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Streamflow Drought Indicators for the Conterminous United States 
 
Abstract   Streamflow drought refers to a significant decrease in surface 
water availability and has spatial and temporal characteristics that can occur 
in every watershed region. Here, we present a companion paper describing 
the background and contents of a streamflow drought indicator dataset that 
we recently published. The dataset consists of multiple indicators that can be 
used to characterize streamflow droughts in the major watershed regions of 
the conterminous U.S. (CONUS). The dataset is derived from the daily 
streamflow data from U.S. Geological Survey (USGS) Hydro-Climatic Data 
Network 2009 (HCDN-2009). This study describes the three main categories 
of streamflow drought - low flow characteristics, deficit characteristics, and 
independent drought event characteristics – as well as the indicators for 
each category. Indicators for the dataset are selected based on their 
advantages and popularity in scientific studies and operational usage. 
Indicators are calculated for annual, seasonal, and monthly time scales to 
represent drought features under different climate conditions and streamflow 
regimes. The resulting dataset offers a comprehensive source of streamflow 
drought features on regional and national scale within CONUS. This data can 
be used by diverse users to help evaluate the spatial and temporal 
characteristics of streamflow droughts from region to region. 
 
Keywords: Streamflow drought, dataset, multiple indicators, watershed 
 

1. Introduction 

Drought is a common natural hazard occurring throughout the globe 

and affecting different aspects of human life including the environment and 

ecological systems, agriculture, forestry, river transport, energy production, 

regional infrastructure, economy, and society [Tallaksen and Van Lanen, 

2004; Nalbantis, 2008; Tallaksen and Stahl, 2014; Laaha et al., 2016].  

Drought is defined as a dry spell relative to its local normal condition, so 

it may occur in both arid areas and humid regions [Dai, 2013]. The most 

devastating events in the U.S. have occurred many times in the last century 
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[Dai, 2011; Seneviratne et al., 2012; Kam and Sheffield, 2016], affecting 

every component of the hydrological cycle originating from precipitation and 

leading to streamflow reduction in surface water systems, reservoir storage, 

and inflow to reservoirs, or the recharge and storage in the groundwater 

aquifers [Nalbantis, 2008]. Although these terms are not easily quantified, 

depending on the component of interest in the hydrological cycle, droughts 

can be classified into four categories [WMO, 2009; Dai, 2011]: (1) 

Meteorological or climatological drought is a period of months to years with 

below-normal precipitation. (2) Agricultural drought is a period with dry soils 

that results from below-average precipitation or above-normal evaporation, 

all of which lead to reduce the growth and production of crop, plant, 

or livestock. (3) Hydrological drought occurs when river streamflow and 

water storages in aquifers, lakes, or reservoirs fall below long-term mean 

levels. (4) Socioeconomic drought is associated with the impacts of the three 

above-mentioned types. It can refer to a failure of water resources systems 

to meet water demands, and to ecological, or health-related impacts of 

drought.  

Various drought indicators have been developed to monitor and quantify 

drought conditions. For meteorological droughts, precipitation is the key 

variable in defining the indicators, and typically, surface air temperature is 

considered as the secondary variable to account for the effect of 

evaporation, such as the Palmer Drought Severity Index (PDSI) [Dai, 2011]. 
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For agricultural drought, soil moisture content is often used [Nalbantis and 

Tsakiris, 2009; Dai, 2011]. Hydrological and socioeconomic droughts are 

more difficult to quantify [Sung and Chung, 2014].  Nalbantis and Tsakiris 

(2009) defined a hydrological drought as “a significant decrease in the 

availability of water in all its forms, appearing in the land phase of the 

hydrological cycle” [Nalbantis and Tsakiris, 2009]. Therefore, streamflow is 

commonly used as the key variable in describing hydrological drought 

[Nalbantis and Tsakiris, 2009; Dai, 2011; Tsakiris et al., 2013; Van Loon, 

2013; Pathak and Dodamani, 2016], because it considers the surface runoff 

form surface water system, subsurface runoff from unsaturated zones, and 

base flow from the groundwater [Tsakiris et al., 2013]. Streamflow also has 

a more rapid response to meteorological droughts in comparison to 

groundwater, and so streamflow has proved to be a suitable proxy for 

measuring the hydrological drought [Tallaksen and Van Lanen, 2004]. 

