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Abstract

Surface water dynamics play a critical role in Earth’s cli-
mate system, influencing ecosystems, agriculture, disaster re-
silience, and sustainable development. Yet monitoring rivers
and surface water at fine spatial and temporal scales remains
challenging—especially for narrow or sediment-rich rivers that
are poorly captured by low-resolution satellite data. To address
this, we introduce RiverScope, a high-resolution dataset devel-
oped through collaboration between computer science and hy-
drology experts. RiverScope comprises 1,145 high-resolution
images (covering 2,577 square kilometers) with expert-labeled
river and surface water masks, requiring over 100 hours of
manual annotation. Each image is co-registered with Sentinel-
2, SWOT, and the SWOT River Database (SWORD), enabling
the evaluation of cost-accuracy trade-offs across sensors—a
key consideration for operational water monitoring. We also
establish the first global, high-resolution benchmark for river
width estimation, achieving a median error of 7.2 meters—
significantly outperforming existing satellite-derived methods.
We extensively evaluate deep networks across multiple archi-
tectures (e.g., CNNs and transformers), pretraining strategies
(e.g., supervised and self-supervised), and training datasets
(e.g., ImageNet and satellite imagery). Our best-performing
models combine the benefits of transfer learning with the use
of all the multispectral PlanetScope channels via learned adap-
tors. RiverScope provides a valuable resource for fine-scale
and multi-sensor hydrological modeling, supporting climate
adaptation and sustainable water management.

Code — https://github.com/cvl-umass/riverscope-models
Dataset — https://github.com/cvl-umass/riverscope
Extended version — https://arxiv.org/abs/2509.02451

1 Introduction

Global surface waters form the circulatory system of the
climate, playing a vital role in transporting water and the
materials it carries across the planet (Alsdorf, Rodriguez, and
Lettenmaier 2007). These dynamics are shaped not only by
natural phenomena like floods and erosion but also by human

activities like dam construction and irrigation (Yang et al.

2022). Understanding and mapping surface water dynamics
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is increasingly important for climate resilience and environ-
mental sustainability due to their role in agriculture (Tian
et al. 2015), hydropower (Wasti et al. 2022), ecological ser-
vices (Zhao et al. 2003), urban planning (Ellis 2013), and
transportation (Opher and Friedler 2010).

While the hydrology community has made progress in
locating and mapping surface water (i.e., hydrography) (Val-
man et al. 2024), characterizing water dynamics like extent
and flow remains challenging. Satellite imagery is effective
at capturing water extent, but properties such as flow are not
directly observable (Feng et al. 2019). Stream gauges, which
directly measure flow, are sparse and insufficient to provide a
global view (Gleason and Hamdan 2017).

These limitations have driven the launch of the Surface
Water and Ocean Topography (SWOT) mission (Biancamaria
et al. 2016), which uses radar interferometry to measure
surface water elevation with unprecedented precision (Vino-
gradova et al. 2025). However, river discharge (flow) is still
inferred, a calculation that critically depends on accurate river
width measurements (Bjerklie et al. 2018). To support this,
datasets like the SWOT River Database (SWORD) (Altenau
et al. 2021) were developed, but they rely on width estimates
from coarser Landsat imagery (Allen and Pavelsky 2018).

Spatial resolution remains a key bottleneck, especially for
small rivers and fine-scale changes (Filippucci et al. 2022).
Sentinel-2 (ESA 2022) and Landsat (Observation and Center
2020) imagery (10-30m/pixel) often miss these features (Flo-
res et al. 2024), limiting the accuracy of river models. This
motivates the need for higher-resolution, expertly labeled
datasets.

We introduce RiverScope, a densely annotated,
global-scale dataset of high-resolution (3 m/pixel)
PlanetScope (PBC 2024) imagery of rivers and adjacent
water bodies. The dataset covers 2,577 km?, comprising
500x500-pixel images sampled across diverse geographic
and hydrological contexts. Each image is co-located with
Sentinel-2, SWOT, and SWORD data within a £+12-hour
window (see Figure 1). This unique alignment enables
the comparison of sensor performance on hydrologically
relevant tasks, quantifying trade-offs between accuracy and
cost—a critical consideration for scaling monitoring systems
at agencies like NASA or ESA. Surface water masks were
created by hydrology and machine learning experts through
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Figure 1: RiverScope presents a global, high-resolution satellite image dataset focused on rivers using PlanetScope (PBC 2024)
and co-registered with SWOT (Vinogradova et al. 2025), SWORD (Altenau et al. 2021), and Sentinel-2 (ESA 2022). To the left
we show the distribution and splits of our expert-labeled dataset, covering various geographic and hydrological contexts.

