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a b s t r a c t
Irrigated agriculture is practiced on 680 million acres worldwide. Irrigated grazing land is likely a signiﬁcant portion of
that area but estimating an accurate ﬁgure has remained problematic. Due to its signiﬁcant contribution to agricultural water use worldwide, we develop a methodology to remotely sense irrigated pasture using a California case study.
Irrigated pasture is the third largest agricultural water use in California, yet its economic returns are low. As pressures
mount for the agricultural sector to be more water efﬁcient and for water to be directed towards its most economically valuable uses, there will likely be a reduction in irrigated pasture acreage. A ﬁrst step in understanding the importance of irrigated pasture in California is establishing a methodology to quantify baseline information about its
area, location, and current rate of loss. This study used a novel object-based image analysis and supervised classiﬁcation on publicly-available, high resolution, remote sensing National Agriculture Imaging Program (NAIP) imagery to
develop a highly accurate map of irrigated pasture in a rural county in California's Sierra foothills. Irrigated pasture
was found to have decreased by 19% during the ten-year period, 2005–2014, from 4,273 to 3,470 acres. The implications of this loss include potential impacts to wetland-dependent species, groundwater recharge, game species, traditional ranching culture, livestock production, and land conservation. Overall accuracy in classiﬁcation across years
was consistently over 89%. Comparing these results against available measurements of irrigated pasture provided
by state and federal agencies reveals that this method signiﬁcantly improves upon existing metrics and methods of
data collection and points to critical needs for new targeted research and monitoring efforts. Broadly, the analysis presented here provides an improved methodology for mapping irrigated pasture that can be extended to provide accurate and spatially-explicit data for other counties in California and other arid and semi-arid regions worldwide.
© 2016 Elsevier B.V. All rights reserved.
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1. Introduction
Irrigated agriculture is practiced on 680 million acres worldwide.
While this accounts for only 20% of cultivated land, these areas provide
40% of the total food produced globally (FAO, 2016). Although studies
have attempted to model global consumptive water use of irrigated
grazing land (Rost et al., 2008; Postel, 1998), estimating an accurate ﬁgure has remained problematic, in part because of the large uncertainties
in the global data sets distinguishing croplands and pasturelands in mosaic landscapes (Hannerz and Lotsch, 2008). Due to its likely signiﬁcant
contribution to agricultural water use worldwide, we develop a methodology to remotely sense irrigated pasture using a California case
study.
California's recent drought (2013–2017) has brought renewed attention to the state's complex and often convoluted system of surface
water distribution (Grantham and Viers, 2014). In particular, the irrigation practices of the agricultural sector—which consumes nearly 80% of
the state's annual, non-environmental surface water ﬂow (Mount et al.,
2014; DWR, 2010)—have been strongly criticized as inefﬁcient
(Famiglietti, 2014; AghaKouchak et al., 2015). As agriculture braces for
continued cutbacks in surface-water allocation, rising water prices,
and requirements to transition to water-efﬁcient irrigation systems or
crops (Howitt et al., 2015), the long-term economic and land-use impacts of these changes remain uncertain.
Irrigated pasture—or, pastureland artiﬁcially irrigated during
California's dry summers—is used to graze livestock and is a signiﬁcant
source of forage for the state's cattle industry: without access to irrigated pasture or other expensive supplemental feeds in the dry season,
livestock lose body condition due to the low nutritional content of
non-irrigated vegetation available on California's rangelands. Irrigated
pasture, however, is one of the state's most water intensive and least
proﬁtable crops. The most recent ﬁgures from the California Department of Water Resources show that irrigated pasture ranked third
among crops statewide in amount of water applied (DWR, 2010), but
the California County Agricultural Commissioners' Report for 2014–
2015 ranks its agricultural gross value only 52nd out of 70 commodity
crops (CDFA, 2016). If considered in purely economic terms, fallowing
irrigated pasture or converting it to another crop represents the most
rational response to rising water costs and restrictions (Sunding et al.,
1997). Yet irrigated pasture is a critical land resource (Huntsinger et
al., 2017; Richmond et al., 2010; Earl, 1950); losing substantial acres of
it across the state would have broad agricultural, environmental, and
land-use consequences that economic analyses to date have not fully
considered.
A crucial ﬁrst step in understanding irrigated pasture and its potential reductions in California is measuring its statewide spatial extent,
distribution, and current rate of loss. In recent decades, remote sensing
has emerged as an indispensable tool in generating land-use/land-cover
(LULC) maps (Burkhard et al., 2012; Verburg et al., 2009; Friedl et al.,
2002). Analyzing land cover changes across time has allowed environmental managers to measure ecosystem and natural resource dynamics
with greater precision (Guida-Johnson and Zuleta, 2013; Sohl et al.,
2012; Foley, 2005). The power of analysis, however, has been limited
by trade-offs between the spatial and temporal resolution of the available imagery (Ellis et al., 2006). Furthermore, the varied patterning
and diverse settings of irrigated pasture across the California landscape
offers real challenges in remote identiﬁcation. As such, this analysis
seeks to identify the best ways to address and reconcile these
challenges.
Currently, a number of county, state, and federal agencies are
attempting to measure the acreage of irrigated pasture in California.
The California Department of Food and Agriculture (CDFA), (2015)
keeps non-spatial records based upon producer self-reporting to county
Agricultural Commissioners' ofﬁces. The California Department of
Water Resources (DWR) provides crop maps for counties across the
state. Both the National Agricultural Statistics Service (NASS) and the