Most drought impacts are not simply caused by lack of precipitation, but 

are mainly caused by a lack of available water resources at specific times, 

such as seasonal anomalies of soil moisture, groundwater, or streamflow 

[Laaha et al., 2016].  As many human activities are highly dependent on 

surface water supply [Vasiliades et al., 2011; Li et al., 2013], which 

accounts for nearly a 77% of the total freshwater withdrawal in the U.S., 

streamflow drought is considered to be one of the most important types of 

drought, affecting the ecological system and many economic sectors (e.g., 
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drinking water supply, hydropower generation, thermoelectric power plants, 

recreation, and irrigated agriculture).  

Owing to such importance, a large number of research studies have 

been performed in this field, especially in Europe [Nalbantis, 2008; Van Loon 

and Van Lanen, 2012; Tsakiris et al., 2013; Van Loon, 2013; Wada et al., 

2013; Van Loon and Laaha, 2015]. However, in the U.S., progress in 

streamflow drought research and applications has lagged behind that of 

flood related studies, with a few notable exceptions  [Lins and Slack, 1999; 

Douglas et al., 2000; Kam and Sheffield, 2016; Pournasiri Poshtiri and Pal, 

2016; Sadri et al., 2016].  This knowledge void is noted in a recent opinion 

article by Pal et al. [Pal et al., 2015]. It is therefore timely to develop a 

database consisting of reliable, usable, and robust indicators of streamflow 

drought in the major watershed regions in the Conterminous U.S. (CONUS).  

As indicated above, drought indicators are essential tools for 

characterizing and monitoring of droughts. They simplify comprehensive 

information regarding severity, duration, and frequency [Tsakiris et al., 

2007] and have a wide range of potential users in academic fields or at 

strategic and operational levels [Tigkas et al., 2015]. Patterns of one 

streamflow drought characteristic could be very different from the patterns 

of another, for example, deficit volume versus duration [Van Loon and 

Laaha, 2015]. Due to the many attributes and features of this natural 

hazard, there is no unique and universal indicator [Morid et al., 2006; 
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Niemeyer, 2008; Shiau and Modarres, 2009] and consequently, analyzing 

the various indicators is necessary in evaluating the risk of droughts [Shiau 

and Modarres, 2009]. Considering this need in the U.S., this paper presents 

a description of a dataset of historical streamflow drought indicators across 

CONUS that we have developed. The developed dataset has been published 

[Pournasiri Poshtiri et al., 2016] and is freely available from NCAR’s research 

data archive for download at https://rda.ucar.edu/datasets/ds550.0/  

[Pournasiri Poshtiri et al., 2016]. The newly developed indicator dataset can 

be applied to compare the streamflow drought characteristics across time 

and space and can be used according to the needs of different water users. 

As such, although the dataset has some minimal documentation associated 

with it [Pournasiri Poshtiri et al., 2016], the purpose of this Technical Report 

is to provide a comprehensive overview describing the background, 

assessment methods, and contents of the recently published streamflow 

drought indicator dataset. 

2. Data 

Observed streamflow data is used exclusively as the variable for 

assessing streamflow droughts. However, it is difficult to identify stream 

gauges that are not (or minimally) impacted by humans, as well as having 

sufficient data length. These two issues can be minimized by examining the 

Hydro-Climatic Data Network-2009 (HCDN-2009), developed by the U.S. 

Geological Survey (USGS) [Lins, 2012]. HCDN-2009 is a subset of the USGS 

https://rda.ucar.edu/datasets/ds550.0/
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GAGES-II Reference stations, presenting pristine gauges from the 

headwater-type basins. This data network represents smaller and higher 

elevation basins, whose flows are minimally impacted by human 

development [Lins, 2012] and doesn’t include a lot of stations from the 

lower part of the basins (unregulated basins).  

