitation. Precipita-

tion estimates from remotely sensed data, such as radar and satellite, have improved in recent

decades. Convection-permitting models also produce accurate precipitation estimates, that have

outperformed interpolated gage datasets. In this dissertation, I examine the performance of these

datasets at scales relevant to hazardous events in Colorado. Additionally, I investigate how con-

sidering the variability of natural rainfall observed in the mountains of Colorado influences runoff

and erosion processes.

Radar estimates of precipitation can fill the gaps in areas where gages are sparse, but the signal

can be blocked by mountains, depending on where the storm is relative to the radar site. Because

the error of radar estimates of precipitation can change based on where the storm is located in

relation to the surrounding terrain and location of the radar, the reliability of these precipitation

estimates is variable, adding to the difficulty of monitoring storms in mountains. To address this

uncertainty, I developed a novel method of identifying where and when the radar estimates of pre-

cipitation are reliable, based on attributes of the region, rainfall, and storm events. The model can

assist in deciding when to trust radar estimates of precipitation and in determining where more

gages or radar sites are necessary. The error model uses the Multi-Radar Multi-Sensor (MRMS)
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product which incorporates radar, quantitative precipitation forecasts, and gage data at a high spa-

tiotemporal resolution for the United States and southern Canada. For several time series samples

of MRMS 15-minute intensity, various features related to the physical characteristics influencing

MRMS performance are calculated from the topography, surrounding storms, and rainfall observed

at the gage location. A gradient boosting regressor is trained and was used to predict a range of

error throughout the mountains of Colorado during warm months. Mapping of this dataset by ag-

gregating normalized RMSE over time reveals that areas further from radar sites in higher elevation

terrain show consistently greater error. However, the model predicts larger performance variability

in these regions compared to alternative error assessments.

Precipitation gages provide high temporal resolution data; however, terrain induces significant

variability in precipitation across Colorado. As a result, interpolated datasets or frequency analy-

ses based on simple linear regression of gage data may fail to capture critical extremes. Anoma-

lous precipitation events and variation at subdaily time scales are likely omitted from gage-based

datasets due to low station density. To explore this uncertainty, I use several remotely-sensed

and model-derived hourly datasets and re-evaluate the influence of terrain on the magnitude of

subdaily precipitation intensity throughout Colorado. Precipitation–elevation relationships differ

among basins: the Missouri and Arkansas show decreasing precipitation with elevation—an effect

stronger for hourly than daily totals—whereas the Colorado and Rio Grande exhibit increasing pre-

cipitation with elevation, with daily totals rising more steeply and significantly than hourly ones.

Gage-based frequency studies, limited by sparse networks, miss the frequency of high intensity

clusters along the Front Range and Pikes Peak shown by model data. Gage interpolation schemes

might also fail to capture how particular terrain features, rather than elevation alone, affect precip-

itation development.

After evaluating the capability of various datasets to represent precipitation variability in Col-

orado’s mountains, I investigate how this variability impacts sediment mobility and runoff. Non-

uniform rainfall profiles can result in significantly higher runoff and erosion rates compared to

constant rainfall. In this study, I use a rainfall simulator capable of generating time varying inten-
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sity profiles similar to natural rainfall observed by gages in the mountains of Colorado. I examine

the effects of time-varying rainfall intensity on both mulched and bare soil on a steeply sloped

flume. The effectiveness of mulch varies markedly between fluctuating rainfall intensities and a

steady intensity. The wood mulch treatment failed to significantly reduce total runoff under time-

varying rainfall, though it did under constant rainfall. Erosion rates were reduced with mulch for

all rainfall events, despite the increasing intensity rain event causing significantly more erosion

on bare soil. Accounting for the variability of rainfall directly impacts management solutions for

post-wildfire recovery.

Rainfall variability in mountainous regions can be highly dynamic across both space and time,

affecting surface processes in small plots and at larger scales. Accurately representing these fine-

scale rainfall patterns remains challenging. Remotely sensed data and model outputs can comple-

ment or substitute gage data, especially when gages are sparse, enhancing the accuracy of rainfall

estimates.
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Chapter 1

Introduction

Orographic uplift, moisture blocking, and solar exposure create distinct patterns in precipi-

tation climatology in the mountains, yet their interaction with changing atmospheric conditions

during individual storms makes event-scale precipitation highly variable (Roe, 2005). Despite

the recognized spatiotemporal variability of mountain precipitation and its importance for hazards

like flooding and landslides, accurately measuring precipitation in these areas and predicting its

geomorphic and hydrologic impacts remains challenging (Lundquist et al., 2019; Partridge et al.,

2024; Collar et al., 2025). In the absence of models that incorporate dynamic precipitation, disaster

response often relies on static extreme precipitation thresholds for decision making that can result

in high uncertainty in risk associated with flooding and geomorphic hazards (Mirus et al., 2024).

Distributed hydrologic modeling of complex mountainous environments has improved (Ebel et al.,

2023). Simultaneously, improvements in weather forecasting, climate modeling, observations, and

remote sensing, along with progress in data-driven methods such as machine learning, offer numer-

ous opportunities to apply higher quality precipitation data into these models. With high elevation

terrain becoming more susceptible to wildfire, there is an increase in runoff and erosion potential

from short duration intense rainfall, which makes accurate estimates of extreme precipitation at

this scale more relevant (Higuera et al., 2021; Touma et al., 2022).

In Chapter 2, I address the need for additional high resolution precipitation data in gage-scarce

regions by developing an error model for a radar-based precipitation estimate. Given the advance-

ments of Multi-Radar Multi-Sensor (MRMS), I explore the performance of the 2-minute rate prod-

uct in the mountains of Colorado. A machine learning model is developed to estimate the spa-

tiotemporally varying error of MRMS and can be used to explore the physical conditions related

to low error.

In Chapter 3, I explore the spatiotemporal variability in subdaily precipitation extremes that is

missed by gage interpolation. Subdaily annual maxima from radar and model datasets are com-
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pared to gage interpolations. Model-based precipitation appears to capture more terrain-driven

spatiotemporal variability in precipitation intensity than gage-based precipitation.

In Chapter 4, I apply the natural variability of rainfall observed in the mountains of Colorado on

a laboratory flume using a rainfall simulator. The experiments confirm the significance of rainfall

variability in the runoff and erosion response. Experiments were conducted on bare soil and with a

mulch cover, a commonly used post-wildfire recovery treatment. The effectiveness of the treatment

depends on the variability of rainfall applied, showing that incorporating variable rainfall can alter

management decisions.

Finally, in Chapter 5, I present a brief summary of key findings in Chapters 2 through 4.
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Chapter 2

Evaluation of sub-hourly MRMS quantitative

precipitation estimates in mountainous terrain using

machine learning1

2.1 Summary

The Multi-Radar Multi-Sensor (MRMS) product incorporates radar, quantitative precipitation

forecasts, and gage data at a high spatiotemporal resolution for the United States and southern

Canada. MRMS is subject to various sources of measurement error, especially in complex terrain.

The goal of this study is to provide a framework for understanding the uncertainty of MRMS in

mountainous areas with limited observations. We evaluate 8-hour time series samples of MRMS

15-minute intensity through a comparison to 204 gages located in the mountains of Colorado. This

analysis shows that the MRMS surface precipitation rate product tends to overestimate rainfall with

a median normalized root mean squared error (RMSE) of 42% of the maximum MRMS 15-minute

intensity. For each time series sample, various features related to the physical characteristics influ-

encing MRMS performance are calculated from the topography, surrounding storms, and rainfall

observed at the gage location. A gradient-boosting regressor is trained on these features and is

optimized with quantile loss, using the RMSE as a target, to model nonlinear patterns in the fea-

tures that relate to a range of error. This model was used to predict a range of error throughout

the mountains of Colorado during warm months, spanning 6 years, resulting in a spatiotemporally

varying error model of MRMS for sub-hourly precipitation rates. Mapping of this dataset by ag-

gregating normalized RMSE over time reveals that areas further from radar sites in higher elevation

1A version of this chapter has been published in Water Resources Research: White, P., & Nelson, P. A. (2024). Eval-

uation of Sub-Hourly MRMS Quantitative Precipitation Estimates in Mountainous Terrain Using Machine Learning.

Water Resources Research, 60, e2024WR037437. https://doi.org/10.1029/2024WR037437
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terrain show consistently greater error. However, the model predicts larger performance variability

in these regions compared to alternative error assessments.

2.2 Introduction

In mountainous regions, in-situ precipitation observations from sparse gage networks are in-

adequate for accurate hydrologic modeling and monitoring of hazardous events (Lundquist et al.,

2019). Post wildfire debris flows and flash floods are often initialized by brief high-intensity rain-

fall (Cannon et al., 2008; Doswell et al., 1996) and therefore require high-resolution precipitation

observations for accurate modeling and validation of forecasts (Moody et al., 2013; Sokol et al.,

2021). Increasing atmospheric moisture tied to global warming has been shown to amplify the in-

tensity of short-duration rainfall (Fowler et al., 2021). With wildfires becoming more widespread

in the western United States (Higuera et al., 2021), these events are more likely to be coupled with

intense rainfall, increasing the likelihood of flooding and debris flows (Touma et al., 2022). Sev-

eral studies have shown that the magnitudes of slow-rise floods are also sensitive to spatiotemporal

variability of precipitation (Syed et al., 2003; Nicótina et al., 2008; Zhu et al., 2018). Accurate

assessment of hydrologic risk requires precipitation observations at the scale of the event, which

may be increasingly seen at the sub-hourly and sub-basin scale.

Gages provide precipitation data at high temporal resolutions for point locations, but moun-

tains can cause significant spatial variation in precipitation (Smith, 2019). Many interpolation

schemes exist to create spatially distributed precipitation estimates from gages; for example, the

Parameter-Elevation Regressions on Independent Slopes Model (PRISM) is a continuous dataset

for the United States developed from interpolated gage data (Daly et al., 2008). However, the ac-

curacy of these interpolated gage datasets declines where gages are sparse (Lundquist et al., 2019).

And, the gage itself is subject to various sources of measurement error, such as recording errors

and under-catching due to advection of hydrometeors and interception by the tree canopy (Sevruk,

2005; Sieck et al., 2007). Henn et al. (2018) compared the annual accumulation from six gage-
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based gridded datasets across the Western United States and found that relative error varied from

5 to 60% with the largest error located in regions of high-elevation terrain.

Quantitative precipitation estimates (QPEs) are estimations of precipitation at locations or re-

gions where ground or direct measurements do not exist. Satellite-based QPEs have been improv-

ing, but the resolution of QPEs derived from radar reflectivity is often superior (Derin et al., 2016).

Radar-based precipitation estimates are high resolution and spatially continuous but are subject to

several sources of uncertainty, made worse by mountainous terrain. Radar-based QPE accuracy

has improved with the adoption of dual-polarization schemes and improved algorithms to correct

for beam blockage (Zhang et al., 2016). The Multi-Radar Multi-Sensor (MRMS) system provides

a mosaic of radar for the contiguous United States, improves ground clutter with dual-polarization

and better conversion algorithms, and assimilates additional sources of data (Zhang et al., 2016,

2014). The MRMS products are used in mountainous operational forecasting settings for flash

flood (Gourley et al., 2017) and debris flow monitoring (Force, 2005) and to validate satellite

QPEs (Kirstetter et al., 2012; Sun et al., 2021). Despite the usefulness of this product, the imper-

fect conversion from reflectivity to rain rate, ground clutter, and beam blockage all contribute to

significant and complex uncertainty (Berne and Krajewski, 2013; Bytheway et al., 2020). MRMS

is especially uncertain in the mountainous West where the minimum height observed by radar is

significantly higher in the atmosphere (Maddox et al., 2002).

Many studies have evaluated the error associated with QPEs; however, there is a lack of com-

prehensive error modeling, specifically at sub-hourly resolutions in mountainous terrain. Several

case studies have evaluated MRMS at hourly and daily timescales over large regions of com-

plex terrain by comparing precipitation estimates to gages. Moazami and Najafi (2021) compared

hourly radar-only MRMS QPEs in Canada to gage data and found that MRMS tends to overes-

timate precipitation in the southern plains and underestimate precipitation in western and eastern

parts of Canada. Bytheway et al. (2019) evaluated hourly gage-corrected and elevation-adjusted

MRMS QPEs in the mountains of California and observed that MRMS failed to capture precip-

itation caused by small scale flow patterns and interactions with terrain. Additionally, rainfall
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originating closer to the surface was often too low to be picked up by radar. Case studies reveal

weather processes and precipitation characteristics related to performance of the QPE, but the error

ranges are not generalizable as they can vary by storm and location.

Stream gages have been used to evaluate the spatial variability of error associated with stream

flow predictions from well-calibrated hydrologic models (Liao and Barros, 2023; Moreno et al.,

2012). The QPE skill can be evaluated throughout the basin, rather than where precipitation gages

exist, but this requires accurate flow records and many mountainous watersheds are ungaged. Other

models incorporate the spatiotemporal variability in uncertainty by modeling particular compo-

nents of QPE error. The Radar Quality Index (RQI) is a temporally varying estimate of the relia-

bility of MRMS based on known sources of radar sampling error (Zhang et al., 2012). Probabilis-

tic models estimate the distribution of uncertainty using dense gage networks as reference (Ciach

et al., 2007; Villarini et al., 2014). Kirstetter et al. (2015) created a probabilistic QPE for the con-

tinental US using radar-only MRMS data by modeling the range of possible precipitation values

given the reflectivity and assuming the distribution of possible values. There is still a need for an

error model that makes limited assumptions on the structure of error, can be applied in regions

where in-situ observations are lacking, and provides spatiotemporally varying estimates of error.

Osborne et al. (2023) use a deep learning approach to improve the hourly MRMS QPE product

in areas of complex terrain, finding improvements where the physically based approach struggles

with poor radar observations.

Machine learning excels in identifying trends in complex data with nonlinear and intercon-

nected dependencies for which we have weak or incomplete theory and limited direct observations

(Appling et al., 2022). Here we seek to develop a model for estimating error of sub-hourly MRMS

rainfall estimates in a mountainous environment. The MRMS 15-minute intensity, an interval

used in many applications such as flash flood and debris flow monitoring, is compared to gage

observations throughout the mountains of Colorado. A gradient-boosting regressor is trained on

sub-samples of time series at each gage location with associated storm and topographic features to

predict a target root mean squared error (RMSE) calculated from the gage. The model learns what

6



the expected range of RMSE should be, based on the feature values and target RMSE, and can

then predict the error of MRMS where we have no gage records. A statewide dataset, including the

features used in training, is developed to predict the theoretical RMSE (if a ground truth existed)

for the MRMS-estimated 15-minute intensity. This dataset can be used to understand the range of

expected error for sub-hourly intensity estimates for a specific time window and location. Feature

importance is calculated to understand what features the model deems most useful in determining

QPE error.

Through the gage comparison, modeling of error, and interpolation of error throughout Col-

orado, we seek to address a series of questions. Firstly, when and where are sub-hourly MRMS

precipitation estimates trustworthy in the mountains of Colorado? This information can help end-

users understand when to trust MRMS. Also, trends in error can help identify where additional

observations through gap-filling radar or more gages might be a priority. Secondly, what are the

controls on performance or the circumstances that lead to low error? Lastly, how well can error

be predicted by the physical aspects of the region, rainfall patterns, and storm characteristics? By

examining these factors, we aim to gain a deeper understanding of the predictability of error in

MRMS precipitation estimates.

2.3 Methods

2.3.1 Study area and data extents

The study area is confined to the state of Colorado, west of 104◦ longitude. This region includes

several distinct mountain ranges with varying elevations and aspects. The topographic complexity

of this region contributes to a spatially diverse precipitation climatology (Mahoney et al., 2015).

The relief of the mountains in Colorado is significant enough to cause disturbances in lower atmo-

spheric flow, which can cause significant spatiotemporal variability in precipitation (Smith, 2019).

The area was selected to test the model’s ability to learn the influence of terrain blockage on QPE

performance with interactions between various characteristics of storms unique to mountain pre-
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cipitation. The terrain of the study area is shown in Figure 2.1 with the locations of gages and radar

for reference.

109°W 108°W 107°W 106°W 105°W 104°W

37°N

38°N

39°N

40°N

41°N city
radar
USGS
CSU
CoAgMET
MesoWest

2000 2500 3000 3500 4000 4500
elevation (m)

Figure 2.1: Terrain and instruments within the study area. Gages used in the study are labeled according to

their source.

Both gages and radar-based QPEs are subject to several sources of error associated with freez-

ing precipitation (Zhang et al., 2016), so the study period is constrained to warmer months (May

through September) to limit the evaluation of MRMS with unreliable gage data. Based on avail-

ability of archived MRMS data, a total of 30 months were included in the modeling from years

2018 through 2023.
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2.3.2 Data sources and processing

MRMS and gage data

MRMS includes a collection of products with a coverage of the United States and southern

Canada. This study evaluates the surface precipitation rate product, a 2-minute precipitation rate

estimate from a mosaic of the Weather Surveillance Radar-1988 Doppler (WSR-88D) radar net-

work and out-of-network gap-filling radar with a spatial resolution of 1 km (Zhang et al., 2016,

2020). This product includes several quality controls and an evaporative correction from the Rapid

Refresh (RAP) model data (NOAA, 2024). Missing MRMS data was filled with zero for calcula-

tions. All data were accessed through the Iowa Environmental Mesonet MRMS archived daily data

(Mesonet, Accessed 2023). Each file’s spatial coverage was resampled to the extents of Colorado

using wgrib2 (NOAA/CPC, 2023). A 15-minute rate was computed from a rolling average of the

2-min rate estimate converted to accumulation.

We explored using the 1-hour multi-sensor QPE Pass 2 to improve the 2-minute precipitation

rate accuracy by applying a correction factor. However, this did not significantly reduce the RMSE

error, with a median normalized RMSE of 41%, similar to the radar-only rate of 42%. Since the

multi-sensor product did not enhance sub-hourly estimates and is not available before 2021, we

excluded it from our analysis (see Appendix A Figure A1 for error distributions and Text A1 for

additional details).