100 hours of manual annotation, ensuring high-quality
ground truth data. We leverage this dataset to establish
benchmarks using hydrologically relevant evaluation metrics.
Rivers are an important, underexplored domain for ma-
chine learning, with complex natural features distinct from
structured objects in typical urban datasets. RiverScope cap-
tures complex hydrological features such as riverbanks, sand-
bars, and varying morphologies—elements that are often lost
in coarser datasets. By leveraging high-resolution multispec-
tral imagery, models can better delineate river boundaries,
improving width estimates essential for discharge modeling.
Our benchmark serves two key purposes:

1. Water segmentation. We evaluate diverse deep learn-
ing models on PlanetScope imagery, including ImageNet-
pretrained models and remote sensing-specific methods.
We show that lightweight input adapters using all the
multispectral PlanetScope bands outperform RGB-only
models. Our models outperform established baselines in-
cluding NDWI (McFeeters 1996) and custom CNN archi-
tectures (Valman et al. 2024). PlanetScope’s fine spatial
resolution enables detection of detailed river structures
often missed by lower-resolution sensors like Sentinel
(see Figure 2). Models trained on coarse imagery often
struggle with precise boundary delineation, highlighting
the potential of fusing complementary modalities in our
dataset to improve performance of Sentinel estimates.

2. River width estimation. We introduce a benchmark for
river width—a hydrologically meaningful metric poorly
captured by pixel-level segmentation metrics like ToU.
Our best model, trained on PlanetScope imagery, achieves
a median width error of 7.2 meters, substantially out-
performing the prior state-of-the-art of 30 meters (Val-
man et al. 2024). Landsat- and Sentinel-derived widths
show median errors of 45.0 and 39.0 meters, respectively.
Notably, we also provide the first evaluation of SWOT-
derived widths, which exhibit a median error of 41.9 me-
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ters at “nodes” spaced every 200 meters along the river.

By publicly releasing RiverScope, we aim to foster ma-
chine learning research on domain-specific challenges in river
monitoring—problems with direct implications for climate
adaptation and sustainable water management.

2 Related Work

Satellite image datasets. Previous works have introduced
large-scale datasets based on satellites with global coverage,
such as Sentinel and Landsat (Bastani et al. 2023; Claverie
et al. 2018). For example, SatlasPretrain (Bastani et al. 2023)
presents a diverse dataset of Sentinel and NAIP (USDA Farm
Service Agency n.d.) imagery labeled for object detection,
scene classification, and segmentation. EuroSAT (Helber et al.
2019) and BigEarthNet (Sumbul et al. 2019) provide Sentinel-
based datasets for image classification, while NASA periodi-
cally releases segmentation labels through the Harmonized
Landsat-Sentinel program (Jones 2019), including water body
mapping products (Daroya et al. 2025).

While Sentinel and Landsat offer broad spatial and tempo-
ral coverage, their resolutions (10 m for Sentinel, 30 m for
Landsat) limit their utility for fine-grained hydrological anal-
ysis, such as tracking narrow river dynamics. High-resolution
datasets remain limited and are often focused on urban or in-
dustrial settings, relying on aerial imagery with sparse global
coverage and infrequent revisit rates (Christie et al. 2018).

The PlanetScope mission (PBC 2024) addresses these lim-
itations by offering globally available, high-resolution (3 m
per pixel), near-daily imagery. This has enabled recent work
on surface water monitoring using PlanetScope data (Val-
man et al. 2024; Flores et al. 2024). However, these efforts
have largely focused on specific regions and do not publicly
release annotated datasets.