Thus, we use the daily streamflow data derived by the HCDN-2009 for 

the undisturbed stations in order to minimize the human induced artifacts on 

the flow and capture natural variability and changes. To download the daily 

data from USGS stream gauges and to fill-in any missing data, the 

“waterData” package in R software is used [Ryberg and Vecchia, 2012]. Only 

the stations with less than 10% missing data are imported and imputed by 

the “waterData” package. In the end, there are 603 stations with between 

25 to 111 years of daily data. Geographic locations of the stations and 

length of the available data in years are presented in Figure 1 

Though the naturalized data is only available for a subset of the USGS 

gauges, and even at these gauges, there may still be artificial influences 

affecting the results, HCDN-2009 remains a valuable indication of historic 

natural streamflow data and has been employed in many streamflow and 

climate change studies even in recent  years [e.g., Shiau and Modarres, 

2009; Timilsena et al., 2009; Martin and Arihood, 2010; Newman et al., 

2015; Kam and Sheffield, 2016; Pournasiri Poshtiri and Pal, 2016; Rossi et 

al., 2016]. 
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Figure  1: Water resources regions (purple boundaries) comprising of the major river basins in the 
CONUS, and the bubbles indicate locations of HCDN-2009 stream gauges. The size of the bubbles is 
proportional to the data length in years.
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3. Methods (Indicators Calculation) 

As mentioned, various indicators are used in drought studies. In this 

paper, the focus is to present a description of a suite of streamflow drought 

indicators that are included in the published dataset [Pournasiri Poshtiri et 

al., 2016]. As summarized in Table 1, three main categories are included in 

this datasets to quantify low flow characteristic, deficit characteristics, and 

independent drought event characteristics [Pournasiri Poshtiri et al., 2016]. 

We here describe the detailed calculation of indicators under each of above 

categories following the sub-steps conducted in Figure 2. 

3.1.  Low Streamflow Characteristics 
 

Low flow characteristics describe the average low flow conditions of a 

stream and are defined in terms of time series that are derived from the 

series of daily streamflow data. Low flow characteristic can be derived from 

two main approaches, both of which are included in the dataset: (i) 

percentiles (Qx) from the flow duration curve (FDC) and (ii) minimum n-day 

mean flow [Smakhtin, 2001; Pyrce, 2004; Fleig et al., 2006].   

(i) Percentiles (Qx) from the flow duration curve (FDC): The flow 

duration curve (FDC) plots the empirical cumulative frequency of streamflow 

as a function of the percentage of time that the streamflow is exceeded 

(Figure 3). As such, the curve is constructed by ranking the data, and for 

each value the frequency of exceedance is computed. Low flow indicators are 

derived directly for every year from the curve as low-flow exceedances. 
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Table 1: Description of streamflow drought indicators. 

Category Description Threshold level Time scale Format 

Low flow 

characteristics 

 

(i) Percentiles indicators from FDC: 50th, 75th, 90th 

and 95th percentile flows (Q50th, Q75th, Q90th, 

Q95th) 
 

(ii) Minimum n-day mean flow indicators: minimum 

1-, 7-, and 30-day mean flow (q1, q7, q30) 

-  

Annual; 

Northern 

Summer; 

Northern 

Winter; 

Monthly 

CSV 

Deficit 

characteristics 

Cumulative deficit occurrence (cdo) 

Cumulative deficit volume (cdv) 

Minimum deficit volume (mdv) 

Streamflow deficit intensity (sdi) 

10q7, 10q30, 

10q1, Q50th, 

Q75th, Q90th, 

Q95th 

Annual; 

Northern 

Summer; 

Northern 

Winter; 

Monthly 

CSV 

Independent 

drought event 

characteristics 

Duration of each drought event  (dde) 

Deficit volume of each drought event (vde) 

First day of each drought event (fde) 

Number of drought events (nde) 

10q7, 10q30, 

10q1, Q50th, 

Q75th, Q90th, 

Q95th 

Annual 

CSV (2D) 

& 

Matlab (3D) 
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Daily streamflow data  

Percentile (Qx) from the 
flow duration curve  

Low flow 
characteristics Deficit characteristics 
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Deficit indicators 
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Streamflow drought 
event indicators 

Figure 2: Flowchart of streamflow drought indicators calculated for the dataset. 
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Figure 3: A schematic of the flow duration curve. P is the probability that a given flow will be equaled or 
exceeded; M is the ranked position of a given flow; n is the number of data for the period of record. For 
example, 80 percentile flow, or Q80th, is the flow that is exceeded for 80% of the period of record. 
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The flow exceedance are in terms of percentile [Risley et al., 2008], for 

example, 80 percentile flow, or Q80th (Figure 3), is the flow that is  

exceeded for 80% of the period of record. Because of the large percentage 

of zero flow values found for streams in semi-arid regions, 50th, 75th, 90th 

and 95th percentile flows are included in the dataset  for every year (Table 

1) to define low flow characteristics, as has also been considered in many 

other studies [Smakhtin, 2001; Tharme, 2003; Kroll et al., 2004; Pyrce, 

2004; Risley et al., 2008; Van Loon, 2013; Wang et al., 2015]. 

