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ABSTRACT

Accurate streamflow prediction is crucial to understand climate impacts on water resources
and develop effective adaption strategies. A global Long Short-Term Memory (LSTM)
model, using data from multiple basins, can enhance streamflow prediction, yet acquir-
ing detailed basin attributes remains a challenge. To overcome this, we introduce the
Geo-ViT-LSTM model, a novel approach that enriches LSTM predictions by integrating
basin attributes derived from remote sensing with a vision transformer. Applied to 531
basins across the United States (US), our method significantly outperforms existing mod-
els, showing an 11% increase in prediction accuracy. Geo-ViT-LSTM marks a significant
advancement in land surface modeling, providing a more comprehensive and effective tool
for managing water resources under climate change.

1 INTRODUCTION AND MOTIVATION

Climate change significantly impacts precipitation patterns and temperature, directly affecting streamflow
volume and leading to challenges in ecosystem health and flood/drought risk management (Vaze et al.,
2010). Thus, accurate predictive models of streamflow are critical for informed decision-making and effec-
tive adaptation strategies. Machine learning (ML) methods, particularly Long Short-Term Memory (LSTM)
networks, have shown considerable promise in streamflow prediction by effectively capturing complex hy-
drological processes and modeling temporal dependencies and non-linear relationships (Kratzert et al., 2018;
Konapala et al., 2020; Nearing et al., 2021). Recent research indicates that global LSTM models, trained on
data from multiple river basins, can predict streamflow more accurately than basin-specific models (Kratzert
et al., 2019a). This approach, which integrates sequential meteorological data and static catchment at-
tributes like basin size, shape, soil type, and vegetation from diverse basins, is better equipped to handle
various conditions, improving predictions in ungauged basins and during extreme events linked to climate
change (Frame et al., 2022; Xie et al., 2021; Tayal et al., 2022). The effectiveness of these models in han-
dling heterogeneity relies on a detailed understanding of each basin’s attributes, as they critically influence
hydrological responses to climatic inputs (Stein et al., 2021; Arsenault et al., 2023).
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Currently, basin attributes (Addor et al., 2017) are mainly sourced from databases like the US Geological
Survey’s National Water Information System, which typically offer static, uniform values for each attribute
across entire basins. This approach presents several challenges, including high uncertainty due to temporal
changes, spatial heterogeneity, measurement errors, and missing data. Furthermore, not all river basins have
a complete set of measured characteristics, hindering the development of a comprehensive global model
and limiting the transferability of models between regions. Additionally, some crucial basin attributes for
modeling streamflow response are often unknown or poorly understood. Addressing these limitations and
effectively learning comprehensive basin attributes is vital for accurate streamflow prediction.

In this effort, we aim to advance streamflow prediction by enhancing basin attributes using terrain features,
land cover, vegetation health, and water body perimeter derived from remote sensing (RS) data. Our premise
is that RS can provide comprehensive, dynamic, and spatially complete characteristics across basins. Despite
uncertainties in the RS data, their high spatial resolution allows for more precise characterization through
machine learning (Shirmard et al., 2022). This enriched set of attributes can improve streamflow predic-
tions and facilitate model transferability across different basins based on similarities in these characteristics.
To integrate these enhancements, we introduce the Geo-ViT-LSTM approach, which augments the LSTM
model by incorporating knowledge from RS via pre-trained Vision Transformers (ViT) (Zhang et al., 2021;
Khan et al., 2022; Zhou et al., 2022), along with existing geomorphological static attributes. This approach
leverages ViT to extract spatially informed context from RS data, enhancing the streamflow prediction with
additional basin attributes. Geo-ViT-LSTM centers on two main aspects: (1) Multi-modal feature extraction,
using ViT to transform RS imagery into spatially aware feature representations, highlighting key terrain, land
cover, and vegetation health indicators, and (2) Integrated modeling, wherein the RS features are combined
with static attributes and meteorological sequences within the LSTM model. This multi-modal integration
not only enriches the input feature set with detailed basin-specific information but also bridges the gap
between spatial basin characteristics and temporal meteorological data.