Within the study period, several changes to the MRMS QPE have occurred, including algorithm

updates and additional data inputs such as radar and gage sites. See https://inside.nssl.noaa.gov/

mrms/code-updates for a detailed list of modifications (NSSL, 2024). Version 12.0, operational

in February 2021, included substantial updates including a dual-polarization algorithm (Zhang

et al., 2020), updates to the radar quality index and additional data assimilation for gap filling

purposes (Martinaitis et al., 2020), and improvements in gage quality control (Martinaitis et al.,

2021). With this update, Colorado gained a radar site in Alamosa. The influence of the MRMS

data inconsistency on the training of the model and its predictions is addressed in the Discussion

section.
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The Radar Quality Index (RQI) was used to train the model and as a baseline to compare the

performance of model estimated error. This product has a temporal resolution of 2 minutes and

provides an estimate of uncertainty, represented by a floating-point number ranging from 0 to 1,

that is related to terrain blockage, higher beam heights, and the beam position with respect to the

freezing level (Zhang et al., 2012). An RQI of 1.0 suggests limited uncertainty associated with

these problems. RQI is set to 0.0 when terrain blockage is greater than 50%.

The gage data was sourced from instruments monitored by Colorado State University (White

and Nelson, 2024), the U.S. Geological Survey (USGS) (USGS, Accessed 2023; Rengers et al.,

2023), CoAgMET (Colorado State University, Accessed 2023), and other networks aggregated by

MesoWest (Mesowest, Accessed 2023). The locations of these stations are shown in Figure 2.1.

The set of gages includes various models of tipping buckets and one disdrometer. Several gages

record at regular time intervals (ranging from 1 minute to 5 minutes) and some gages record tips

with varying record lengths. A total of 204 gages were used to develop the dataset. Gages were

quality controlled by comparing the magnitude of RMSE across the study area. One gage, located

in central Fort Collins, was removed from the dataset because it had significantly higher error, with

a mean RMSE of 42.8 mm/hr compared to the overall dataset mean of 3.43 mm/hr.

Feature extraction and labeling

The labeled dataset is comprised of 37,215 samples, consisting of an 8-hour non-overlapping

window of 15-minute intensity. Each sample has 28 features evaluated within the 8 hours and is

labeled with a target RMSE calculated from the gage and MRMS intensity with the gage values

assumed to be the ground truth. Features are input variables, associated with the error of MRMS,

used by the model to make predictions. The sampling start times include 0800, 1600, and 0000

UTC. The purpose of the 8-hour window is to focus on periods of time impacted differently by the

diurnal cycle. Sampling different parts of the diurnal cycle allows us to identify how well particular

weather patterns impacted by the cycle, such as afternoon thunderstorms, are observed by MRMS.

In the labeled dataset, features and error are evaluated in relation to the MRMS grid location

closest to the gage. Only 8-hour samples with an MRMS total accumulation above 1 mm were
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included to prevent sampling below the minimum accumulation that can be observed by a gage.

The purpose of the model is to predict the error threshold of a non-zero time series of MRMS

15-minute intensity; the model cannot determine if the time series is a false negative because we

did not include zero-value accumulations. The removal of precipitation below 1 mm effectively

removed missing MRMS data, only 0.067% of the samples in the labeled dataset contain missing

values.

Feature values were calculated for each 8-hour time series window, and include both point and

storm attributes. In this study, a storm is defined as a continuous volume of precipitation in space

and time. Storm attributes were averaged throughout the storm footprint. When several storms

occur during an 8-hour window, storm values were averaged. Table 2.1 provides a description

of all features with a comparison of the mean and standard deviation of feature values for the

labeled and statewide datasets. Features were chosen to capture the variability and magnitude of

the rainfall, the orographic influences, the radar QPE uncertainty, and space-time characteristics of

the storms.
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Table 2.1: Feature descriptions and associated mean and standard deviations for the labeled and the statewide Datasets

Feature Mean labeled Mean statewide Std dev labeled Std dev statewide

Point

maximum 15-min intensity, mm/hr 8.68 7.41 13.02 11.91

median of nonzero intensity 1.41 1.25 2.16 2.05

std dev of non-zero intensity 2.40 2.03 3.73 3.44

variance of non-zero intensity (mm/hr)2 19.69 16.00 71.92 68.71

mean of non-zero intensity 2.30 1.98 3.12 2.91

maximum accumulation, mm 0.47 0.39 0.70 0.64

total accumulation 5.09 4.52 6.42 5.62

median of non-zero accumulation 0.06 0.05 0.10 0.10

std dev of non-zero accumulation 0.12 0.10 0.19 0.17

variance of non-zero accumulation, mm2 0.05 0.04 0.16 0.16

mean of non-zero accumulation 0.11 0.09 0.14 0.14

duration of non-zero accumulation values, min 234.33 242.20 134.50 133.23

month of 8-hour window 6.85 6.85 1.28 1.30

starting hour of 8-hour window 9.39 9.28 7.46 7.44

latitude of MRMS closest to gage 39.32 39.01 0.93 1.16

longitude of MRMS closest to gage 254.18 253.91 1.17 1.36

minimum Radar Quality Index 0.78 0.68 0.29 0.30

maximum Radar Quality Index 0.82 0.74 0.25 0.28

mean Radar Quality Index 0.81 0.72 0.26 0.28

median Radar Quality Index 0.82 0.73 0.26 0.28

std dev Radar Quality Index 0.01 0.01 0.03 0.04

elevation at MRMS coordinate, m 2161.07 2422.43 449.31 616.19

slope aspect at MRMS coordinate, deg 178.53 169.67 107.17 103.50

topographic slope at MRMS coordinate, deg 7.15 9.16 8.01 8.46

Continued on next page

12



Table 2.1 (continued) Feature descriptions (continued)

Feature Mean labeled Mean statewide Std dev labeled Std dev statewide

Storm

mean variance of total accumulation between time

steps (mm2)

698.29 647.15 522.76 510.81

mean variance of accumulation between coordinates

(mm2)

5.48 5.08 4.67 4.45

mean storm-footprint area, km2 91515.87 87971.39 62453.04 62948.86

mean storm-object velocity, m/s 13.94 13.56 4.63 4.76
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Rainfall statistics were calculated from nonzero values in the 8-hour sample window. Elevation,

aspect, and slope were extracted from the NASA Shuttle Radar Topography 1-arc second dataset

(NASA Jet Propulsion Laboratory, 2022). Aspect and slope were calculated using ArcMap (Esri,

2020). Non-precipitation values with missing data were filled with NaN. All feature values were

standardized for training of models by subtracting the mean and scaling it to the standard deviation

of the feature values.

Storm regions were identified using the scikit-image label module after converting the MRMS

precipitation rate product to a binary array, with a value of 1 assigned to values greater than zero

(van der Walt et al., 2014). The label module assigns a unique storm-id to neighbors in the array

with equal values. Diagonal neighbors were not considered connected to avoid stringing together

objects. Objects are assigned storm ids throughout time, latitude, and longitude. Storm values

were processed in monthly chunks to manage memory resources and values were not computed

across chunks.

A statewide (west of 104◦ longitude) dataset was developed to visualize the predictions of the

model and create a spatially continuous error estimate of MRMS where no gage exists. This dataset

includes 598,310 8-hour time series of MRMS intensity with the 28 features sampled throughout

the state where the total accumulation is greater than 1 mm. To decrease the size of the statewide

dataset, the original MRMS dataset was sampled every 10 grid coordinates, resulting in a resolution

of approximately 10 km. Data were sampled from May through September from 2018 through

2023.

MRMS is subject to several temporal sampling errors mainly caused by advection of hydrom-

eteors (Fabry et al., 1994). Rather than directly compare the gage and MRMS time series, the time

series was first upsampled by selecting the maximum 15-minute intensity from each 10 minute in-

terval. A more complex approach that includes correcting for sampling error using the movement

of the storm such as the method presented by Seo and Krajewski (2015), would likely decrease the

error further.
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2.3.3 Modeling

Model description

The dataset labeled with true RMSE values from gages is used to train a tree-based ensemble

model, which is then used to predict the error of MRMS with the statewide dataset and understand

how the extracted features are associated with performance. The output of the model is a range

of RMSE values for the MRMS time series sample. To predict this range, a gradient-boosting

regressor is trained with quantile loss, using the implementation from scikit-learn (Pedregosa et al.,

2011). Gradient boosting, and other machine learning regressors, make predictions by identifying

patterns during their training phase. They optimize these predictions using a suitable loss function

and the target values. Once trained, these models can generate predictions for new data, without

target predictions. Boosting methods in particular, combine or ensemble smaller decision trees

to produce more more powerful models, improving the balance of bias and variance in individual

decision trees, with the aim of decreasing over-fitting and increasing accuracy (Géron, 2021). The

gradient-boosting algorithm learns sequentially from the residual error of an ensemble of decision

trees (Friedman, 2001). Each ensemble of decision trees is essentially attempting to improve on

the residual error from its predecessor. An additional benefit of gradient-boosting models is that

there are relatively few parameters to tune, making them relatively straightforward to use.

The residual error or training loss is calculated as mean quantile loss, otherwise known as mean

pinball loss, shown in Equation 2.1:

L(y, ŷ) =
1

N

N−1∑

i=0

α ·max(yi − ŷi, 0) + (1− α) ·max(ŷi − yi, 0) (2.1)

Optimizing the loss involves minimizing the difference in the predicted quantile and a target

group of size N . We essentially have three models with different α values, representing the quan-

tile, to predict the median and 90% confidence interval. In Equation 2.1, when α = 0.50 the loss

is equal to half of the mean absolute error. The loss (L) is a function of the observed value (y) and

the predicted value (ŷ).
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Model performance was initially evaluated on a diverse set of single-output regression models

to compare performance. The models included k-nearest neighbors, decision trees, various deci-

sion tree ensemble models, linear regression, multilayer perceptron, and support vector machines.

Models were chosen based on common use and varying complexity. A brief description of these

models can be found in the Appendix A Table A1. After hyperparameter tuning, the coefficient of

determination and mean absolute error (MAE) was 0.80 and 0.96 mm/hr for the highest-performing

model, random forest regression. The model is not robust to outliers and makes many predictions

significantly higher and lower than the target value (Table A2, Figure A2 in Appendix A). The

quantile regression model encapsulates these erroneous predictions by providing a range of er-

ror. The confidence interval can also account for heteroscedasticity in the data. Linear quantile

regression was evaluated for comparison, the performance is shown in section 3.3.

Evaluation

Models were evaluated using 5-fold cross validation and a separate test set from the previously

mentioned labeled dataset. The validation set is used to understand how each model generalizes

to new data, compare model performance during training, select hyperparameter values without

leaking knowledge from the test set, and to compare feature importance and model calibration

to the test set. During k-fold cross validation, the model is trained on k-1 folds then validated

with the remaining fold. 20% of the dataset was kept entirely separate to evaluate the final model

performance.

Performance of spatiotemporally correlated data can easily be inflated if dependencies in the

sample feature values are not accounted for when splitting the training and testing data (Roberts

et al., 2017). To limit correlation between data folds and testing data, samples were grouped by

location. Cross folds were manually set to keep samples with the same location in the same fold.

To allow for an adequate number of samples for training, testing and validation, all six years of

data were used.

The models tested in this study assume independence between features. Correlated features

must be removed to interpret how features are used by the model. Several features listed in Table
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2.1 are unsurprisingly highly correlated. The Spearman’s rank correlation test was used to deter-

mine the correlation between features and Ward’s linkage was used to sort clusters of correlated

features. A threshold of 0.55 was used for the distance linkage, and only one feature was selected

from each cluster below this threshold. Each permutation of features below the threshold was eval-

uated by the α = 0.50 model to determine the best performing group, with a remaining correlation

high of 0.61.

After feature selection, randomized search with cross fold validation was used to tune hyper-

parameters for each quantile separately. This method randomly samples parameter values from

a specified range through multiple iterations then outputs the parameter values for the highest

performing estimators, based on negative mean quantile loss. Hyperparameters were altered to

increase performance while decreasing the tendency to over-fit. See Appendix A Table A3 for the

hyperparameters tuned and the final values chosen.

The performance of the tuned models was evaluated with mean quantile loss in validation and

testing. Additionally, the fraction of target values that fall outside of the predicted 90% confidence

interval were calculated to get a sense of how well calibrated the predicted confidence interval

is; this value should be close to 10%. Feature importance was evaluated by randomly permuting

each feature for both the validation and test dataset and determines importance based on the mean

increase in mean quantile loss when permuting the feature. The comparison of validation and test

importance shows how the model might be over-fitting with the features.

2.4 Results

2.4.1 MRMS performance trends

Figure 2.2a compares the distributions of RMSE values for all target values, test target values,

the test α = 0.50 predictions, and the statewide α = 0.50 predictions. The distributions peak at

approximately 1.4 mm/hr. The test predictions closely follow the left tail of the target distributions,

then fall below the right tail of the target distribution. This suggests that the model sometimes

underestimates outliers.

17



Figure 2.2b shows the distribution of α = 0.50 predictions for the state, compared to the

distributions of α = 0.50 state predictions grouped by coordinates with lower (median prediction

below 0.1 quantile) and higher (median prediction above 0.9 quantile) errors. The distributions are

aligned, with differences in the thickness of the right tail, suggesting that the spatial differences in

predictions are heavily influenced by outliers.
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Figure 2.2: (a) Kernel density estimations of the distributions of RMSE for all target error, the test target

error, the test predicted error, and the statewide predicted error. (b) The distribution of error for the coordi-

nates in the state dataset with a median RMSE below the 0.1 quantile, above the 0.9 quantile, and all state

predicted error values. The values only include the α = 0.50 model predictions.

To understand the occurrence of false negatives the labeled dataset was constrained to a total

accumulation of 1 mm for either the gage or MRMS (rather than just MRMS). 4.4% of the 8-hour

samples had 0 mm MRMS total accumulation when the gage was above 1 mm (false negative).

24.2% showed greater than 1 mm MRMS total accumulation when the gage was 0 mm (false

positive). 71% of the 8-hour samples had a higher total accumulation value for MRMS.
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The spatial distribution of predicted median error is shown in Figure 2.3a. The values are nor-

malized with the maximum MRMS 15-minute intensity of each 8-hour time series period. The

MRMS grid locations with co-located gages are colored by the proportion of samples in the val-

idation/testing labeled dataset. The lack of spatial uniformity in sampling for the labeled dataset

does not appear to influence the spatial trends. There is a band of poor performance that arcs from

the northwest corner of the state to the southwest corner that may be influenced by the terrain west

of the continental divide and the distance from radar sites. However, areas on the map that show

higher median nRMSE still have a distribution of error that includes lower nRMSE values, shown

by the map of the first quartile of nRMSE in Figure 2.3b.
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Figure 2.3: (a) The median normalized RMSE for each coordinate, predicted by the α = 0.50 model. (b)

The first quartile of normalized RMSE for each coordinate, predicted by the α = 0.50 model. The gage

locations are shown with colors representing the proportion of samples in the labeled dataset sourced from

each location.

2.4.2 Features related to MRMS performance

The permutation feature importance for all quantile models for the validation and test dataset

predictions is shown in Figure 2.4. Features used by the tuned model include: standard deviation

19



of intensity, median intensity, duration, latitude, elevation, aspect, area, velocity, minimum of RQI,

and standard deviation of RQI. The error bars represent the standard deviation from 10 iterations

of randomly permuting each feature. Unsurprisingly, the standard deviation of MRMS 15-minute

intensity was most important. Linear regression, using only standard deviation of intensity, results

in a coefficient of determination of 0.76 and MAE of 1.03 mm/hr. The standard deviation of inten-

sity was removed from Figure 2.4 to understand if other features influence the model predictions

or are used to over-fit in training.

There is some agreement between the feature importance in the testing and training data for

the 0.50 and 0.95 quantile models. The 0.05 quantile model seems to rely entirely on the standard

deviation and median of intensity. The discrepancy in the ranking of features between models

and between the training and testing feature importance values within models is evidence that

the models did over-fit. Although, these differences are marginal considering the magnitude of

permutation importance. The RQI minimum and duration of positive values were both important

for the 0.50 and 0.95 quantile models. This consistency suggests that these features are slightly

useful in determining error.
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Figure 2.4: Permutation feature importance, defined by an increase in mean quantile loss (QL), across the

three quantile models. The intensity standard deviation is excluded to focus on features not highly correlated

with RMSE. The error bar represents the standard deviation between the 10 permutations. Importance is

sorted from left to right by test importance (red). The training importance is shown in blue.

The difference in feature values for the statewide dataset for high and low predicted error

extremes from the α = 0.50 model are shown in Figure 2.5. Distributions of feature values are
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separated by low (RMSE less than 0.95 mm/hr or the 0.10 quantile of predictions) and high (RMSE

greater than 5.60 mm/hr or the 0.90 quantile of predictions) predictions. The hour and month

features are excluded, because they are essentially categorical features.
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Figure 2.5: Comparison of feature value distributions for samples with low (0.95 mm/hr) and high (5.60

mm/hr) RMSE predictions for the α = 0.50 statewide predictions. See Table 2.1 for feature units.

There is a clear difference in the inter-quartile range for standard deviation of intensity and

median intensity. The inter-quartile range is lower for the low RMSE values for standard deviation

and median intensity features, as expected. The inter-quartile range for duration is non-overlapping

between groups, suggesting that MRMS is more accurate when longer duration rainfall occurs. The

distributions for other features differ across performance groups, but are highly overlapping, mean-

ing that there is no obvious decision boundary observed in these individual features. Surprisingly,

the median of RQI minimum is lower (higher is better) for lower error. This might be explained

by the more frequent observation of heavier precipitation, which will have a higher RMSE, in ar-

eas with better radar coverage and higher RQI. The median of RQI minimum becomes higher for

lower error values, compared to higher error values, if RMSE is first normalized (see Appendix A

Figure A3).
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Table 2.3: Cross fold validation and test results a

Validation Test

Mean QL Std QL Mean FO Std FO QL FO

GB α =0.05 0.100 0.013 0.104

GB α =0.50 0.456 0.040 0.111 0.015 0.454 0.120

GB α =0.95 0.189 0.020 0.199

L α =0.05 0.110 0.018 0.115

L α =0.50 0.474 0.044 0.102 0.020 0.483 0.105

L α =0.95 0.208 0.018 0.215
aResults for quantile loss (QL) and fraction of outliers (FO) for both

gradient-boosting (GB) and linear (L) regressor models. Validation re-

sults include the mean and standard deviation across folds.