National Land Cover Database (NLCD) keep spatially-explicit records
of agricultural land types statewide. NASS also conducts the Census of
Agriculture every ﬁve years, which gathers county-based estimates
through self-reporting (USDA National Agricultural Statistics Service,
2014). All of these sources, however, have different but critical limitations. The CDFA and Census of Agriculture data are not spatially explicit,
and they depend upon producer participation statewide as well as producers' accurate knowledge of the number of acres they irrigate. The
DWR data are spatially-explicit but requires time-consuming, in-person
ﬁeld work to draw crop maps. Finally, the NASS Cropland Data Layer
(CDL) and NLCD spatial datasets have two limitations as they relate to
irrigated pasture: 1) both classiﬁcations use imagery at course resolution, which limits their accuracy and sensitivity, and 2) neither dataset
includes a classiﬁcation category that would explicitly capture the
kind of irrigated pasture that exists in California.
The analysis offered here improves the process of identifying irrigated pasture when generating LULC data in California by using supervised
classiﬁcation on National Agriculture Imagery Program (NAIP) imagery
for multiple years. The NAIP imagery is of much ﬁner resolution (1 m)
than the data used in other classiﬁcation analyses. As with other landuse studies that use hyperspatial NAIP imagery in heterogeneous landscapes (Moskal et al., 2011, Halabisky, 2011), object-based image analysis (OBIA), rather than a pixel-based approach, was employed to
dramatically improve classiﬁcation accuracy. This study employed
OBIA to measure irrigated pasture in one California County to reﬁne
the method and to test its accuracy in a setting where its successes
and uncertainties were easier to interpret. Nevada County, with its varied terrain, mix of high-density urban areas and low-density exurban
sprawl, and range of vegetation cover types was selected as a test case
because it offers a broad assortment of remote sensing challenges that
apply to irrigated pasture classiﬁcation in California.
More broadly, however, this analysis establishes an improved and
repeatable methodology for mapping irrigated pasture that lays the
groundwork to generate reliable and accurate data at larger scales in
California and ultimately internationally.
2. Materials and methods
2.1. Description of study area
Nevada County is a small, rural county located in northeastern California (Fig. 1). Its geographic area is 623,360 acres (974 mile2) and its
total population was 98,877 in 2010 (U.S. Census Bureau, 2017). There
is a steep elevational gradient as the county spans lower-elevation foothills in the west to the crest of the Sierra Nevada in the east. Accordingly,
it includes a diversity of vegetation types, ranging from Valley Grasslands to Oak Woodlands to the Montane and Subalpine Vegetation of
the Sierra Nevada Range (Barbour et al., 2007). The climate is Mediterranean, characterized by cool, wet winters and prolonged hot, dry summers. Over 95% of annual precipitation falls between the months of
October and May (CIMIS, 2017). Intensive production agriculture is limited due to the county's poor foothill soils and terrain. As a result, the agriculture that has existed since the mid-nineteenth-century California
Gold Rush has predominantly been timber and extensive livestock production in range- and woodland settings. In 2015, its leading agricultural commodities were cattle–both fed heifers/steers and cull cows;
rangeland and irrigated pasture leases; and truck-farm vegetables
(CDFA, 2016).
Much of California's irrigation water is managed by quasi-governmental irrigation districts that collect, manage, and distribute water
for agricultural and urban use (CA-LAO, 2002). Nevada Irrigation District (NID) is the largest in the county, founded in 1921 to deliver untreated surface water to the region's farmers and ranchers. Much of
the complex system of earthen ditches and ﬂumes that NID inherited
was built in the nineteenth century to facilitate hydraulic gold mining.
Early irrigation efforts within the district focused on gravity-propelled
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Fig. 1. Map of Nevada County.