To address this gap, we introduce RiverScope, a densely
labeled, global-scale dataset of high-resolution PlanetScope
imagery for water segmentation focused on rivers. While
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Figure 2: RiverScope can be used to precisely segment rivers
and water bodies (a-b). Existing low-resolution images like
Sentinel (c) tend to over segment narrow rivers, inflating river
width estimates due to less detail in the images. Yellow dots
mark SWORD nodes; the orange line represents a section of
the SWORD reach used as the river centerline.

Valman et al. (2024) presents a similar large-scale water
segmentation dataset, RiverScope extends this line of work
by incorporating co-registered measurements from comple-
mentary sensors—including Sentinel (ESA 2022), Surface
Water and Ocean Topography (SWOT) (Biancamaria et al.
2016), and SWOT River Database (SWORD) (Altenau et al.
2021)—and by openly releasing the annotated data.

The recently launched SWOT satellite provides interfero-
metric measurements of surface water elevation and extent,
while SWORD offers reach-level hydrologic variables such
as river width and slope (See § 3 for details). By aligning
these with PlanetScope and Sentinel imagery, RiverScope
enables benchmarking across multiple tasks and facilitates
evaluating cost-accuracy trade-offs of different sensors—a
key consideration for scaling monitoring systems.

Satellite image models. While early studies in satellite im-
age modeling focused primarily on low-resolution data (Bas-
tani et al. 2023; Manas et al. 2021; Daroya et al. 2025), a
growing body of work now targets applications requiring
high-resolution imagery (Flores et al. 2024). For instance,
Flores et al. (2024) used PlanetScope imagery to segment
headwater streams—small, often unnamed tributaries that
require fine spatial details. Beyond stream segmentation (Val-
man et al. 2024), PlanetScope has been applied to river dis-
charge estimation, reservoir monitoring, and water quality
assessment (Wang and Vivoni 2022; Flores et al. 2024).

Building on prior work (Valman et al. 2024), we focus on
water segmentation using PlanetScope, and further extend
to estimating river widths and validating outputs of comple-
mentary sources such as Sentinel, SWOT, and SWORD. De-
spite increased interest in high-resolution applications, there
has been limited exploration of pretraining strategies (e.g.,
ImageNet (Deng et al. 2009), CLIP (Radford et al. 2021),
MoCov3 (Chen, Xie, and He 2021)) and segmentation ar-
chitectures (Ronneberger, Fischer, and Brox 2015; Ranftl,
Bochkovskiy, and Koltun 2021) specifically tailored for this
domain. Many prior approaches rely on randomly initial-
ized convolutional models (Valman et al. 2024) or simple
thresholding methods (McFeeters 1996).
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In this work, we benchmark a range of segmentation ar-
chitectures and pretraining methods for high-resolution river
segmentation and width estimation. Across all models and
training strategies, higher-resolution imagery delivers higher
accuracy, highlighting the clear advantage of fine spatial de-
tail for both river segmentation and width estimation.

3 RiverScope Construction
3.1 Data Sources

We collect satellite image data from the PlanetScope and the
Sentinel-2 constellation of satellites. PlanetScope data were
selected to cover areas that spatially and temporally intersect
with SWOT, SWORD, and Sentinel-2. This is done to give
access to multiple observation modalities in the same location
and time, while enabling cross-validation across different
sources. PlanetScope images were used for annotating water
masks to capture fine details that high-resolution imagery
better reveals. We discuss the collection process for each of
the data sources below (more details in § A.4 (Appendix)).

Surface Water and Ocean Topography (SWOT) is a
satellite mission launched by NASA and CNES in Decem-
ber 2022, and orbits with a Ka-band Radar Interferome-
ter (KaRIn) that revisits almost the entire globe every 21
days. SWOT produces a three-dimensional point cloud of
the Earth’s water surfaces by timing microwave pulses and
comparing the phase returned to its twin antennae. Ground
processing first classifies each radar sample as water or non-
water, then aggregates these classifications along rivers at
fixed nodes (i.e., points every 200 m) and reaches (i.e., line
segments around 10 km long). Hydrological variables are
derived from these aggregates such as effective width (water
area divided by effective length), surface elevation, and slope.