We validate the effectiveness of our Geo-ViT-LSTM method using observations from the CAMELS
database, encompassing static basin attributes and sequential meteorological drivers across 531 basins in
the US. Our experiments in streamflow prediction reveal that the inclusion of cross-basin knowledge derived
from RS as additional features results in an 11% improvement compared to the next best method. This
enhancement demonstrates the value of encoding and utilizing structured knowledge across different basins,
highlighting the Geo-ViT-LSTM’s potential in advancing hydrological predictions and other land surface
modeling to understand the climate impacts better.

2 PROPOSED APPROACH

Let Xi = [x1
i ,x

2
i , . . . ,x

T
i ] be a matrix representing dynamical meteorological drivers such as precipitation,

solar radiation, vapor pressure for the ith basin, where xt
i ∈ RDx is the input vector at time t ∈ [1, . . . , T ]

with Dx dimensions. Correspondingly, Yi = [y1i , y
2
i , . . . , y

T
i ] represents streamflow responses for the ith

basin, where each yti ∈ R represents the streamflow at time t. Here, Dx is the dimensionality of the input
features, T is the number of time steps, and N is the number of basins. Static attributes of a basin are
represented by si ∈ RDs and the RS image of a basin is represented by Ii, and zi ∈ RDz is the latent
vector of basin i, obtained using a ViT. The ViT segments Ii into equal-sized sub-images, which are linearly
embedded and enhanced with positional embeddings to encode their spatial locations. These tokens are
then processed through transformer encoder blocks, comprising layer normalization (LN), multi-head self-
attention with a residual connection, followed by another LN, a multi-layer perceptron (MLP), and a second
residual connection, sequentially connected. An MLP head aggregates these to incorporate global image
information, which is then concatenated with existing static attributes and fed in a 32-hidden unit LSTM.
This enables the LSTM gates and state updates to leverage the sequential precipitation/temperature signals
alongside the spatial context of the basin derived from imagery and static attributes.

2



Published as a workshop paper at "Tackling Climate Change with Machine Learning", ICLR 2024

Figure 1: Schematic Illustration of Geo-ViT-LSTM: ViT encodes spatially complete representations of basins, static
attributes capture geological features, while LSTM captures temporal dynamics.

Figure 1 illustrates our approach, where the model’s parameters are learned by minimizing the Mean Squared
Error (MSE) loss function. The MSE between the predictions of the Geo-ViT-LSTM for basin i and the cor-
responding ground truth values Yi is calculated as MSE = 1

N

∑N
i=1(Yi − Ŷi)

2, where Ŷi = pθ(Xi, zi, si)
represents the ViT-LSTM prediction for the inputs, with pθ denoting the model parameterized by θ. We
optimized our setup by freezing the transformer’s base layers, incorporating pre-trained ImageNet weights,
and training only the MLP head. This approach enables the model to capture latent features such as ter-
rain attributes and land cover specifics via statistical summarization, providing essential information to the
LSTM for accurate temporal modeling. As we will demonstrate in the experiments, this additional capabil-
ity makes our model more accurate and generalizable. Recent research explores the combination of LSTM
and transformer models (Tang et al., 2023); however, to the best of our knowledge, our work is the first to
modulate the LSTM state with latent embeddings from transformer models.

