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Highlights

What are the main findings?
• Using a novel approach integrating very high-resolution (0.3–0.5 m) satellite imagery, 

LiDAR-derived DEMs, and ancillary datasets, we mapped 552 km of irrigation channels, 
exceeding existing inventories in the study area by 18–35%.

• Constrained dilation and channel connection algorithms extended channel networks 
beyond areas directly detectable in optical imagery.

• Object-based accuracy assessment demonstrated a low false-positive rate (7.7%), with 
76% of newly mapped channels judged to be definite or possible irrigation channels 
absent from existing inventories.

What are the implications of the main findings?
• The approach can rapidly generate spatially explicit preliminary irrigation channel 

inventories from input data available across much of the conterminous United States, 
providing a starting point for production of a comprehensive irrigation channel net-
work inventory.

• Such inventories can support water-resource management, hydrological modeling, 
and infrastructure planning, particularly in data-sparse regions with limited resources.

Abstract

Comprehensive spatial inventories of irrigation channels inform water-resource manage-
ment, hydrological modeling, and infrastructure planning, yet remain unavailable for many 
irrigated regions due to the high cost of manual mapping. Here we present a novel ap-
proach for irrigation channel mapping that integrates very high-resolution (0.3–0.5 m) 
WorldView satellite imagery, 1 m LiDAR-derived digital elevation model data, and ancillary 
land cover and irrigation datasets. The approach employs a U-Net convolutional neural 
network and a Hessian filter to identify potential surface-water features from optical im-
agery, while geomorphon classification identifies potential channel locations from digital 
elevation model data. A constrained dilation algorithm expands high-confidence channel 
detections along topographically favorable paths, and an XGBoost classifier distinguishes 
irrigation channels from natural surface-water features and false positives. Applied to 
a 569 km2  study area in the San Luis Valley, Colorado, the approach mapped 552 linear 
kilometers of irrigation channels—18% more than the U.S. Geological Survey National 
Hydrography Dataset Plus High Resolution and 35% more than the Colorado Division 
of Water Resources inventory. Object-based accuracy assessment indicated that 92.3% of 
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mapped channel segments were definite or possible irrigation channels, with only 7.7% 
representing false positives. Among channel segments not appearing in existing datasets, 
76% were judged to be definite (43%) or possible (33%) irrigation channels either missed 
by previous mapping efforts or constructed after the creation of those datasets. While 
recall (the proportion of reference channel pixels that were correctly mapped) remained 
limited (0.28), the approach demonstrates potential for rapidly generating spatially explicit 
channel inventories that provide a starting point for manual refinement: false positives can 
be removed quickly, whereas adding missed channels requires more substantial effort.

Keywords: irrigation channel; very high-resolution imagery; LiDAR; surface water

1. Introduction
Irrigation is crucially important for agriculture across the western United States due to 

the arid or semi-arid climate conditions in the region. Much of the irrigation water derived 
from rain and snowmelt runoff is delivered to fields via networks of above-ground irrigation 
channels [1], sometimes also referred to as canals or ditches. These channel networks 
are managed by a combination of federal and state agencies, as well as local irrigation 
organizations. While large state- and federally managed channel networks can include 
hundreds or thousands of kilometers of channels [2,3], smaller irrigation organizations 
may manage channel networks that include only a few kilometers of channels [4]. For some 
irrigation districts, comprehensive, detailed maps of irrigation channels are available [5,6]. 
However, in many others, only large channels delivering water over significant distances or 
to many recipients have been mapped, while the majority of the channel network has been 
documented but not explicitly mapped [6–8]. In some cases, no formal documentation at 
all is available for portions of the channel network [5,9,10].

The lack of comprehensive, spatially explicit irrigation channel inventories in some dis-
tricts reflects the high cost of creating these datasets [5]. Districts or other entities that wish 
to create a comprehensive, spatially explicit inventory of irrigation channels typically employ 
some combination of field-based mapping and manual interpretation of high-resolution 
imagery. Both methods are labor-intensive and can be prohibitively costly. Thus, the in-
troduction of an efficient, effective approach for consistently mapping irrigation channels 
across large areas has the potential to facilitate the creation of comprehensive irrigation 
channel maps in regions where they are currently lacking, as well as to ease the burden on 
agencies and organizations tasked with maintaining and updating existing inventories.

Improving the availability of comprehensive irrigation channel inventories addresses 
an important data gap and can support effective water-use planning and management [5]. 
In addition to their direct utility for water-use planning and management, comprehensive, 
spatially explicit irrigation channel inventories can facilitate more accurate water balance 
modeling [11,12] and aid in the exploration of the potential for small-scale hydropower 
projects [13]. High-quality channel inventories also have the potential to serve as the 
foundation for airborne or spaceborne surface-water monitoring efforts by identifying 
pixels within the footprint of the channel network for detailed time-series analysis.

Over the last several decades, substantial progress has been made toward the devel-
opment of remote sensing approaches for mapping surface-water features, resulting in 
high-quality regional, national, and even global surface-water datasets that are regularly up-
dated [14–18]. In most cases, these surface-water mapping approaches rely heavily on multi-
spectral data, especially multispectral data that includes a middle infrared band [19,20], and 
is distributed as well-calibrated, atmospherically corrected surface-reflectance data [21,22] 
that is suitable for discriminating surface water from other surfaces based primarily or 
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entirely on spectral signatures. Most satellite imagery with high enough spatial resolution 
to resolve irrigation channels does not include a middle infrared band and is not typically 
distributed as atmospherically corrected surface-reflectance data, hindering the effective use 
of spectral methods for mapping irrigation channels. Even in very high spatial resolution 
(<0.5 m) imagery, the area of exposed, visible surface water within the pixel footprint 
of a typical irrigation channel (1–5 m in width) is often reduced by overlying vegetation. 
Shadowing from taller vegetation, buildings, and even the sides of the channel itself can 
also alter the spectral signature of surface water in the channel. These effects result in mixed 
pixels, which are far more difficult to classify than pure pixels based on spectral signatures 
alone [23–25].

More recently, optical remote sensing approaches have increasingly relied on com-
puter vision techniques that consider not only the spectral signature of pixels, but also the 
arrangement of those pixels [26]. These techniques, which include deep learning methods, 
have been applied to map a wide variety of features from satellite imagery that could 
not be reliably identified from spectral signatures alone [27]. Over the same period, new 
approaches have been developed to identify surface-water features from high-resolution 
(<2 m) digital elevation model (DEM) data [28–31], often by incorporating deep learning 
algorithms like those recently adopted for use in optical remote sensing.

Relatively few studies have addressed the automated extraction of artificial channels 
such as irrigation canals and drainage ditches specifically. Most existing work has focused 
on drainage ditches, which have been mapped from high-resolution LiDAR-derived DEMs 
using topographic analysis and rule-based or semi-automatic methods in flat agricultural 
landscapes [28–30,32], and more recently using supervised machine learning and deep 
learning approaches [33–35]. These DEM-based approaches can detect narrow ditches that 
are difficult to identify in optical imagery, but they characterize channel form rather than 
function. Distinguishing artificial ditches from natural streams with similar morphology 
remains challenging [35], and DEM data alone provide little information on whether a 
channel is in active use. Some studies have addressed these limitations by integrating DEM 
data with additional information, such as LiDAR intensity to identify channels contain-
ing water [36], or aerial optical imagery combined with LiDAR derivatives as inputs to 
a deep learning classifier [37]. Studies focused specifically on irrigation canals are fewer 
still. Canals have been mapped from very high-resolution imagery acquired by unmanned 
aerial vehicles (UAVs) using object-based and deep learning methods [38,39], but these ap-
proaches have been demonstrated only over small areas, and the narrowest canals remained 
difficult to detect even at UAV resolution [38]. At a regional scale, canal networks have been 
mapped from 3 m PlanetScope imagery and DEM data using a graph-constrained semantic 
segmentation approach trained on existing hydrography data [7], though the moderate 
resolution of the imagery likely limits the detection of narrow lateral channels. A global 
registry of irrigation canals has also recently been compiled from OpenStreetMap data, 
using a classifier to separate canals from natural rivers [40], but such inventories depend 
on the completeness of existing volunteered or agency mapping. Together, these studies 
highlight several persistent challenges for automated irrigation channel mapping: the nar-
row width of many channels relative to image resolution, obscuration by vegetation and 
shadow, discrimination between artificial and natural channels, discontinuities in mapped 
networks, and the need to identify channels that are in current use.

In this paper, we describe a novel approach that maps irrigation channels using a 
combination of very high spatial resolution (0.3–0.5 m) satellite imagery, DEM data, and 
existing land cover and irrigation datasets. Although numerous sophisticated digital terrain 
analysis methods for extracting natural surface-water networks from DEM data have been 
extensively investigated (e.g., [41–46]), these techniques are generally ill-suited for delin-
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eating artificially constructed channel networks. To address this limitation, we employ a 
hybrid approach that integrates machine learning classification algorithms with rule-based 
heuristics to first identify prominent surface-water channels using both satellite imagery 
and DEM data and subsequently extend and connect these features to construct a more 
comprehensive representation of the irrigation channel network.

The very high-resolution satellite imagery and high-resolution LiDAR-derived DEM 
data that our approach relies on are now available across much of the conterminous United 
States, while the existing land cover and irrigation data we use are available across the entire 
conterminous U.S. The approach we present ingests these datasets, applies a series of raster 
and vector processing algorithms, and outputs a vector dataset of irrigation channels that 
can serve as a starting point for manual refinement prior to incorporation into planning 
and analysis workflows. We used manually edited geospatial data from the study area to 
calibrate the approach and assess its accuracy.

2. Methods
2.1. Study Area

The study area is located in the San Luis Valley, a large (~8000 km2 ) mountain valley 
in south-central Colorado, USA, situated between the San Juan Mountains to the west and 
the Sangre de Cristo Mountains to the east. The study area is defined by a 17.55 × 32.40 km 
rectangle (Figure 1), covering a 569 km2  region immediately to the south of the Rio Grande, 
which flows from west to east across this portion of the valley. The mean elevation of the 
study area is 2342 m, with flat or gently sloping terrain throughout. A substantial portion 
of the study area consists of irrigated cropland dominated by alfalfa and barley [47]. We 
selected the study area based on the high concentration of irrigation channels in the region 
as well as the availability of suitable WorldView imagery and U.S. Geological Survey (USGS) 
3D Elevation Program (3DEP) LiDAR-derived 1 m DEM coverage.