ﬂood irrigation of alfalfa, hay, and pasture ﬁelds (Hyatt, 1931). Nevada
County, however, experienced a profound demographic and economic
shift in the second half of the twentieth century as retirees and telecommuting urban professionals increasingly replaced resource-extraction-based workers (Duane, 1999). The current landscape within
NID's 287,000-acre (448 mile2; 323 mile2 of which is within Nevada
County) service area is a complex patchwork of small towns, low-density exurban residences, and hobby and production-oriented agriculture.
Today, in addition to providing irrigation waters to ranching operations
throughout the county, NID also provides untreated water to exurban
residential parcels, housing associations, and golf courses (Huntsinger
et al., 2017).

2.2. Data sources
This study utilized data from four sources (USDA/NRCS
Geospatial Gateway, 2014; USDA NASS, 2014; Homer et al., 2015;
Nevada County, California, 2015). NAIP data comes with four raster
bands representing the red, green, blue, and near-infrared electromagnetic regions. It is offered either as a digital orthophoto quarter
quad tile (DOQQs) or as compressed county mosaics (CCM). Because
this analysis was conducted at the county scale, Nevada County's
CCM was the most appropriate data choice, and it came from USDA
pre-processed so that each tile in the mosaic was individually rectiﬁed into the UTM coordinate system, NAD 83. Subsequent ﬁles
downloaded from other sources were then re-projected into NAD
1983, UTM Zone 10.
The county NAIP ﬁle was clipped to the boundary of the local water
district—the entity that provides raw, agricultural water for
irrigation—in order to limit the extent of the study area to improve processing time during classiﬁcation and to avoid analyzing US Forest Service land (503 mile2, or, 52% of Nevada County). Although there may be
some limited pasture irrigated from springs or wells in other parts of the
county, clipping to the district boundary should not signiﬁcantly affect
the results of the study, although—if anything—the estimates of irrigated pasture presented here should be considered conservative or slightly
lower than actual values.

2.3. Classiﬁcation
Due to the composition of the landscape and the occurrence of multiple green vegetation types (Fig. 2a), mapping pasture was performed
using a supervised image classiﬁcation procedure, which uses training
samples of each class to statistically evaluate class membership for the
unlabeled spatial units. The pilot analysis ﬁrst considered pixel-based
Maximum Likelihood Classiﬁcation (MLC) in both geospatial
software—ArcGIS (Esri Inc.), version 10.2 (Fig. 2b) and remote sensing
software—ENVI (Harris Geospatial Inc.), v. 5.2 (Fig. 2c), both of which
produced a speckled, heterogeneous appearance to the mapped cover
types and visible inaccuracies in spatial extents and contiguity of the target irrigated pasture units. For this reason we used an alternative objectbased image analysis (OBIA), which ﬁrst uses segmentation to delineate
image regions, or “objects,” as relatively homogeneous primitive spatial
units and then classiﬁes them into desired land cover types based on
the user-selected approach (e.g., Blaschke, 2010). With high-resolution
datasets such as NAIP, OBIA offers an improvement over pixel-based classiﬁcation approaches (Fig. 2d) because it alleviates local spectral noise
and, in addition to spectral information, also accounts for shape, form,
and texture of the objects during their classiﬁcation.
We implemented OBIA classiﬁcation in eCognition v.8.8 (Trimble
Inc.) software using the four bands of the original NAIP as the image
layer inputs. The ﬁrst step was running a multiresolution segmentation
algorithm that merged pixels one by one based on their spectral similarity to one another to form larger aggregates; the process terminated
when a user-deﬁned threshold of homogeneity was exceeded. Parameters to determine “shape” and “compactness” were also used. These settings are adjusted iteratively during the segmentation process until
objects in the image are satisfactorily grouped. These new, grouped
pixels, or objects, carry not only the spectral and statistical information
of the pixels of which they consist, but also information on their texture,
shape, and position (Rahman and Saha, 2008).
Next, ofﬁce-based, visual interpretation of the 1-m resolution imagery was used to select individual objects as training samples to deﬁne
the ruleset for each of the classes. Because the emphasis was to classify
pasture, we used an abbreviated list of ﬁve major classes: 1) irrigated
pasture; 2) dry, non-irrigated rangeland; 3) oak and coniferous trees,
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Fig. 2. Comparison of three classiﬁcation methods. (a) Original 1 m–resolution NAIP imagery of Nevada County. (b) Maximum Likelihood Classiﬁcation in ArcGIS; notice confusion
between shadows in the oaks and irrigated pasture. (c) Maximum Likelihood Classiﬁcation in ENVI. (d) Classiﬁcation in eCognition with object-based image analysis.

