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IV. Conclusions/Recommendations
1.	The number of unimpaired gauges in the continental United States is small and a larger sample size would allow for more 

statistical confidence.

a.	Due to the small size of the overall dataset, the DBSCAN curated clusters are of small sample size as well. Thus, this analysis results 
in preliminary conclusions worth further investigation.

b.	The reconstruction of unimpaired flow at regulated gauges (impaired gauges) would increase the sample size for analysis. This would 
allow for more statistically robust conclusions on nonstationarity relationships. 

2.	Future efforts should look at more hydrologic data (e.g., low flow [drought] conditions). This will allow for focused analysis on the 
potential reasons for changes in gauge data, whether they are climatic or human-induced changes. 

3.	Best practice guidance should focus on the attribution of nonstationarities detected in the annual maximum discharges to specific 
nonstationarity drivers.

4.	Statistical methodologies should be applied to other hydrometerological records such as minimum discharge, precipitation, and sea level. 

5.	Additional analysis should examine long-term persistence of these conclusions and how this analysis may vary over time. 

6.	Future efforts should examine how spatial patterns in nonstationarity clustering evolve geographically over time.
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I. Background of Research
Impacts relevant to U.S. Army Corps of Engineers (USACE) operations, climate change, and modifications to watersheds are undermining the 
fundamental design assumption of stationarity (the statistical characteristics of hydrologic time series data are constant through time). This 
assumption, implemented decades before desktop computers, has enabled the use of well-accepted, yet computationally simplified, statistical 
methods in water resources planning and design that rely primarily on the observed record. 

Changes in hydrologic processes can occur either abruptly or gradually depending on the characteristics of the nonstationarity factors affecting 
physical processes (e.g., McCuen 2003; Chandler and Scott 2011). Evaluation of change point detection methods resulted in the selection of 12 
different statistical tests in the USACE nonstationarity detection guidance (USACE 2017) and are applied to annual instantaneous peak for the 
unimpaired streams with more than 30 years of records in the U.S. using the United States Geological Survey (USGS) GAGES-II database.

The purpose is to inform engineers to use their judgment to consider the resilience of the system when incorporating the range of results in 
their adopted hydrologic study or design results. Comparison of results generated using a modified portion of the period of record to the results 
that would have been generated had traditional methods been applied (period of record analysis) is advisable.

III. Results
A script was run against the gauges’ annual instantaneous peak flow for unimpaired streams from the USGS. A nonstationarity was 
assigned if two or more statistical checks found a nonstationarity in the same year at a gauge.

Density-Based Clustering of Applications with Noise (DBSCAN) was used to geographically cluster all unimpaired gauges based on spatial 
densities (Ester et al., 1996). This density-based clustering technique was chosen due to its effective performance on spatially sparse data 
and its ability to intelligently handle noisy data and outliers.

Using this technique, natural, density-based clusters were separable out of the natural noise in the data and were geographically dispersed.

II. Statistical Methods for Nonstationarity Detection
A nonstationarity that is detected can be considered strong if it is detected by two or more detection methods of the same 
type (e.g., mean or variance/standard deviation or distribution). This represents the consensus that a statistically significant 
nonstationarity occurs at a given point in a flow record.

Nonstationarities detected at Brazos River near Palo Pinto, TX streamgage

Nonstationarities method and system detected heatmap for the Brazos River near Palo Pinto, TX stream gauge (two types 
from five statistical checks detect a nonstationarity in 1943)

Tjoa, Min A., ed. 2005. Data Warehousing and Knowledge Discovery: 7th International Conference, DaWak 2005, Copenhagen, 
Denmark, August 22–26, 2005, Proceedings. Vol. 3589: 226–231. AAAI Press.

The statistical methods applied within the nonstationarity detection can be categorized by the type of nonstationarity detected, mean, 
variance, and distribution and whether the nonstationarity is representative of a smooth or abrupt change in the statistical properties of 
the dataset under analysis.

The DBSCAN identified six clusters, with two of the six deviating significantly from the norm behavior. In the Northern Midwest cluster, 
50 percent of the unimpaired gauges had a nonstationarity. On the other hand, only 10 percent of the gauges in the South cluster had a 
nonstationarity. Both of these measures deviate from the expected proportions, as 23 percent of the unimpaired gauges across the United 
States had a nonstationarity.

1.	Mean-based nonstationarity type detects a nonstationarity where there has been a significant change in the average value of the data. 
The Lombard Wilcoxon, Pettitt, Mann-Whitney, and Bayesian methods are all mean-based. 

2.	Variance-based nonstationarity type detects a nonstationarity where there has been a significant change in the variance/standard 
deviation of the data. The Mood and Lombard Mood methods are variance-based statistical tests. 

3.	Distribution-based nonstationarity type detects a nonstationarity where there has been a significant change in the underlying 
distribution of the data, which can be caused by a change in the parameters of the same distribution (e.g,. going from one normal 
distribution to another) or from one distribution type to another (e.g., going from a normal distribution to a beta distribution). The 
Cramer-Von-Mises, Kolmogorov-Smirnov, LePage, and Energy Divisive methods are distribution-based. 

4.	Smooth versus abrupt nonstationarities are categorized by whether they represent abrupt or smooth changes in the data. Here, a 
smooth transition refers to a gradual change in the mean, variance/standard deviation, and/or distribution of the annual instantaneous 
peak streamflows recorded at a USGS gauge site.

II. Statistical Methods for Nonstationarity Detection (cont.) III. Results (cont.)

Gauge Type
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Unimpaired

ChangePoint Detected
No
Yes

Orange dots represent where 
two or more statistical meth-
ods detected a change in the 
same year at the gauge.

Blue dots represent locations 
where one or fewer statistical 
methods detected a change in 
the same year.