2.2. Data
2.2.1. Very High-Resolution Satellite Imagery

We acquired orthorectified multispectral and panchromatic data for six WorldView-
3 [48] and three WorldView-2 [49] scenes (hereafter, WorldView scenes) covering a portion 
of the study area that met several key criteria, including seasonality, recency, cloud cover, 
resolution, and view geometry. Only scenes that met all of the following criteria were 
acquired: (1) scene acquisition date was between April 20 and September 10 (seasonality), 
(2) scene acquisition year was 2015 or later (recency), (3) the scene included at least 
one region of contiguous cloud-free imagery >9 km2  within the study area based on the 
initial visual assessment (cloud cover), (4) panchromatic spatial resolution was ≤0.55 m 
(resolution), and (5) view zenith angle was ≤25 degrees off-nadir (view geometry).

2.2.2. USGS 3D Elevation Program (3DEP) LiDAR-Derived Digital Elevation Model Data
Digital elevation model (DEM) data at 1 m spatial resolution were acquired for the 

full extent of the study area from the USGS National Map 3DEP Downloadable Data 
Collection [50]. The 3D Elevation Program (3DEP) is a national initiative led by the USGS 
to provide high-resolution three-dimensional elevation data for the conterminous U.S., 
Hawaii, Alaska, and U.S. territories [51]. The 1 m DEM product is the highest-resolution 
standard DEM in the 3DEP product suite and is derived exclusively from LiDAR point 
cloud data with a density of ≥2 pulses/m2 , with accuracy specified as ≤10 cm root mean 
square error for non-vegetated surfaces (RMSEz) [51,52]. The data for this study area are 
projected to Universal Transverse Mercator (UTM) Zone 13 North and referenced to the 
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North American Datum of 1983 (NAD 83) for horizontal positioning, while all 3DEP 1 m 
DEM data are referenced vertically to the North American Vertical Datum 1988 (NAVD 88), 
with elevation values reported in decimal meters [50]. The vertical accuracy of the DEM 
may be reduced in areas with dense vegetation canopy, where LiDAR pulses may not fully 
penetrate to the ground surface [53,54].

Figure 1. Map of the San Luis Valley, CO, USA, with study area extent (solid black line) and accuracy 
assessment subset regions enumerated and surrounded with dashed black line, overlaid on the 
National Land Cover Database 2021 land cover layer.

2.2.3. Ancillary Data
We compiled several ancillary spatial data layers, including both raster and vector 

spatial datasets. Raster datasets included tiled data for the study area from the most re-
cent United States Department of Agriculture’s National Agriculture Imagery Program 
(NAIP) [55], the National Land Cover Database (NLCD) 2021 land cover classification [56], 
the NLCD 2021 impervious surface classification [57], the NLCD 2021 forest canopy clas-
sification [58], and the LANID land irrigation data layers available for 2000–2020 [59]. 
Vector datasets included the USGS National Hydrography Dataset Plus (NHD+) High 
Resolution [60] and a dataset of irrigation channels mapped by the Colorado Division of 
Water Resources (DWR) [61].
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2.3. Image Processing and Channel Network Extraction
Our approach implements a series of processing steps that transform the input datasets 

(Table 1) into a vector database of irrigation channels segmented into reaches with lengths of 
approximately 25 m each (Figure 2). The core of our approach relies on the combination of 
surface-water classification from very high-resolution imagery and digital terrain analysis for 
extraction of channels from DEM data. While digital terrain analysis methods for extracting 
natural surface-water networks from DEMs have been extensively investigated [41–46], 
these techniques are generally ill-suited for delineating artificially constructed channel 
networks. To address this limitation, our approach relies on a novel combination of machine 
learning algorithms and simple rules to identify prominent surface-water features that can 
be derived independently from both very high-resolution optical imagery and DEM data. 
These core surface-water features are subsequently extended and connected to construct a 
more comprehensive representation of the irrigation channel network.

Table 1. Datasets used in this study. Abbreviations used are listed below.

ID Original 
Data Source Type 1 

Orig. 
Res. 
(m)

Derivative
Description 2 

Rep. 
Spatial 
Extent 
(m)

Train 
Data 
Prep

Pre-
Process 

WF

Raster 
Class 
WF

Object 
Class 
WF

Acc.
Assess.

Data 
Comp.

1 WorldView 
MS R 1.2–2.2 X

2 WorldView 
Pan R 0.3–0.55 X

3 WorldView R 0.3 pan-
sharpened X X X X X

4 NAIP 
Imagery R 0.3 X

5 DEM R 1 X X X X
6 DEM R 1 slope X
7 DEM R 1 DFMLE 

15 × 15 15 X X

8 DEM R 1 DFMLE 
99 × 99 99 X X

9 DEM R 1 DFMLE 
999 × 999 999 X X

10 NLCD Land 
Cover R 30 X

11 NLCD Land 
Cover R 30 F 7 × 7 Water 210 X

12 NLCD Land 
Cover R 30 F 7 × 7 Barren 210 X

13 NLCD Land 
Cover R 30 F 7 × 7 Shrub 210 X

14 NLCD Land 
Cover R 30 F 7 × 7 

Grassland 210 X

15 NLCD Land 
Cover R 30 F 7 × 7 Pasture 210 X

16 NLCD Land 
Cover R 30 F 7 × 7 Crop 210 X

17 NLCD Land 
Cover R 30 F 7 × 7 Herb. 

Wet 210 X

18 NLCD Land 
Cover R 30 F 7 × 7 Wood. 

Wet 210 X

19 NLCD Land 
Cover R 30 F 31 × 31 Crop 930 X

20 NLCD 
Impervious R 30 X

21 NLCD 
Impervious R 30 M 7 × 7 210 X

22 NLCD Forest R 30 X
23 NLCD Forest R 30 M 7 × 7 210 X
24 LANID R 30 X
25 LANID R 30 F 7 × 7 210 X
26 LANID R 30 F 31 × 31 930 X
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Table 1. Cont.

ID Original 
Data Source Type 1 

Orig. 
Res. 
(m)

Derivative
Description 2 

Rep. 
Spatial 
Extent 
(m)

Train 
Data 
Prep

Pre-
Process 

WF

Raster 
Class 
WF

Object 
Class 
WF

Acc.
Assess.

Data 
Comp.

27 NHD+ V X
28 CO DWR 

Canals V X

1  Type: R represents raster, V represents vector. 2  Derivative description: DFMLE represents difference 
from mean local elevation, F represents fraction of land cover class within a specified neighborhood, 
and M represents the mean value computed over a specified neighborhood. Abbreviations used: m 
for meters, Orig. for original, Res. for resolution, Rep. for representative, WF for workflow, Acc. for 
accuracy, Assess. for assessment, Comp. for comparison.

Here we provide a high-level overview of the processing steps, with detailed de-
scriptions of each step provided in Sections 2.3.1–2.3.10. First, WorldView imagery is 
pan-sharpened and registered to NAIP imagery using a phase cross-correlation (PCC) ap-
proach (Figure 2, Section 2.3.1), and then composited to form a seamless, cloud-free mosaic 
covering the entire study area (Figure 2, Section 2.3.2). Derivative layers are computed from 
DEM data (Figure 2, Section 2.3.3) as well as from the ancillary raster datasets (Figure 2, 
Section 2.3.4). The imagery mosaic, DEM and derivatives, as well as the ancillary datasets 
and their derivative layers are resampled to a 0.3 m raster to facilitate further processing. A 
convolutional neural network (CNN) and a Hessian filter are applied to the WorldView 
imagery to identify potential surface-water features (Figure 2, Section 2.3.5), while a ge-
omorphological classification approach is separately applied to the DEM data to identify 
potential channel features (Figure 2, Section 2.3.6). We then intersect the potential surface-
water raster derived from WorldView imagery and the potential channels raster derived 
from the DEM to identify a subset of high-confidence surface-water channel features. The 
high-confidence surface-water raster is used to “grow” channels constrained by topography 
to fill out the remainder of the channel network (Figure 2, Section 2.3.7). Summary metrics 
(mean, maximum, and minimum) are computed for the DEM layer and its derivatives, as 
well as for each ancillary data layer, for regions of contiguous pixels identified from the 
updated channels raster image. The summary metrics and additional shape-based metrics 
are then provided as the input to a gradient-boosting tree algorithm that classifies each 
contiguous region as a natural surface-water feature, irrigation channel network feature, or 
false positive (Figure 2, Section 2.3.8). We then apply a post-processing algorithm to the 
classified regions that uses a rules-based approach to connect nearby regions when certain 
criteria are met (Figure 2, Section 2.3.9). Finally, elongated regions classified as irrigation 
channels and meeting a minimum length threshold are segmented into reaches of approxi-
mately 25 m in length to facilitate further analysis (Figure 2, Section 2.3.10). The design 
and implementation of accuracy assessment approaches are described in Section 2.3.11.

Although each step is described separately below, the steps are designed to work 
together as a sequence, with each step operating on the output of the preceding step and 
addressing a specific limitation of the steps before it (Figure 2). The union of the U-Net 
and Hessian filter outputs is intentionally permissive, detecting many narrow channels 
at the cost of numerous false positives. Intersecting this classification with the DEM-
derived potential channels is intentionally strict, retaining only pixels supported by both 
data sources, but capturing only fragments of the channel network. Constrained dilation 
then extends these high-confidence fragments along topographic lows, the object-based 
classifier distinguishes irrigation channels from natural surface-water features and removes 
remaining false positives, and the connection step closes gaps that remain in the network. 
Because of this interdependence, none of the intermediate products is a usable map of 
irrigation channels on its own; the DEM-derived classification, for example, includes valley 
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and depression landforms regardless of whether they carry water. The parameters and 
thresholds used in each step, the basis for their selection, and their expected effects are 
summarized in Table 2.