Since Ka-band radar is less sensitive to clouds, SWOT
provides large-scale, repeatable monitoring of rivers, lakes,
and reservoirs wider than about 50 m worldwide, offering
an alternative to traditional gauge-based systems. Previous
studies (Yao et al. 2025) show SWOT can adequately resolve
rivers, but mask quality is affected by factors such as vegeta-
tion, wetlands, and nearby urban areas. Our dataset provides
the first systematic evaluation of river width estimates derived
from SWOT on a global scale.

SWOT River Database (SWORD) is a global database
of rivers designed to support SWOT river products. It inte-
grates multiple data sources including river widths estimated
from Landsat imagery (30 m/pixel resolution), river flow
characteristics extracted from digital elevation maps (Ya-
mazaki et al. 2019), and identified human-made obstructions
along river paths. SWORD structures rivers using points
(nodes) spaced approximately 200 m apart, connected by
line segments (reaches) around 10 km long (see Figure 2).
These nodes and reaches serve as reference points from which
SWOQOT data are obtained. SWORD also provides river width
estimates at the node level, which are part of our dataset.

Sentinel-2 data from the European Space Agency (ESA)
provides 10 m/pixel to 60 m/pixel multispectral imagery,
depending on the spectral band (the red, blue, green, and
near infrared (NIR) bands have 10 m/pixel resolution). We



download tiles that correspond to the same location and ap-
proximate time as PlanetScope imagery, while selecting tiles
with the least cloud cover. Although water segmentation la-
bels are available from WorldCover (Van De Kerchove et al.
2021), these only provide data for 2020 and 2021 with a
10 m/pixel resolution. There are 13 spectral bands available
for Sentinel imagery. We include all available spectral bands
as part of our dataset.

PlanetScope has a constellation of satellites collecting
3 m/pixel resolution image data with a revisit frequency of
1 day. Each image has 4 bands corresponding to the red,
green, blue, and NIR bands. Images of size 500x 500 pixels
were collected from 2023 to 2024 to be within the same time
frame (% 12 hours) as SWOT. River sites spanning a broad
range of widths were selected using width estimates from
other sensors (e.g., SWORD) and were limited to SWOT’s
fast sampling orbit (i.e., the path where SWOT makes fre-
quent measurements) to maximize the number of spatially
intersecting samples. Figure 1 shows the distribution of the
obtained 1,145 images from different geographic locations.
Images with no cloud cover were selected to ensure optimal
visibility of rivers. We manually label water pixels in all these
images to cover an area of 2,577 km? (see § 3.2). We pub-
licly release normalized versions (i.e., min-max normalized
pixel values per image) of the multispectral data. Links to
the original PlanetScope products with raw values are also
available, and can be purchased directly from (PBC 2024).
Models presented here are trained on the normalized data.

3.2 PlanetScope Data Labeling

Unlike Sentinel images, PlanetScope images provide higher
temporal and spatial resolution, enabling more detailed
fine-grained image analyses. Consequently, these higher-
resolution images were selected for manual annotation. Each
PlanetScope image was manually annotated by one of 15
hydrology and river experts using a multi-scale pixel-wise
annotator (Tangseng, Wu, and Yamaguchi 2017). Annotators
were provided with the RGB image of the river to label, corre-
sponding SWORD reaches and nodes overlaid on the images,
a zoomed-out contextual view surrounding the target area,
and a Google Maps link of the location. These supplementary
information were included to enhance context and accuracy
in labeling. Annotators also had interactive abilities such as
zooming in and out of the target area, and the option of using
a variety of labeling tools. Labels can be provided using a
paintbrush, a polygon selector, and a superpixel selection
tool that clusters similar pixels together. These interactive
features streamlined the annotation process, ensuring compre-
hensive and efficient label coverage. A detailed description
and visualization of the tool is provided in § A.3 (Appendix).

Each annotator provided labels for all water pixels in
the image, differentiating between river and non-river water.
However, since the primary objective was detailed river anal-
ysis, most collected satellite imagery predominantly featured
river water. Thus, our focus was on accurate segmentation
of all water pixels to facilitate further river-specific analy-
ses. Annotating each image required at least 5 minutes, with
more complicated river configurations taking more time, to-
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taling more than 100 hours of expert annotation effort for all
collected PlanetScope images.