2.4.3 Model performance

A summary of validation and test results is shown in Table 2.3 for both the gradient-boosting

(GB) and linear (L) regressors. A perfect value for quantile loss (QL) is zero. A perfect value for

the fraction of values outside of the 90% confidence interval (FO) is 0.10. The validation standard

deviations for the quantile loss and outside of the 90% confidence interval show how the model

performance varies across different data folds. Model performance on the test data is slightly lower,

which is expected given that features were chosen and hyperparameters were adjusted based on the

validation data. The linear regressor is slightly better calibrated, but the gradient-boosting regressor

has lower variation in performance across folds and lower mean quantile loss for all models in both

validation and testing.

Figure 2.6 shows the target RMSE as a function of the predicted median RMSE with the pre-

dicted 90% confidence interval the background for the test dataset. A 1:1 line is plotted to show

how the median prediction either over or underestimates with growing RMSE magnitude. The

confidence interval widens as the target RMSE values increase. The kernel density estimation for

the target values as a function of the median predicted RMSE is shown in cyan contours. The ker-

nel density contours show that the median predictions slightly underestimate the RMSE, consistent

with Figure 2.2. The scatter points depict the target RMSE values, the red indicates values outside
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and blue indicates values inside the 90% confidence interval. The RMSE truth values include many

outliers, causing the model to be sensitive to these variations, which results in a noisy confidence

interval.
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Figure 2.6: The target values as a function of the median predicted RMSE for the test dataset. Each data

point represents an 8-hour sample RMSE between gage and MRMS plotted on the predicted. The predicted

90% confidence interval (CI) is plotted. Truth values in range are blue, those that fall outside the cutoff

are red. The kernel density estimation for the target values as a function of the median predicted RMSE is

shown in cyan contours.

2.5 Discussion

2.5.1 When and where are sub-hourly MRMS precipitation estimates trust-

worthy in the mountains of Colorado?

To better understand the quality of MRMS in the mountains of Colorado, sub-hourly MRMS

precipitation estimates were compared to gage records from 2018 through 2023 during warm

months. The gage record comparison shows a wide distribution of nRMSE with a median of 42%
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and a standard deviation of 40% of the maximum MRMS 15-minute intensity. A gradient-boosting

regressor was used to interpolate error estimates where no gages exist and provide a spatiotempo-

rally varying record of error in Colorado. The model predictions of nRMSE and RQI aggregated

through time at each coordinate show some spatial agreement for high error and uncertainty, shown

in Figures 2.3a and 2.7a. According to our model results, these areas still see lower error values,

perhaps when longer-duration storms occur higher in the atmosphere rather than during orograph-

ically enhanced or smaller convective disturbances. Figure 2.7b shows that areas with the lowest

median RQI minimum (high uncertainty) remain low even in the upper quartile. This contrasts

with the model results, shown in Figure 2.3b. The lower variability in RQI is caused by the essen-

tially fixed beam blockage factor. The model shows that MRMS error in remote areas with poor

radar coverage and complex terrain is not as consistently unreliable as suggested by RQI or the

study by Maddox et al. (2002).
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Figure 2.7: (a) Median of all sample RQI minimums for each coordinate in the statewide dataset across the

6 years. (b) The third quartile of RQI minimums.
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To understand the impact of the changes to the algorithms and data inputs, described in Section

2.2.1, on the observed error (calculated from the gages) we first looked at the distribution of RMSE

and normalized RMSE as well as RQI through the years. The difference in RQI, at the gage sites,

before and after 2021 is clear at lower latitudes (see Appendix A Figure A4) and longitudes west

of the Front Range (see Appendix A Figure A5). Changes to RMSE and normalized RMSE are

less obvious, with the main difference after 2021 being that the inter-quartile range for RMSE and

nRMSE appear to widen.

To understand the influence of the changes to the dataset on the model training and predictions,

we re-trained the model using years 2018-2020 and then 2021-2023. The test skill, measured by

mean quantile loss, improved (decreased) for the model trained with years 2018-2020 compared

to the original model trained with all years (see Appendix A Table A4). We also experimented

with adding year as feature to see how this would help the model implicitly learn the changes to

the MRMS dataset, however this model performed worse than the original model. Spatial patterns

between the original and pre-2021 model are similar (see Figure S6 and Figure 2.3a), with the pre-

2021 model having slightly higher nRMSE (Figure S6, Figure 2.3a). The distribution of error for

the pre-2021 model for the test and state predictions looks similar to the original model distribution

output (see Appendix A Figure A8,A7 and Figure 2.2a, Figure 2.6).

In Figure 2.8 we compare the predictions and RQI values separated by the times before and

after the major MRMS version change. The original model predictions are compared to the pre-

dictions from the models trained exclusively on pre-2021 and then post-2021 data. Predictions

between the original model and models trained on subsets of data are different in magnitude, but

the original model picks up on similar spatial patterns, including the area surrounding the Alamosa

radar. The models make predictions consistent with spatial patterns of RQI values.

Freezing precipitation is not unlikely in May and September, especially in the mountains. This

has an effect on the error and RQI, especially at higher elevations (see Appendix A Figure A9 and

A10 for MRMS v12.0 data). We experimented with training the model on data from June through

August; however, the performance was significantly worse (see Appendix A Table A4). The de-
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Figure 2.8: (a) Median normalized RMSE (nRMSE) α = 0.50 predictions prior to MRMS v12.0 and (b)

after MRMS v12.0. (c) Median nRMSE α = 0.50 predictions from the model trained only on data prior

to MRMS v12.0 and (d) from the model trained only on data after MRMS v12.0. (e) Median of the RQI

minimum for data prior to MRMS v12.0 and (f) after MRMS v12.0.

26



crease in performance may be caused by insufficient training data. Separating the predictions by

month shows that the model seems to accurately predict the differences in error at higher eleva-

tions in May and September (see Appendix A Figure A11). Still, including these months could

introduce bias as the gage data we are training with may be inaccurate. Other MRMS variables

could be used to filter out freezing precipitation; however, this additional data processing is outside

the scope of our study.

We experimented with predicting the mean error (MRMS intensity minus gage intensity) for

each 8-hour sample to capture the sign of the error. The distribution of these predictions, illustrated

in Appendix A Figures A12 and A13, indicates that the model struggles to predict negative error.

The map of median mean error predictions, shown in Figure A14, does not align with the spatial

patterns of RQI, suggesting the model is unreliable.

2.5.2 What are the circumstances that lead to low error?

The standard deviation and median of intensity were unsurprisingly the most important pre-

dictors of RMSE. Although, the RQI minimum and duration of rainfall did add some predictive

skill, see Figure 2.4. Separation of very low and very high RMSE predictions for the state dataset,

shown in Figure 2.5, indicates that longer duration precipitation tends to have lower predicted error.

This suggests that radar is more skilled at estimating precipitation for storms producing continuous

rainfall, but could also be explained by correlated features of longer lasting rainfall not included in

the model, such as the vertical extent of the storm. Permutation importance is lower for features

associated with the terrain and spatiotemporal attributes of storms, meaning that the model did not

find these features useful in determining the RMSE.

The model trained exclusively on data prior to the version 12.0 update shows similar feature

value distributions for low and high RMSE predictions compared to the original model, with du-

ration and RQI min being the most different (between high versus low RMSE) of the features not

directly related to the magnitude of RMSE (see Appendix A Figure A15 and Figure 2.5). The

model trained to predict mean error showed a similar pattern for duration (see Appendix A Figure
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A16). These results support the conclusion that longer lasting rainfall is associated with lower

MRMS error.

To evaluate feature importance without the impact of magnitude on RMSE, we trained a model

to predict nRMSE. The distribution of these predictions, illustrated in Appendix A Figures A17 and

A18, indicates that the model struggles to accurately identify outliers. To enhance performance,

we attempted training with a subset of the data, specifically using only data prior to MRMS v12.0.

This improved the skill (see Table S5), but the model still has difficulty predicting outliers, and

the results, as mapped in Figure A19, appeared to be blurred. The model identified the maximum

intensity and the duration of precipitation as the most important features (see Figures A20 and

A21).

2.5.3 How well can error be predicted by the physical aspects of the region,

rainfall patterns, and storm characteristics?

Given the features we developed, the model is well calibrated to the 90% confidence interval

and the mean quantile error is low for the test results, shown in Table 2.3. Model predictions can be

used to evaluate the reliability of historic sub-hourly MRMS time series and identify where more

observations are needed. This method also provides an approach to estimate error without making

assumptions on the sources of uncertainty that are most important or the distribution of error.

The type of algorithm used to model the error does not appear to be critical, as evidenced by the

marginal performance gains of the gradient-boosting regressor over the linear quantile regressor.

Model results are limited by the assumption that the gage network is a reliable ground truth for

MRMS. The difference in spatial sampling scale (point versus 1 km2 grid) as well as the estimation

of surface precipitation from a high radar beam height is known to cause significant uncertainty

in error estimates (Tang et al., 2018; Villarini et al., 2008; Ciach and Krajewski, 1999). Several

studies have avoided the ground truth uncertainty by comparing multiple QPEs. For example,

Bytheway (2022) created a probabilistic QPE by combining multiple high resolution precipitation
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estimates, including MRMS. As satellite data and forecasts increase in temporal resolution this

type of probabilistic precipitation estimate might be possible at sub-hourly resolutions.

The error model is designed to predict spatiotemporally varying errors for retrospective anal-

ysis. It is inadequate for real-time monitoring of events due to the delay in calculating dynamic

storm features. The method could be used for such analysis by identifying features in a quantitative

precipitation forecasts, such as the High-Resolution Rapid Refresh model (HRRR). Alternatively,

the HRRR could be used to quantify error by monitoring when the duration of rainfall falls within

the quantile range for low (or high) error.

2.6 Conclusion

In mountainous regions, high-resolution data is often lacking but necessary to quantify the

unique hydrometeorology and its related hazards. In this study, we evaluate MRMS sub-hourly

precipitation estimates in the mountains of Colorado to understand general trends in performance.

We also evaluate the physical attributes that are most important in determining error and the char-

acteristics that are associated with various error values. The performance and feature evaluation

are enhanced by a novel method for modeling radar-based QPE error that can be used to estimate

error where gages are sparse. The spatial patterns of performance generally align with RQI; how-

ever, gage comparisons and model predictions show that the error is highly variable throughout the

state. The feature importance and predictions show that duration of rainfall is a useful indicator of

the performance of MRMS.

The changes to the MRMS data processing schemes and inputs over time present a challenge

for our analysis. Training the model with a more consistent dataset, by using only data prior to

the version 12.0 update, did not significantly change the results. The additional analysis shows

that the original model picks up on the temporal differences in the dataset implicitly, through its

spatiotemporally varying input variables (or features). Likely, the original model uses differences

in RQI and observed rainfall duration to track differences in the MRMS dataset and associated

changes in error throughout time.
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Given a sub-hourly and spatially continuous reference dataset, a logical next step would be

to improve the QPE accuracy and reliability, rather than estimate error. Recent studies have suc-

cessfully improved satellite and radar based QPEs using more complex machine learning methods

such as a convolutional neural network (CNN). CNNs excel in identifying spatial dependencies

by scanning parts of an image, with matrix weights, rather than ingesting all data as does a fully

connected network (Géron, 2021). Osborne et al. (2023) used a CNN with several radar variables

as input and a gage network as the target precipitation to obtain more accurate hourly precipitation.

The CNN QPE showed some improvement over the radar-only QPE, a valuable result in opera-

tional forecasting where the latency of the multi-sensor QPE hinders its usefulness. Hilburn et al.

(2021) used a CNN to create synthetic MRMS radar reflectivity images from GOES-R that pre-

serves the spatial resolution of MRMS using a U-NET architecture. The approach outperformed

traditional data assimilation techniques and has the potential to generate more precise reflectivity

estimates from satellites in regions where ground radar blockage is notable, such as the western

United States. Model architectures such as visual transformers may be used to leverage spatial as

well as temporal context during learning. Our analysis shows that the error of MRMS is often high

in several regions of Colorado, and likely unacceptable for many applications. It is worth exploring

the potential of more advanced algorithms to enhance high resolution QPEs in areas of complex

terrain in addition to improving observations.
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Chapter 3

Regional and temporal variability of orographic

influence on subdaily precipitation intensity in

Colorado2

3.1 Summary

The influence of mountains on precipitation processes can produce distinct spatial patterns

in climatology. These relationships are often used to inform interpolation between precipitation

observations in mountainous areas. At the event scale, the control of orography on precipitation

is more variable and less understood than long term rainfall patterns. Anomalous precipitation

events and variation at subdaily time scales are likely omitted from gage-based datasets due to

low station density. Here, we use several remotely-sensed and model-derived hourly datasets to

explore the influence of terrain on the magnitude of subdaily precipitation intensity throughout

Colorado. Terrain effects on precipitation vary sharply across Colorado and shift with season and

accumulation period. Precipitation–elevation relationships differ among basins: the Missouri and

Arkansas show decreasing precipitation with elevation—an effect stronger for hourly than daily

totals—whereas the Colorado and Rio Grande exhibit increasing precipitation with elevation, with

daily totals rising more steeply and significantly than hourly ones. Gage-based frequency studies,

limited by sparse networks, miss the frequency of high intensity clusters along the Front Range

and Pikes Peak shown by gridded model data.

2A version of this chapter has been submitted to Water Resources Research.
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3.2 Introduction

Orographic uplift, moisture blocking, and solar exposure create distinct patterns in precipitation

climatology in the mountains, yet their interaction with atmospheric conditions during individual

storms makes event-scale precipitation highly variable (Roe, 2005). At the same time, in-situ

observations are sparse in remote mountainous areas and insufficient to capture this variability

(Lundquist et al., 2019). Characterizing the potential for extreme precipitation at the event scale

is important, as this drives hazards such as debris flows and flash floods (Moody et al., 2013;

Cannon et al., 2008; Doswell et al., 1996). With high elevation terrain becoming more susceptible

to wildfire, there is an increase in runoff and erosion potential from short duration intense rainfall,

which makes accurate estimates of extreme precipitation at this scale more relevant (Higuera et al.,

2021; Touma et al., 2022).

Interpolation schemes that account for orographic effects on precipitation—such as the Parameter-

elevation Regressions on Independent Slopes Model (PRISM)—use daily observations to model

the climatological gradient across stations (Daly et al., 2008). Because the datasets are informed

by climatology, higher temporal resolutions (even daily) are known to be less accurate in the moun-

tainous western US than flatter regions east of the Rockies (Daly et al., 2021). Events that occur

between stations or processes that occur at time scales shorter than the input data duration will

not be reflected in the interpolation scheme (Marra et al., 2021). Henn et al. (2018) found that the

average difference in annual accumulation between several gage-based gridded datasets exceeds

200 mm/year in some areas in the Western US and that these datasets drastically underestimate

precipitation in high elevation basins, showing less annual total precipitation than streamflow. The

uncertainty appears to be worse in winter, higher elevation terrain, and in areas of lower gage

density (Gutmann et al., 2012; Jing et al., 2017).

The increase in annual precipitation on the windward slope caused by orographic uplift is well

documented and understood; however, at shorter durations orographically induced turbulence may

weaken rainfall intensity (Dallan et al., 2023). Resolving differences in subdaily orographic effects

has an impact on extreme value estimates of precipitation. Allamano et al. (2009) and Avanzi et al.
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(2015) describe a reverse orographic effect for hourly intensities of annual maximum events in the

Italian Alps. For shorter windows (1-3 hours) intensity decreases with elevation, but at longer du-

rations intensity increases with elevation. Marra et al. (2021) and Formetta et al. (2022) explored

sub-hourly windows further, finding that the reverse orographic effect persists for sub-hourly mean

annual maximum intensities, but its influence on 100-year events diminishes as the intensity win-

dow shortens. Terrain-driven turbulence disrupts updrafts and lowers the rainfall intensity captured

by a brief accumulation period; over longer accumulation periods, the organization of convective

cells by terrain is captured and increases the intensity (Formetta et al., 2022). Differences in inten-

sity trends at sub-daily durations is not captured by interpolated datasets.

This study focuses on the mountains of Colorado, an area with distinct and complex terrain

morphology as well as precipitation climatology. The complexity of this region likely contributes

to analogous conclusions from several studies on the terrain-precipitation relationship. Jarrett and

Costa (1988) found that in the Front Range the largest floods occur from orographically enhanced

convection at lower elevations. Jarrett (1993) used paleohydrologic methods to determine a signifi-

cant flood elevation limit of 2300 m throughout the Colorado Rockies, suggesting a corresponding

limit for extreme precipitation, confirmed by other regional studies (England et al., 2010; Javier

et al., 2007). However, Mahoney et al. (2015), using daily maximum accumulations from gage

records, found that extreme precipitation events occur at all elevations in Colorado. Rossi et al.

(2020) reconciled these findings, observing a weak negative correlation between elevation and

rainfall in the Front Range, while noting that other land surface variables more clearly explain the

flood-elevation relationship. Recent improvements in convection-resolving models and methods

to correct for radar beam blockage offer appealing opportunities to better capture the probability

of extreme event-scale precipitation in mountainous terrain (Lundquist et al., 2019; Zhang et al.,

2016).

Here, we compare patterns of precipitation across mountainous portions of Colorado produced

by several gridded datasets. Our objectives are to (1) compare datasets; (2) characterize relation-

ships between precipitation and elevation across regions and for different accumulation windows;
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(3) evaluate seasonality of these trends; and (4) compare these to gage-based precipitation fre-

quency studies. We focused on the median and 90th percentile of annual maximum hourly and

daily accumulations in several gridded datasets. Regional and temporal variability of the oro-

graphic effect were evaluated both by the spatial overlap of relatively high annual max hourly

and daily accumulations with prominent terrain features and with linear regression. Relationships

vary significantly by region and duration. Comparing results from precipitation frequency stud-

ies that rely on interpolated gage data with a model-derived precipitation dataset revealed marked

differences.