3 DATASETS CONSTRUCTION

In this study, we leverage CAMELS (Catchment Attributes and MEteorology for Large-sample Studies)
Kratzert et al. (2019b) dataset for hydrological analysis. This dataset includes daily weather data, stream-
flow observations, and 27 basin attributes (see Appendix A.1 for a complete list) from 531 catchments across
the US. The CAMELS’s rich meteorological, streamflow, and catchment attribute data for these large, di-
verse basins provide a robust basis for our model’s validation. We focused on data from October 2001 to
September 2008 for training, October 1999 to September 2001 for validation, and October 1989 to Septem-
ber 1999 for testing, following the approach in Kratzert et al. (2019b). For all 531 basins, we utilized their
shapefiles to download Sentinel-2 images via Google Earth Engine. We applied a cloud masking function to
enhance image clarity using the QA60 band of Sentinel-2 images. This process effectively excludes clouds
and shadows. Subsequently, we merged the cloud-masked images into a single composite image through a
median operation to minimize anomalies. The size of these composite images varies, reflecting the different
catchment sizes of the basins. Utilizing these RS images latent vectors zi processed through a ViT and
basin attributes si, we implement our Geo-ViT-LSTM approach. This integration allows our model to lever-
age both detailed meteorological drivers and high-resolution spatial information, enhancing its predictive
accuracy and generalizability across diverse hydrological settings, as demonstrated in the next section.
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Figure 2: (Left) Illustration of annual streamflow prediction across a basin. (Right) Cumulative distribution function
(CDF) graph illustrating model comparisons through NSE (Nash-Sutcliffe Efficiency) metrics.

4 EXPERIMENTS AND RESULTS

Temporal Test Spatiotemporal Test
RMSE NSE RMSE NSE

LSTM 0.56 0.66 0.57 0.65
Geo-LSTM 0.51 0.72 0.54 0.68
ViT-LSTM 0.53 0.70 0.57 0.65
Geo-ViT-LSTM 0.47 0.76 0.51 0.72

Table 1: Evaluation of our Geo-ViT-LSTM model with three base-
lines for both temporal and spatiotemporal out-of-sample scenarios us-
ing Root Mean Squared Error (RMSE) and Nash-Sutcliffe Efficiency
(NSE). The smaller RMSE and higher NSE is better.

We benchmarked our approach against
three baselines. The first baseline is
LSTM (Xiang et al., 2020), which uti-
lized only meteorological time-series
inputs and excluded any static at-
tributes. The second baseline is Geo-
LSTM (Kratzert et al., 2019b), which
concatenated the dynamic meteorolog-
ical inputs with static catchment at-
tributes. Our third baseline is ViT-
LSTM, which incorporates only spa-
tial context embeddings from RS com-
bined with meteorological sequences be-
fore integration into the LSTM model. Finally, our proposed methodology is Geo-ViT-LSTM where we
merged spatial context embeddings with the existing static catchment attributes and combined them with
meteorological drivers before being fed into the LSTM, thereby enhancing the input feature set with charac-
teristics from both catchment attributes and RS images. Across the 531 basins, all models were trained on
400 basins and tested on the remaining 131 basins. We implemented two testing strategies: Temporal Test,
which involves testing on the 400 basins during the testing period, and Spatiotemporal Test, where we test
on the 131 basins during the same testing period.

The performance of the four models on the temporal and spatiotemporal out-of-sample testing is summarized
in Table 1, which reports averaged RMSE and NSE values to measure the predictive accuracy. RMSE
quantifies the average magnitude of errors between predicted and observed values, whereas NSE provides a
normalized assessment of how well the predictions of the model match observed data, where a score of 1.0
signifies perfect prediction, and scores near 0 is akin to predicting the mean of observed data. The Temporal
Test case evaluates the ability of the models to generalize to unseen time periods for basins included in the
training data, while the Spatiotemporal Test case examines generalization both to new time periods and new
basins excluded from training. Overall, our Geo-ViT-LSTM model achieved the best performance on both
cases in terms of lower RMSE and higher NSE values, representing a 9% and 11% improvement over the
next best method, respectively.

Figure 2a illustrates the annual streamflow prediction, which demonstrates the closest fitting of our Geo-
ViT-LSTM model to the observations. Additionally, we have the following high-level findings from our
analysis: (1) All trained models that combined additional attributes and meteorological sequences had supe-
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rior performance compared to the LSTM, which was trained using only meteorological data. This reinforces
our observation that the meteorological time series in itself is insufficient in discerning a basin, and we re-
quire additional attributes to handle heterogeneity that can modulate LSTM cell to output prediction, which
is personalized to each basin. This confirms the value of additional attributes to improve the prediction. (2)
All the models performed much better for the Temporal Test compared to the Spatiotemporal Test. This
reinforces our observation that data is highly heterogeneous, and it can be challenging to build a geosci-
entific global model for all basins without additional context. (3) Both static attributes and spatial context
attributes from the RS, when considered individually, fall short in addressing heterogeneity. However, when
combined, they offer orthogonal information (e.g., static attributes capture basin topology and soil charac-
teristics while spatial context captures terrain relationships within and around the basin), highlighting the
complementary strengths that significantly enhance the uniqueness of the basin to enable more accurate
streamflow modeling.