3.3 Data splits

We split the data geographically so the training data cover
different areas than the validation and test. River reaches
(i.e., 10 km river sections) were separated so that each river
appears exclusively in one data split. Specifically, the dataset
contains 164 unique river reaches in the training set, 23 in
the validation set, and 48 in the test set. The splits were
constructed to have a similar average number of water pixels
per image, ensuring balanced representation (see Figure 1).

3.4 Tasks

Using the available data in RiverScope, we evaluate perfor-
mance of existing architectures and pretraining methods on
water and river-specific tasks. In particular, we investigate (1)
water segmentation performance and (2) river width estima-
tion performance of existing models.

Water segmentation. We investigate water segmentation
performance on high-resolution satellite imagery using the
labeled PlanetScope images. RiverScope models are trained
on the PlanetScope train set, with hyperparameter selection
done using F1 score on the corresponding validation set. All
models are then evaluated on the held out PlanetScope test set.
To evaluate Sentinel models, we predict on the corresponding
Sentinel images taken in the same location and time as the
PlanetScope test images. The F1 score metric is used to
evaluate model accuracy, since it effectively accounts for
class imbalance caused by the relatively small proportion of
water pixels (around 20%, see Figure 1).

River width estimation. For each node defined in
SWORD, the ground truth river width is derived from Plan-
etScope water segmentation labels (see Figure 2). Given a
satellite image, the corresponding river reach that spatially
intersects the image is retrieved from SWORD. For each
node along the river reach, the local slope is estimated, and a
perpendicular (orthogonal) line is computed. River widths are
then calculated by counting the number of water pixels along
this orthogonal line and multiplying by the image resolution
(3 m/pixel for PlanetScope) (Yang et al. 2019). These mea-
surements serve as the ground truth river widths for SWORD
nodes and provide the reference for evaluating other methods.

To evaluate performance, we use bias, % bias, mean abso-
lute error, and median absolute error. The bias is computed
by subtracting the ground truth widths y; from the predicted
widths gj; and getting the average (; vazl (9; — yi)). The %
bias is computed by dividing the ground truth width for each
prediction: 4 Zf\il 44 The mean and median absolute
errors are computed as the mean and median of |y; — §;| Vi,
respectively. Model predictions are compared against width
estimates from Landsat (via SWORD), Sentinel, and SWOT
across all river nodes. The evaluation is limited to rivers with
widths of 500 m or less since the labeled images are 500x500
pixels in size and do not reliably capture wider rivers. A total
of 445 nodes were used exclusively for evaluation.



4 RiverScope Models
4.1 Training Details

We evaluate 27 models on RiverScope tasks based on vary-
ing segmentation models, backbones, and pretraining meth-
ods (Takubovskii 2019) to see the effect of training with
our dataset across different settings. We experiment on four
semantic segmentation models covering different ways of
handling features and multi-scale information: FPN (Long,
Shelhamer, and Darrell 2015), DeepLabv3 (Chen et al. 2017),
UNet (Ronneberger, Fischer, and Brox 2015), DPT (Ran-
ftl, Bochkovskiy, and Koltun 2021). For each segmentation
model, we then experiment with different backbones and
available pretrained weights which are the basis of extract-
ing features for each segmentation model. FPN, DeepLabv3,
and UNet are applied to CNN and Swin-based backbones,
while DPT is applied to ViT-based backbones. ResNet50
(RN50) (He et al. 2016), MobileNetv2 (MV?2) (Sandler et al.
2018), Swin-T (Liu et al. 2021), Swin-B (Liu et al. 2021),
ViT-B/16 (Dosovitskiy et al. 2021), and ViT-L/16 (Dosovit-
skiy et al. 2021) backbones are used. Pretraining methods
also vary from supervised methods using SatlasNet (Bas-
tani et al. 2023) and ImagetNetlk (Deng et al. 2009), and
self-supervised methods using SeCo (Manas et al. 2021), Mo-
Cov3 (Chen, Xie, and He 2021), CLIP (Radford et al. 2021),
Prithvi (Jakubik et al. 2023), and DINO (Caron et al. 2021).
Among these, SeCo, SatlasNet, and Prithvi use satellite im-
ages for pretraining. Each of these configurations serves as
the starting point before further fine-tuning with RiverScope.