Figure 2. Schematic diagram of processing approach. Processing steps are grouped into four stages 
and labeled with the section of the manuscript in which each is described. The dashed arrow indicates 
that per-polygon summary metrics computed from the input raster stack are used by the object-
based classifier. Acronym definitions: WorldView (WV), WorldView-2 (WV2), WorldView-3 (WV3), 
National Agriculture Imagery Program (NAIP), digital elevation model (DEM).
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Table 2. Parameters and thresholds used in the processing workflow, the basis for their selection, and 
the expected effect of increasing each value. Settings used to train the U-Net and XGBoost classifiers 
are given in Sections 2.3.5 and 2.3.8. Pixel (px) values refer to the 0.3 m processing grid unless 
otherwise noted. Abbreviations: DFMLE, difference from mean local elevation; HOT, Haze Optimized 
Transformation; NIR, near infrared.

Section Parameter Value Basis for Selection Expected Effect of 
Increasing the Value

Section 2.3.1 Registration tile size 250 × 250 px Visual assessment of 
initial results

Larger tiles give 
more stable offset 
estimates but capture 
less local variation in 
misregistration.

Section 2.3.1 Maximum accepted 
tile offset 15 px Visual assessment of 

initial results

Larger offsets are 
accepted as valid, 
increasing the risk of 
retaining erroneous 
offsets.

Section 2.3.1

Maximum deviation 
from the 5 × 5 tile 
neighborhood mean 
offset

2 px Visual assessment of 
initial results

Fewer tile offsets are 
replaced by the 
neighborhood mean.

Section 2.3.2 Cloud probability 
index weights

Brightness 0.35, 
whiteness 0.35, HOT 
0.20, NIR ratio 0.10

Empirically 
determined

Increasing a weight 
increases the 
influence of that 
index on the cloud 
probability score 
used to rank scenes.

Section 2.3.2 Image processing tile 
size and overlap

5000 × 5000 px; 500 
px overlap

Memory 
requirements; 
overlap matches the 
largest processing 
neighborhood (500 
px)

Affects computation 
time and memory 
only; an overlap 
smaller than the 
largest neighborhood 
would introduce 
edge artifacts.

Section 2.3.3 DFMLE 
neighborhood sizes

15 × 15, 99 × 99, and 
999 × 999 px (1 m 
DEM)

Visual assessment of 
initial results

Larger windows 
characterize 
elevation relative to 
broader 
surroundings.
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Table 2. Cont.

Section Parameter Value Basis for Selection Expected Effect of 
Increasing the Value

Section 2.3.3
DEM 
feature-preserving 
smoothing filter size

11 × 11 px (1 m 
DEM)

Visual assessment of 
initial results

Stronger smoothing 
suppresses elevation 
noise but may also 
suppress narrow, 
shallow channels.

Section 2.3.5 Hessian filter scales 
(σ) 1, 3, 5, 7, and 9 px Visual assessment of 

initial results
Larger scales favor 
wider linear features.

Section 2.3.5 Hessian filter α 1.0

Not applicable; α
affects only plate-like 
structures in 
three-dimensional 
images

None; α does not 
influence the filter 
response for 
two-dimensional 
images.

Section 2.3.5 Hessian filter β 0.5 Visual assessment of 
initial results

Less suppression of 
blob-like features, 
increasing detections 
of non-linear 
features.

Section 2.3.5 Hessian filter γ 50 Visual assessment of 
initial results

Lower response to 
weak, low-contrast 
structures, reducing 
detections of faint 
channels.

Section 2.3.5 U-Net surface-water 
probability threshold 0.25 Visual assessment of 

initial results

Fewer pixels are 
classified as surface 
water (higher 
precision, lower 
recall).

Section 2.3.5
Sieve filter minimum 
region size (Hessian 
filter output)

250 px Visual assessment of 
initial results

More small 
fragments are 
removed, increasing 
precision at the cost 
of recall for short or 
narrow segments.

Section 2.3.5
DFMLE15 mask 
applied to the U-Net 
and Hessian union

<−0.15 m; mask 
expanded by 3 px

Visual assessment of 
initial results

Raising the threshold 
toward 0 m retains 
more detections in 
shallow terrain, 
including more false 
positives.

Section 2.3.6

Geomorphon search 
radius, skip radius, 
and flatness 
threshold (1 m 
DEM)

Search radius 31 m; 
skip radius 3 m; 
flatness threshold 2° 
(strict) and 1° 
(relaxed)

Visual assessment of 
initial results

A larger search 
radius identifies 
broader landforms; a 
higher flatness 
threshold classifies 
more pixels as flat, 
which are included 
as potential channels.
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Table 2. Cont.

Section Parameter Value Basis for Selection Expected Effect of 
Increasing the Value

Section 2.3.6 Expansion of 
potential channels

3 iterations (1 m 
grid) then 5 
iterations (0.3 m 
grid), 3 × 3 px; 
minimum region 
6500 px

Visual assessment of 
initial results

More iterations 
widen and connect 
potential channel 
zones; a larger 
minimum region 
removes more small 
zones.

Section 2.3.6 Erosion of potential 
channel zones

Up to 24 iterations, 
3 × 3 px, within 
32 × 32 px windows

Visual assessment of 
initial results

More iterations 
narrow potential 
channel zones 
further, until erosion 
would split a region.

Section 2.3.7

DFMLE threshold for 
constrained dilation 
(15 × 15 px window, 
1 m DEM)

<−0.2 m

Twice the stated 
vertical accuracy of 
the DEM, to exclude 
elevation noise

Raising the threshold 
toward 0 m allows 
growth into 
shallower terrain, 
increasing network 
extent and the risk of 
false extensions.

Section 2.3.7 Dilation kernel and 
number of iterations 3 × 3 px; 60 iterations Visual assessment of 

initial results

More iterations allow 
channels to grow 
farther from the 
high-confidence 
seeds.

Section 2.3.7
Sieve filter minimum 
region size after 
dilation

500 px Visual assessment of 
initial results

More small 
fragments are 
removed, increasing 
precision at the cost 
of recall.

Section 2.3.9

Compactness 
threshold for 
connection 
candidates 
(isoperimetric 
quotient)

<0.2 Visual assessment of 
initial results

More, less elongated 
polygons become 
candidates for 
connection.

Section 2.3.9 Connection search 
radius 60 m Visual assessment of 

initial results

Longer gaps can be 
bridged, at a greater 
risk of spurious 
connections.

Section 2.3.9
Maximum length of 
unconditional 
connections

10 m Visual assessment of 
initial results

More connections are 
made without 
orientation checks.

Section 2.3.9
Connection line 
orientation tolerance 
(connections >10 m)

±15° of polygon 
major axis

Visual assessment of 
initial results

More connections are 
made, at a greater 
risk of spurious 
connections.
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Table 2. Cont.

Section Parameter Value Basis for Selection Expected Effect of 
Increasing the Value

Section 2.3.9 Polygon orientation 
tolerance

±45° (11–20 m), 
±25° (21–35 m), 
±15° (36–60 m)

Visual assessment of 
initial results

More connections are 
made between 
polygons with 
differing 
orientations.

Section 2.3.9 Connection polygon 
buffer distance 0.75 m Visual assessment of 

initial results

Wider connection 
polygons; affects the 
mapped area of 
connections, not 
which connections 
are made.

Section 2.3.10
Minimum major axis 
length for 
segmentation

50 m
Avoids subdividing 
ponds and small, 
isolated fragments

Fewer features are 
segmented into 
reaches.

Section 2.3.10
Maximum 
compactness for 
segmentation

<0.2
Avoids subdividing 
ponds and small, 
isolated fragments

More, less elongated 
features are 
segmented into 
reaches.

Section 2.3.10 Reach length 25 m
Reporting unit 
analogous to stream 
reaches

Fewer, longer 
segments; does not 
affect which channels 
are mapped.

2.3.1. Image Preprocessing
We completed several preprocessing steps to pan-sharpen the WorldView imagery and 

spatially register the imagery to the DEM prior to the construction of a seamless cloud-free 
composited mosaic covering the entire study area. Pan-sharpening is an approach that uses 
higher spatial resolution panchromatic band data to sharpen lower spatial resolution multi-
spectral bands [62]. While several different pan-sharpening approaches are available, use of 
a deep learning approach to implement pan-sharpening has been shown to produce superior 
results [63]. We used the Zoom Pan-sharpening Neural Network (Z-PNN) approach [64], 
which employs a convolutional neural network (CNN) to implement pan-sharpening across 
all the available WorldView scenes that were used to build the seamless cloud-free image 
composite (described in Section 2.3.2). The final resolution of pan-sharpened imagery 
matched the resolution of the panchromatic imagery for each WorldView scene and varied 
from 0.31 m to 0.55 m.

Visual assessment of the available WorldView scenes overlaid with the DEM data 
indicated misregistration between the two different datasets, with offsets > 4 m from the 
DEM apparent for some WorldView scenes. Visual assessment of the most recent available 
multispectral NAIP imagery from 2023 indicated the NAIP imagery was more precisely 
registered to the DEM data than the WorldView imagery. For each WorldView scene, we 
registered the WorldView imagery to the NAIP imagery by resampling the WorldView 
scene data to match the projection and resolution of the 0.3 m resolution NAIP imagery, 
dividing the WorldView scene into 250 × 250 pixel registration tiles, and applying a PCC 
algorithm [65] to compute x and y pixel offsets for the WorldView red spectral band from 
the NAIP red spectral band. This improved registration of the WorldView imagery to the 
DEM data, with computed pixel offset values for most registration tiles in the single digits 
and within two pixels of the corresponding pixel offset values from adjacent registration 
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tiles. For cases where computed offset values exceeded 15 pixels in one or both dimensions, 
or computed offset values differed from the 5 × 5 tile neighborhood mean by more than two 
pixels, the x and y pixel offset values for the tile were replaced with the mean x and y offset 
values for the neighborhood (recomputed after exclusion of any tiles with out-of-range 
values). Once valid x and y offset values were established for the entire set of registration 
tiles for the WorldView scene, the offsets computed from the red band for each registration 
tile were applied to all WorldView spectral bands across the entire set of registration tiles, 
resulting in WorldView imagery that was more precisely registered to the NAIP and DEM 
raster data.