(ii) Minimum n-day mean flow: One of the most frequently applied low 

flow statistics is derived from a series of the annual (or seasonal) minima of 

the n-day average flow. In the United States and in the United Kingdom, a 

7-days (or sometimes 1-day and 30-days) averaging period is often 

considered [e.g., Yulianti and Burn, 1998; Douglas et al., 2000; Reilly and 

Kroll, 2003; Kroll et al., 2004; Pyrce, 2004; Small et al., 2006; Martin and 

Arihood, 2010; Curran et al., 2012; Sadri et al., 2016]. Similarly, the 

minimum 1-, 7-, and 30-days mean flow are included in the dataset (Table 

1).  

Since low flow statistics in different time scales represent different flow 

regime and climate conditions, a variety of timescales are included in the 

dataset, including annual, Northern summer (April-May-June-July-August-

September), Northern winter (October-November-December-January-

February-March), and monthly (column 4 in the Table 1). Low flow is 
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calculated on the seasonal or monthly scale by limiting the streamflow data 

used for the annual series to just the season or month of interest [Risley et 

al., 2008].   

3.2.  Deficit characteristics 
 

The low flow characteristics defined in the previous section quantify 

droughts according to their magnitude and are useful for understanding the 

hydrological regime of a river [Tallaksen et al., 1997; Fleig et al., 2006]. 

However, to understand drought processes and impacts, it is necessary to 

identify the drought characteristics based on streamflow below a certain 

threshold level (Q0). The threshold level method [Yevjevich, 1967] is the 

most frequently applied quantitative method to identify drought 

characteristics from time series variables [Tallaksen et al., 1997; Fleig et al., 

2006; Lehner et al., 2006; Van Loon, 2013; Beyene et al., 2014]. This 

method allows for deriving a time series for each drought event and then 

characterizing each drought by its time of occurrence, duration, and deficit 

volume (or severity) as illustrated in Figure 4.   Thus, this dataset includes 

several deficit indicators (i.e., cumulative deficit occurrence, cumulative 

deficit volume, minimum deficit volume, and streamflow deficit intensity) 

with respect to various threshold levels (Table 1).  The calculation of deficit 

indicators involved two following steps: (i) Threshold level calculation and 

(ii) Deficit indicators calculation. 
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(i) Threshold level calculation: as shown in Figure 2, the first step of 

quantifying the deficit indicators is to calculate the threshold level.  The type 

and magnitude of a threshold level depends on the drought impacted sector 

[Lehner et al., 2006; Beyene et al., 2014]. The threshold can be selected 

based on minimum n-day mean flow or percentile of streamflow from the 

FDC. Minimum n-day mean flow with 10 years return period (10q1, 10q7, 

and 10q30) are often used as hydrologically-based design flows [Pyrce, 

2004; Risley et al., 2008; U.S. EPA, 2017]. On the other hand, the FDC 

allows for the selection of suitable threshold levels both for perennial 

streams without and with a frost season, as well as for intermittent streams. 

For perennial streams, Q95th, Q90th, or Q75th can be applied, whereas for 

intermittent streams lower percentiles are chosen [Tallaksen and Van Lanen, 

2004]. In the published dataset, we include Q95th, Q90th, Q75th, Q50th, 

10q1, 10q7, and 10q30 as threshold levels (column 3 in Table 1).   

Furthermore, the threshold might be fixed with a constant value for 

the entire streamflow record, or, a variable threshold can be applied to 

investigate the streamflow deviations during both high and low flow   

seasons [Tallaksen and Van Lanen, 2004; Lehner et al., 2006; Beyene et al., 

2014; Van Loon and Laaha, 2015]. Variable thresholds have been found to 

be the most appropriate method in catchments with different seasonal 

patterns [Nyabeze, 2004; Lehner et al., 2006; Vidal et al., 2010; Van Loon, 

2013; Beyene et al., 2014]. The main advantage of the variable threshold 
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level method is that it stays as close as possible to the actual time series of 

hydro-meteorological variables [Van Loon, 2013]. However, there is no 

single threshold level that is preferable to another and the selection of a  

specific threshold level remains a subjective decision [Fleig et al., 2006]. In 

the developed dataset, fixed thresholds at annual timescales, and variable 

thresholds taken at seasonal and monthly timescales (column 4 in Table 1) 

are used to derive the deficit duration and severity indicators column 2 in 

Table 1).  