3.3 Data

Three datasets with hourly resolution were used to evaluate the influence of terrain on rain-

fall intensity and to understand the uncertainty of the findings. These sources include the four-

kilometer long-term Regional hydroclimate reanalysis over the conterminous United States

(CONUS404) (Rasmussen et al., 2023b), NOAA Analysis of Record for Calibration (AORC)

(NOAA National Weather Service, 2024), and Multi-Radar Multi-Sensor (MRMS)(Zhang et al.,

2016, 2020). The methods used to produce the datasets, the spatial resolutions, temporal consis-

tencies, biases, and data input types vary significantly.

CONUS404 has a 4-km resolution and was developed as a reanalysis type product for water

years 1980-2022, meaning that the methods used to develop the dataset are temporally consistent.

We removed the first five years of the dataset for our analysis (only including water years 1986-

2022) as Rasmussen et al. (2023a) identified this as their spin up period, or the time required for

the model to become physically consistent given the initial boundary conditions. The dataset was

developed by downscaling the European Center for Medium-Range Weather Forecasts (ECMWF)

version five of the atmospheric reanalysis of the global climate dataset (ERA5) using a convection-

permitting Weather Research and Forecasting (WRF) mesoscale model. Rasmussen et al. (2023a)

evaluate the resulting precipitation variable by its ability to capture climatology, the diurnal cy-

cle, various mesoscale convective systems (MCS) events, and hourly distributions of precipitation
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rates at various locations. In general the performance is favorable to benchmarks, with one notable

exception being its ability to capture the upper tail distribution of hourly rates in high elevation

areas (AORC seemed to perform slightly better in these locations). The authors suggest that the

spatial resolution fails to capture the influence of the highest topography. For winter precipita-

tion, CONUS404 performed well in comparison to SNOTEL sites throughout the west, achieving

a correlation coefficient of 0.914 for annual precipitation from water years 1986 through 2020

(Rasmussen et al., 2023a). The dataset was downloaded from the THREDDS server (Rasmussen

et al., 2023c).

Analysis of Record for Calibration (AORC) has a spatial resolution of 1 km and was developed

for a similar period as CONUS404, 1979-2023. However, data inputs vary significantly through

time. The most recent period from 2016 through 2023 includes disaggregation of daily precipita-

tion from the NOAA Climate Prediction Center (CPC) gage data and a Next Generation Weather

Radar (NEXRAD) Stage IV quantitative precipitation estimate (QPE) based on a radar mosaic

(Stage IV includes gage corrections and quality control) using mainly hourly Stage IV data (and

other radar, gage, and satellite data when Stage IV is unavailable). The lack of climatology data to

constrain the product during this period causes seasonal and regional error (Fall et al., 2023). At

the same time, significant improvements in radar-based quantitative precipitation estimates (QPE)

were made during this time period. This improves performance but adds temporal inconsistency.

The most important change for the region of interest is likely the gap-filling radar added to the net-

work in 2021 in Alamosa, CO (NSSL, 2024). Because the radar-based Stage IV is the primary data

input, AORC is subject to imperfect conversion from reflectivity to rain rate, ground clutter, and

beam blockage (a significant issue in Colorado’s mountains) (Berne and Krajewski, 2013; Maddox

et al., 2002). The dataset was accessed through the Registry of Open Data on AWS (NOAA, 2024).

Multi-Radar Multi-Sensor (MRMS) provides coverage of the United States and southern Canada

and includes several datasets. This study evaluates the radar-only 1-hr quantitative precipitation

estimate (QPE) developed using the surface precipitation rate product, a 2-minute precipitation

rate estimate from a mosaic of the Weather Surveillance Radar-1988 Doppler (WSR-88D) radar

35



network and out-of-network gap-filling radar with a spatial resolution of 1-km (Zhang et al., 2016,

2020). The product includes several quality controls and an evaporative correction from the Rapid

Refresh (RAP) model data (NOAA, 2024). All data were accessed through the Iowa Environ-

mental Mesonet MRMS archived daily data (Mesonet, Accessed 2023). MRMS faces the same

radar coverage limitations in mountainous areas mentioned earlier. Similar to AORC, this prod-

uct is also temporally inconsistent with several algorithm updates and additional data inputs such

as radar and gage sites. See https://inside.nssl.noaa.gov/mrms/code-updates for a detailed list of

modifications (NSSL, 2024). Version 12.0, operational in February 2021, introduced substantial

updates including a dual-polarization algorithm (Zhang et al., 2020), updates to the radar quality

index, additional data assimilation for gap filling purposes (Martinaitis et al., 2020). This version

update also included the Alamosa, CO radar site referenced above.

We limited comparison of results across datasets to the period 2016-2022, when AORC started

using Stage IV QPE as the primary input and when MRMS data is available. CONUS404 was

regridded from a projected grid to a rectilinear 4-km grid using bilinear interpolation. Datasets

were regridded to the 4-km CONUS404 grid using conservative interpolation which is recom-

mended when decreasing resolution to maintain local maxima (xESMF Developers, 2024). Radar

reflectivity conversions perform worse for freezing precipitation, so our analysis was limited to

June, July, and August for this comparison (Zhang et al., 2016). To examine long-term trends and

seasonal variability, the 1986–2022 CONUS404 dataset was analyzed separately.

CONUS404 90th percentile of annual hourly and daily maxima are also compared to two pre-

cipitation frequency studies, Atlas 14 (Perica et al., 2013) and the Regional Extreme Precipitation

Study (REPS) (NOAA Earth Systems Research Laboratory, 2018). REPS was developed for Col-

orado and New Mexico to update probable maximum precipitation for dam safety needs. Both

studies use the NWS Cooperative Observer Program’s (COOP) and SNOTEL station data as the

primary observation sources. Additionally, both studies use PRISM to produce a continuous grid.

Based on the record length of CONUS404, we limited comparison to the 10-year average recur-

rence interval, the lowest return interval for REPS. Although the percentile approach does not
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match the magnitudes produced by precipitation-frequency analyses that rely on extreme-value

distributions, it still captures comparable spatial patterns of intensity. The REPS dataset was ac-

cessed from RTI International (2024) and the Atlas 14 dataset was accessed from NOAA (2024).

These datasets were regridded to the CONUS404 grid using conservative interpolation.

3.4 Methods

The study area includes the mountainous area of Colorado, west of 104◦ longitude. To distin-

guish the effects of various hydroclimatic and topographic factors on annual maximum intensities,

the results were separated by river basins using hydrologic unit map level 2 (HUC2) codes, hence-

forth referred to as regions (Seaber et al., 1987). Figure 3.1 shows the separate regions and varying

topography within each region. Prominent topography is highlighted to assist in qualitative assess-

ment of where intensity increases within regions around particular terrain features.

Orographic precipitation is highly sensitive to wind direction and the geometry of mountains

(Picard and Mass, 2017). The regions may include morphology with drastically different oro-

graphic effects such as windward and leeward facing slopes in Region 14. The intent of separating

regions is not to perfectly delineate orographic influences, but to sample the varying orographic

effects throughout the vastly complex state.

To compare spatial patterns throughout the state, we calculated the median of the annual

maxima of hourly and daily precipitation accumulations for each grid cell for summer months.

CONUS404 was evaluated during all seasons from 1986 through 2022, separated by Decem-

ber through February (DJF/winter), March through May (MAM/spring), June through August

(JJA/summer) and September through November (SON/fall). The 90th percentile of the annual

maxima (for the entire calendar year) of CONUS404 was calculated at each grid cell for compari-

son with the 10-year recurrence interval values from Atlas 14 and REPS.

The influence of topography on rainfall at different temporal scales was evaluated at hourly

and daily accumulation windows. Changing the accumulation window shows how the orographic

effect is sensitive to the temporal scale. Linear regression was used to explore general trends
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Figure 3.1: Terrain within the study area with relevant features highlighted. HUC2 boundaries used to

evaluate regional differences are shown with black lines.
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between elevation and intensity. Elevation data was sourced from the NASA Shuttle Radar Topog-

raphy 1-arc second dataset (NASA Jet Propulsion Laboratory, 2022). The dataset was regridded to

CONUS404 using bilinear interpolation to produce the area weighted mean elevation for each grid

cell.

3.5 Results

3.5.1 Precipitation differences across datasets

Median annual maximum hourly and daily accumulation values are mapped to observe spa-

tial patterns and compare differences across accumulation time windows, datasets, seasons, and

precipitation frequency studies. Normalized median maximum accumulations for the three grid-

ded datasets during JJA for 2016 through 2022 are mapped in Figure 3.2. Median accumulations

for each grid cell are normalized by minimum and maximum median values for each dataset and

HUC2 river basin. Normalization shows where precipitation is relatively high for the region, ac-

cording to each dataset, and allows for comparison across hourly and daily accumulations. Hourly

and daily accumulations are compared to understand how the location of relatively high precipita-

tion shifts spatially in the region with a longer time window. Prominent terrain is outlined in white

dashed lines to show which features overlap with relatively higher precipitation.

Several differences between datasets are evident in Figure 3.2. CONUS404 relatively high

daily accumulations align with most terrain features. The Front Range in particular shows a clear

increase in relatively high precipitation at higher elevations for daily accumulations. MRMS values

in higher terrain, especially in Region 10 and 14, are clearly impacted by the distance from the radar

sites and the beam blockage caused by mountains. AORC appears to be influenced by the quality

of radar coverage as well, but to a lesser extent for daily accumulations, with higher values in areas

like the Front Range and San Juans.

Dots represent the normalized median annual maximum hourly and daily accumulation amounts

for the CoAgMET gages, colored with the same scale as the map (Colorado State University, Ac-

cessed 2023). Only gages that recorded during years 2016-2022 were used; this included a total
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Figure 3.2: Normalized median annual maximum 1-hour and 24-hour precipitation accumulations for JJA

covering 2016-2022. Accumulation amounts are normalized using the minimum and maximum median

accumulations for each dataset and HUC2 region. Scatter points represent the normalized CoAgMET gage

values for the same season and time period, with gages also normalized by HUC2 region (outlined in red).

Terrain features are outlined by dashed white lines.

of 66 gages. There is some consistency between gage values and the gridded data. However, con-

siderable variability exists between gages in similar locations—see the hourly values in the cluster

in the northeast part of the study area. This variability may be due to the small sample size within

each region. Another limitation in this comparison is that the locations of gages are limited to areas

of low terrain. The mean elevation of this sample of gages is 1896 m, whereas the mean elevation

of the study area is 2387 m.

The non-normalized median accumulation values for the three datasets are mapped in Figure

3.3 to compare magnitudes across datasets. Figure 3.3 shows that, relative to the other datasets,

CONUS404 underestimates hourly accumulations east of the Continental Divide, especially at

lower elevations and around the Palmer Divide. Higher elevation parts of the Front Range are sim-

ilar for non-normalized values across datasets, corroborating the relatively higher values at higher

elevations observed by CONUS404. Compared to CONUS404, AORC and MRMS underestimate

annual maximums west of Continental Divide for hourly and daily accumulations, especially at
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higher elevations. Artifacts of the River Forecast Center quality control of NEXRAD Stage IV

data are evident in AORC, resulting in abrupt changes in magnitude along HUC2 region bound-

aries, particularly near the Continental Divide.
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Figure 3.3: Comparison of median annual maximum 1-hr and 24-hr precipitation accumulations for JJA for

three gridded datasets for 2016-2022. Terrain features are outlined by dashed red lines. Values above 20

mm for the hourly accumulation or 40 mm for daily are shown in white.

3.5.2 Seasonal variability in precipitation

Figure 3.4 shows the median annual maximum hourly and daily accumulations for CONUS404

separated by season, and normalized by region. The analysis uses CONUS404 data from years

1986-2022 to assess differences in annual maxima across seasons. The spatial patterns observed for

JJA during 2016-2022 (see Figure 3.2) are similar to the JJA map from the longer record, indicating

that the 2016-2022 period provides a sufficient sample to capture spatial patterns in median annual

maxima. Although the higher relative values for the longer record are more spatially distributed

for hourly accumulations, and more concentrated at higher elevations for daily accumulations,

especially throughout the Front Range.
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The distribution of normalized annual maxima varies notably by season. Clear terrain-related

patterns emerge depending on the accumulation window and season: for example, higher relative

values shift towards higher terrain in the Front Range (including the Pikes Peak region) for daily

accumulations during MAM and JJA. The Wet Mountains show a strong daily signal in MAM and

SON. And the Sawatch Range (along with the Park Range) sees higher relative daily values in

DJF compared to other seasons. Terrain exerts a clear influence on annual maximum precipitation

accumulations during all seasons, with the effect being more pronounced on daily timescales.
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Figure 3.4: Normalized median of annual maximum 1-hr and 24-hr precipitation accumulations for

CONUS404 for all seasons for longer record (1986-2022). Accumulation amounts are normalized with

the minimum and maximum median accumulations for each season and HUC2 region (outlined in red).

Terrain features are outlined by dashed white lines.

3.5.3 Comparison to precipitation frequency studies

Figure 3.5 compares the 90th percentile of annual maximum hourly and daily accumulations

for years 1986-2022 of the CONUS404 dataset to the 10-year average recurrence interval hourly

and daily accumulation values from REPS and Atlas 14. Values are normalized by HUC2 region.

Although the precipitation frequency studies are spatially smoother due to the methods used in

producing gridded products from gage observations (see NOAA Earth Systems Research Labora-

tory (2018) and Perica et al. (2013)) there are similarities in the locations of relatively higher values.
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The REPS hourly values appear to be limited by elevation, similar to CONUS404, especially along

the Front Range and Sawatch. Contrastingly, Atlas 14 hourly values are relatively higher in higher

terrain features. REPS shows a significantly higher area in Region 13 on the eastern side of the

San Juans, this may be caused by lower station density and interpolation methods.

Daily values in Regions 13 and 14 are similar for all datasets, with Atlas 14 appearing to be

more smoothed out in higher parts of Region 14, with the exception of the San Juans. The clusters

of higher values along the Front Range and Pikes Peak in CONUS404, also shown in median

values for MAM and JJA in Figure 3.4, do not appear in REPS or Atlas 14. The daily values in the

Wet mountains and around the Palmer Divide appear to be higher for REPS and Atlas 14.
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Figure 3.5: Normalized CONUS404 90th percentile of annual maxima and 10-year average recurrence

interval for REPS and Atlas 14 for hourly and daily accumulations. Accumulation values are normalized

with the minimum and maximum amounts for each dataset and HUC2 region (outlined in red). Terrain

features are outlined by dashed white lines.

The non-normalized values for the 90th percentile of annual max hourly and daily accumu-

lations for CONUS404 and the 10 year recurrence interval for REPS and Atlas 14 are shown in

Figure 3.6. The non-normalized values help distinguish where differences occur between datasets

irrespective of large outliers in the region. REPS and Atlas 14 values are clearly lower than the
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higher intensity areas that CONUS404 shows along the higher elevation areas on the Front Range

(including Pikes Peak) for daily accumulations. The lower values in Figure 3.5 along the Wets and

Palmer Divide for daily CONUS404 values appear to be more similar to REPS and Atlas 14 in

Figure 3.6. CONUS404 shows lower hourly values compared to both REPS and Atlas 14, which

may be due to its use of hourly accumulated precipitation based on fixed, non-overlapping time

windows.

38

39

40 10

1113

14
10

1113

14
10

1113

14

108 107 106 105

38

39

40 10

1113

14

108 107 106 105

10

1113

14

108 107 106 105

10

1113

14

0
5
10
15
20
25
30
35
40

1h
r a

cc
um

, m
m

0
10
20
30
40
50
60
70
80

24
hr

 a
cc

um
, m

m

1-
hr

24
-h

r

CONUS404 REPS ATLAS 14

Figure 3.6: CONUS404 90th percentile of annual hourly and daily maxima and 10-year average recurrence

interval for REPS and Atlas 14. Terrain features are outlined by dashed red lines. Values above 40 mm for

the hourly accumulation or 80 mm for daily are shown in white.

3.5.4 Elevation-precipitation regression

Linear regression is used to explicitly examine the relationship between precipitation intensity

and elevation. The slope resulting from this regression is shown in Tables 3.1 through 3.3. To

compare values across time windows, datasets, and regions the normalized slope is also shown.

Normalized slopes are bold and underlined where the daily slope is lower than the hourly slope,

to highlight where the relationship deviates from the general trend of a stronger orographic effect
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with a longer (daily) timestep. The p-value associated with the slope is marked with an asterisk

when it meets the 0.05 significance threshold, based on a hypothesis test where the null hypothesis

states that the slope is zero.

Figure 3.7 displays the linear regression for each gridded dataset for JJA. The elevation at

each grid cell is regressed with the median annual maximum hourly and daily accumulations.

Generally, slopes are negative in Regions 10 and 11 and positive in 13 and 14. The magnitude

and trends between datasets are significantly different. MRMS and AORC slopes are lower or

more negative for all regions, which is likely caused by beam blockage at higher elevations. For

comparison, the longer CONUS404 record for JJA is also plotted, showing a similar slope to the

shorter 2016–2022 period. The R2 values (shown in Table 3.1) are generally low, which is expected

given the variability in the data. The p-value tends to be small even when the regression appears to

be a poor fit, likely due to the large sample size. Error bars show the inter-quartile range of median

accumulation for elevation in 100 m bins. The error bars, especially for Regions 10 and 11 and

non-CONUS404 data, indicate that elevation and accumulation are not linearly related; the map

corroborates this, showing clusters of higher intensity rather than a smooth gradient with changing

elevation.

Figure 3.8 shows the trends in median annual hourly and daily accumulations with elevation for

CONUS404 separated by season. Again, the elevation at each grid cell is regressed with the median

max annual hourly and daily accumulation at each grid cell. For all seasons and regions, the slopes

shown in Table 3.2 become less negative or increase in magnitude for the longer accumulation

window, with the exception of winter in Region 10 and 13. The slopes are more variable in Regions

10 and 11 across time windows and seasons. Regions 10 and 11 exhibit lower R2 values than

Regions 13 and 14, and their R2 declines when moving from hourly to daily durations; in contrast,

in Regions 13 and 14 R2 values increase from hourly to daily durations.