2.3.2. Construction of Seamless Cloud-Free Image Composites
We designed our processing pipeline to be suitable for mapping irrigation channels 

across regions much larger than the extent of a single WorldView scene. Compositing of 
WorldView scenes acquired on multiple dates, at a variety of spatial resolutions and at a 
range of view zenith angles, was necessary to cover the full extent of the study area. To 
facilitate parallel processing and reduce the amount of memory required for processing, 
we divided the study area into 1.5 × 1.5 km (5000 × 5000 pixel) image processing tiles. We 
used a 500-pixel overlapping tile scheme that ensured that edge regions within an image 
processing tile that could not be fully processed by algorithms considering a neighbor-
hood size up to 500 pixels would be fully processed in the adjacent image processing tile, 
resulting in complete coverage (excluding the edges of the study area). Subdividing the 
17.55 × 32.40 km study area using this tiling scheme resulted in a grid of 13 × 24 image 
processing tiles.

A seamless, cloud-free composite mosaic was generated across the full spatial extent of 
the study area using a hierarchical tiling approach with pixel-level quality assessment. Each 
image processing tile (5000 × 5000 pixels) was subdivided into 100 compositing subtiles of 
500 × 500 pixels, and compositing suitability scores were computed for each compositing 
subtile for the corresponding spatial extent of each available WorldView scene. The com-
positing suitability metric was designed to rank overlapping WorldView acquisitions based 
on three criteria: (1) valid data coverage (0–100%), (2) cloud contamination probability 
(0–100%), and (3) similarity to NAIP reference imagery (correlation value between 0 and 
1). The inclusion of NAIP similarity served as a proxy for detecting either landscape change 
occurring between WorldView and NAIP acquisition dates (the latter being invariably more 
recent) or residual contamination from undetected cloud cover or cloud shadows.

Valid data coverage was quantified at the pixel level, with pixels classified as invalid 
when the digital number (DN; the raw, uncalibrated sensor value) equaled zero in three or 
more of the eight spectral bands. The coverage metric was calculated as the percentage of 
pixels exhibiting DN values greater than zero in at least six bands relative to the total pixel 
count within each compositing subtile.

Cloud probability was estimated for individual pixels within each WorldView scene 
using a weighted ensemble of four spectral indices. A brightness index was calculated 
as the mean normalized reflectance across all spectral bands, exploiting the characteristi-
cally elevated and uniform reflectance of clouds throughout the visible and near-infrared 
spectrum [66]. A whiteness index quantified spectral flatness by measuring the deviation 
of individual visible band reflectances from their mean, capitalizing on the achromatic 
signature characteristic of optically thick clouds [67]. The Haze Optimized Transformation 
(HOT), computed as the difference between blue and red band reflectance [68], was applied 
to detect thin clouds and atmospheric haze. Finally, the ratio of near infrared (NIR) to 
visible reflectance was employed to discriminate clouds from spectrally bright vegetation, 
which exhibits characteristically elevated NIR reflectance. These indices were integrated 

https://doi.org/10.3390/rs18213850

https://doi.org/10.3390/rs18213850


Remote Sens. 2026, 18, 3850 14 of 37

into a composite cloud probability score using empirically determined weights (brightness: 
0.35; whiteness: 0.35; HOT: 0.20; NIR ratio: 0.10). The compositing subtile-level cloud 
probability was subsequently computed as the mean of pixel-level cloud probability values, 
with potential values ranging from 0 to 100.

Similarity to NAIP reference imagery was assessed by computing the Pearson correla-
tion coefficient between red band reflectance values of spatially corresponding pixels from 
the WorldView and NAIP datasets. To facilitate computation of the final weighted scores, 
correlation coefficient values <0 were set to zero, and the correlation coefficient values 
were then multiplied by 100, resulting in a range of potential NAIP similarity scores from 0 
to 100.

The final composite mosaic was constructed by populating each compositing subtile 
with spectral band data from the WorldView scene exhibiting the highest suitability score 
for that compositing subtile. An example of the cloud-free, composited WorldView mosaic 
is shown in Figure 3.

Figure 3. Example of a seamless, cloud-free, 0.3 m, 8-band image composite produced by automatic 
selection of the best cloud-free imagery available for each compositing subtile. Substantial differences 
in vegetation phenology are evident (with reddish tones indicating croplands prior to harvest and 
dull grey and brown tones indicating croplands after harvesting) along subtile boundaries, which are 
indicated by dashed lines. Despite these differences, the irrigation channel remains distinctly visible 
and continuous at the locations where it crosses the subtile boundaries, which are circled in yellow.

2.3.3. Computation of Topographic Derivatives
Two types of raster derivative layers were computed from the 1 m DEM: (1) slope 

and (2) difference from mean local elevation (DFMLE). The single slope derivative layer 
was computed using a 5 × 5 pixel neighborhood with the third-order bivariate Taylor 
polynomial method described in [69]. Three separate DFMLE raster layers were computed 
from the DEM, after feature-preserving smoothing with an 11 × 11 pixel filter, using local 
neighborhoods of 15 × 15 pixels, 99 × 99 pixels, and 999 × 999 pixels.
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2.3.4. Computation of Additional Ancillary Data Derivatives
Ancillary datasets described in Section 2.2.3 were used to compute derivative layers 

designed to provide contextual information on local land cover and irrigation characteristics 
from 30 m Landsat data (Table 1). For the 30 m National Land Cover Database (NLCD) 
land cover data layer, we computed derivative layers indicating the fraction of water, barren, 
shrub, grassland, pasture/hay, cultivated crops, herbaceous wetlands, and woody wetlands 
in a 7 × 7 pixel (210 × 210 m) window surrounding each pixel. Rather than computing 
neighborhood fraction values for the urban/impervious and forest classes, we computed 
mean impervious fraction and mean forest fraction from the separate NLCD impervious and 
NLCD forest canopy layers, which provide more detailed information on each land cover 
type. Recognizing the relative importance of the neighborhood fraction of cultivated crops, 
we also computed cultivated crop fraction for a larger 31 × 31 pixel (930 × 930 m) window. 
For the LANID irrigated extent dataset, we computed the maximum irrigated fraction 
(over the period 2000–2020) for 7 × 7 pixel (210 × 210 m) neighborhoods and 31 × 31 pixel 
(930 × 930 m) neighborhoods. While the horizontal resolution (Table 1) varied between 
~1 × 1 m and 930 × 930 m, all data were resampled to the same 0.3 m grid as the WorldView 
imagery composite using nearest-neighbor interpolation.

2.3.5. Image-Derived Potential Surface-Water Feature Classification
Classification of potential irrigation channels in WorldView imagery was accomplished 

through a hybrid approach employing a U-Net convolutional neural network [70] in con-
junction with a Hessian-based filter [71] applied to a weighted grayscale combination of the 
green, red, and near-infrared 2 bands of the WorldView imagery. The final classification was 
derived from the union of outputs from both methods. The U-Net classifier was trained us-
ing data extracted from 12 WorldView scenes acquired during spring and summer months 
across irrigated agricultural regions in Colorado, Montana, and Idaho. Subset images 
containing features of interest from each WorldView scene were carefully segmented and 
labeled using a hybrid approach that included manual inspection and quality assurance. 
The labeled subsets were divided into image tiles, 40% of which were randomly reserved 
for validation so that training and validation data were drawn from non-overlapping areas. 
The U-Net classifier was trained and implemented on 128 × 128 image subsets, referred to 
hereafter as chips. Chips were extracted from each tile on a regular grid with a 32-pixel 
stride, and each chip was buffered by 32 pixels on each side (192 × 192 pixels) so that 
geometric augmentations (e.g., rotation or shear) could be applied without the need for 
padding. Each image chip was composed of 8 bands of spectral data from WorldView 
imagery along with a corresponding binary mask identifying the extent of surface water 
across the 192 × 192 pixel chip. Chips with little or no surface water were subsampled to 
reduce class imbalance.

To increase training sample size and improve model generalization, up to four aug-
mented versions of each training chip were added to the training dataset, with more versions 
generated for chips containing a larger proportion of surface water. Each augmented ver-
sion was generated using one of 11 randomly selected augmentation sequences combining 
rotation by 10–35° in either direction, horizontal reflection, shear of up to 20° along one 
or both image axes, brightness adjustment of 3–7%, random dropout of 1–4% of pixels, 
and additive Gaussian noise (standard deviation of 3–9% of the 8-bit data range), with 
dropout and noise applied independently to each spectral band. Additionally, a 3 × 3 pixel 
maximum filter was applied to the surface-water reference masks prior to chip extraction, 
expanding the surface-water class by one pixel to account for uncertainty in the precise 
delineation of land-water boundaries. The final training dataset for the U-Net model was 
constructed by extracting the 128 × 128 pixel chip at the center of each original and aug-
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mented 192 × 192 pixel chip. Validation chips were extracted from the validation tiles using 
the same procedure, but without augmentation.

The U-Net was implemented in TensorFlow/Keras version 2.9.0 using the Segmentation 
Models library [72], with a ResNet-34 encoder [73] initialized with weights pretrained on 
the ImageNet dataset [74]. Because the pretrained encoder expects three input channels, 
the eight WorldView bands were first passed through a trainable 1 × 1 convolutional layer 
that mapped them to three channels. The network produced per-pixel probabilities for two 
classes (land and surface water) using a sigmoid output activation. The model was trained 
with the Adam optimizer (learning rate of 5 × 10−6 ) to minimize binary cross-entropy 
loss, using a batch size of 256 and a maximum of 500 epochs, with training stopped early 
when the validation loss failed to improve for five consecutive epochs. Training stopped 
after 68 epochs, and the weights from epoch 63, which had the lowest validation loss, 
were retained.

Although irrigation channels with widths as narrow as 60 cm were discernible in the 
WorldView imagery, the U-Net classifier exhibited limited skill in detecting these narrow 
linear features. To address this limitation, the Hessian filter was implemented to identify 
additional dark, linear structures within the imagery. The Hessian filter was implemented 
using the skimage package [75], with scales (σ) of 1, 3, 5, 7, and 9 pixels, alpha, beta, and 
gamma parameters of 1.0, 0.5, and 50, respectively, and the black_ridges option set to False.