All models are trained on the PlanetScope labeled images
from RiverScope. Binary cross entropy loss (Eq. 1) is used
to train all models. A predicted segmentation mask Y e
RW>H yith pixels ¥i,(j,k) 18 compared with the ground truth
mask Y; € R">*H using Eq. 1. The Adam optimizer is used
for training with the learning rate chosen from 10~! to 10~
based on the validation set performance.

H

Lyce (Yi,Yi> = ﬁ >

- (yznu,k) log Js,(5,k)
j=1k=1

+ (1= wi,j,k)) log (1 — l?i,(j.,m)) M

4.2 Baseline Methods

To evaluate (1) the effect of training on high-resolution satel-
lite images and (2) the advantage of using pretrained models
on the tasks, we compare results on several existing baselines.
For (1), we compare performance against the same models
trained on Sentinel data which have lower resolution. For
(2), we compare on two models: a recent river width esti-
mation model trained on PlanetScope data by Valman et al.
(2024), and a widely used water segmentation algorithm
NDWI (McFeeters 1996).

Sentinel models are trained on sampled Sentinel data from
2020-2021 with WorldCover (Van De Kerchove et al. 2021)
labels for water segmentation. The same segmentation mod-
els, backbones, and pretraining methods from § 4.1 are also
used to evaluate the effect of using low-resolution data on the
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Figure 3: Segmentation performance of different methods for
adapting a 4-channel satellite image to RGB to utilize existing
RGB pretrained models. ‘Drop’ refers to dropping the NIR
channel, ‘Linear’ refers to applying a linear layer to convert
4 channels to 3 channels, and ‘Random’ refers to training 4-
channel models without any pretraining applied. We find that
linearly projecting the input from 4-channels to 3-channels
worked best (raw numbers in Table A1 (Appendix)).

downstream tasks. Multispectral data are used as input for all
Sentinel models. We include more details in the Appendix.
PlanetScope CNN (Valman et al. 2024) is a recent work
that similarly labeled rivers from PlanetScope images. They
use a randomly initialized custom CNN that was trained to
segment water from satellite images, and was designed to
take four bands as input.

PlanetScope NDWI (McFeeters 1996) uses the Normalized
Difference Water Index (NDWI) to detect water from satellite
images, which is widely used in remote sensing. NDWI is a
value between -1 and 1 that uses the difference in the green
and NIR reflectance values to detect water (Eq. 2), since water
reflects almost no NIR. To find the threshold ¢ for water (i.e.,
NDWTI > t), Otsu thresholding (Otsu et al. 1975) is applied.

_ green — NIR

NDWI = ———
green + NIR

@

5 Experiments
5.1 Water Segmentation

Linear adaptation of multispectral data to RGB pre-
trained models yields optimal performance. Since River-
Scope labeled image data is composed of four channels, we
evaluate the most effective way to use pretrained models
that take three-channel RGB images as input. We look into
(1) dropping the additional NIR channel to effectively keep
only RGB (Drop), (2) linearly projecting the 4-channel input
to 3-channel (Linear), and (3) training 4-channel models
from scratch without using pretrained models (Random).
Figure 3 shows the performance across these different set-
tings. Our results indicate that the linear adaptor yields the
best performance in terms of average F1 score across dif-
ferent architectures, outperforming other methods. There is
also generally less variance in the performance of ‘Linear’.
This suggests that leveraging RGB pretrained models leads
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Figure 4: RiverScope trained models more accurately seg-
ment river pixels compared to Sentinel trained models. Each
subplot shows the average F1 score improvement of a given
segmentation model across multiple runs. For each archi-
tecture and pretraining combination, hatched bars represent
the performance of Sentinel trained models, while solid bars
represent the performance of RiverScope trained models. We
show raw numbers in Table A4, A3 (Appendix).

to better performance than training from scratch, even when
using additional channels. Based on these findings, we adopt
the linear adaptor for all subsequent experiments.