 (ii) Deficit indicators calculation: Deficit indicators (column 2 in Table 

1) are calculated after identifying each deficit event characteristics including 

deficit duration (di), deficit volume or severity (Vi), and minimum deficit 

volume (Vmin,i). Deficit duration is defined as the number of dry days when 

the streamflow (Q(t)) is below a certain threshold level (Q0) of interest 

(Figure 4) and is calculated using the equations below: 

d(t) = �
1  if  Q(t) < Q0

0  if   Q(t) ≥ Q0

 
(1) 

di = �d(t)∆t
T

t=1

 (2) 

Here, the variable d(t) indicates a day when the streamflow measurement 

fell below or above the threshold level and so defines a drought event. t=1 is 

the beginning of drought event i, T is the end of drought event i, and ∆t is 

the time step, which is 1 day here.  
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Next, deficit volume or severity (Vi) is calculated by summing up the 

differences between daily streamflow and the threshold level over the deficit 

duration di (Figure 4) using equations below: 

V(t) = �
Q(t) − Q0   if  Q(t) < Q0

0                     if   Q(t) ≥ Q0

 (3) 

 

Vi = �V(t)∆t
T

t=1

 (4) 

Here, V(t) is the deviation of daily streamflow from the threshold at time t, 

and Vi is the deficit volume within drought event i.   

Minimum deficit volume (Vmin,i) is selected as the minimum value of 

V(t) over the deficit duration (Figure 4).  

Based on the above definitions, several streamflow deficit indicators 

are developed, including deficit occurrence (cdo), cumulative deficit volume 

(cdv), minimum deficit volume (mdv), and streamflow deficit intensity (sdi) 

(Table 1).  Cumulative deficit occurrence (cdo) is calculated by summing up 

all the deficit durations over a year, as below: 

cdo = �di

n

i=1

 (5) 

Here, n is the number of deficit events in a year or any other time scale of 

interest.  
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Figure 4: Illustration of the deficit characteristics (i.e., duration (di); deficit volume (Vi); minimum 
deficit volume (Vmin,i) ; time of occurrence (t)) , mutually dependent droughts (di ,Vi ; di+1 ,Vi+1 ; ti ≤ tc), 
and minor droughts as defined with the threshold level method. 
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Cumulative streamflow deficit volume (cdv) is calculated by summing 

up deficit volumes in a year or any other time scale of interest, as below:  

cdv = �Vi

n

i=1

 (6) 

Then, minimum streamflow deficit volume (mdv) is calculated by 

selecting the minimum volume of streamflow less than a threshold level in a 

year or any other time scale of interest, as below:    

mdv = min( Vmin,1 , Vmin,2 , … , Vmin,n)   (7) 

Another deficit characteristic is drought intensity (sdi). This is defined 

as the ratio between drought deficit volume and duration [Fleig et al., 2006], 

as calculated below:  

sdi =
Vi
di

 (8) 

3.3.  Independent drought event characteristics 

These deficit indicators, identified in the previous section, allow 

comparisons between drought characteristics across time and space, but can 

also be used for meeting various needs of water resource management.  

Since a single drought event can cover a large region, extending across 

different climate zones and affecting various human activities [Fleig et al., 

2006], it is  needed to identify independent drought event characteristics. 

Thus, the dataset further identifies the within-year drought event 

characteristics with respect to the streamflow series ( i.e., duration of each 

drought event, deficit volume of each drought event, first day of each 
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drought event, and number of drought events by considering Q95th, Q90th, 

Q75th, Q50th, 10q1, and 10q7 as threshold levels) (Table 1).  This section 

aims to provide some detail on how to combine mutually dependent 

droughts, to exclude minor droughts, and consequently, to recognize all 

independent drought characteristics included in the dataset. The calculation 

process is similar to deficit characteristics with minor modifications as 

follows: 

Using the threshold level method to define streamflow drought events 

from a daily streamflow series causes two problems: mutually dependent 

drought events and occurrence of minor droughts, as shown in Figure 4 

[Engeland et al., 2004; Tallaksen and Van Lanen, 2004; Fleig et al., 2006; 

Van Loon and Laaha, 2015]. During a long period of streamflow deficit, 

excess periods with Q(t) > Q0 of short duration and small excess volume can 

occur, which divides the phase of low discharge into several drought events. 