The final potential surface-water classification product was generated by computing 
the union of the U-Net-derived surface-water classification (pixels with a predicted surface-
water probability >0.25) and the Hessian filter output, from which isolated regions of 
fewer than 250 contiguous pixels had first been removed with a sieve filter. To exclude 
detections outside topographic lows, the union was then restricted to pixels with DFMLE 
values for the 15 × 15 pixel neighborhood (DFMLE15) <−0.15 m, after expanding this mask 
by three pixels to retain channel margins. The selection of the 250-pixel sieve threshold was 
based on visual assessment of initial results suggesting that most features with fewer than 
250 contiguous pixels did not represent true surface-water features.

2.3.6. DEM-Derived Potential Channel Classification
To delineate potential channel features from the DEM, the 1 m resolution DEM was 

classified into discrete geomorphological landform elements (geomorphons) following the 
pattern recognition methodology described in [76]. Geomorphons were computed from the 
smoothed DEM (Section 2.3.3) using a 31 m search radius, a 3 m skip radius, and flatness 
thresholds of 2° (strict) and 1° (relaxed). Pixels classified as valleys or depressions with the 
strict threshold were treated as potential channels. Pixels classified as flat or hollow, pixels 
classified as valleys or depressions only with the relaxed threshold, and the outer three 
pixels of all other landforms were treated as transitional. Potential channels were expanded 
into transitional pixels by three iterations of dilation with a 3 × 3 kernel, resampled to the 
0.3 m grid, dilated by a further five iterations, and filtered to remove regions of fewer than 
6500 pixels. The resulting regions were then narrowed by iterative erosion with a 3 × 3 
kernel (up to 24 iterations, applied within 32 × 32 pixel windows), stopping before erosion 
would split a region, to produce a binary raster of potential channel locations.

2.3.7. Integration of Image-Derived and DEM-Derived Classifications and Application of 
Constrained Dilation

Computing the intersection of the image-derived potential surface-water features and 
the DEM-derived potential channels identified the pixels most likely to represent surface-
water channels. Visual evaluation of the resulting raster alongside the WorldView imagery 
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composite and DEM data suggested that this set of pixels covered only a small fraction of 
the total surface-water channels on the landscape.

To capture a more complete representation of surface-water channels, we developed 
an approach to use the high-confidence surface-water channels raster as a seed image to 
grow channels, constrained by the local topography. We created a mask image representing 
pixels with DFMLE15 values <−0.2 m. The difference threshold of 0.2 m, which represents 
twice the stated vertical accuracy of the DEM product, was selected to minimize the impacts 
of noise on the resulting mask. We then iteratively dilated the surface-water channel raster 
using a 3 × 3 kernel for 60 iterations, retaining only added pixels within the mask, and then 
removed regions of fewer than 500 contiguous pixels with a sieve filter.

2.3.8. Object-Based Channel Type Classification and False Positive Identification
The raster data image resulting from application of the constrained dilation approach 

in Section 2.3.7 was converted to a polygon dataset to facilitate further refinement using 
an object-based classification approach based on a combination of spectral characteristics 
derived from the WorldView image composite (dataset 3 in Table 1), including selected 
spectral bands and the normalized difference vegetation and water indices, the surface-
water probability output by the image classification (Section 2.3.5), topographic information 
derived from the DEM (datasets 5–9 in Table 1), and land cover, impervious surface, forest 
canopy, and irrigation context (datasets 10–26 in Table 1), as well as 12 shape metrics 
computed using the measure.regionprops function in the Python library scikit-image version 
0.19.2 [77]. The shape metrics computed included area, area of the bounding box, convex 
area, filled area, major axis length, minor axis length, eccentricity, equivalent diameter area, 
extent, orientation, perimeter, and solidity. To create the training dataset for the object-
based classification, we labeled a subset of the polygon features, categorizing each feature 
as a natural surface-water feature, an irrigation channel, or a false positive (non-water) 
feature. The final training dataset comprised 569 labeled polygons: 34 natural surface-water 
features, 171 irrigation channels, and 364 false positives. This dataset was used to train an 
XGBoost gradient boosting classifier [78], which was then applied to the full set of polygons. 
The classifier was implemented with XGBoost (version 2.1.4) as a three-class model using 
the multi-class softmax objective, with 600 boosting rounds, a maximum tree depth of 8, 
a learning rate of 0.05, row and column subsampling rates of 0.8, and histogram-based 
tree construction; all other parameters were left at their default values. Each polygon 
was described by 93 input features: the 12 shape metrics and 81 summary statistics (the 
minimum, maximum, and mean of 27 spectral, topographic, land cover, and irrigation 
layers). All 569 labeled polygons were used to train the final model, and no polygons were 
withheld for validation; the accuracy of the final channel network was instead evaluated 
independently using the pixel-based and object-based accuracy assessments described 
in Section 2.3.11. Following classification, objects assigned to natural surface water or 
irrigation channel classes were retained with their associated class labels, whereas objects 
classified as false positives were excluded from subsequent analysis. The resultant vector 
dataset comprised channel features identifiable through the integration of high-resolution 
multispectral imagery and digital elevation model data.

2.3.9. Connection of Nearby Channels
We developed an additional approach to fill in gaps in the channel network that may not 

have been addressed with the constrained dilation approach. The approach was designed 
to make connections between nearby polygons when certain key criteria were met. We 
computed the isoperimetric quotient, a measure of compactness, for each polygon and 
identified features with values <0.2 as candidates for connection with other polygons. 
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For each candidate polygon, we selected potential connection points, hereafter referred to 
as origin points, by computing endpoints along the major axis of the polygon. Potential 
connection lines were constructed by computing line length and orientation between the 
origin point and endpoints from other polygons within a 60 m radius of the origin point, 
excluding any polygons oriented parallel to the origin polygon. Connection lines ≤10 m in 
length were implemented between the origin point and all endpoints from other polygons. 
Connection lines longer than 10 m were only implemented if the orientation of the potential 
connection line was within ±15° of the major axis of either the origin polygon or the polygon 
to be connected and the orientations of the two polygons to be connected were within an 
allowed tolerance that varied by line distance. The tolerance value for polygon orientation 
was ±45° for connection distances of 11–20 m, ±25° for connection distances of 21–35 m, 
and ±15° for connection distances of 36–60 m. Connection lines between an origin polygon 
and a destination polygon that intersected a third polygon were prohibited for all distances. 
Finally, once a connection line was implemented, a connection polygon was constructed by 
buffering the connection line at a distance of 0.75 m. The connection polygons were added 
to the original polygon dataset.

2.3.10. Segmentation of Channel Features and Computation of Channel Length and Width
To facilitate further analysis, such as the computation of total channel length or mean 

channel widths over regular intervals, we developed an approach to merge and then subdi-
vide the existing mapped irrigation channel features into similarly sized segments analogous 
to reaches in a stream network.

First, we aggregated all polygons classified as irrigation channels, followed by boundary 
dissolution within each spatially contiguous feature cluster using the geopandas Python 
package version 0.13.2 [79]. This operation eliminated artificial internal boundaries arising 
from image processing tile-edge artifacts while preserving the geometric distinctness of 
non-adjacent channel segments. To avoid subdividing features such as ponds or small, 
isolated channel fragments, only features in the dissolved polygon dataset classified as 
irrigation channels with major axis length >50 m and a compactness index <0.2 were eligible 
for segmentation.

Each qualifying dissolved feature was segmented individually using an axis-oriented 
slab decomposition algorithm, as described in [80] and implemented using the shapely 
Python package version 2.1.0 [81]. In this approach, a polygon is divided into parallel 
rectangular strips (“slabs”) of fixed maximum width along a reference axis. First, each 
polygon was rotated so that its longest dimension (the major axis of its minimum bounding 
rectangle) was aligned horizontally. The polygon was then divided into a series of rectangu-
lar strips, each up to 25 m wide, cut perpendicular to this longest dimension. The resulting 
pieces were rotated back to their original geographic orientation. If any piece still exceeded 
25 m along its longest axis, the process was repeated on that piece, subdividing it further 
along its own major axis. This recursive step ensured that the final dataset consisted of 
channel segments of approximately equal length (~25 m). For each resulting segment, the 
major-axis length and mean width were calculated and stored as polygon attributes.

2.3.11. Accuracy Assessment
Three accuracy assessment subset regions were chosen to represent the range of terrain, 

vegetation, and surface-water networks present throughout the larger study area (Figure 1). 
Subset 1 was characterized by a mixture of wetlands, pasture, and irrigated cropland; 
Subset 2 was dominated by irrigated cropland; and Subset 3 was characterized by irrigated 
cropland in the south and riparian wetlands to the north.
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Manual identification of irrigation channels and other surface-water features for the 
accuracy assessment was conducted by assessing both the WorldView imagery mosaic and 
the DEM. The approach for manual identification of channels from the imagery and DEM 
was designed to include only channels that showed evidence of current or recent (within 
the current growing season) use. In general, only channel features where surface water 
was visible in the WorldView imagery composite were mapped. However, channel features 
were identified and mapped in cases where a feature resembling a channel was clearly 
visible on the DEM and a linear patch of dense vegetation (suggesting the current or recent 
presence of surface water) corresponding to that feature was evident on the WorldView 
imagery composite. Channel features were not mapped in cases where a feature was visible 
on the DEM but no corresponding pattern of surface water or vegetation was visible on the 
WorldView imagery composite.

While both the manually segmented and labeled reference (ground truth) subset and 
the corresponding subset of irrigation channels mapped using our approach were vector 
datasets, we rasterized each dataset to a spatial resolution of 0.3 m (corresponding to the 
resolution of the WorldView image composite) to allow for more precise comparison of the 
footprints of the irrigation channels. We computed standard accuracy assessment metrics 
for the surface-water class, including precision, recall, and F score [82]. Because pixel-based 
metrics penalize small positional offsets between mapped and reference features as both 
false positives and false negatives, an effect that can dominate the error for features only a 
few pixels wide, we also computed buffer-tolerant completeness, correctness, and quality 
metrics [83]. Completeness is the proportion of reference surface-water pixels lying within a 
specified tolerance distance of a mapped surface-water pixel, correctness is the proportion of 
mapped surface-water pixels lying within the tolerance distance of a reference surface-water 
pixel, and quality combines the two as completeness × correctness/(completeness + correct-
ness − completeness × correctness). We computed these metrics for tolerances ranging from 
0 to 3 m (0–10 pixels), pooling pixel counts across the three accuracy assessment subsets. 
At a tolerance of 0 m, completeness and correctness are equal to recall and precision, and 
quality is equal to the intersection over union (IoU). We did not report overall accuracy or 
the kappa coefficient. Because non-water pixels make up the large majority of each accuracy 
assessment subset, overall accuracy is dominated by correctly classified non-water pixels 
and conveys little about the accuracy of the mapped channels, and the kappa coefficient 
has been widely criticized as a measure of thematic map accuracy [84,85].