Figure 3.9 compares the linear relationship between annual precipitation extremes and eleva-

tion for CONUS404 and the precipitation frequency studies. The elevation at each grid cell is

regressed with the 90th percentile of the annual maximum hourly and daily accumulations or the
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Figure 3.7: Linear regression between median annual maximum hourly and daily accumulation for JJA and

elevation for the period 2016-2022 for each gridded dataset. The longer record (ER, years 1986-2022) for

CONUS404 for JJA is also plotted for comparison. Error bars show the inter-quartile range for the median

of annual maximum 1-hr and 24-hr precipitation for grid cells within 100 m elevation bins.
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Table 3.1: Comparison of dataset regression statistics for 1-hour and 24-hour windows by HUC2. Asterisks

indicate p-values < 0.05. Normalized slopes are bold and underlined where the daily slope is lower than the

hourly slope.

HUC2 Dataset
Slope (mm/km) Norm Slope R2 p-value

1hr 24hr 1hr 24hr 1hr 24hr 1hr 24hr

10

MRMS -7.50 -9.17 -0.19 -0.11 0.46 0.33 0.000* 0.000*

AORC -5.02 -4.17 -0.20 -0.10 0.43 0.16 0.000* 0.000*

CONUS404 -2.68 0.15 -0.12 0.01 0.23 0.00 0.000* 0.352

CONUS ER -2.80 -0.24 -0.21 -0.01 0.44 0.00 0.000* 0.058

11

MRMS -8.78 -11.83 -0.20 -0.16 0.47 0.34 0.000* 0.000*

AORC -6.10 -5.84 -0.17 -0.12 0.44 0.20 0.000* 0.000*

CONUS404 -3.44 -1.26 -0.12 -0.03 0.27 0.01 0.000* 0.000*

CONUS ER -2.95 0.25 -0.21 0.01 0.45 0.00 0.000* 0.128

13

MRMS -0.96 0.09 -0.04 0.00 0.01 0.00 0.000* 0.844

AORC -1.17 3.03 -0.08 0.11 0.04 0.08 0.000* 0.000*

CONUS404 1.94 11.79 0.17 0.36 0.22 0.66 0.000* 0.000*

CONUS ER 1.78 11.59 0.27 0.47 0.42 0.87 0.000* 0.000*

14

MRMS -0.53 -0.25 -0.02 -0.01 0.01 0.00 0.000* 0.035*

AORC 0.15 3.80 0.01 0.13 0.00 0.24 0.000* 0.000*

CONUS404 2.11 8.55 0.15 0.21 0.33 0.54 0.000* 0.000*

CONUS ER 1.72 8.42 0.18 0.23 0.38 0.61 0.000* 0.000*

Table 3.2: Comparison of seasonal regression statistics for 1-hour and 24-hour windows by HUC2. Aster-

isks indicate p-values < 0.05. Normalized slopes are bold and underlined where the daily slope is lower

than the hourly slope.

HUC2 Season
Slope (mm/km) Norm Slope R2 p-value

1hr 24hr 1hr 24hr 1hr 24hr 1hr 24hr

10

DJF 0.48 4.90 0.14 0.11 0.38 0.33 0.000* 0.000*

JJA -2.80 -0.24 -0.21 -0.01 0.44 0.00 0.000* 0.058

MAM -1.35 -2.26 -0.21 -0.06 0.55 0.04 0.000* 0.000*

SON -0.31 1.13 -0.08 0.04 0.09 0.05 0.000* 0.000*

11

DJF 0.40 4.98 0.12 0.19 0.19 0.42 0.000* 0.000*

JJA -2.95 0.25 -0.21 0.01 0.45 0.00 0.000* 0.128

MAM -0.62 1.09 -0.11 0.03 0.19 0.01 0.000* 0.000*

SON -0.13 2.70 -0.02 0.10 0.01 0.18 0.000* 0.000*

13

DJF 1.69 20.04 0.43 0.35 0.69 0.57 0.000* 0.000*

JJA 1.78 11.59 0.27 0.47 0.42 0.87 0.000* 0.000*

MAM 1.00 12.71 0.29 0.42 0.49 0.72 0.000* 0.000*

SON 1.36 15.13 0.31 0.38 0.46 0.68 0.000* 0.000*

14

DJF 0.63 10.61 0.16 0.18 0.20 0.39 0.000* 0.000*

JJA 1.72 8.42 0.18 0.23 0.38 0.61 0.000* 0.000*

MAM 0.86 9.35 0.23 0.25 0.52 0.69 0.000* 0.000*

SON 0.58 8.04 0.12 0.18 0.11 0.39 0.000* 0.000*
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Figure 3.8: Linear regression between median annual maximum hourly and daily accumulation and eleva-

tion, separated by season, for CONUS404 for years 1986-2022.
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10 year recurrence value at each grid cell. Trends are similar to those shown in Figure 3.8. For all

datasets, slopes shown in Table 3.3 are negative across Regions 10 and 11, but positive in Regions

13 and 14. In Regions 10 and 11, the slopes approach zero and values are more variable for daily

accumulations. In Regions 13 and 14 the slopes become more positive and values are more vari-

able for daily accumulations. Atlas 14 shows a smaller hourly-to-daily slope gap than CONUS404

or REPS, consistent with its higher hourly values in Figure 3.5.
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Figure 3.9: The linear relationship between the 90th percentile of the annual maximum hourly and daily

accumulation and 10-year average recurrence interval versus elevation for CONUS404 for years 1986-2022,

REPS, and Atlas 14.
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Table 3.3: Comparison of CONUS404 and precipitation frequency study regression statistics for 1-hour and

24-hour windows by HUC2. Asterisks indicate p-values < 0.05. Normalized slopes are bold and underlined

where the daily slope is lower than the hourly slope.

HUC2 Dataset
Slope (mm/km) Norm Slope R2 p-value

1hr 24hr 1hr 24hr 1hr 24hr 1hr 24hr

10

ATLAS 14 -6.89 -9.87 -0.27 -0.18 0.59 0.38 0.000* 0.000*

REPS -9.45 -6.06 -0.42 -0.13 0.81 0.21 0.000* 0.000*

CONUS404 -8.26 -4.49 -0.25 -0.07 0.64 0.06 0.000* 0.000*

11

ATLAS 14 -6.46 -5.00 -0.22 -0.08 0.50 0.10 0.000* 0.000*

REPS -9.67 -3.90 -0.42 -0.07 0.89 0.08 0.000* 0.000*

CONUS404 -7.65 -4.06 -0.25 -0.05 0.61 0.05 0.000* 0.000*

13

ATLAS 14 8.10 34.15 0.34 0.48 0.56 0.80 0.000* 0.000*

REPS 7.98 29.94 0.52 0.37 0.68 0.81 0.000* 0.000*

CONUS404 1.40 23.75 0.13 0.35 0.11 0.57 0.000* 0.000*

14

ATLAS 14 2.78 11.07 0.13 0.16 0.18 0.42 0.000* 0.000*

REPS 0.72 14.74 0.04 0.19 0.04 0.54 0.000* 0.000*

CONUS404 0.62 13.86 0.04 0.18 0.02 0.38 0.000* 0.000*

3.6 Discussion

3.6.1 Regional precipitation intensity trends

There are distinct trends in precipitation magnitude with elevation across the four river basins.

In the Colorado (Region 14) and Rio Grande (Region 13) river basins, CONUS404 shows relatively

higher precipitation at higher elevations for all seasons for both hourly and daily durations (see

Figure 3.4) and a positive slope for the regression with elevation (see Figure 3.8). The Missouri

(Region 10) and Arkansas (Region 11) river basins are more variable. With the exception of winter,

slopes in these regions are negative or close to zero.

For JJA, MRMS and AORC show similar patterns to CONUS404 in Regions 10, 11, and 13

with some differences at the highest elevations likely caused by beam blockage (see Figure 3.2).

Despite the well-known limitations of radar-based precipitation estimates in complex terrain, sev-

eral mountainous areas have median annual maxima comparable to CONUS404, such as the Front

Range, and the lower Arkansas including Pikes Peak and the Wets (see non-normalized map, Fig-

ure 3.3). MRMS values are clearly impeded by complex terrain in Region 14, while AORC seems

to match CONUS404 more closely in this region.
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Linear regression slopes are similar in sign and magnitude between CONUS404, REPS, and

Atlas 14 (see Figure 3.9). However, there are important differences in the location of higher pre-

cipitation around specific terrain shown in the map (Figure 3.6). The Front Range and Pikes Peak

in particular show several clusters of higher precipitation in higher elevations in daily CONUS404

that appear to be missed by REPS and Atlas 14. Daily MRMS and AORC align more closely with

these areas of higher intensity (see Figure 3.3). The potential underestimation of daily extremes

by precipitation frequency studies in this area is particularly consequential due to its proximity to

dense population areas.

Local orographic enhancement has been shown in other studies. Banta and Schaaf (1987) used

satellite data to identify the locations of thunderstorm initiation throughout Colorado, they found

thunderstorms tend to initiate in clusters around the state. Using higher resolution satellite data,

Schaaf et al. (1988) found specific terrain features and flow conditions that led to thunderstorms

in the Sangre de Cristo mountains. Mazzoglio et al. (2022) found local terrain morphology more

useful as a regressive predictor of annual rainfall extremes in Italy than elevation alone.

Other studies have found spatial error in longer accumulations across interpolated datasets

(Henn et al., 2018). Figure 3.10 shows the difference in the mean seasonal accumulation for years

1986 to 2022 between PRISM and CONUS404. The dataset was downloaded from the PRISM

Climate Group FTP system (PRISM Climate Group, 2025). The top row shows the absolute dif-

ference and the bottom row shows the mean relative error (with respect to CONUS404). The

difference between datasets is significant, with relative error larger than 25% of the mean seasonal

accumulation of CONUS404 for large areas of the state for all seasons. Seasonal accumulation of

CONUS404 shows similar clusters of heavy precipitation along the Front Range that were shown

in daily accumulations. The values in these clusters are significantly higher than PRISM estimates.

A comparison of two convection permitting WRF simulations with important differences in model

setup (including boundary conditions, run time periods, and physical schemes) to PRISM seasonal

accumulations resulted in similar bias in higher elevations (Jing et al., 2017). This suggests that

the uncertainty in seasonal accumulation is more likely caused by interpolation errors and/or gage
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under-catch than from the modeled precipitation. The models used in this study have the same

spatial resolution as CONUS404 and one has the same boundary conditions.
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Figure 3.10: Absolute error (top) and mean relative error (bottom, CONUS404-PRISM/CONUS404) for the

mean seasonal accumulation for years 1986-2022. HUC2 regions are outlined in black and terrain features

are outlined in red.

Spatial patterns of relatively high median annual max daily precipitation shown by CONUS404

during summer months are compared to lightning frequency in Figure 3.11. Although ground light-

ning sensors have several sources of error (Zhu et al., 2020), and the relationship between rainfall

and lightning is highly variable (Wu et al., 2017), the data provides a useful comparison to verify

locations of higher rainfall intensity. The World Wide Lightning Location Network (WWLLN)

monthly thunder hour dataset was used to map the median accumulated summer thunder hours for

2013 through 2023 (Virts and Holzworth, 2025). A thunder hour is defined as two sensors observ-

ing ground strokes within 15 km from the grid cell. The dataset is half degree resolution, and was

regridded to the CONUS404 4-km grid with conservative interpolation. The daily JJA CONUS404

median accumulation map (Figure 3.4) matches lightning frequency more closely than hourly ac-

cumulation, suggesting that there is convective organization occurring throughout the study area.
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Lightning is more frequent at the higher elevations of the Front Range and Pikes Peak, supporting

the high-intensity patterns highlighted by CONUS404.
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Figure 3.11: Normalized median of annual maximum daily precipitation accumulations for CONUS404

during JJA for 1986-2022 (left). And normalized thunder hours during JJA for 2013-2023 (right). Accumu-

lation and thunder hours are normalized with the minimum and maximum median values for each HUC2

region (outlined in red). Terrain features are outlined by dashed white lines.

Hodanish et al. (2019) created a climatology of lightning density from cloud to ground stroke

observations from years 1996 to 2016 throughout Colorado using the National Lightning Detection

Network (NLDN). They also observed higher lightning density at higher elevation areas in the

Front Range and Pikes Peak. Generally, they found that stroke density increases with elevation

but is limited when surrounding mountains block moisture. For example, moisture in the upper

Arkansas river basin is blocked by the San Juans to the west and the Wets to the east, explaining the

lower accumulations in higher elevation areas in Region 11. Hodanish et al. (2019) also provide

explanations for patterns in lightning density based on known interactions between atmospheric

conditions and terrain. Most notably, additional instability during warmer months combined with

the increased moisture from the North American Monsoon fuels the summertime spike in lightning

activity, especially along the southern San Juans.

Differences in the relationship between annual precipitation extremes and elevation across re-

gions suggest that there is not a clear elevation limit to extreme rainfall in Colorado that can explain

53



differences in flood history. Rossi et al. (2020) gave three explanations for the flood elevation limit

in Colorado: lower rainfall intensity at higher elevations, higher likelihood of freezing precipita-

tion at higher elevations, and variability in land surface variables. Using gage data, they found a

non-significant downward trend in storm intensity with elevation in the South Platte. CONUS404

shows that the relationship between intensity and elevation is not uniform throughout the state and,

depending on the region, may have a significant effect on flood potential.

3.6.2 Time dependence of orographic effect

The relationship between elevation and annual max intensity is dependent on the duration of

the accumulation window. This is shown across datasets, seasons, and river basins (see Figures 3.7

through 3.9). In Regions 10 and 11 the relationship, shown by regression, is negative for hourly

durations then shifts to a more variable and non-linear relationship for daily durations. In Regions

13 and 14 the relationship is less positive and more variable for hourly durations then increases

for daily durations. This shift is clear in the regression for CONUS404 across seasons (except for

winter in Regions 10 and 13), REPS, and Atlas 14 (except for REPS Region 13). The regression for

MRMS and AORC consistently shows a negative relationship with elevation due to radar blockage.

Regions 13 and 14 appear to have a more gradual shift of relatively higher precipitation to

areas of higher terrain for daily durations, whereas Regions 10 and 11 show higher precipitation at

specific terrain features for daily durations. This illustrates why the linear regression performance

changes across regions, likely reflecting differences in flow regimes, moisture availability, and

terrain morphology.

Javier et al. (2007) observed the influence of terrain on the temporal organization of precip-

itation for JJA in Region 11. They evaluated 66 storms with radar precipitation estimates, and

found that convective storms tend to initiate at higher elevations (most often around Pikes Peak

and the Wets) then propagate eastward where storms become more organized. This general trend

aligns with the median annual max daily CONUS404 values as well as REPS and Atlas 14 daily

values (see Figure 3.6). However, analyses of annual maximum hourly and daily rainfall in other
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regions suggest that patterns in the location of storm initiation and direction of propagation relative

to terrain varies across the state.

The hourly values for Atlas 14 are higher than REPS and CONUS404 at higher elevations. This

suggests Atlas 14 does not capture the temporal variability caused by terrain. Convection permit-

ting models have also been shown to underestimate the reverse orographic effect, overestimating

shorter duration extremes (Dallan et al., 2023). Additional analysis is required to understand the

extent to which CONUS404 resolves turbulence and terrain features related to the decrease in the

orographic effect at shorter durations.

3.7 Conclusion

A recently developed high resolution convection permitting reanalysis dataset (CONUS404) is

used to re-evaluate the orographic impact on annual maximum precipitation intensity throughout

Colorado. CONUS404 is temporally consistent, spans several decades, and seems to perform

well in all seasons (Rasmussen et al., 2023b). Results were compared to radar-based precipitation

estimates in the four major river basins in Colorado as well as a recently developed precipitation

frequency study (REPS) and Atlas 14. There is a downward trend with elevation in the Missouri

and Arkansas River Basins that is more significant for hourly than daily durations. And there is a

upward trend with elevation in the Colorado and Rio Grande River Basins that is more significant

and more positive for daily than for hourly durations. The radar-based datasets struggle to capture

this due to beam blockage, especially in the Colorado River Basin. Precipitation frequency studies

miss the high-accumulation clusters along the Front Range and Pikes Peak seen in CONUS404

daily data, likely due to sparse gages and terrain complexity. Compared to other datasets, Atlas

14 appears to overestimate hourly accumulations in higher terrain, suggesting it does not represent

the reverse orographic effect adequately.

While CONUS404 generally aligns with lightning climatology and precipitation frequency

studies, its capacity to capture the true spatiotemporal variability of precipitation in complex terrain

is not clear. Uncertainty can be quantified by comparing convection permitting models (Adhikari
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et al., 2024; Jing et al., 2017). Several studies have estimated true error indirectly with stream

gages through highly calibrated hydrologic models (Moreno et al., 2012; Liao and Barros, 2023).

These methods can be used to understand the accuracy of model-based precipitation estimates in

complex terrain where limited observations exist.

These findings caution against the use of interpolated datasets or precipitation frequency stud-

ies based on interpolation for specific regions and shorter timescales in mountainous areas. The

influence of terrain on precipitation varies considerably across Colorado, and also varies by season

and timescale. Linear regression methods that overlook these nuances may fail to capture the full

impact of terrain on precipitation extremes. Changes to the climate of Colorado could have sig-

nificant implications for runoff and the potential for flooding (Bolinger et al., 2023). Accurately

capturing precipitation extremes at the event scale is essential for characterizing changes to future

flooding in the mountains.
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Chapter 4

Effectiveness of mulching under varying rainfall

intensity on steep slopes3

4.1 Summary

Wildfires alter the runoff and erosion potential of watersheds through the removal of vegetation

and alteration of soil physical and chemical properties. Various soil and water conservation prac-

tices have been used to attempt to mitigate these post-fire hazards. Field and lab experiments have

shown that organic cover material, such as mulch, can be effective at specific application rates.