or forest; 4) water; and 5) impervious surfaces (buildings, roads, rock,
gravel, etc.). One hundred training samples were selected to build membership values for each class, for a total of 500 training objects for each
image (2005, 2014). Finally, we ran eCognition's nearest-neighbor classiﬁer, which classiﬁed the remaining undeﬁned image objects based
upon their degree of membership in feature space to the training sample classes (Baatz et al., 2004).
2.4. Accuracy assessment
Determining the quality of a classiﬁcation result, the process known
as accuracy assessment demonstrates how well the classiﬁcation is able
to analyze the image and reveals potential shortcomings in the methodology (Congalton, 1991). Accuracy assessment for this study was performed in ENVI, using the tool “Confusion Matrix Using GroundTruthed ROIs.” Separately, in ArcGIS, an ofﬁce-based assessment of 1
m–resolution NAIP imagery created new point vector ﬁles selected
with expert knowledge, which were to function as test samples. Each
class (irrigated pasture, dry range, oak, water, impervious) had at least
one hundred ground-truthed point samples, for a total of 528 test samples for 2005 image and 502 for 2014. These test samples were compared against the classiﬁcation results from eCognition in a confusion
matrix to determine overall accuracy, accuracy within class, user's accuracy, and producer's accuracy (Congalton, 1991; Congalton and Green,
2008).
2.5. Comparison of classiﬁcation techniques
The National Land Cover Database uses 30 m-Landsat imagery to
provide consistent, nationwide digital land cover classiﬁcation data
(Wickham et al., 2014). Although it has been shown that nationwide
overall accuracy of previous NLCD datasets has achieved upwards of
79% (Wickham et al., 2013), it was unclear how this accuracy would
hold up within the context of a smaller area, and by extension, how useful the NLCD dataset is in measuring and mapping LULC within Nevada
County. To achieve a comparison between NLCD 2011 and the classiﬁcation results from eCognition, the NLCD Anderson Level II class codes
were consolidated into their Level I codes to generate classes comparable to the ﬁve used in the eCognition analysis (Class 81, Irrigated Pasture; Class 71, Rangeland; Class 41, Forest; Class 11, Water; Class 21,
Impervious Surfaces). A new point vector ﬁle of over 500 groundtruthed test samples was again created in ArcGIS based on 2012 1 m–
resolution NAIP imagery. Finally, in ENVI, a confusion matrix was generated for the 2011 NLCD results.

each irrigated pasture polygon was calculated. Polygons of less than
one acre in size were discarded, both to remove small areas that may
have been erroneously misclassiﬁed in eCognition (shadows, light-colored oaks, ponds, riparian areas, etc.) and because polygons of less
than one acre are likely not irrigated pasture but instead irrigation
leaks, lawns, or other greenways. The resulting vector ﬁles for 2005
and 2014 were unionized to create one master vector ﬁle, with three
kinds of polygons for irrigated pasture: 1) present in 2005, present in
2014 (no change); 2) present in 2005, absent in 2014 (loss); 3) absent
in 2005, present in 2014 (gain).
3. Results
3.1. Irrigated pasture acreage
Results from the OBIA supervised classiﬁcation measured 4273 acres
of irrigated pasture in 2005 and 3470 acres in 2014, a loss of 803 acres
(19%). These acreage ﬁgures are in comparison to the non-spatial ﬁgure
of 10,000 acres reported by CDFA in 2014; the spatial ﬁgure provided by
the California Department of Water Resources of 5624 acres from 2005;
the non-spatial ﬁgures reported by the NASS Census of Agriculture of
4856 acres in 2007 and 4088 acres in 2012; and the 34 acres generated
from the NLCD spatial dataset (Class 81, Pasture/Hay). The spatially-explicit Cropland Data Layer by NASS has no analogous, comparable class
for irrigated pasture (Table 1), although we combined “alfalfa,” “other
hay,” and “clover/wildﬂowers” as analogues for irrigated pasture, for a
result of 8 acres in 2008 and 27 acres in 2014.
3.2. Accuracy of methodological approach
Overall accuracy for eCognition classiﬁcation for 2005 was 89.39%
and for 2014 was 89.42% (Table 2). User accuracy percentages for the irrigated pasture class speciﬁcally were even higher. To wit, the algorithm
correctly classiﬁed 96% of the irrigated pasture ground-truthed samples
in 2005 and 100% of the samples in 2014. The greatest source of confusion overall was in the impervious class, which was often confused with
“Range” and “Oak” classes, likely due to the spectral similarities between impervious surfaces, senesced grasslands, and light-colored
oaks. In comparison, overall accuracy for NLCD 2011 was 47.21%. The
greatest source of error in the NLCD 2011 classiﬁcation was in the irrigated pasture class: not one test sample was classiﬁed correctly (77%
of irrigated pasture test samples were classiﬁed as Range, 17% were classiﬁed as Oak, and 6% were classiﬁed as Impervious).
4. Discussion