While we anticipated a high rate of false negatives given the challenge of mapping 
extremely narrow features that were frequently obscured by vegetation or infrastructure, 
we placed a high value on minimizing the number of obvious false positives. We defined 
obvious false positives as mapped surface-water features that clearly did not correspond to 
any nearby surface-water features on the ground. Mapped surface features that extended 
slightly beyond the edge of an actual surface-water feature or represented only part of the 
surface-water feature were considered less problematic, though still worth noting. To assess 
the frequency of obvious false positives, we designed and implemented an additional object-
based accuracy assessment suitable for assessing errors of commission (but not errors of 
omission) across a larger portion of the study area. The additional accuracy assessment was 
also designed to investigate how the frequency of errors of commission varied in relation to 
the width of channels.

For the additional accuracy assessment, we randomly selected 480 mapped channel 
segments and labeled each segment with one of five possible class labels. The five class labels 
were (1) definite irrigation channel, minimal position error, (2) definite irrigation channel, 
some position error, (3) possible irrigation channel, minimal position error, (4) possible 
irrigation channel, some position error, and (5) definite false positive. Class 1 was used for 
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instances where the footprint of the mapped feature closely matched the visible footprint 
of an irrigation channel in the high-resolution WorldView image composite. Class 5 was 
reserved for instances where the footprint of the mapped feature did not overlap with the 
footprint of any surface water or channel feature on the ground, or for cases where a mapped 
channel feature showed no evidence of current or recent use. Class 2 was used for cases 
where the footprint of the mapped feature clearly corresponded to an irrigation channel 
feature on the ground, but covered substantially less than the full width of the irrigation 
channel feature or extended significantly beyond the edge of the feature. Examples of 
this class included instances where the mapped footprint represented only the edge of an 
irrigation channel as well as instances where the mapped footprint extended significantly 
beyond the edge of the irrigation channel. Class 3 was used for cases where the footprint of 
the mapped feature clearly corresponded to a channel or other surface-water feature on the 
ground, but it was not clear whether that feature was part of the irrigation channel network. 
Examples of this class included ponds where the connection to the channel network was 
unclear. This class label was also applied in cases where it could not be clearly determined 
whether a channel mapped adjacent to a roadway was part of the irrigation channel network 
or used primarily for drainage. Class 4 was used for cases that met the criteria for class 3 
where the mapped footprint of the feature also differed from the footprint of the feature on 
the ground.

Finally, we conducted a second object-based precision-only assessment focused on 
the accuracy of channel segments that did not appear in the NHD+ or Colorado DWR 
datasets. For this accuracy assessment, we identified mapped channel segments >50 m 
from the closest mapped channel from both the NHD+ and Colorado DWR datasets, 
randomly selected 200 of the identified segments, and labeled each channel segment as a 
definite irrigation channel, a possible irrigation channel, or a definite false positive. For 
both object-based assessments, segments were selected by simple random sampling, and 
95% confidence intervals for the proportion of segments in each class were computed using 
the Wilson score interval [86]. For both assessments, the percentage reported for each 
accuracy class is the number of sampled segments assigned to that class divided by the total 
number of sampled segments. For the assessment of 480 segments, object-based precision 
is the percentage of sampled segments assigned to the classes counted as correct, using a 
strict definition that includes only class 1 and a relaxed definition that includes classes 1–4. 
The sample of 480 segments exceeds the 384 samples required to estimate a proportion to 
within ±5 percentage points at 95% confidence, and the samples of 480 and 200 segments 
correspond to maximum margins of error of approximately ±4.5 and ±6.9 percentage 
points, respectively.

All data produced in this study are available in the accompanying data release [87].

3. Results
The irrigation channel mapping approach identified 552 linear kilometers of irrigation 

channels across the study area, represented by 27,355 channel segments. Mapped channels 
were concentrated in known irrigated areas in the northern half and southeastern quadrant 
of the study area (Figure 4).

While the widths of mapped channel segments ranged from 0.6 m to 26.4 m, the 
majority of mapped channel segments (54.2%) were 3–5 m in width, with almost 90% 
of mapped channel segments in the range of 1.5–6.5 m. Only 3.7% of mapped channel 
segments were <1.5 m in width. Figure 5 shows the total distance of channels mapped for 
each width class.
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Figure 4. Irrigation channels across the study area mapped using the approach described here.

While our formal accuracy assessment focused on the final dataset of mapped irrigation 
channels, visual assessment of the outputs from interim steps suggested that integrating 
the DEM-derived potential channel map and applying the constrained dilation approach 
to fill out channel networks substantially increased the extent of the mapped channel 
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network. Figure 6 provides an example of the process of integrating the image-derived 
and DEM-derived potential channel images and the subsequent implementation of the 
constrained dilation approach. The imagery-derived classification captures many channel 
segments but is fragmented and includes small isolated detections, while the DEM-derived 
classification identifies broader channel-like landforms, including features that do not 
contain surface water. Their intersection retains only pixels supported by both data sources, 
producing narrow, fragmented channel segments, and constrained dilation then extends 
these segments along topographic lows into continuous channels (Figure 6). The channel 
connection algorithm also filled many of the remaining gaps in the channel network, such 
as gaps near buildings and trees and at road crossings, where channels are obscured in the 
imagery (Figure 7).

Figure 5. Histogram of total channel segment length by width class.

Comparison of results from the approach to the existing channel datasets available 
from the USGS NHD+ and the Colorado DWR indicated that our approach mapped 18% 
more channels than the NHD+ and 35% more channels than the Colorado DWR (Figure 8). 
This comparison is intended to assess the added value of the approach relative to the 
channel inventories currently used for water management in the region, rather than to 
rank its performance against other automated extraction methods. Differences in total 
channel length also reflect differences in mapping criteria, because our approach maps 
only channels with evidence of current or recent use. Our analysis of a subset of channel 
segments mapped by the approach that were >50 m from channels mapped by the NHD+ 
or Colorado DWR suggested that 43% (95% CI: 36–50%) of these channel segments were 
definite irrigation channels that were not included in the other datasets, and an additional 
33% (95% CI: 27–40%) of these channel segments were possible irrigation channels not 
included in the other datasets. Only 24% (95% CI: 19–30%) of channel segments mapped by 
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the approach that did not appear to have a clear analog in either of the other two datasets 
appeared to be definite false positives.

Figure 6. Comparison of imagery-derived channels, DEM-derived channels, the intersection of 
imagery-derived and DEM-derived channels, and the final raster channel map after application of 
constrained dilation to the intersection of imagery-derived and DEM-derived channels. The box 
outlined in red on panels on the left side of the image corresponds to the full extent of the zoomed-in 
panels on the right side of the image. The imagery-derived classification (union of the U-Net and 
Hessian filter outputs) is fragmented and includes small isolated detections, and the DEM-derived 
classification includes channel-like landforms that do not contain surface water. Their intersection 
retains only pixels supported by both data sources, and constrained dilation extends these high-
confidence segments along topographic lows to produce a more continuous channel network.
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Figure 7. Gaps in the channel network filled in by the channel connection algorithm (Section 2.3.9), 
shown over a false-color composite of the WorldView imagery. (Left): mapped channels (light blue) 
before connection; (right): the same channels after connection, with connection polygons shown in 
dark blue. The gaps closed by the algorithm include segments near buildings and trees and at a road 
crossing, where the channels are obscured in the imagery.

Figure 8. Comparison of irrigation channels mapped by the NHD+, the Colorado DWR, and the 
approach described here. Total linear km of channels mapped by each approach are also indicated.

The pixel-based accuracy assessment of surface water indicated moderate precision 
(54%) and low recall (28%) for irrigation channel pixels compared to the ground-truth 
datasets for the three accuracy assessment subsets (Table 3). Allowing for small positional 
offsets increased these values only modestly: at a tolerance of 0.6 m (2 pixels), completeness 
was 0.32 and correctness was 0.61, and even at 3 m (10 pixels), completeness reached only 
0.41 and correctness 0.72 (Table 3). Most of the disagreement with the reference data, 
particularly the errors of omission, therefore did not result from small positional offsets.
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Table 3. Buffer-tolerant accuracy assessment metrics for the water class at selected tolerances, pooled 
across the three accuracy assessment subsets. At a tolerance of 0 m, completeness and correctness are 
equal to pixel-based recall and precision, and quality is equal to the intersection over union (IoU).

Tolerance (m) Completeness Correctness Quality

0 (pixel-based) 0.282 0.543 0.228
0.6 0.322 0.607 0.266
1.5 0.366 0.672 0.311
3.0 0.413 0.716 0.355

Overall results from the object-based, precision-only accuracy assessment covering 
a wider swath of the study area are reported in Table 4. While computed precision was 
69.2% (95% CI: 64.9–73.1%) using the strict definition that included only accuracy class 1, 
relaxing the criteria to include accuracy classes 2, 3, and 4 increased the computed precision 
to 92.3% (95% CI: 89.6–94.4%). The remaining mapped channel segments, considered to 
be definite false positives (i.e., true errors of commission), represented only 7.7% (95% CI: 
5.6–10.4%) of the total segments. This proportion is much lower than the 28% of mapped 
surface-water pixels lying more than 3 m from reference surface water in the pixel-based 
assessment because the reference subsets include only channels with visible evidence of 
current or recent use; segments judged to be possible irrigation channels in the object-based 
assessment may have no counterpart in the reference data, and the object-based assessment 
covered a larger portion of the study area.

Table 4. Results from object-based accuracy assessment. Percent is the number of sampled segments 
assigned to each accuracy class divided by the total number of sampled segments (n = 480); 95% 
confidence intervals were computed using the Wilson score interval. Object-based precision is the 
percentage of sampled segments in class 1 (strict definition; 69.2%) or in classes 1–4 (relaxed definition; 
92.3%).