However, results vary significantly based on environmental factors, many of which have not been

thoroughly tested. The substantial cost of mulching over large burn areas has driven continued

interest in developing a fully quantitative approach to planning mulching operations. Although

rainfall is the primary driver of post-wildfire runoff and erosion, its influence on the effectiveness

of cover treatments has yet to be thoroughly evaluated. Field studies typically assess the influence

of precipitation using long-term accumulations, while laboratory rainfall simulations often rely

on uniform intensities. Non-uniform rainfall profiles can result in significantly higher runoff and

erosion rates compared to uniform intensities. In this study, we use a rainfall simulator capable

of generating time varying intensity profiles similar to natural rainfall observed by gages in the

mountains of Colorado. We examine the effects of time-varying rainfall intensity on both mulched

and bare soil on a steeply sloped flume. The effectiveness of mulch varies markedly between fluc-

tuating rainfall intensities and a steady intensity. The wood mulch treatment failed to significantly

reduce total runoff under time-varying rainfall, though it did under constant rainfall. Erosion rates

were reduced with mulch for all rainfall events, despite the increasing intensity rain event causing

significantly more erosion on bare soil.

3A version of this chapter has been submitted to Earth Surface Processes and Landforms.
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4.2 Introduction

Wildfire-induced vegetation loss and soil changes can rapidly alter a watershed’s runoff and

erosion dynamics (Shakesby and Doerr, 2006). These changes vary with the intensity of the fire,

along with the existing soil and vegetation types, and can influence several factors affecting soil

erodibility and infiltrability. Specific changes to the soil include aggregate instability, soil sealing,

and water repellency (DeBano, 2000; Varela et al., 2010; Ebel et al., 2022), while the vegetation re-

moval dramatically impacts interception and increases splash erosion (Vieira et al., 2018). Changes

to the soil composition and the vegetative cover removal can result in debris flows from relatively

common storms and flooding that exceeds historic records prior to the burn (Moody et al., 2013;

Cannon et al., 2008).

Post-fire hazards have been mitigated with various soil and water conservation practices. Cover

treatments and barriers have been used in many contexts to reduce runoff and erosion including

in construction sites, agricultural lands, rangelands, and burn scars (Fan et al., 2023). Several

post-wildfire studies show that cover treatments, specifically wood and straw mulching, most ef-

fectively limit soil erosion and runoff (Girona-García et al., 2021). As a result, mulching has

become a widely adopted practice following wildfires (Robichaud et al., 2013a).

Mulching decreases runoff and erosion through several complementary mechanisms. The ma-

terial itself is absorptive and provides additional storage for rainfall, decreasing runoff (Prats et al.,

2017). The surface cover also prevents direct impact of raindrops or splash erosion (Faucette et al.,

2004; Foltz and Wagenbrenner, 2010). The protection from raindrops can prevent soil sealing,

which is common in fire affected soils and can significantly reduce infiltration (Faucette et al.,

2004; Larsen et al., 2009). At the hillslope and watershed scale, mulch increases roughness and

diverts overland flow, dissipates its energy, and lowers sediment transport capacity (Foltz and Wa-

genbrenner, 2010; Fernández et al., 2020). Pieces of mulch can create barriers to sediment move-

ment and cause localized deposition (Foltz and Copeland, 2009). By impeding overland flow and

introducing small surface barriers, mulch promotes shallow ponding; the resulting rise in soil pres-

sure head enhances infiltration (Montenegro et al., 2013; Prats et al., 2017). Over time, mulch can
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promote faster vegetation regrowth in arid regions by retaining soil moisture (Fernández and Vega,

2016).

In mountainous terrain, straw mulch is easily blown down slope and may introduce non-native

seeds, whereas wood mulch is more wind-stable and seed-free (Robichaud et al., 2013b; Copeland

et al., 2009). In some locations, wood is more readily available (Dooley, 2003). Additionally, sev-

eral studies have shown that wood mulch reduces runoff and erosion as effectively as straw mulch

when applied at the same surface cover percentage (Robichaud et al., 2013b; Dooley, 2003; Girona-

García et al., 2021). There is some evidence that wood mulch is more effective on fine-grained soils

(Yanosek et al., 2006). For these reasons, wood mulch is typically favored for post-wildfire recov-

ery, but it has been studied less than straw mulch because straw sees broader use in agriculture and

construction (Girona-García et al., 2021). This study uses wood mulch on a steep slope to further

explore its effectiveness for wildfire applications in a mountainous environment.

Rainfall is the primary cause of runoff and erosion after a wildfire, but it is difficult to accurately

measure precipitation in the mountains at high resolution, and hydrologic models commonly used

in post-fire studies fail to fully integrate spatiotemporally varying rainfall (Lundquist et al., 2019;

Ebel et al., 2023; Collar et al., 2025). Rainfall variability remains a large source of uncertainty

in the effectiveness of mulch (Vieira et al., 2018; Robichaud et al., 2013a; Girona-García et al.,

2021). Rainfall simulations conducted on small field plots or laboratory flumes offer the potential

to vary rainfall profiles and observe their complete impact on runoff response and sediment yield

(Dunkerley, 2021). The sequence of a storm’s intensity can drive peak and total runoff and erosion

amounts. If the high intensity rainfall occurs earlier in an event, the soil is drier and absorbs more

rainfall; if high intensity occurs later, infiltration is lower because soil has been wetted by preced-

ing rainfall and more runoff occurs (Dunkerley, 2021). Early low-intensity rain can break down

aggregates, fill depressions, and prime the surface for connected flow paths, so later high-intensity

pulses trigger more ponding, rilling, and erosion (Dunkerley, 2012, 2019, 2021).

The influence of rainfall variability on bare soils has been studied outside of mulching, although

there are conflicting results with different soils and moisture conditions (Dunkerley, 2012; Parsons
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and Stone, 2006). Montenegro et al. (2013) applied different intensity profiles on mulched soils

using a rainfall simulator, finding no significant difference between varying and constant rainfall

for total runoff. However, because these events were sequential, the impact of the later pulse was

likely influenced by antecedent conditions. Moreover, by using straw mulch on a gentle 10% slope,

the study’s findings have limited applicability to steep, burned mountain terrain.

In this study, we evaluate the effectiveness of wood mulch on a steep slope under varying

rainfall. Rainfall simulations on small plots and laboratory flumes cannot capture every hillslope

nuance, but they do allow precise control over rainfall intensity, rainfall timing, soil type, and

slope. Our objectives are to (1) compare the influence of constant, decreasing, and increasing rain-

fall profiles on runoff and erosion;(2) compare the influence of different rainfall profiles under dry

(stand-alone event) conditions and in sequence to understand the influence of antecedent moisture

on runoff and erosion; and (3) directly compare results to past studies for wood mulch and rainfall

profiles. Because large-scale mulching operations are expensive, there is an interest in develop-

ing more quantitative methods for determining the effective mulch application rate (Girona-García

et al., 2023). The temporal variability of rainfall has been shown to be more important than time

since fire, and incorporating this factor will likely improve estimates of the required mulch appli-

cation (Ebel, 2020).

4.3 Methods

4.3.1 Rainfall simulator setup and soil

A schematic of the rainfall simulator setup is shown in Figure 4.1. The flume bed used for

experiments is 92 cm wide and 278 cm long with a depth of 20 cm. Subsurface drainage flows

freely through a grate covered by geotextile fabric in the bottom 40 cm of the flume and surface

runoff is directed to a tapered funnel at the bottom of the flume to collect samples. The flume

is connected to the frame by a center pivot, allowing for slope adjustment. The slope is set to

38%, a steep slope to represent mountainous conditions where mulch will be used. Similar rainfall
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simulator setups have been used in several mulch effectiveness studies (Abrantes et al., 2018;

De Lima et al., 2019; Prats et al., 2018, 2017; Montenegro et al., 2013).

Figure 4.1: Setup of rainfall simulator and key components of flume.

The image in Figure 4.2 shows the simulator in the hydraulics laboratory at Colorado State

University. Three nozzles (see section 2.3 for more detail on nozzles and rainfall) positioned

downward above the center of the flume are connected to a three way hose splitter with a valve

shutoff and flow regulator that sets the desired intensity. Nozzles are set to a height of 2.8 m from

the center of the flume to expose the flume to the maximum possible spray coverage (reached

at 2.1 m according to Spraying Systems Co.). The metal gutter shown in the image is used to

collect samples. Nozzle performance was sensitive to particulates in the water supply, so a spin

down sediment filter on the water supply line was required to maintain constant flow through the

nozzles.

The flume was filled to a depth of 20 cm with clay loam topsoil sourced from a local landscape

company. The geographic patterns of Colorado’s soil are diverse, with many regions underlain

by clay loam topsoil (Johnson and Cline, 1965). Table 4.1 summarizes the soil type, the soil

texture was determined with a hydrometer and the organic matter content was determined by loss
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Figure 4.2: Rainfall simulator in indoor laboratory.
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on ignition. The soil was initially air dried and hand tamped to create a uniform density throughout

the flume.

Table 4.1: Soil texture and organic content.

organic matter (%) 6.1

sand (%) 41

silt (%) 26

clay (%) 33

4.3.2 Mulch characteristics

The treated flume was covered with 410 g/m2 of mulch which corresponds to a mean coverage

70% with a standard deviation of 2.7%. This is at the lower end of effective application rate for

wood mulch according to Girona-García et al. (2021), but matches recommendations for cover rate

percentage (Foltz and Wagenbrenner, 2010; Fan et al., 2023; Yanosek et al., 2006). The mulch is a

very heterogeneous blend of shreds, pieces range in length from 1 mm to greater than 10 cm. The

mixture was dried indoors for several months before use in experiments.

Mulch coverage was estimated using several image segmentation methods in scikit-image

(van der Walt et al., 2014). Gaussian blurring was used to quantify colors in the image as well

as lines and texture. Additionally, a limited set of labeled samples (11 examples of bare soil and

17 examples mulch from a single image) were used to train a random forest classifier to label

each pixel as either mulch or background based on the input of local features from gaussian blur-

ring. The method follows scikit-image developers (2025), which shows the use of an unsupervised

method of image classification with minimal supervised learning. The classifier was applied to

15 pictures for each experiment, an example mask is shown in Figure 4.3. The mulch fraction

is calculated by dividing the number of pixels classified as mulch by the total pixel count for the

image.
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Original Image Masked Image

Figure 4.3: Example mulch coverage mask.

4.3.3 Simulated rainfall

Variable rainfall profiles were achieved using three unique nozzles (relative intensity in paren-

thesis): 1/8GG-4.3W (low), 1/8GG-8W (medium), and 1/4GG-14W (high) from Spraying Systems

Co. Target rainfall rates were achieved with the medium and high nozzles individually and by run-

ning the low-plus-high and medium-plus-high nozzle combinations simultaneously. Wide nozzles

were chosen to achieve a high spatial uniformity, calculated with the Christiansen’s uniformity

coefficient (CU) (Christiansen, 1942). A pressure regulator was used to maintain the desired in-

tensity, and pressure was calibrated to maximize CU. 68 kPa was used for the high nozzle, and 82

kPa was used for all other nozzle combinations. Table 4.2 shows the mean and standard deviation

of the intensity and CU for the nozzle combinations used. The CU achieved here is similar to other

studies using rainfall simulators (Salem and Meselhy, 2021; Prats et al., 2017). The mean intensity

was estimated using 20-cm diameter plastic bowls that acted as gages. Each nozzle combination

was tested twice with 36 gages spread evenly throughout the flume. Rainfall intensity and CU

were calculated on a horizontal flume instead of the 40% slope used during the experiments, which

could have affected the actual rainfall applied.
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Table 4.2: Mean rainfall intensity and Christiansen uniformity (CU) for the different nozzle combinations

with standard deviations shown in parentheses.

Nozzle Intensity (mm hr−1) CU (%)

medium 17.0 (2.6) 86.0 (0.3)

high 29.4 (3.5) 90.0 (0.5)

low & high 39.5 (6.5) 86.9 (0.1)

medium & high 59.2 (6.8) 90.2 (0.1)

Nozzles were selected to produce high intensity events with a 1-2 year average recurrence

interval based on NOAA Atlas-14 values for western Colorado (Perica et al., 2013). These values

are used to simulate convective events that are likely to occur and can also cause flash flooding and

erosion after a wildfire. Intensities are generally lower than other rainfall simulation experiments

that use unnaturally high rainfall intensities (Dunkerley, 2021). These profiles are similar to the

design storm (24 mm/hr 15-minute intensity) used by the USGS to develop post-wildfire debris

flow likelihood maps for the western US (U.S. Geological Survey, 2024).

The drop-size distributions for the various intensities were estimated using water sensitive pa-

per. The paper was exposed to the given intensity for approximately 1 second. Droplet detection

employed an RGB threshold derived by applying k-means clustering (Pedregosa et al., 2011) to

pixel colors and then manually selecting the cluster corresponding to droplets. The scikit-image

measure module was used to label droplets and calculate the area of each droplet (van der Walt

et al., 2014). Figure 4.4 shows the distribution of droplets and D50 on the paper sample (colors

show different paper samples, 2 samples were taken for each intensity value and 3 were taken

for the highest intensity value). An example paper sample, from the 29 mm/hr intensity (sample

1), is shown in Figure 4.5. The D50 for all intensity values falls within light (0.9 +/- 0.3 mm) to

moderate (1.1 +/- 0.4 mm) rain (Gatlin and Petersen, 2018). The samples are compared to the

Marshall-Palmer distribution (Equation 1) to get a sense of how realistic the rainfall distributions

are (Marshall and Palmer, 1948):

N(D) = N0 e
−ΛD, N0 = 8000 m−3 mm−1, Λ = 4.1R−0.21 (1)
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Where N(D) is the drop–size distribution, i.e. the number of raindrops per cubic meter per

millimeter diameter interval of size D; N0 = 8.0× 103 is the intercept parameter of the Marshall–

Palmer distribution; Λ = 4.1R−0.21 is the slope parameter; and R denotes the rainfall rate.

The concentration of drops per unit volume was converted to a flux expected on the water

sensitive paper by assuming a terminal fall speed relationship from Best (1950) for the sample of

droplets (Equation 2 and 3). The nozzles produce a higher number of drops than expected accord-

ing to the Marshall-Palmer distribution, although the D50 is within close range for all intensities.

This discrepancy may be due to the paper being exposed for longer than 1 second. The nozzles also

produce more of a bimodal distribution, but the skew towards lower diameter drops is somewhat

realistic.

v(D) = 9.65 − 10.3 e−0.6D (2)

Npaper,i = N(Di) v(Di)A (3)

In Equation 2, v(D) is the terminal fall speed of a raindrop of diameter D; and in Equation 3,

Npaper,i is the expected number of drops in diameter bin i striking the water-sensitive card; N(Di)

is the drop-size distribution evaluated at the diameter Di; v(Di) is the corresponding fall speed

from Equation 2; and A is the active collection area of the card.

The rainfall profiles tested included a uniform, decreasing, and increasing intensity event. Each

profile delivered 9.9 mm of rain over 15 minutes, with the increasing and decreasing events being

symmetrical. The uniform intensity was set to 39.5 mm/hr. The decreasing and increasing profiles

were meant to loosely follow natural rainfall profiles for the mountains of CO. Figure 4.6 shows

a comparison between the rainfall profiles used in the study and CoAgMET gages in higher ter-

rain (above 2000 m) during summer months (June-August) (Colorado State University, Accessed

2023). The comparison is limited to events that share the same maximum intensity; this included
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Figure 4.4: Drop size distribution of samples compared to the Marshall-Palmer distribution. The distribu-

tion represents the flux of drops through the water sensitive paper. Colors differentiate samples.
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Original Image Masked Image

Figure 4.5: Example raindrop sample on the water sensitive paper for the 29.4 mm/hr intensity (sample 1)

and the mask for drops.

8 gages for decreasing profiles and 5 gages for increasing profiles. The temporal resolution of

CoAgMET gages is 5 minutes; so we are assuming temporal variability is self-similar.

4.3.4 Experimental procedure

The uniform, decreasing, and increasing rainfall profiles were tested both sequentially (in stated

order) and individually with at least 24 hours to allow the soil to dry. The sequential events were

tested with and without mulch with three replicates. The decreasing and increasing rainfall pro-

files were also tested with and without mulch, individually, with three replicates. A total of 30 rain

events and 18 separate experiments were conducted. Rainfall events were grouped and tested sep-

arately to evaluate how antecedent moisture influences results and to compare to past studies that

only test grouped profiles, such as Montenegro et al. (2013). During multiple event experiments

the flume was left to dry for 45 minutes between events to allow for runoff recession.

The base soil was reused for the experiments. This approach follows the procedure outlined by

De Lima et al. (2019) and Parhizkar et al. (2021). Soil moisture was monitored to start each exper-
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Figure 4.6: Rainfall profiles used in experiments are shown in orange bar plots. Blue lines show events

from CoAgMET gages. A longer sampling time (40 minutes versus 15 minutes) was used for the gages

because the time resolution is 5-minutes, so a second axis is shown.

iment with a consistent initial level using a TEROS 12 capacitance 3 prong probe. Soil moisture

stayed relatively high, with a mean initial soil moisture of 0.313 m3/m3 (standard deviation was

0.014 m3/m3). The soil moisture of the flume was recorded in 14 locations before each experiment

and had a mean CU of 94.8%.

Prior to each experiment, a thin layer of soil was removed (less than 1 cm) and replaced to

ensure the distribution of fine sediment was consistent for each experiment. The new layer was

mixed with the top layer of the remaining soil and the soil was screeded twice to create a flat plane

and maintain a consistent density. To ensure the new layer had a consistent soil moisture the soil

was misted with the low nozzle (9.8 mm/hr) for 15 minutes and left to drain for 24 hours prior to

the next experiment. After each mulch experiment the wet mulch was removed (mulch was not

reused).

Runoff was sampled at the end of every minute for 5 seconds. After weighing the sample bot-

tles, samples were filtered with paper filters with a pore diameter of approximately 20 micrometers.

Filters were dried for 24 hours at 105◦ C to weigh the sediment. A small amount of fines passed

through the filters. Four samples that passed through the filter were fully dried. The mass of fines
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in the filtered sample was 0.23 g with a standard deviation of 0.08 g, and it was assumed that the

filter was still retaining the majority of fine material in the sample.

4.3.5 Statistical approach

ANOVA and pairwise post-hoc tests were used to evaluate the effectiveness of the mulch treat-

ment for the runoff ratio and total erosion rate. Additionally, each complex profile was compared

to the constant-rate profile for both mulched and bare runs as well as sequential and individual

runs. The grouped and independent events were tested separately. The constant intensity runs

were considered grouped and independent because they were conducted at the start of the grouped

runs.