2.6. Change detection of irrigated pasture
Classiﬁcation results from the two years, 2005 and 2014, were
exported from eCognition to ArcGIS as raster ﬁles. Although change occurred between all class types across the ten-year period, change detection analysis was limited to irrigated pasture in this study. To
accomplish this, the raster ﬁles were vectorized without smoothing, irrigated pasture polygons were selected and exported, and the area of

As populations continue to rise and place increasing pressure on
existing water resources, understanding agriculture's full contribution
to global water use will be of paramount importance. Irrigated pasture
is a signiﬁcant water use in California, which is likely true of other arid
and semi-arid regions around the world. As such, it is critical both to
document its distribution and to catalogue its environmental and economic impacts. The spatially explicit quantitative analysis presented
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Table 1
Results.

Classiﬁcation with National Agricultural Imaging Program (NAIP) imagery
CDFA Nevada County Agricultural Commissioner's Report

California Department of Water Resources
NASS Census of Agriculture
National Land Cover Database (NLCD)
NASS Cropland Data Layer
a
b
c

Acres 2005–2008

Acres 2011–2014

Gain/(loss)

Percent change

4273 (2005)a
9700 (2005)
10,000 (2006 & 2008)
7986 (2007)
5624 (2005)
4856 (2007)
20 (2006)
8 (2008)b

3470 (2014)a
10,000 (2011–2014)

(803)a
NA

(19%)a
NA

–
4088 (2012)
34 (2011)
27 (2014)c

–
(768)
14
19

–
(16%)
70%
238%

Results generated in this analysis.
Class in CDL was “alfalfa.” In 2008, CDL measured no pixels of “other hay/non-alfalfa” or “clover/wildﬂowers” in Nevada County.
Combined classes in CDL were “alfalfa,” “other hay/non-alfalfa,” and “clover/wildﬂowers.”

here is a crucial ﬁrst step towards understanding how these systems are
changing and identiﬁes the need for additional interdisciplinary study
of the human and environmental impacts of this change. Although the
loss of irrigated pasture is not surprising given its low economic value
and the water allocation pressures created by California's recent
drought, the fallowing or conversion of irrigated pasture will most likely
have agricultural, cultural, and ecosystem implications that are not
accounted for in traditional analyses. Here we provide an analysis of
the spatial trends of this land use, the methodology we employed, the
potential for broadening to larger geographic areas, and ﬁnally discuss
the implications for managers and policymakers.
4.1. Irrigated pasture distribution and trends
The present analysis establishes more accurate measures of the total
number of acres of irrigated pasture, ﬁgures which differ substantially
from three of the ﬁve currently-available metrics: 1) the statistics published by CDFA and the Nevada County Agricultural Commissioner's Report, 2) the LULC data generated by NLCD, and 3) the NASS Cropland
Data Layer. Only statistics from the California Department of Water

Table 2
Confusion matrices.
Classiﬁcation

Ground truth (pixels)
Irri. past.