Accuracy Class Count Percent (95% CI)

Definite Irrigation Channel, 
Minimal Position Error 332 69.2% (64.9–73.1%)

Definite Irrigation Channel, 
Some Position Error 55 11.5% (8.9–14.6%)

Possible Irrigation Channel, 
Minimal Position Error 14 2.9% (1.7–4.8%)

Possible Irrigation Channel, 
Some Position Error 42 8.8% (6.5–11.6%)

Definite False Positive 37 7.7% (5.6–10.4%)

The full breakdown of the contribution of each accuracy class for each width class is 
shown in Figure 9. Precision generally increased with increasing width class. However, the 
increase in precision with increasing width class was much more pronounced when the 
stricter definition of correctness was used, with precision hovering between 40 and 60% for 
channel widths <4.5 m and increasing to a peak value of 95% for channels in the 6.5–7.5 m 
width class before dropping off slightly for the largest width class.

Qualitative visual assessment of the results from the irrigation channel mapping 
approach highlighted some specific limitations of the approach. In several cases, for larger 
surface-water features such as irrigation channels >5 m in width, ponds associated with 
the irrigation channel network, as well as larger rivers and lakes, the edges of the surface-
water feature were mapped while the interior was omitted (Figure 10a,b). Larger roadside 
ditches were sometimes mapped as irrigation channels (Figure 10c). Finally, in certain cases, 
channels that were mapped correctly within image compositing subtiles containing imagery 

https://doi.org/10.3390/rs18213850

https://doi.org/10.3390/rs18213850


Remote Sens. 2026, 18, 3850 26 of 37

acquired during wetter conditions were not mapped in adjacent compositing subtiles 
containing imagery acquired during drier conditions (Figure 10d). Although this result was 
not surprising given that the channel mapping approach was designed to map only channels 
that showed evidence of current or recent use (surface water or enhanced vegetation growth) 
in the available WorldView imagery, it highlighted the challenge of applying a mapping 
approach across large areas where achieving complete coverage required compositing 
imagery from a wide range of dates.

Figure 9. Precision by channel width class. Height of bars indicates percent of mapped channel 
features that are definite or possible irrigation channel network features, with minimal or moderate 
position errors. The contribution of each accuracy class (excluding definite false positives) is shown 
within each bar.
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Figure 10. Examples highlighting some of the limitations of the current approach. The tendency to 
map only the edges of larger water bodies is shown in panels (a,b). An example where a roadside 
ditch is mapped as an irrigation channel is shown in panel (c). The sensitivity of the approach to 
conditions at the time of image acquisition is shown in panel (d), where the northern half of the 
image was acquired under drier conditions than the southern half.
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4. Discussion
4.1. Novelty and Strengths of the Approach

Here we describe an approach for mapping irrigation channels using a combination of 
very high spatial resolution (0.3–0.5 m) optical imagery, 1 m DEM data, and widely avail-
able ancillary datasets. While techniques combining optical imagery and high-resolution 
DEM data have been employed for surface-water mapping in other contexts [88–91], the 
combination of optical imagery, DEM data, and ancillary datasets for mapping irrigation 
channel networks at fine spatial resolution represents a novel approach. The constrained 
dilation and channel connection algorithms we developed allowed the approach to build 
out channel networks even in areas where channels are not clearly and continuously visible 
in optical imagery alone, while incorporation of optical imagery helped limit the mapping 
to channels with evidence of current or recent use. These components are complementary: 
neither the optical imagery nor the DEM alone provides a reliable map of active irrigation 
channels, but requiring agreement between the two identifies high-confidence channel seg-
ments, and constraining dilation to topographic lows allows these segments to be extended 
without reintroducing the false positives of the image-derived classification (Figure 6).

Key design considerations throughout the development of this approach were to 
facilitate broad applicability and scalability. We collected training data from several regions 
across the western United States and limited the incorporation of ancillary data to datasets 
that are currently available or will soon be available nationwide (with suitably similar 
ancillary data available in many international regions as well). This design is intended 
to make the approach applicable in other regions, although some parameter values may 
need to be adjusted for local conditions (Section 4.4), and testing in additional regions 
is needed to evaluate how well the approach transfers. The tiling approach we used can 
facilitate scaling up the application of the approach to larger regions, provided sufficient 
computing resources are available. In the near term, we envision using this approach as a 
tool for rapidly developing skeleton channel networks in data-sparse regions, with image 
analysts subsequently removing false positives and adding missed channels to achieve a 
final product suitable for a variety of applications.

Our approach demonstrates several strengths. It successfully captures some channels 
that are absent from existing datasets, while maintaining a low false-positive rate of 7.7%. 
The precise spatial footprints of mapped channels enable the estimation of channel width 
along channel segments of arbitrary length, facilitating water-use and water-balance model-
ing efforts that attempt to quantify loss of water in transit from processes such as leakage or 
evaporation. The precise footprints combined with DEM data have the potential to support 
applications requiring accurate gradient estimation, such as assessing hydraulic head for 
micropower projects. Finally, the vectorized results facilitate post-processing. Because false 
positives represent fewer than 8% of mapped segments, they can be identified and removed 
relatively quickly. Adding channels missed by the approach is a more substantial task given 
the low recall, but the mapped network provides a framework that can reduce the effort 
required to build a comprehensive, spatially explicit channel network inventory relative to 
manual mapping alone.

4.2. Comparison with Related Studies
Direct quantitative comparison with other automated methods for mapping irrigation 

channels is limited by differences in study design. The most closely related approach, 
IGraSS [7], maps canal networks from 3 m PlanetScope imagery and DEM data using 
graph-constrained semantic segmentation and relies on existing hydrography data for its 
training labels. Its moderate spatial resolution targets larger canals, whereas our approach 
uses 0.3–0.5 m imagery to map channels as narrow as 0.6 m, and our reference data were 
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delineated manually from very high-resolution imagery and DEM data and include only 
channels with evidence of current or recent use. Because of these differences in spatial 
resolution, target features, and reference data, we do not compare accuracy metrics directly. 
Likewise, our comparison with the NHD+ and Colorado DWR inventories should be 
interpreted as an assessment of the added value of the approach relative to the inventories 
currently used for water management, rather than as a ranking of its performance against 
other extraction algorithms.

Most other automated channel mapping studies have targeted drainage ditches or 
natural streams, primarily using LiDAR-derived DEMs, and report accuracy metrics com-
puted against reference data compiled under different criteria. Using deep learning applied 
to LiDAR-derived topographic indices, Lidberg et al. [34] correctly mapped 86% of ditch 
channels in test data from Sweden (Matthews correlation coefficient of 0.78), and Busarello 
et al. [35] extended this approach to distinguish ditches from natural streams, finding 
natural streams more difficult to map. Du et al. [37] combined aerial optical imagery with 
LiDAR-derived topographic and intensity features in a low-relief agricultural landscape 
and reported precision of 0.88 and recall of 0.89 for connected ditch networks, with LiDAR-
derived topographic features contributing most to performance. Canal mapping from UAV 
imagery has achieved high recall but lower precision; Huo et al. [38], for example, reported 
recall of 85.7% and precision of 55.1% for an object-based approach applied to multispectral 
UAV imagery across an irrigation district in China.

Our pixel-based recall (0.28) is substantially lower than the values reported in these 
studies, whereas our object-based precision (69.2% to 92.3%, depending on the definition 
of a correct segment) is within the range they report. Several differences in study design 
contribute to this contrast. First, the LiDAR-based studies map channels as topographic 
features regardless of whether they carry water, whereas our reference data include only 
channels with visible evidence of current or recent use, a stricter target that depends on the 
timing of image acquisition. Second, many of the irrigation channels in our study area are 
close to or narrower than the 1 m resolution of the DEM, whereas the best-performing ditch 
models in [35] used 0.5 m DEMs. Third, our buffer-tolerant analysis shows that allowing 
positional offsets of up to 3 m increased completeness only to 0.41 (Table 3), indicating 
that our omission errors are predominantly thematic rather than positional. Our results 
therefore suggest that the main challenge for mapping active irrigation channels is not 
the precise delineation of detected channels, but the detection of channels that are narrow, 
partially obscured, or carrying little water at the time of image acquisition.

4.3. Advantages and Limitations of the Processing Components
Each component of the workflow involves trade-offs. The U-Net classifier provides 

a learned multispectral representation of surface water, but has limited skill for narrow 
channels and channels partially obscured by vegetation. The Hessian filter compensates by 
detecting narrow linear features, but also responds to the margins of larger water bodies 
(Section 4.6). Together with the relatively low U-Net probability threshold, this makes the 
image-derived classification deliberately permissive, shifting the removal of false positives 
to later steps. The geomorphon classification identifies channel-like landforms indepen-
dently of whether they contain water, which makes it useful as a constraint, but it also 
identifies roadside and drainage ditches and natural swales, and its ability to resolve chan-
nels is limited by the 1 m resolution of the DEM and by differences in acquisition date 
between the DEM and the imagery. Constrained dilation is simple and effective at extend-
ing high-confidence fragments along topographic lows, but because it relies on a single 
elevation threshold, it can extend channels along any sufficiently depressed feature, and it 
cannot recover channels for which no fragment was detected. The XGBoost object classifier 
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uses shape and contextual information that is unavailable at the pixel level to distinguish 
irrigation channels from natural surface-water features and false positives, but it was trained 
on 569 polygons from the study area and would likely require additional training data for 
application elsewhere. Finally, the connection algorithm closes many gaps at road crossings 
and beneath tree cover (Figure 7), but because it relies only on geometric criteria, it may 
occasionally connect independent channels.

The accuracy assessment provides additional insight into the performance of these 
components. The buffer-tolerant metrics indicate that mapped channels are rarely misplaced; 
most errors are omissions of channels that were not detected at all. Object-based precision 
increased with channel width (Figure 9), consistent with the greater difficulty of detecting 
narrow channels in both the imagery and the DEM. Improvements in the detection of narrow 
and partially obscured channels are therefore likely to yield the largest gains in recall.