A two-way mixed model ANOVA with repeated measures was used to determine the signif-

icance of the effect of mulch (the between subject factor) and rainfall profile type (the within

subject factor) on the runoff ratio and erosion rate for the grouped events. For the independent

experiments, a two-way ANOVA was used with the mulch treatment and profile type as the main

factors. The Shapiro-Wilk test was used to test the normality of the residuals of the linear model,

the Mauchly test was used to test for sphericity for the grouped run, and the Levene test was used

to assess homoscedasticity of the treatment groups (Vallat, 2018; Seabold and Perktold, 2010). The

data passed all assumption tests, although the logarithm of the erosion rate was used to satisfy the

homoscedasticity and normality assumptions. Where there is a significantly different group, a pair-

wise t-test is used to determine which groups are significantly different across mulch treatments

and which rainfall profiles produce significantly different results from the uniform rain profile. All

statistical tests were performed at a 0.05 significance level.

The order of the experiments and the initial soil moisture were both tested as covariates (Seabold

and Perktold, 2010). Neither factor was significant in the linear model for runoff or erosion in the

grouped or individual runs. The Pearson correlation coefficient between initial soil moisture and

runoff and erosion was evaluated for the individual runs and was not significant.
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4.4 Results

4.4.1 Sediment yield

A time series of the sediment concentration for all experiments is shown in Figure 4.7. Erosion

generally follows the increases in intensity. The significant increase in concentration in the begin-

ning of the experiment is likely caused by fine particles on the sample outlet tray that were removed

with very small amounts of runoff. The individual decreasing event shows slightly higher concen-

tration, compared to sequential runs, especially at the intensity peaks. The individual increasing

event without mulch shows significantly higher erosion, compared to the sequential run, during the

high-intensity peaks at the end of the event. Mulch appears to suppress sediment concentration for

all experiments.
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Figure 4.7: Time series of erosion concentration for all experiments. Mulched runs are plotted in orange

and bare-soil runs in blue, with dashed lines indicating sequential runs and solid lines indicating individual

runs. The shaded band represents the 95% confidence interval from the replicates.

Figure 4.8 gives an example of the rilling observed after a stand-alone increasing event, all of

which developed similar rilling patterns. Only one stand-alone decreasing event showed rilling

and one grouped run. No rills were observed for events with the mulch treatment.

Figure 4.9 shows the mean total erosion per unit area for all experiments, the error bars show the

standard deviation for each group. Tables 4.3 and 4.4 show the individual experiment values with

pairwise significance. Only individual runs had a significant F-score for the interaction between
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Figure 4.8: Example rilling observed after an increasing intensity profile experiment.
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mulch and rainfall profile. Mulch and rainfall profile were significant independent factors. Pairwise

t-tests show a significant difference between all mulched rainfall profiles, showing that mulch does

effectively reduce erosion. Grouped runs with the decreasing profile differed significantly from

those with the constant profile, but the interaction term was non-significant, so the result is not

considered meaningful. For both bare soil and mulched conditions, individual increasing-profile

runs differed significantly from the constant-profile runs; this contrast is especially evident for the

bare soil in Figure 4.9.
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Figure 4.9: The distribution of total erosion per unit area for grouped (sequential) and individual runs. The

dot represents the mean and the error bars represent the standard deviation.

4.4.2 Runoff response

Figure 4.10 shows the time series of runoff rate for all experiments. All mulched runs show a

delay in time to runoff of approximately 1 minute. Starting the experiment with drier soil (individ-

ual runs) also adds an additional minute to the runoff time. Mulch appears to decrease the uniform

intensity at a constant rate. Mulch under the complex profiles shows suppression of the peak runoff

rates, but after a peak the runoff matches the bare soil rate. Mulch seems to delay runoff, perhaps
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Table 4.3: Total erosion rate per unit area for grouped experiments. Rows 1–3 list individual replicates;

the last two rows give the sample mean and SD across replicates. Bold mean values represent significant

mulch treatments. Mean values are underlined where the complex profile was significantly different from

the constant-rate run.

Erosion rate (g/m2)

Replicate
Uniform Decreasing Increasing

No mulch Mulch No mulch Mulch No mulch Mulch

1 99.1 7.5 190.3 11.6 155.8 14.1

2 45.6 14.5 147.4 15.1 212.1 18.0

3 60.8 7.7 122.9 8.9 156.1 8.0

Mean 68.5 9.9 153.5 11.9 174.7 13.4

SD 27.6 4.0 34.2 3.1 32.4 5.0

Table 4.4: Total erosion rate per unit area for individual runs. Rows 1–3 list individual replicates; the last

two rows give the sample mean and SD across replicates. Bold mean values represent significant mulch

treatments. Mean values are underlined where the complex profile was significantly different from the

constant-rate run.

Erosion rate (g/m2)

Replicate
Decreasing Increasing

No mulch Mulch No mulch Mulch

1 166.0 14.3 378.0 15.9

2 58.3 28.8 518.9 24.5

3 204.6 18.2 271.0 24.0

Mean 142.9 20.4 389.3 21.5

SD 75.8 7.5 124.4 4.8
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by slowly releasing retained water or by lengthening the flow pathways. The decreasing rain-

fall profile extends the runoff delay in line with the added intensity, resulting in higher post-peak

runoff rates under mulch than with bare soil. The time series for grouped versus individual events

are similar after an initial period of saturation.
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Figure 4.10: Time series of runoff rate for all experiments. Mulched runs are plotted in orange and bare-soil

runs in blue, with dashed lines indicating sequential runs and solid lines indicating individual runs. The

shaded band represents the 95% confidence interval from the replicates.

Figure 4.11 shows the mean runoff ratio for the different groups of experiments, the error bar

shows the standard deviation of each group. Tables 4.5 and 4.6 show the individual experiment

values with pairwise significance. While mulch and rainfall profile were significant factors for

grouped runs, only mulch was significant for individual runs, and the interaction term was not

significant for either. Pairwise comparison shows significant differences in runs with mulch for

grouped runs, but not for individual runs, suggesting that under drier conditions mulching is not

effective at reducing runoff during varying rainfall events. The individual mulched decreasing

profile yields higher values than the constant-intensity and increasing profile runs, and the pairwise

test confirms this difference as significant (although profile was not a significant factor based on

ANOVA). The initial high intensity likely oversaturates the mulch, diminishing its effectiveness.
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Figure 4.11: The distribution of runoff ratio for grouped (sequential) and individual runs. The dot represents

the mean and the error bars represent the standard deviation.

4.5 Discussion

4.5.1 Effectiveness of mulch

Figure 4.9 shows significantly higher erosion for the stand-alone experiments using an increas-

ing rainfall rate, and extensive rilling was also observed throughout the flume for this type of event

(see Figure 4.8). Mulch was effective in reducing this significant increase in sediment yield, in

addition to the other rainfall profiles. After mulching, both variable rainfall profiles still produced

twice the amount of sediment as the constant-rate profile, although only the increasing mulched

profile was significantly different from the constant rate. Complex profiles under drier conditions

did not produce significantly different runoff totals from constant rainfall (see Figure 4.11); how-

ever, mulch was not effective in reducing the complex profile runoff ratio. Constant profiles appear

to exaggerate the effectiveness of mulch in reducing runoff, as does grouping events together. The

time series for runoff rate (Figure 4.10) shows that mulch does slightly reduce runoff rate peaks,

which was also observed by Montenegro et al. (2013).
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Table 4.5: Runoff ratio (%) for grouped experiments. Rows 1–3 list individual replicates; the last two rows

give the sample mean and SD across replicates. Bold mean values represent significant mulch treatments.

Mean values are underlined where the complex profile was significantly different from the constant-rate run.

Runoff ratio (%)

Replicate
Uniform Decreasing Increasing

No mulch Mulch No mulch Mulch No mulch Mulch

1 79.7 48.3 90.4 69.8 87.3 67.0

2 70.3 63.2 90.0 77.7 91.3 78.3

3 78.2 48.6 88.6 75.1 84.1 75.4

Mean 76.1 53.4 89.7 74.2 87.6 73.6

SD 5.1 8.5 0.9 4.0 3.6 5.9

Table 4.6: Runoff ratio (%) for individual runs. Rows 1–3 list individual replicates; the last two rows give

the sample mean and SD across replicates. Bold mean values represent significant mulch treatments. Mean

values are underlined where the complex profile was significantly different from the constant-rate run.

Runoff ratio (%)

Replicate
Decreasing Increasing

No mulch Mulch No mulch Mulch

1 76.3 62.7 70.4 59.0

2 75.0 76.6 89.4 66.4

3 81.2 75.0 68.6 68.2

Mean 77.5 71.4 76.1 64.5

SD 3.2 7.6 11.6 4.8

Figure 4.12 compares the effectiveness of mulch in these experiments to past rainfall simulation

studies that applied wood mulch. Points below the red dashed line show applications of mulch that

reduced the runoff ratio or erosion rate by 50% or more. Only studies that stated the rainfall

intensity, used bare soil as the control, and reported total amounts for runoff and erosion were

included. Montenegro et al. (2013) was included to compare the effect of variable rainfall profile,

although it is the only study included that used straw mulch. Montenegro et al. (2013) observed that

the rainfall profile has no effect on total runoff (different clusters are caused by an increase in mulch

cover; see Table 4.12 for a description of groups labeled in the scatterplot). Although Montenegro

et al. (2013) observed less erosion for bare soils under complex profiles (likely because the complex
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profiles were at the end of the experiment and there were fewer fine grains available to erode) they

did observe nearly twice the amount of erosion in complex profiles, compared to constant intensity,

when mulched.

In general, the comparison shows that the effectiveness of wood mulch in reducing total runoff

is more variable than the effectiveness of mulch in reducing total erosion. Faucette et al. (2004) and

G. D. Jennings and A. R. Jarrett (1985) show that higher cover percentage improves the reduction

of total runoff. Only Dooley (2003), Foltz and Copeland (2009), and Foltz and Wagenbrenner

(2010) show a greater than 50% reduction for runoff ratio. Intensity in these experiments is lower

and all experiments were conducted with dry soil, which likely explains the high effectiveness (see

Table 4.12). Foltz and Wagenbrenner (2010) exposed the flume to concentrated flow and found

a decrease in mulch effectiveness for sediment reduction, and to some extent runoff, on steeper

slopes. Foltz and Copeland (2009) also found a decrease in effectiveness under concentrated flow

for runoff with coarser soil, although increasing the cover amount kept the effectiveness high.

Prats et al. (2017) show an unexplained increase in runoff with wood treatment. Prats et al.

(2017) experimented with covering a fraction of the flume. For runoff, covering 2/3 or 3/3 of the

flume was effective if the percentage covered was at least 70%. The coverage percent was less im-

portant than the fraction of the flume covered for soil erosion when exposed to concentrated flow.

Most studies conclude that the cover percentage matters more than the material used (Cerdá and

Doerr, 2005; Foltz and Copeland, 2009; Wagenbrenner et al., 2006; Yanosek et al., 2006). How-

ever, wood mulch is generally more dense than straw, making application more costly. Methods to

decrease the mass required to reach higher coverage, such as applying mulch in strips (Prats et al.,

2017) or removing small bits (Foltz and Wagenbrenner, 2010) are potentially viable methods to

make wood mulch more cost effective.

Field study findings are similar to those from laboratory studies. Robichaud et al. (2013b)

looked at mulch effectiveness in small plots within a burn scar and found sediment reduction for

both post-fire years 0 and 1. Other studies have found that the effect of mulch is most significant

immediately after the fire in severely burned sites (Girona-García et al., 2021; Vieira et al., 2018).
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Meta-analysis reviews (that do not include rainfall variability) have more optimistic results for

runoff reduction from mulch. Fan et al. (2023) found that wood and straw mulch is effective at

reducing runoff (average reduction 47%) and erosion (average reduction 76%) and recommends

60% for wood and straw mulch, with the caveat that mulch is more effective on medium texture

soils and slopes less than 60%. Girona-García et al. (2021) also found wood mulch to be effective

at reducing runoff and erosion, although the effective application rate was highly variable (230-

1750 g/m2).

Complex rainfall patterns can reduce runoff to roughly the same extent as increasing slope

steepness or adding more surface cover. Within a given study, runoff mainly responds to the cover

percentage, whereas differences among studies are shaped by rainfall intensity, antecedent soil

moisture, and infiltration capacity. A more rigorous quantitative synthesis is needed to isolate the

relative influence of these factors both within and across experiments.

0 20 40 60 80 100
runoff ratio bare soil (%)

0

20

40

60

80

100

ru
no

ff 
ra

tio
 w

ith
 w

oo
d 

m
ul

ch
 (%

)

000111

0

1

2

0

1

0

123

4

0

0

1

1

2

2

100 101 102 103

erosion rate bare soil (g m ²)

10 3

10 2

10 1

100

101

102

103

er
os

io
n 

ra
te

 w
ith

 w
oo

d 
m

ul
ch

 (g
m

²)

0

00

1

11

01
2 0

1

0 12
3 40

0
1122

Foltz and Copeland, 2009
G. D. Jennings and A. R. Jarrett, 1985
Faucette et al., 2004
Foltz and Dooley, 2003
Foltz and Wagenbrenner, 2010
Prats et al., 2017
Díaz et al., 2022
Robichaud et al., 2013
this study
Montenegro et al., 2013
50 % reduction

Figure 4.12: Runoff ratio and erosion rate from studies assessing the influence of wood mulch cover.

Numbers adjacent to scatter points represent different experiment groups.
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Table 4.7: Key parameters of wood mulch experiments used in this synthesis.

Reference Setting Group Soil type Max

int

(mm/hr)

Dur (min) Pre-wet? Slope (%) Cover (% or class)

Díaz et al. 2022 wood field 0 sandy loam 320.0 5 no 39.1 48.35

1 sandy loam 320.0 5 no 30.1 48.35

2 sandy loam 320.0 5 no 48.1 48.35

Faucette et al. 2004 wood lab 0 sandy clay loam 160.0 60 no 10.0 coarse, fine, med

Foltz & Copeland 2009 wood lab 0 sandy loam 50.0 15 no 30.0 30,50,70

1 gravelly sand 50.0 15 no 30.0 30,50,70

Foltz & Dooley 2003 wood lab 0 gravelly sand 50.0 15 no 30.0 70

Foltz & Wagenbrenner 2010 wood lab 0 burned sandy loam 50.0 15 no 40.0 50,70

Jennings & Jarrett 1985 wood lab 0 silty clay loam 135.0 10 no 2.0 40,85,98

Montenegro et al. 2013 wood lab 0 sandy loam 112.0 15 yes 10.0 63.1,80.3

1 sandy loam 112.0 25 yes 10.0 63.1,80.3

2 sandy loam 112.0 25 yes 10.0 63.1,80.3

Prats et al. 2017 wood lab 0 sandy loam 56.0 20 no 40.0 1-3m strips at 50/70%

Robichaud et al. 2013 wood field 0 loam 80.0 20 no 44.0 71

1 loam 80.0 20 no 44.0 73

This study wood lab 0 clay loam 37.6 15 no 38.0 70

1 clay loam 58.9 30 yes 38.0 70

2 clay loam 58.9 45 yes 38.0 70

3 clay loam 58.9 15 no 38.0 70

4 clay loam 58.9 15 no 38.0 70
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4.5.2 Influence of rainfall variability

This study shows that when complex profiles are run individually over bare soil, the difference

in total runoff is not significant. Total erosion over bare soil increases significantly for increasing

profiles. The influence of rainfall variability on runoff and erosion on bare soils is contextualized by

past studies that experiment with increasing and decreasing intensity profiles compared to constant

intensity.

Figure 4.13 shows that rainfall profile types appear to have a more variable influence on ero-

sion, compared to total runoff. Individual runs of complex profiles in this study are most similar to

the the D. C. Flanagan et al. (1988) dry run (see Table 4.8 for parameter values of groups labeled in

the scatter plot), although they found significantly higher runoff peaks for increasing profiles. D.

C. Flanagan et al. (1988) also ran the experiments wet and found decreasing profiles to cause sig-

nificantly higher total and peak runoff amounts. Parsons and Stone (2006) tested complex profiles

on three soil types, and found no difference for runoff between soils and rainfall profiles (values

from this study are not plotted because they did not report total rainfall). Mohamadi and Kavian

(2015) collected runoff from large field plots and determined the rainfall profile from a gage, and

found no difference across profiles (results not plotted because they did not include constant rain-

fall as a control). Dunkerley (2012) found all complex profiles to have higher runoff than constant

intensity. This unique result may have been caused by soil sealing and the lower rainfall intensity.

The impact of the rainfall profile on sediment yield is highly variable. D. C. Flanagan et al.

(1988) shows sediment yield is higher for an increasing profile (same as this study) when dry, but

under wet conditions the decreasing profile causes equal erosion compared to constant intensity

and the increasing profile causes significantly lower erosion. Montenegro et al. (2013) also found

less erosion on bare soil with complex profiles, likely because the fine grains had already been re-

moved from previous events. Parsons and Stone (2006) found that the rainfall profile effects varied

with soil type. Römkens et al. (2002) found more erosion from a decreasing profile compared to

increasing, and reasoned that lower initial intensities caused soil sealing which was more resistant
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to erosion (not plotted because they did not include constant rainfall as a control). Mohamadi and

Kavian (2015) found increasing profiles caused the highest erosion.

Rainfall profiles appear to influence the erosion response more than runoff, but their effect is

modulated by intensity, slope, soil moisture, and soil type. Runoff differences may depend on

whether the rain drop impacts cause soil sealing, the soil infiltrability, and the initial soil moisture.
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Figure 4.13: Runoff ratio and erosion rate from studies assessing the influence of variable rainfall intensity.

Numbers adjacent to scatter points represent different experiment groups.

Table 4.8: Rain–profile experiments and their key parameters.