Resources (DWR) and the NASS Census of Agriculture align with the
present classiﬁcation (Table 1). Furthermore, results in Nevada County
across time demonstrate that there has been a substantial loss of irrigated pasture (19%) in the ten-year period 2005–2014 (see Fig. 3). This
trend is corroborated by the NASS Census of Agriculture data, which reported a 16% loss of irrigated pasture in the period between 2007 and
2012. The DWR and Census of Agriculture ﬁgures, however, are both
limited but for different reasons. The DWR uses in-person, ﬁeld-based
visits to map cover types in each California county. This approach,
while accurate, prevents timely production of LULC data: some counties,
for example, have not been mapped since 1999 (18 years ago). In comparison, our remote sensing methodology offers substantial time and
budgetary savings and the ability to perform change detection across
relevant time scales. The Census of Agriculture is limited in that its statistics are non-spatial. The spatially explicit results presented here are
an improvement in that they allow for much broader future analysis:
in addition to knowing the amount of irrigated pasture that exists in
the county and its rate of decline, this study allows managers and
policymakers to know where it exists, where losses are happening,
and by extension, to begin to answer why and to what it is converting.
Furthermore, this information will be useful for managers to better assess how the loss of irrigated pasture impacts other natural resource
concerns, such as changes in the hydrologic cycle or threats to sensitive
plant or animal species that may rely on irrigated pasture.
4.2. Strengths and limitations of a remote sensing approach

Range

Water

Oak

Impervious

Total

a. eCognition classiﬁcation (2005)
Unclassiﬁed
0
Irri. past.
97
Range
2
Water
0
Oak
2
Impervious
0
Total
101
Overall accuracy

0
3
93
0
0
4
100
(472/528)

0
0
0
94
7
0
101
89.39%

0
5
1
5
99
3
113

0
3
11
0
10
89
113

0
108
107
99
118
96
528

b. eCognition classiﬁcation (2014)
Unclassiﬁed
0
Irri. past.
100
Range
0
Water
0
Oak
0
Impervious
0
Total
100
Overall accuracy

0
2
97
0
0
1
100
(448/501)

0
0
0
84
11
5
100
89.42%

0
4
0
2
93
1
100

0
5
10
0
12
74
101

0
111
107
86
116
81
501

c. NCLD (2011) classiﬁcation (using 2012 NAIP test samples)
Unclassiﬁed
0
0
0
0
Class 81 (irri. past.)
0
0
0
0
Class 71 (range)
77
90
9
11
Class 11 (water)
0
0
32
0
Class 41 (oak)
17
11
51
89
Class 21 (impervious) 6
1
5
2
Total
100
102
97
102
Overall accuracy
(237/502) 47.21%

0
0
41
0
34
26
101

0
0
228
32
202
40
502

Analysis of irrigated pasture distribution with remote sensing is only
as sensitive as the available imagery, and classiﬁcation using remotely
sensed images must account for the inherent tradeoffs in the spatial,
temporal, and spectral resolutions of data sources. One purpose of the
present study was to understand how to reconcile these tradeoffs
when classifying irrigated pasture. Compared to NLCD, for example,
whose spatial resolution is 30 m as in Landsat imagery, the ﬁner 1 mresolution of NAIP allowed for signiﬁcantly more detailed and accurate
classiﬁcation (Fig. 4). Alternatively, in comparison to other missions or
popular satellite imagery, temporal and spectral resolution for NAIP is
more limited. The program's data collection frequency is 1–4 years
and images are only taken once at the height of the summer growing
season, not necessarily at the same phenological stage across the state.
However, because the objectives of this study were to classify pasture
and detect change over a decade, NAIP's limited temporal resolution
did not adversely impact this analysis. In fact, the within-year timing
of the image capture–at the height of the growing season–took full advantage of plant phenology in California. By summer, annual vegetation
across the state is senesced, which accentuates spectral differences with
the vibrant green of irrigated pastures. And given the strengths of multiresolution segmentation and OBIA analysis, we were able to overcome
NAIP's limited spectral resolution, as the algorithm was able to classify
successfully with only the four bands offered (red, green, blue, nearinfrared).
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Fig. 3. Change detection in western Nevada County (2005–2014).