The modular design of the approach also allows individual components to be replaced 
as alternative methods mature. In particular, the U-Net classifier used to identify potential 
surface-water features in the optical imagery could be replaced by other pixel-level classifiers, 
such as Transformer-based semantic segmentation models. Similarly, the geomorphon 
classification could be replaced or supplemented by machine learning or deep learning 
models trained to detect ditches and channels directly from high-resolution DEMs [33–35], 
and the XGBoost classifier could be replaced by other object-based classifiers. Because each 
component operates on the output of the preceding step, the effect of a substitution can be 
evaluated by comparing the final channel network produced with and without it against 
the same reference data. Systematic evaluation of alternative components, particularly 
classifiers better able to detect narrow channels partially obscured by vegetation, is an 
important avenue for future work.

4.4. Parameter Selection and Transferability
The parameters used in the workflow (Table 2) fall into three groups. Some follow 

from properties of the input data or the reporting design, such as the DFMLE threshold for 
constrained dilation, which was set to twice the stated vertical accuracy of the DEM, and 
the 25 m reach length. Others are expressed in pixels and therefore depend on the spatial 
resolution of the processing grid, including the Hessian filter scales, the sieve filter sizes, 
and the numbers of dilation and erosion iterations. The remainder were selected by visual 
assessment of initial results in the study area. Because the parameters act at sequential 
stages, with later steps developed using the output of earlier steps, they were not optimized 
independently, and values that work well in the study area may not be optimal elsewhere.

The expected effects summarized in Table 2 provide guidance for adjusting parameters 
in other regions. Pixel-based parameters should be scaled in proportion to the spatial 
resolution of the imagery and DEM. In regions with narrower channels, smaller Hessian 
filter scales, smaller sieve sizes, and a lower U-Net probability threshold would retain more 
narrow features, at the cost of more false positives. Where DEMs have lower vertical accuracy, 
the DFMLE thresholds should be increased in magnitude so that they remain above the 
noise level of the DEM. In regions with larger fields and sparser channel networks, gaps 
between detected channel segments may be longer, and the connection search radius could 
be increased, although longer connections increase the risk of spurious links; conversely, 
stricter orientation tolerances would reduce erroneous connections in regions with dense 
networks of closely spaced, parallel channels. Because the XGBoost classifier was trained 
using polygons from the study area, collecting local training polygons is likely to be the 
most important step in adapting the approach to a new region. In all cases, we recommend 
evaluating initial results against a small set of manually delineated reference channels before 
applying the approach across a larger region.
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4.5. Utility and Applications
The utility of the irrigation channel mapping approach described here extends across 

multiple domains. For regional-scale hydrological and agricultural modeling, even moder-
ately accurate mapping of individual channels for large, data-sparse regions could enable 
the production of useful metrics such as channel length per grid cell. Regularly updated, 
spatially explicit irrigation channel inventories could also provide the foundation for remote 
sensing of surface-water dynamics at high temporal resolution. Finally, the ability to gen-
erate and regularly update preliminary, spatially explicit irrigation channel inventories at 
relatively low cost could be particularly beneficial for water-resource managers and planners 
operating in data-sparse regions with very limited budgets.

4.6. Limitations, Challenges, and Opportunities for Improvement
Despite the strengths described above, several limitations of the approach warrant 

discussion. The relatively low recall values in the accuracy assessment indicate that a 
substantial portion of irrigation channels in active use remain undetected. Results are 
clearly impacted by the seasonal timing of image acquisitions. While optimal results could 
be achieved in cases where an entire region was imaged over a relatively short period of 
time (a few days to a few weeks) during a relatively high-flow period, it is unlikely this 
type of coverage will be achieved in the near future for many of the rural regions that would 
benefit most from improved and updated irrigation channel inventories. The constrained 
dilation approach mitigates this limitation to some extent, allowing for continuous or semi-
continuous sections of channel to be mapped in cases where some portions of a channel can 
be detected from the optical imagery. However, in cases where most of a channel remains 
undetected from the optical imagery due to low-flow conditions, constrained dilation does 
not improve results.

Two related limitations, illustrated in Figure 10, concern drainage ditches and channels 
that were dry at the time of image acquisition. Larger roadside and drainage ditches share 
the morphology and landscape context of irrigation channels, are identified as potential 
channels by the geomorphon classification, and often contain standing water or dense 
vegetation; as a result, the XGBoost classifier sometimes classified them as irrigation channels 
(Figure 10c). Because drainage ditches commonly follow road margins and may also convey 
irrigation return flows, the distinction can be ambiguous even for an image analyst, and such 
features were assigned to the possible irrigation channel classes in the object-based accuracy 
assessment. Conversely, channels that carried no water and showed no vegetation response 
at the time of image acquisition were not detected, because the approach requires evidence 
of current or recent use in the imagery to seed the channel network (Figure 10d). Both 
limitations could be reduced with multitemporal imagery acquired across the irrigation 
season: channels that carry water during peak irrigation but are dry at other times could be 
detected from acquisitions timed to periods of high flow, and drainage ditches that hold 
water mainly after storms or outside the irrigation season would likely show a different 
temporal signature from irrigation channels. Where available, ancillary data on drainage 
and irrigation infrastructure, such as road ditch inventories, drainage district maps, or the 
locations of diversion structures, could also be used as additional inputs to the object-based 
classifier or to favor channels that are connected to known points of diversion.

An additional limitation of the approach is that it does not capture all channels present 
in existing channel inventories. In some cases, these discrepancies may not actually represent 
missed channels, but rather channels that are mapped erroneously or not in active use. This 
is particularly evident in the southwestern quadrant of the study area, where the majority 
of the channels mapped by the NHD+ or Colorado DWR datasets are not mapped by our 
approach. For several of the east–west channels mapped by the Colorado DWR (but not 
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by the NHD+ dataset), there is no evidence on either the DEM or WorldView imagery 
composite of any channels within 100 m of the mapped channel locations, suggesting the 
location of some of these channels may be incorrectly mapped. However, for some of the 
north–south channels mapped in this area by the Colorado DWR and NHD+ datasets, the 
mapped channel locations do correspond to channels visible on the DEM and imagery, 
though the WorldView imagery composite shows no evidence of recent use (such as visible 
surface water or corridors of greened-up riparian vegetation). While the omission of these 
channels from our mapped irrigation channel network is to be expected given the lack 
of visible surface water or greened-up riparian vegetation on the WorldView imagery 
composite, the omission does highlight the impact of the image acquisition date on the final 
mapped channel network. In cases such as these where channels may only show evidence 
of recent use during a limited part of the growing season, integration of the existing channel 
inventory data could result in a more comprehensive and complete irrigation channel 
database. Where a trusted existing channel inventory is available, this integration could be 
accomplished through simple spatial merging within defined tolerances. For cases where the 
accuracy or recency of the existing channel inventory is more uncertain, a more sophisticated 
integration approach might be warranted. Such an approach could be designed to account 
for potential errors in the existing data by identifying potential channel corridors where 
more lenient detection thresholds that still require some evidence of an active channel could 
be applied.

Our channel mapping approach has a tendency to map the edges of larger surface-water 
features while omitting the interior portion of the feature. This is likely a result of the heavy 
emphasis on linear surface-water features in the training dataset, as well as the incorporation 
of the Hessian filter used for detection of additional dark linear features that may not be 
detected by the U-Net classifier. We experimented with merging parallel linear features 
that potentially represented the edges of a single surface-water feature, but this approach 
proved problematic in the numerous cases where nearby, parallel but genuinely independent 
channels were present. Integrating surface-water datasets derived from Landsat, Sentinel-2, 
or Planet [11,18] could facilitate the accurate identification of larger surface-water features 
at high spatial resolution by identifying regions within which a surface-water classification 
algorithm could be applied using more relaxed detection thresholds.

Incorporation of data from additional remote sensing platforms could also substantially 
improve performance. High spatial resolution synthetic aperture radar data could prove 
useful for detection of surface water in channels obscured by vegetation, provided the 
multimodal image registration challenge could be reliably solved and implemented. While 
multitemporal data at very high spatial resolution would be ideal, even time-series data 
at coarser spatial resolution, such as daily 3 m Planet imagery, could help reduce false 
positives by characterizing and exploiting the temporal signatures of irrigation channels 
and their adjacent riparian zones.

Beyond improvements in accuracy, there are several additional ways the channel map-
ping approach could be extended. Classification of primary irrigation channels, secondary 
or lateral irrigation channels, and additional network features such as drainage tiles and 
storage ponds could increase the utility of the approach for scientists and water-resource 
managers, as could discrimination between lined and unlined channel beds.

5. Conclusions
We developed an approach for automated irrigation channel mapping using a combi-

nation of very high spatial resolution satellite imagery, DEM data, and existing land cover 
and irrigation datasets. The approach uses data that are generally available (or will soon 
be available) across the entire conterminous U.S. and is designed to be broadly applicable 
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across at least the western United States. A tiling scheme is used for the more computation-
ally intensive steps to ensure scalability and enable the potential application of the approach 
across very large regions.

The approach mapped substantially more linear channel length across the study area 
than either the USGS NHD+ or the Colorado DWR datasets. Integrating maps of po-
tential channels derived from the DEM and applying a constrained dilation algorithm to 
expand channels outward from the highest-confidence image-derived segments substan-
tially increased the extent of the mapped channel network, based on visual assessment of 
intermediate outputs.

Recall was low (0.28): roughly 70% of the reference surface-water pixels were not 
mapped, and reducing these errors of omission is the most important priority for improving 
the approach. Taken together, the results from the pixel-based and object-based accuracy 
assessments indicated that errors of omission were much more common than errors of 
commission. The large majority of mapped channel segments corresponded to definite or 
possible irrigation channels, and most novel segments not appearing in existing datasets 
were definite or possible irrigation channels missed by those datasets. Allowing a positional 
tolerance of up to 3 m increased completeness only to 0.41 and correctness to 0.72, indicating 
that most of the disagreement with the reference data, particularly the errors of omission, 
reflects true classification errors rather than small positional offsets.

Despite these limitations, the approach could support a range of hydrological modeling, 
water-use planning, and remote sensing applications by providing preliminary channel 
inventories that serve as a starting point for manual refinement. Such inventories could be 
particularly valuable in regions where existing inventory data are lacking or outdated and 
for water managers with the most limited resources, although testing in additional regions 
is needed to evaluate how well the approach transfers to other settings.
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