Reference Group Soil type Max

int

(mm/hr)

Mean

int

(mm/hr)

Dur (min) Pre-wet? Slope (%)

D. C. Flanagan et al., 1988 0 silt loam 250.0 60.0 60 no 6.8

1 silt loam 250.0 60.0 60 yes 6.8

Dunkerley, 2012 0 sandy loam 30.0 10.0 90 no 3.5

Montenegro et al., 2013 0 sandy loam 112.0 70.8 25 yes 10.0

Parsons & Stone, 2006 0 clay loam 170.8 93.9 30 no 17.6

1 sandy loam 170.8 93.9 30 no 17.6

2 sandy soil 170.8 93.9 30 no 17.6

This study 0 clay loam 58.9 37.6 45 yes 38.0

2 clay loam 58.9 37.6 15 no 38.0
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4.5.3 Implications for management

The impact of the rainfall profile on runoff and erosion is highly variable in our experiments,

shifting with both mulch presence and antecedent soil moisture. A 70% cover was not effective

in reducing the runoff ratio for varying intensity events under dry conditions. With other soil

types and moisture levels, the mulch cover may have also failed to significantly reduce erosion.

Several field studies have made broad recommendations for the amount of mulch cover necessary

to reduce runoff and erosion (Girona-García et al., 2021; Fan et al., 2023), and empirical models

have attempted to quantify a more precise amount of cover required given particular environmental

conditions (Schmeer et al., 2018). The performance of these models would likely benefit from

considering the effect of rainfall variability.

A relevant consideration in modeling rainfall variability is the frequency of particular profile

sequences in a given geographic area. An increasing profile causes more erosion, based on the

results of this study, but it is less common for the Colorado mountains that motivate this work.

The CoAgMET gages were also used to explore the percentage of early (decreasing) versus late

(increasing) peak events for this area. Events were separated by dry periods of 6 hours are greater.

This included 26 gages, above 2000 m during summer months. Early events are defined as those

where 50% of the total accumulation occurs in the 1st quarter of the event duration, whereas during

late events 50% of the total accumulation occurs in the last quarter of the event duration. The mean

frequency of 1st quantile events was 0.62 with a standard deviation of 0.05. The frequency of 4th

quantile events was much lower, with a mean frequency of 0.09 with a standard deviation of 0.03.

Including a quantile descriptor of rainfall events could be included in empirical models. Collar

et al. (2025) presents a method to characterize rainfall regime for a region in terms of magnitude

and decay rate that captures duration and intermittent intensity.

4.6 Conclusion

The effectiveness of wood mulch was evaluated on a steep slope under variable rainfall. Total

runoff was not significantly different across rainfall profiles for bare soil. Mulch was not effective
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in reducing total runoff for complex, more natural, rainfall profiles. Erosion was significantly

different on bare soils for an increasing event, but mulch was effective at reducing erosion for all

run types. Experiments were also conducted in sequence, and show different results. Comparison

with other wood mulch simulations shows contrasting conclusions for runoff (depending on initial

soil moisture, rainfall intensity, slope, and soil type) but all studies show a significant reduction

in erosion. Other rainfall simulations on bare soil show that rainfall variability does not influence

rainfall totals, but generally does significantly impact erosion (compared to constant intensity). The

experiments from this study and comparisons with past studies show that the impact of rainfall

profiles is highly variable, with non-uniform rain often causing significant differences in runoff

and sediment yields relative to constant rainfall. The simple setup described in this study produces

somewhat natural rainfall, is relatively inexpensive, and can easily be included in future rainfall

simulations to account for these differences.

The effectiveness of mulch under variable rainfall should be explored further with additional

initial moisture conditions and soils with different erodibility and infiltrability. A non-burnt soil

was used here as bare soil has been shown to produce similar runoff and erosion to burnt soil after

the ash layer has eroded (Benavides-Solorio and MacDonald, 2005; Larsen et al., 2009). Erosion

and runoff on surfaces with an ash layer will likely react differently to rainfall variability based on

the additional absorptive capacity of the ash layer (Robichaud et al., 2013a; Ebel et al., 2012; Bodí

et al., 2012).

The influence of rainfall variability with concentrated flow has not been studied, although it

clearly impacts mulch effectiveness under constant rainfall intensity (Prats et al., 2017; Foltz and

Wagenbrenner, 2010). The direction of storm movement matters in a watershed (Syed et al., 2003)

and even in a flume (de Lima and Singh, 2003). Many additional complications exist outside the

flume or plot scale. Several studies have accounted for scaling differences when using a rainfall

simulator (Smets et al., 2008; Poesen et al., 1999; Sadeghi et al., 2015; Prats et al., 2016). Includ-

ing these factors, in addition to rainfall variability, would likely improve the modeling of mulch

effectiveness.
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Organic cover has been shown to be a very effective, albeit costly, tool for mitigating the effects

of wildfires. When the effective dose is applied, the ecological benefits and erosion prevention

make it cost effective. Determining the coverage required for effectiveness is challenging, as even

in a controlled lab or small plot there is considerable variability in the erosive and runoff response

caused by soil moisture, soil type, slope, and cover amount. This study shows that the rainfall

variability is also a significant factor, and can easily be included in rainfall simulations to better

understand the effectiveness of mulch under realistic conditions.
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Chapter 5

Conclusion

Dynamic changes to precipitation (Fowler et al., 2021) and surface processes (Sharma et al.,

2018), combined with the compounding risks caused by wildfires (Touma et al., 2022) highlight

the importance of accurately understanding extreme precipitation patterns. Simultaneously, ad-

vancements in observations, remote sensing technologies, and modeling approaches have created

new opportunities to do so (Lundquist et al., 2019). This dissertation explores the potential for

these precipitation data sources to improve our understanding of extreme precipitation events in

mountainous regions and the associated hazards.

In Chapter 2, I introduce a spatiotemporally dynamic error model for sub-hourly radar QPEs

developed specifically for the mountains of Colorado. The model uses attributes of the region,

rainfall, and storm events to diagnose the factors influencing QPE performance and explain why

it performs as it does under different conditions. The accuracy of radar QPEs varies significantly,

particularly in remote areas with complex terrain where they are often considered unreliable. While

high radar beam heights are typically associated with limited coverage, radar can still be valuable

in certain conditions—for instance, longer duration precipitation events tend to exhibit lower QPE

errors.

In Chapter 3, A recently developed high resolution convection permitting reanalysis dataset

(CONUS404) is used to re-evaluate the orographic impact on annual maximum subdaily precip-

itation intensity throughout Colorado. Several remotely-sensed (via radar and lightning sensors)

datasets are also used to explore the influence of terrain on the magnitude of subdaily precipita-

tion intensity throughout Colorado. Results show that in the Missouri and Arkansas river basins,

there is a clear decrease in maximum annual hourly accumulation with elevation, especially dur-

ing warm months. Elevation alone does not have a significant effect on daily accumulations in

these regions, although specific terrain features do. The Colorado and Rio Grande river basins

experience increasing maximum annual accumulation with elevation that is enhanced with longer
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(daily) time windows. With few exceptions, the elevation–accumulation relationship becomes

more positive with a longer accumulation window. Model-based precipitation appears to capture

more terrain-driven spatiotemporal variability in precipitation intensity than gage-based precipita-

tion. Precipitation frequency studies miss the high-accumulation clusters along the Front Range

and Pikes Peak seen in CONUS404 daily data, likely due to sparse gages and terrain complexity.

In Chapter 4, The effectiveness of wood mulch was evaluated on a steep slope under variable

rainfall. Total runoff was not significantly different across rainfall profiles for bare soil. However,

mulch was not effective in reducing total runoff for complex, more natural, rainfall profiles. Ero-

sion was significantly different on bare soils for an increasing event, but mulch was effective at

reducing erosion for all run types. Experiments were also conducted in sequence, and show dif-

ferent results. Comparison with other wood mulch simulations shows contrasting conclusions for

runoff (depending on the initial soil moisture, rainfall intensity, slope, and soil type) but all studies

show a significant reduction in erosion. Other rainfall simulations on bare soil show that rainfall

variability does not influence rainfall totals, but generally does significantly impact erosion (com-

pared to constant intensity). The experiments from this study and comparisons with past studies

show that the impact of rainfall profiles is highly variable, with non-uniform rain often causing

significant differences in runoff and sediment yields relative to constant rainfall. Experiments that

use constant rainfall exaggerate effectiveness of mulch cover. The effectiveness of mulch under

variable rainfall should be explored further with additional initial moisture conditions and soils

with different erodibility and infiltrability.
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Appendix A

Supporting information for Chapter 2

Description: This Supporting Information document includes figures and tables describing the

multi-sensor correction method, single-output model experiment, and hyperparameters tuned.

Text A1. Initially, we explored how the 1-hour multi-sensor QPE Pass 2 might be used to

improve the 2-minute precipitation rate accuracy. The multi-sensor QPE Pass 2 includes additional

information from several numerical weather prediction (NWP) models, various gage networks,

and climatological data such as elevation corrections from the PRISM dataset. The inputs vary

depending on radar coverage, the type of precipitation, and local topography (NOAA, 2024). A

simple multiplicative correction factor, using a ratio of the 1-hr multi-sensor QPE to the 1-hr radar-

only QPE, was applied to the 2-minute precipitation rate product to decrease error. A factor of 1

was used where the 1-hr radar-only QPE was equal to zero.

The corrected and uncorrected radar-only 2-minute precipitation rate products were compared

to the gage-observed 15-minute intensity for each 8-hour time series. The multi-sensor correc-

tion did not significantly improve the RMSE error, with a median normalized RMSE of 41% of

maximum MRMS 15-minute intensity for years 2021 through 2022 (compared to 42% for the

radar only rate), see Figure S1 for a comparison of the overall distributions of errors. Because the

multi-sensor product did not significantly improve the sub-hourly precipitation estimates, and the

multi-sensor product is not archived before 2021, we did not include the correction in this analysis.
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Figure A.1: Distribution of RMSE for radar-only 15-minute intensity and multi-sensor corrected 15-minute

intensity.
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Figure A.2: Spread of model RMSE predictions for the best performing model, a random forest regressor.
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Figure A.3: Comparison of feature value distributions for samples with low and high normalized RMSE

predictions for the α = 0.50 model.
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Figure A.4: Difference in error (computed directly from the gage) and mean RQI for each 8-hour sample

across all years. For each year, error bars are separated by the latitude of the gage location.
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Figure A.5: Difference in error (computed directly from the gage) and mean RQI for each 8-hour sample

across all years. For each year, error bars are separated by the longitude of the gage location.
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Figure A.6: For the model trained with data prior to MRMS v12.0 (2018-2021), (a) The median normalized

RMSE for each coordinate, predicted by the α = 0.50 model. (b) The first quartile of normalized RMSE for

each coordinate, predicted by the α = 0.50 model. The gage locations are shown with colors representing

the proportion of samples in the labeled dataset sourced from each location.
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Figure A.7: For the model trained with data prior to MRMS v12.0 (2018-2021), the target values as a

function of the median predicted RMSE is shown for the test dataset. Each data point represents an 8-hour

sample RMSE between gage and MRMS plotted on the predicted. The predicted 90% confidence interval

(CI) is plotted. Truth values in range are blue, those that fall outside the cutoff are red. The kernel density

estimation for the target values as a function of the median predicted RMSE is shown in cyan contours.
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Figure A.8: For the model trained with data prior to MRMS v12.0 (2018-2021), kernel density estimations

of the distributions of normalized RMSE (nRMSE) are shown for all target error, the test target error, the

test predicted error, and the statewide predicted error.
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Figure A.9: Difference in error (computed directly from the gage) and mean RQI for each 8-hour sample for

all months used in the study. For each month, error bars are separated by the elevation of the gage location.

5 6 7 8 9
month

0

2

4

6

8

10

RM
SE

1408 - 1846
1846 - 2050
2050 - 2394
2394 - 3573

5 6 7 8 9
month

0.0

0.2

0.4

0.6

0.8

1.0

nR
M

SE

5 6 7 8 9
month

0.0

0.2

0.4

0.6

0.8

1.0

m
ea

n 
RQ

I

Figure A.10: Difference in error (computed directly from the gage) and mean RQI for each 8-hour sample

across all years. For each year, error bars are separated by the longitude of the gage location. Data only

includes years 2021-2023, after MRMS version 12.0
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Figure A.11: The median normalized RMSE predictions, separated by month, from the original model for

each coordinate, predicted by the α = 0.50 model.
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Figure A.12: For the model trained with data prior to MRMS v12.0 and trained to predict mean error, kernel

density estimations of the distributions of mean error are shown for all target error, the test target error, the

test predicted error, and the statewide predicted error.
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Figure A.13: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

mean error, the target values as a function of the median predicted mean error is shown for the test dataset.

Each data point represents an 8-hour sample mean error between gage and MRMS plotted on the predicted.

The predicted 90% confidence interval (CI) is plotted. Truth values in range are blue, those that fall outside

the cutoff are red. The kernel density estimation for the target values as a function of the median predicted

mean error is shown in cyan contours.
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Figure A.14: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

mean error,(a) The median mean error for each coordinate, predicted by the α = 0.50 model. (b) The first

quartile of mean error for each coordinate, predicted by the α = 0.50 model. The gage locations are shown

with colors representing the proportion of samples in the labeled dataset sourced from each location.
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Figure A.15: For the model trained with data prior to MRMS v12.0 (2018-2021), a comparison of feature

value distributions is shown for samples with low (1.01 mm/hr) and high (5.43 mm/hr) RMSE predictions

for the α = 0.50 statewide predictions.
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Figure A.16: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

mean error, a comparison of feature value distributions is shown for samples with low (0.55 mm/hr) and

high (2.73 mm/hr) mean error predictions for the α = 0.50 statewide predictions.
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Figure A.17: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

normalized RMSE (nRMSE), kernel density estimations of the distributions of nRMSE are shown for all

target error, the test target error, the test predicted error, and the statewide predicted error.
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Figure A.18: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

normalized RMSE (nRMSE), the target values as a function of the median predicted nRMSE is shown for

the test dataset. Each data point represents an 8-hour sample nRMSE between gage and MRMS plotted on

the predicted. The predicted 90% confidence interval (CI) is plotted. Truth values in range are blue, those

that fall outside the cutoff are red. The kernel density estimation for the target values as a function of the

median predicted nRMSE is shown in cyan contours.
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Figure A.19: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

normalized RMSE (nRMSE), (a) The median normalized RMSE for each coordinate, predicted by the α =

0.50 model. (b) The first quartile of normalized RMSE for each coordinate, predicted by the α = 0.50

model. The gage locations are shown with colors representing the proportion of samples in the labeled

dataset sourced from each location.
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Figure A.20: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

normalized RMSE (nRMSE), permutation feature importance is shown, defined by an increase in mean

quantile loss (QL), across the three quantile models. The error bar represents the standard deviation between

the 10 permutations. Importance is sorted from left to right by test importance (red). The training importance

is shown in blue.
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Figure A.21: For the model trained with data prior to MRMS v12.0 (2018-2021) and trained to predict

normalized RMSE (nRMSE), a comparison of feature value distributions is shown for samples with low

(0.28) and high (0.54) nRMSE predictions for the α = 0.50 statewide predictions.

Table A.1: Brief model descriptions for single output experiment

Model Description

Nearest

Neighbors

Samples are classified based on proximity in feature space (Cover and Hart,

1967)

Decision

Tree

A hierarchical series of questions to optimally split the classes based on feature

values (Breiman et al., 1984)

Random

Forest

Decision trees are fit to samples of features and predictions are averaged to

improve performance and limit overfitting (Breiman, 2001)

Bagged

Tree

A decision tree is trained on a sample of data and predictions are averaged

(Breiman, 1996)

Multilayer

Perceptron

Fully connected neural network with one or more hidden layer (Pedregosa

et al., 2011)

AdaBoost Decision trees are repeatedly fit to samples of dataset and classification is made

based on a weighted average. Weights are increased with each iteration if

the learner predicts correctly, and decreased otherwise (Freund and Schapire,

1996)

Logistic

Regression

Estimates the probability of a class while minimizing log loss (Géron, 2021)

xgboost Similar to gradient boosting with various optimizing features (Friedman, 2001)

Gradient

Boosting

Decision trees are repeatedly fit to samples and classification is made based on

an average. New learner fits to residual error of previous learner (Friedman,

2001)

Support

vector

Determines the maximum distance between samples in feature space and as-

signs classes based on location relative to this distance (Géron, 2021)

125



Table A.2: Model comparison test results a

Model R2 MAE MSE

Nearest Neighbors 0.78 0.99 3.97

Decision Tree 0.69 1.15 5.53

Random Forest 0.8 0.96 3.54

Bagged Tree 0.78 1.2 3.94

Neural Net 0.69 1.44 5.51

AdaBoost 0.71 1.43 5.06

linear 0.8 0.97 3.61

xgboost 0.78 1.0 3.86

Gradient Boosting 0.68 1.3 5.69

SVR 0.76 1.03 4.22
a Acronyms: mean absolute error (MAE), mean squared error (MSE),

multilayer perceptron (MLP), support vector regressor (SVR)

.

Table A.3: Hyperparameters tuned and values used

Hyperparameter Range Tested α = 0.05 α = 0.50 α = 0.95
learning_rate 0.01 - 0.91 0.17 0.26 0.056

max_depth 2 - 4 2 4 2

min_samples_leaf 1 - 19 4 17 1

min_samples_split 2 - 19 19 18 2

n_estimators 50 - 250 153 221 196

random_state 0 - 999 387 219 637

Table A.4: Test results for RMSE data selection experiments

Experiment α = 0.05 QL α = 0.50 QL α = 0.95 QL FO

pre_2021 0.088 0.368 0.142 0.109

post_2021 0.113 0.570 0.269 0.112

add_year_as_feature 0.106 0.518 0.224 0.182

post_2021_jja 0.142 0.694 0.293 0.185

jja 0.127 0.605 0.274 0.196

pre_2021_jja 0.141 0.760 0.434 0.433
a Acronyms: quantile loss (QL), fraction of outliers (FO)

Table A.5: Test results for nRMSE data selection experiments

Experiment α = 0.05 QL α = 0.50 QL α = 0.95 QL FO

nr_rmse_pre 0.013 0.058 0.034 0.093

nr_rmse 0.015 0.075 0.050 0.128

nr_rmse_post 0.019 0.114 0.067 0.155
a Acronyms: quantile loss (QL), fraction of outliers (FO)
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