There were three potential sources of error in these analyses. The
ﬁrst one was positional error that could result from different accuracy
of geo-registration among various datasets. Although the NAIP compressed county mosaics (CCMs) were pre-processed and orthorectiﬁed
by USDA to be in a consistent coordinate system before download,
pixels between years (2005, 2014) did not align precisely. After classiﬁcation in eCognition, the raster outcomes were resampled in ArcGIS to
achieve alignment, however a certain degree of error may have been introduced into the change detection results. Second, classiﬁcation error,
or the incorrect assignment of objects into the candidate cover types,
could be a problem, especially between classes with similar spectral signatures (light-colored oaks, irrigated pasture, lawns, riparian areas,
etc.). However, overall accuracy ﬁgures of close to 90% and producer accuracy ﬁgures in the “Irrigated Pasture” class of 96% (2005) and 100%
(2014) demonstrate that the level of classiﬁcation error in this analysis
was acceptable. The class confusion of early results that used a pixelbased approach (Fig. 2) further reveals that the success of this classiﬁcation process relies heavily on OBIA's capacity to enhance class contrasts
while smoothing local noise (e.g., Blaschke, 2010; Dronova et al., 2012).
Classiﬁcation for all classes could potentially be improved in the future
by reﬁning the segmentation process to achieve greater match of primitive objects to pasture units, increasing the number of classes, or increasing the number of training samples per class. Finally, some of the
uncertainly likely resulted from limited temporal availability of the
NAIP imagery of California, as previously discussed, which precluded a
comprehensive interpretation of land cover and land use transition in
the years between 2005 and 2014. Although NLCD classiﬁcation was
performed on Landsat imagery from 2011, the test samples generated
in this analysis to perform classiﬁcation accuracy assessment used

NAIP imagery from 2012. This gap between classiﬁcation date and accuracy assessment date may have introduced some degree of error.
4.3. Towards a broad-scale regional framework
Most critically, these preliminary results suggest that the methodology established here can be repeated to provide accurate and ongoing
measurements of irrigated pasture at larger regional scales. Some key
challenges, however, will need to be addressed before expanding this
framework to broader regional scopes. First, processing time for OBIA
segmentation and supervised classiﬁcation in our study area was long,
and substantially increasing the area of interest to include all potential
irrigated pastures statewide may prove computationally prohibitive.
Solutions to this include: 1) conducting analyses regionally, and thereby
decreasing the ﬁle size and pixel count of the imagery; 2) exploring parallel processing resources, which would relieve computation strain; or
3) opting to use imagery with lower resolution but greater temporal frequency and spectral sensitivity to irrigated pasture, e.g. 30 m-resolution
Landsat. Although these results suggest that NLCD—which uses Landsat
imagery—lacked sufﬁcient detail to classify irrigated pasture, a reﬁned
OBIA-assisted methodology that uses Landsat imagery and speciﬁcally
accounts for the unique shape, texture, and spectral characteristics of irrigated pasture would likely improve accuracy. Furthermore, despite its
reduced spatial resolution, Landsat's sixteen-day return interval adds a
temporal dimension to classiﬁcation that may also improve accuracy,
if, for example, identiﬁcation of irrigated pasture can be assisted by
using differences in seasonal phenology. A second challenge to extending classiﬁcation statewide is the varied shape, size, and appearance of
irrigated pasture. A singular feature class created with test samples

M. Shapero et al. / Science of the Total Environment 605–606 (2017) 445–453

451

Fig. 4. Detail of classiﬁcation results and change detection. (a) 2005 1 m–resolution NAIP imagery, selected area of Nevada County, California. (b) 2014 1 m–resolution NAIP imagery of
same selected area. (c) eCognition OBIA classiﬁcation result of 2005 NAIP image (green: oaks; red: irrigated pasture; grey: impervious surfaces; blue: water; yellow: range). (d)
eCognition OBIA classiﬁcation result of 2014 NAIP image. (e) NLCD classiﬁcation of same selected area having used 30 m–resolution 2011 Landsat imagery (for comparison). (f)
Change detection of irrigated pasture (green: no change; red: loss; blue: gain) having used eCognition classiﬁcation results. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