Water segmentation improves by training on high-
resolution data. Figure 4 displays the difference in perfor-
mance when models are trained on high-resolution River-
Scope data compared to models trained on low-resolution
Sentinel data. RiverScope’s best model is a SeCo pretrained
RN50 UNet, whereas Sentinel’s is a Satlas pretrained Swin-B
FPN. Performance is likely positively affected by the pres-
ence of more details in high-resolution images (Figure 2) that
enable models to better distinguish between water and non-
water. For example, sand bars around rivers could be better
seen if more details were present in the image. In addition,
since high-resolution images can more precisely define the
boundaries of water bodies, models trained on high-resolution
data can learn these boundaries with better accuracy. This is
supported by additional results in Table A4 (Appendix) show-
ing the very low precision of Sentinel models (see Figure AS
(Appendix) for visualizations).

Using pretrained models improve segmentation perfor-
mance. While PlanetScope CNN and PlanetScope NDWI
also use high-resolution multispectral images, their perfor-
mance is still lower compared to any of the RiverScope
models that utilize transfer learning (Figure 4). Due to the
rule-based nature of NDWI, it is sensitive to man-made land
features and generally overestimates water boundaries which
leads to falsely identifying pixels as water (Xu 2006) (see
Table A3, Figure A4 (Appendix)). PlanetScope CNN tends to
miss a significant number of water pixels, resulting in more
false negatives and lower recall (see Figures A4, A5 (Ap-
pendix)). Pretraining on large datasets such as ImageNet and
SatlasPretrain can speed up the process of learning image
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PST‘ ‘Mean Median Bias % Bias
SWOT 94.4 419 282  38.0

GRWL (SWORD/Landsat) | 77.0 450 -69 250
Sentinel 152.8 39.0 119.8 202.1
v |NDWI (McFeeters 1996) |194.6 51.0 160.2 176.3
v" |CNN (Valman et al. 2024) | 87.2 30.0 39.3 14.0
v | RiverScope (Ours) 15.3 72 5.7 114

Table 1: River width estimation errors (m) for the best per-
forming Sentinel (Satlas pretrained Swin-B FPN) and River-
Scope (ImageNet pretrained RN50 FPN) models compared
to other baselines. The RiverScope trained model has the low-
est errors overall. Raw numbers are in Table A6 (Appendix).
TPS: PlanetScope is used as input

= 500 R

2 4001 e

=~ | 1 0%

£ 300 jig -
B

Z 2001 | ey - -

L 3
3 100 F
S -

00 200 400 0 200 400 0 200 400 0 200 400
RiverScope Sentinel Landsat/SWORD SWOT

Figure 5: Distribution of width estimates. The RiverScope
model predicted widths that cluster closely to the y = x line.

features and result in better performance.

RiverScope and Sentinel trained models can be improved
by reducing false positives. Table A4 (Appendix) shows that
for both types of trained models, precision trails behind recall,
confirming that false positives—not missed detections—are
the performance bottlenecks. Although a Sentinel model gen-
erally performs poorly compared to a RiverScope model, the
former’s recall is competitive, indicating that it can locate
water pixels properly; it mainly struggles with precision. As
detailed in Table A5 (Appendix), most false positives come
from ‘Tree Cover’, ‘Grassland’, and ‘Herbaceous Wetland’
which typically occur along the boundary of rivers, and can
look similar to water. Augmenting the dataset with additional
examples of these three land cover types could potentially
improve both Sentinel and RiverScope trained models. Alter-
natively, aggregating predictions across multiple dates for the
same location might resolve false positives, since it is likely
that a falsely identified water-like pixel would only appear as
water in one time snapshot.

5.2 River Width Estimation

RiverScope trained models have lower river width estima-
tion error than their low-resolution counterparts. Table 1
shows the RiverScope trained model has the lowest error,
while Figure 5 shows it overpredicts less than other models.
This improvement can be linked to the better water segmen-
tation performance of the RiverScope model (Figure 4). With
more accurate identification of river waters (as a result of
the finer details and the more precise water boundaries in
high-resolution satellite images), the estimated widths are
also likely to be more precise. Figure 6 shows comparisons
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Figure 6: RiverScope trained models improve performance
on river width estimation. Each subplot shows the median
absolute error (m) for a given segmentation model. For each
architecture and pretraining combination, the hatched bar is
the performance of a Sentinel trained model, while the solid
bar is of a RiverScope trained model. We additionally show
estimates from sensors SWOT and Landsat. Across the board,
we see significantly lower error when using a model trained
with high-resolution RiverScope images. We show the raw
numbers in Table A6 (Appendix).

across different architectures and settings, showing that in
all configurations, training with RiverScope leads to superior
river width estimation performance.

