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The total county level aggregated irrigated area in square kilometers for both classifiers was 
compared to the USDA NASS Census data for these areas. Only counties with agricultural 
croplands and boundaries entirely within the classification domain were used for this 
comparison.

Interested in What We Can Use these Maps for?
Poster B31L-2468: Detecting Changes in Irrigation Technology Over the High Plains Aquifer, USA, Using More   
Than Three Decades of Satellite Data

Both classifiers were trained and validated on the same datasets. They both achieved similar 
accuracies in validation, but are making nuanced yet different decisions.

Future work will attempt to boost accuracy by including of local training data for these 
regions, Additionally, exploration will be done on the benefits of including diverse radar 
based Earth observation systems (e.g. ESA’s Sentinel-1 , NASA’s GPM and SMAP platforms) 

The MLP ANN is one of the simplest within the TensorFlow framework. The more complex 
and well crafted networks that are made possible by cloud computing may lead to 
improvements in classification.

The ANN predicts less irrigation in most cases, substantially so in humid areas as well as in the 
Central Valley in 2017, which was a high precipitation year. 

Takeaway Points and Future Work
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Random forest and artificial neural network classifications were produced for the years 2007, 2012, and 2017 over three 
environmentally, climatologically, and geophysically distinct major agricultural producing regions. The classifications were 
masked using the Cropland Data Layer (CDL) mask for all possible landcover types not associated with potential irrigated 
lands (urban, natural and water).  

Visual Key Points

Overall, the confidence of irrigation classification across the state of Michigan is lower, indicating 
that the neural network is less certain on most pixel decisions.

In rare cases, entire fields are classified as irrigated by Neural Networks approach but not random 
forest, which highlights an interesting decision making difference to be investigated further.
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Almost all areas where the neural network classified irrigation the random forest did as well.
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The random forest tends to classify more pixels as irrigated. 

Neural Network Structure and Training    Approach AIM-HPA
Using a random forest algorithm,  mapped over 3 de-
cades (1984-2017) of annual irrigation presence in the 
High Plains Aquifer (AIM-HPA) (Deines et al 2019). 
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The ANN used in this work is a multilayer perceptron (MLP) that ends in determination of two proba-
bilities, irrigated or non-irrigated. This MLP is trained on point data that samples n=33 variables (A.).

Using a feed forward strategy the MLP consisted of a first ReLu dense layer, followed by a dropout layer, 
and then a second ReLu Dense Layers (B.). Termination occurred with a final 2 dimensional softmax 
classification output layer.
 
This version of the MLP was trained over 3000 epochs (C.) using the TPU v2.0 access associated with 
Google Colab and took a fraction of the time compared to the GPU and CPU approaches. The end 
achieved validation accuracy of slightly greater than 89% and a loss of 0.3.
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Data input into the actual classification was carefully cu-
rated based on peak growing season relevance (e.g. mask-
ing values occurring outside of maximum greenup). 

Using a Bayesian Updating of Land Cover (BULC) ap-
proach, areas where data was sparse and irrigation classifi-
cation suffered time series were updated

Initial classification using 36 variables fed to a random 
forest classifier.

How it works 

Overfitting is a potential issue with 
tree-based classifiers. Artificial Neural 
Networks (ANN) have robust mechanisms to 
avoid this.

Latitude and longitude are key variables in 
the classifier, limiting transferability

Typical close approximation to estimated 
irrigated county level values from the USDA 
NASS Agricultural Census. Deviations could be 
related to a number of issues, including 
limitations of the classifier itself. 

Initial high accuracy (90.8%) across the 
HPA and neighboring areas  This was 
increased to 91.4% through post 
processing. 

Success and Limitations

Deines et al 2019
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A number of remotely sensed and spatially explicit irrigation data products exist across a variety of domains. 
However, high resolution (30 meter or finer) and high accuracy products are less common in humid or 
diversely cropped regions. The classification approach we use involves feeding carefully selected Earth 
observation systems data, coupled with climatological reanalysis and geophysical data, into a supervised 
artificial neural network (ANN) classifier.

Irrigation in the conterminous United States (CONUS)

Accounted for 62% of freshwater
use in 2015. 

Expansion is occurring in the humid
Eastern states.

  

Input Output
Remotely 

Sensed Imagery and
Ancillary Data 

Highlighted Spectral
and Physical Attributes 

Confident High
Resolution Classification 

1 Km

Example Binary Irrigation
Presence  Map 

Max Annual
Green Chlorophyll 
Vegetation Index 

Landsat 7 ETM+
Growing Season 
RGB Composite 

 
 

Irrigation has emerged as the largest global consumptive user of freshwater due to human 
population growth, demand for greater agricultural production, and food security. 

Average irrigated land percentage over the past two decades (2002-2017) based on 4 km  aggregations 
of the MODIS Irrigated Agriculture Dataset for the United States (MIrAD-US) (Brown et al 2019). 
Regions in outlined in red highlight the focus areas of our current work .

 The flow of input to 
output for the irrigation 
classification. Above the 
figure highlights the gen-
eral data classification 
workflow and where the 
processing  occurs. Below 
the figure an example of 
how one variable makes 
its way through the clas-
sification pipeline

81% of irrigation withdrawls
come from the 17 Western
CONUS states.
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