These mutually dependent droughts (Figure 4) can be combined into a long 

event by pooling procedures [Tallaksen et al., 1997; Fleig et al., 2006; Van 

Loon, 2013; Beyene et al., 2014]. 

The inter-event time method (IT-method) [Zelenhasić and Salvai, 

1987] is a common procedure to knit such multiple drought events based on 

an inter-event time criterion (IT-criterion). When the inter-event time (ti) 

between two consecutive drought events with duration (di, di+1) and deficit 
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volume (Vi, Vi+1) is less than a critical duration (tc), they are pooled into a 

single drought with duration (pdi) and deficit volume (pVi). 

pdi = di + di+1 + ti (9)                                                                                                 

pVi = Vi + Vi+1 (10) 

The value of tc considered is a subjective parameter and isn’t anticipated to 

affect the results of the drought propagation [Van Loon, 2013]. This study 

considers an inter-event time period of the 5 days, as also recommended by 

[Tallaksen et al., 1997] and [Fleig et al., 2006]. Fleig et al. (2006) analyzed 

a global dataset of streamflow series demonstrating streams from most of 

the major climate zones with different catchment characteristics and found 

that the sensitivity curves generally started to level out around 5 days. 

Consequently, the duration of each drought event (dde) and deficit volume 

of each drought event (vde) (Table 1) are calculated using equations (2) and 

(4) for condition when (ti > tc) or equation (9) and (10) when (ti ≤ tc). 

Minor droughts are also excluded when their deficit volume is smaller 

than a certain percentage (α) of the maximum observed deficit volume (Vi ≤ 

 α * Vmax), or when they are of a short duration (di ≤ dmin) [Tallaksen et al., 

1997; Fleig et al., 2006]. Fleig et al. (2006) recommended the criterion of α 

= 0.5% and dmin = 3 days, which we follow in this dataset.  

After the pooling procedure is applied and so the minor droughts are 

eliminated, the first day of each drought event (fde) (Table 1) is selected as 
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the start day of each event and total number of drought events (nde) (Table 

1) is calculated by counting the number of di within a year.  

4. Summary  

This study uses statistical techniques to develop a dataset streamflow 

drought indicators across the CONUS. The dataset is derived from the daily 

streamflow data from HCDN-2009 at varying time scales from 1901 to 2012 

(as summarized in Table 1). This dataset simplifies comprehensive 

information regarding magnitude, timing, severity, duration, and frequency 

of streamflow droughts and has a wide range of potential users in academic 

fields or at strategic and operational levels.  

This set of indicators can be used for a wide variety of applications and 

studies in regional or national scales for different time scales, and the 

methodology can be transferred to any other region of interest. It can allow 

researchers from diverse disciplines to identify potential drivers (e.g., land 

use or climate) associated with streamflow droughts. However, the choice of 

indicator and its implementation are important as they can result in different 

conclusions, especially in the light of magnitude, spatial variability, and 

trends. 

Data are available in two- and three-dimensional files as CSV and MAT 

format (zip files) to the public through an unrestricted repository at 

http://dx.doi.org/10.5065/D6QR4V9X [Pournasiri Poshtiri et al., 2016]. The 

low flow characteristics and deficit characteristics organized in 2-dimensional 

http://dx.doi.org/10.5065/D6QR4V9X
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CSV files as described in Table 2 and Table 3 of the Documentation section 

in the repository [Pournasiri Poshtiri et al., 2016]. Each row in the file 

represents one year data and each column represents one station. The 

independent drought event characteristics are arranged in either two-

dimensional CSV files representing each drought event in each year for a 

station or three-dimensional MAT files including each drought event in each 

year for all stations, as described in Table 4 of the Documentation section in 

the repository [Pournasiri Poshtiri et al., 2016].  

These datasets can be imported to any analysis software packages (e.g. 

R, Matlab, ArcGIS, etc.).  
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