Higher-resolution training yields more accurate predic-
tions. The Riverscope model trained on 3 m PlanetScope im-
agery (highest resolution among models in Table 1), achieves
the best width estimation performance. River width is esti-
mated by counting water pixels along the orthogonal (Fig-
ure 2), so a one pixel misclassification at each riverbank side
gets an error of 21/2A if the orthogonal cuts the pixel diago-
nally (2A if edge-aligned), where A is a sensor’s resolution.
For Sentinel this is 28 m (20 m if edge-aligned), so the ob-
served 39 m median absolute error (Table 1) implies roughly
2 pixels of error. PlanetScope’s 3 m/px resolution lowers
this to 8.5 m (6 m), and our trained model achieves 7.2 m
error—essentially a 1 pixel error. RiverScope models are not
only more precise due to the increased spatial resolution, but
also better at resolving misclassifications of water.

5.3 Future Directions

Sentinel predictions could potentially be further im-
proved by removing outliers. While Sentinel has higher
resolution than Landsat (10 m/px vs 30 m/px), the mean
absolute error of Landsat (via SWORD) estimated widths
is lower (Table 1). This may be attributed to the additional
post-processing steps—such as basin-specific distribution
fitting—applied to Landsat products, which can suppress
outliers in the width estimates (Allen and Pavelsky 2018).
Nonetheless, looking at median absolute error, a metric less
sensitive to outliers, Sentinel widths still result in lower error
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compared to Landsat.

Combining SWOT and Sentinel predictions might offer a
more robust approach for width estimation. Table 1 shows
that SWOT and Sentinel achieve comparable median absolute
error, but Sentinel underperforms in mean absolute error and
bias. This bias stems from the high false positive rate in Sen-
tinel’s water masks as detailed in § 5.1. Tying Sentinel widths
to co-located SWOT measurements might help lessen this
overestimation and reduce errors whenever optical observa-
tions are degraded by shadows, haze, clouds, or sunglint (Zhu
and Helmer 2018). Incorporating SWOT’s KaRIn point cloud
interferometry data—which provides geophysical data and
radar echo power of samples—with Sentinel’s multispectral
data may provide a physically grounded constraint on rivers
that can reject optical/spectral outliers (Lin et al. 2020). Ex-
ploring this direction in future work may yield more reliable
river width estimates when the optical data are limited or
compromised.

6 Limitations

While our dataset presents rivers of varying widths, most
rivers come from the Northern Hemisphere, providing an op-
portunity to expand to rivers in the Southern Hemisphere. The
PlanetScope imagery used in our dataset has high resolution,
but it is a commercial product—purchasing requirements
limit access to additional data. Future large-scale applica-
tions can use our work to evaluate the trade-off between cost
and accuracy. Additionally, all optical sensors remain vul-
nerable to haze, sunglint, and cloud cover. § A.1 (Appendix)
discusses these limitations in detail.

7 Conclusion

We introduced RiverScope, a high-resolution dataset bridg-
ing machine learning and critical challenges in hydrology.
It provides expertly annotated 3 m/pixel PlanetScope im-
agery co-registered with public data from SWOT, SWORD,
and Sentinel to benchmark different sensor capabilities for
monitoring Earth’s river systems.

Our benchmark establishes a new state-of-the-art for river
width estimation, achieving a median error of 7.2 meters.
This result also highlights a critical trade-off: while our River-
Scope dataset is released publicly for research, scaling this
high-accuracy approach requires purchasing additional Plan-
etScope imagery. This cost must be weighed against the lower
performance of freely available Sentinel and Landsat data,
which yield larger errors. We additionally show that using
linear adaptors to adapt pretrained models for multispectral
data is key to accurate segmentation.

By providing the first high-resolution benchmark for river
width—an essential variable for estimating river discharge—
RiverScope enables the development of more reliable hy-
drological models. This is a significant step towards robust
monitoring of global river dynamics. We invite the machine
learning community to use this resource to advance the state-
of-the-art in remote sensing hydrology and create new multi-
sensor approaches to characterize our planet’s rivers.
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