from the whole state may not be able to adequately account for the variety across regions. As discussed above, conducting regional analyses to
improve processing time would have the added beneﬁt of allowing for
region-speciﬁc test samples.
4.4. Implications for management and policy
The inaccuracy of existing measurements—with the exception of the
Census of Agriculture and the Department of Water
Resources—highlights how irrigated pasture is not sufﬁciently monitored or its loss prioritized by many government agencies. Because
water is such a crucial resource for California, this study provides a
mechanism to better understand the implications of changes to irrigation on pasture. From a purely economic perspective, irrigating pasture
as a land practice may appear an unwise use of water (Sunding et al.,
1997) but reducing acreage statewide would likely have signiﬁcant environmental, agricultural, and policy repercussions that demand further
consideration.
Previous research has catalogued the important ways that irrigated
pasture supports or facilitates wetland-dependent wildlife species
(Richmond et al., 2010; Swolgaard et al., 2008; Ivey and Herziger,
2001), groundwater recharge and riparian area promotion (Peck and
Lovvorn, 2001; Wiener et al., 2008), game species (Earl, 1950), and
wildﬁre abatement (Huntsinger et al., 2017). However, there has been
no systematic effort to quantify the value of these ecosystem services
or incorporate them into an economic model of water use in California.
To this end, irrigated pasture is an excellent example of a “social-ecological service,” in which the complex and frequently unrecognized services it provides are cogenerated by human activity and ecosystem
process (Huntsinger & Oviedo, 2014; Hruska et al., 2015).
Additionally, land managers and policy experts have not adequately
identiﬁed the economic, social, and policy dimensions of lost irrigated
pasture, more speciﬁcally the anticipated impacts and disruption to
ranching livelihoods, livestock production, and land conservation of
working landscapes. Ranchers rely on irrigated pasture as a forage resource, which ﬁlls a critical gap in the livestock production calendar
when non-irrigated rangelands elsewhere in the state are unable to
support the operation's stock numbers or the nutritional demands of
the animals. As a result, many ranching operations migrate seasonally

between non-irrigated rangelands in the wetter winter months to irrigated pasture or montane meadows during the dry summer months
(Huntsinger et al., 2010). The loss of irrigated pasture is likely to erode
a rancher's ability to productively and proﬁtably operate in the state,
and could mean a major reduction in production capacity for livestock
operations. Irrigated pasture loss would also result in elevated grazing
pressure on rangelands or increased need to truck cattle out of state,
both of which would upset the current balance achieved by ranchers
who migrate seasonally between irrigated pasture and rangelands. Irrigated pasture acreage then has an ampliﬁcation effect: if an acre of irrigated pasture can support two cows for the summer, those same two
cows will then graze twenty to forty acres of non-irrigated rangeland
in the winter (Drake and Phillips, 2006). If land managers and landuse planners prioritized conserving irrigated pasture, it could have the
indirect beneﬁt of ensuring appropriate levels of continued grazing on
rangelands across the state. While poorly managed grazing can have
detrimental impacts to an ecosystem, well-managed grazing provides
important ecosystem beneﬁts to rangelands in California, including
the prevention of invasive plant establishment and spread, the promotion of ﬂoral and faunal biodiversity, and the reduction of fuels to support ﬁre prevention efforts (Hayes and Holl, 2003; Marty, 2005; Sulak
and Huntsinger, 2007).
Finally, the advances in remote sensing provide an opportunity for
governments and international development agencies to gather precise
statistics on irrigated pasture use without the major investment of resources that is required to implement a survey or census of agriculture.
While this kind of traditional statistics gathering remains an important
part of understanding the agricultural sector in many developed countries, other developing countries may not have the resources to implement sophisticated efforts to gather high-quality data. This remote
sensing methodology provides policymakers, administrators, and international development practitioners the ability in certain contexts to
leap-frog traditional data gathering methods and to achieve similar if
not more reliable results (Van Eekelen et al., 2015).
5. Conclusions
The present analysis reveals that irrigated pasture as a land use is on
the decline in this region, which likely portends a broader statewide and
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potentially global trend. Additional interdisciplinary research is needed
to determine the implications of this loss to the environment, the economy, and to agriculture. Successful management in the future of this
human-natural system will require timely and accurate data on land
use practices across large spatial scales, a methodology for which is offered here. The inaccuracies evident in existing products such as NLCD
highlights a critical point: namely, that many remotely-sensed products
adequately identify landscape features, or land cover, but have inherent
limitations identifying human activity, or land use (Irwin and
Geoghegan, 2001). Traditional maps and remote sensing analyses
alone are often a “snapshot” and are thus are less powerful in informing
dynamic, on-the-ground management over time. The effort here to establish a management-informed methodology that captures LULC and
detects change of a particular land use across time, in this case irrigated
pasture, is a ﬁrst step towards a new type of map that is able to illuminate the agricultural, economic, and environmental dimensions at work
in land and water use politics in California. To that end, the approach
here follows Nagabhatla et al. (2015) who argue that geospatial datasets
can serve as a foundational and unifying platform for researchers from
multiple disciplines in order to address otherwise complex human
and natural resource dilemmas. A next step towards understanding
the implications of irrigated pasture conversion in California and beyond will require a “transdisciplinary” approach, one that brings together policymakers, ecologists, ranchers, and economists.
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