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(a) RGB image (b) Our prediction - 15m (c) Our prediction - 30m (d) Our prediction - 60m
Fig. 11. Results from an image of the Murray River which is not included in the RiverPIXELS dataset. Region information: a rectangle centering at 138.88,
-35.559 with a longitude range of 0.3 and a latitude range of 0.15. Panel (a) is the RGB visualization of the 30-meter resolution. Panels (b) - (d) are three
predictions of the same region with different resolutions: (b) higher resolution (15 m), (c) native resolution (30 m), (d) coarser resolution (60 m). Purple,
cyan, and yellow represent land, water, and sediment respectively. Our predictions are robust among various resolutions.

icant benefit is their minimal data requirement, using around
3 thousand training vectors to surpass the performance of
CNN neural networks trained with 2.1 million pixels, and
also outperforming SVM and RF models trained with larger
datasets. As shown here, the CGAP method has significant
improvements in efficiency and accuracy compared to GAP.
Furthermore, we introduced two versions, B-CGAP and A-
CGAP, where the former is suitable for situations with com-
plete ground-truth information, while the latter is useful for
training from scratch with no ground-truth information. A-
CGAP identifies the pixels most crucial to the graph-learning
model and asks a human-in-the-loop to provide these labels.
Experiments show that A-CGAP’s performance is similar to
our previously proposed GAP method, slightly inferior to B-
CGAP.

We provide a Python-based tool, GraphRiverClassifier
(GRC), to detect surface water and sediment globally. This
tool utilizes Google Earth Engine to identify and download
Landsat scenes for a selected area and then applies our B-
CGAP method for pixel classification. The tool is designed for
ease of use and flexibility, allowing specifications of regions,
place names, and/or selected time periods.

For future work, we suggest two main areas for develop-
ment. The first area focuses on augmenting the datasets used
for training. Currently, the scarcity of annotations for urban
areas, such as cities and buildings, leads to misclassification of
these regions as sediment rather than land. Expanding datasets
like RiverPIXELS to include more comprehensive information
about urban areas or employing automatic annotation meth-
ods to generate pseudo-labels could help strengthen model
performance in these challenging scenarios. Furthermore, it
is imperative to expand the applicability of the models to
encompass a broader range of data modalities beyond the
current reliance on Landsat data. Researchers need to develop
techniques to align data from a diverse range of sensors, scales,
and channel characteristics to ensure the effective application
of the proposed methods.

The second area for future work concerns the development
of improved algorithms for the feature learning and active
learning components of the proposed pipeline. Firstly, one
could consider incorporating transfer learning by leverag-
ing newly acquired unlabeled images to refine our feature-
embedding neural network using the SimCLR loss. Secondly,
one could explore novel graph-based semi-supervised learning
methods to improve the classifier performance within our

pipeline. Methods such as p-Laplace learning [54], [55] or
reweighting the graph before processing the Laplace learning
[56], [57] could provide further improvement.
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