To further delve into the distribution of NSE scores within the test dataset, we utilize the Cumulative Dis-
tribution Function (CDF) plot. This method facilitates an intuitive depiction of how NSE scores are spread
across different models. Specifically, the CDF plot illustrates the percentage of data points (represented on
the y-axis) that possess NSE scores at or below a particular threshold (marked on the x-axis). As demon-
strated in Figure 2b, our Geo-ViT-LSTM model’s CDF curve lies beneath those of its counterparts, signi-
fying that a larger segment of the test dataset achieved superior NSE scores with this model. We connect
this success to a vision transformer, which effectively incorporates context attributes and enhances model
accuracy by leveraging the spatial relationships inherent in the RS data.

5 CONCLUSIONS AND FUTURE WORK

In this work, we propose a Geo-ViT-LSTM method that leverages the vision transformer’s self-attention
mechanism to learn spatial context attributes from RS data. This approach not only improves the accuracy
of predictions in multi-basin models but also enhances our ability to manage water resources in an era
of significant environmental change. Although we have shown improvements in streamflow modeling, the
method is general and can be applied to many geoscience disciplines (Tsai et al., 2021) where static attributes
are not available.

Looking ahead, we aim to extend the methodology for dynamic monitoring from multiple snapshots of RS
images which will encompass the impact of seasonal variations, climate change, and human activities on
basin characteristics. This approach will require advancement in transformer architecture, similar to (Dong
et al., 2022; Li et al., 2022) and surrogate models (Furtney et al., 2022; Tayal et al., 2023), that will identify
features across various scales and contexts and will improve our methodology by allowing a more accurate
and timely reflection of the conditions influencing hydrological processes. Furthermore, we aim to broaden
the application of our method to include other water- and carbon-related variables that depend on land
surface attributes, thus improving predictions and deepening our understanding of Earth’s climate dynamics
and impacts.
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A APPENDIX

A.1 BASIN CHARACTERISTICS:

In this section, we detail 27 characteristics of basins, categorized into three main groups: Climate, Soil
Geology, and Geomorphology. These characteristics are important in understanding the hydrological and
geological aspects of a basin.

Group Name (Full Form)
Climate Precipitation Mean (p mean)

Potential Evapotranspiration Mean (pet mean)
Precipitation Seasonality (p seasonality)
Fraction of Precipitation as Snow (frac snow)
Aridity Index (aridity)
High Precipitation Frequency (high prec freq)
High Precipitation Duration (high prec dur)
Low Precipitation Frequency (low prec freq)
Low Precipitation Duration (low prec dur)

Soil Geology Fraction of Carbonate Rocks (carbonate rocks frac)
Geological Permeability (geol permeability)
Soil Depth according to Pelletier (soil depth pelletier)
Soil Depth according to STATSGO (soil depth statsgo)
Soil Porosity (soil porosity)
Soil Conductivity (soil conductivity)
Maximum Water Content (max water content)
Sand Fraction (sand frac)
Silt Fraction (silt frac)
Clay Fraction (clay frac)

Geomorphology Mean Elevation (elev mean)
Mean Slope (slope mean)
Area (measured using GAGES-II database) (area gages2)
Fraction of Forest Cover (frac forest)
Maximum Leaf Area Index (lai max)
Leaf Area Index Difference (lai diff)
Maximum Green Vegetation Fraction (gvf max)
Green Vegetation Fraction Difference (gvf diff)

Table 2: Static Characteristics as defined in the referenced study by Addor et al., 2017.
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