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Abstract. Recent successes with Machine Learning (ML) models in catchment hydrology have highlighted their ability to
extract crucial information from catchment properties pertinent to the rainfall-runoff relationship. In this study, we aim to iden-
tify a minimal set of catchment signatures in streamflow that, when combined with meteorological drivers, enable an accurate
reconstruction of the entire streamflow time series. To achieve this, we utilize an Explicit Noise Conditional Autoencoder
(ENCA), which, assuming an optimal architecture, separates the influences of meteorological drivers and catchment properties
on streamflow. The ENCA architecture feeds meteorological forcing and climate attributes to the decoder in order to incentivize
the encoder to only learn features that are related to landscape properties minimally related to climate. By isolating the effect
of meteorology, these hydrological features can thus be interpreted as landscape fingerprints. The optimal number of features
is found by means of an intrinsic dimension estimator. We train our model on the hydro-meteorologic time series data of 568
catchments of the continental United States from the CAMELS dataset. We compare the reconstruction accuracy with models
that take as input a subset of static catchment attributes (both climate and landscape attributes) along with the meteorological
forcing variables. Our results suggest that available landscape attributes can be summarized by only two relevant learnt features
(or signatures), while at least a third one is needed for about a dozen difficult to predict catchments in the central US, mainly
characterized by high aridity index. The principal components of the learnt features strongly correlate with the baseflow index
and aridity indicators, which is consistent with the idea that these indicators capture the variability of catchment hydrological

response. The correlation analysis further indicates that soil-related and vegetation attributes are of importance.

1 Introduction

Hydrological signatures encompass descriptive statistics derived from meteorological and streamflow time series. They serve
various purposes in hydrology, such as hydrological model calibration or evaluation (Fenicia et al., 2018; Kiraz et al., 2023),
process identification (McMillan, 2020a), and ecological characterization (Olden and Poff, 2003). Alongside with catchment
attributes (distinguished here in landscape and climate attributes), they are also used for catchment classification and regional-
ization studies (Wagener et al., 2007).

Streamflow signatures, i.e. hydrological signatures solely based on streamflow, hold significant importance as they relate to

the variable one aims to predict and understand (Gnann et al., 2021). Hydrologists have developed diverse signatures reflecting
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different aspects of streamflow dynamics. Examples include those linked to the flow duration curve (e.g., slope of various
segments), the baseflow index, or the flashiness index. Numerous other such signatures exist. For instance, Olden and Poff
(2003) compiled a list of 171 indices from prior work, reflecting aspects associated to magnitude, frequency, duration, timing,
and rate of change of flow events. As streamflow depends on meteorological forcing and landscape attributes, streamflow
signatures generally contain information from both sources. In particular for predictions in ungauged basins, it is vital to be
able to disentangle them.

One way of doing so is through hydrological models, which condense catchment attributes into model parameters (Wagener
et al., 2003). Previous research indicates that observed hydrographs can be represented by a handful of model parameters
(Jakeman and Hornberger, 1993). For instance, the GR4J model (Perrin et al., 2003), resulting from a continuous refinement
process aimed at balancing model complexity and performance, has only four parameters. However, these analyses are based
on predefined model assumptions.

Model parameters can, in principle, directly be estimated from streamflow signatures. The Approximate Bayesian Computa-
tion (ABC) technique (Albert et al., 2015) has recently been used to infer model parameters from streamflow signatures - which
in this context are called summary statistics - bypassing the need to directly compare the complete time series (Fenicia et al.,
2018). If these summary statistics contained all the information necessary to estimate model parameters they would be termed
as sufficient. Sufficiency is therefore not an inherent property of the summary statistics but depends on the specific hydrological
model and on the parameters that need to be inferred. For ABC to converge efficiently, we also want the summary statistics
to be minimal, i.e., while they should ideally encode all the parameter related information available in the streamflow, they
should encode no other information, neither from the forcing nor from the noise that is used for the simulations (Albert et al.,
2022). Such minimally sufficient summary statistics could thus be considered the relevant fingerprints of landscape features
on the streamflow. Of course, this holds true only if the model is capable of encoding all the information in such features that
is relevant for the input-output relationship. However, recent studies show that purely data-driven models outperform process-
based models in prediction accuracy (Kratzert et al., 2019; Mohammadi, 2021), because they suggest information in catchment
attributes previously not utilized for streamflow prediction.

Our goal is to employ Machine Learning (ML) techniques to identify a minimal set of streamflow features enabling accurate
streamflow predictions when combined with meteorological forcing. Thus, our aim is to eliminate all forcing-related informa-
tion from the streamflow, distilling features solely from the catchments themselves. We approach this objective from a purely
data-driven perspective.

To identify minimal sets of streamflow features, we employ an Explicit Noise Conditional Autoencoder (ENCA) (Albert
et al., 2022), where the bare noise utilized by the stochastic model simulator is fed into the decoder together with the learnt
summary statistics. This way, the encoder is encouraged to encode only those features containing information on the model
parameters while disregarding the noise. Albert et al. (2022) applied ENCA to infer parameters of simple one-dimensional
stochastic maps, showing that the learnt features allow for an excellent approximation of the true posterior. In our case, instead
of noise, we input meteorological forcing into the decoder. By feeding also climate attributes to the decoder, we encourage

the encoder to exclusively encode landscape-related information within the streamflow. Moreover, since we make use of uni-
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directional LSTM (see Appendix C), conditioning ENCA also on climate attributes could help the decoder to obtain future
information about the climate that it would not be normally able to retrieve.

In order to reduce the computational costs and learn a minimal set of catchment features, the dimension of the latent space is
chosen according to the estimation of its Intrinsic Dimension (ID) (Facco et al., 2017; Allegra et al., 2020; Denti et al., 2022).
In particular, we employ the ID estimator GRIDE (Denti et al., 2022), which is robust to noise. Learnt features will then be
compared with known catchment attributes (both from the landscape and the climate) and hydrological signatures to provide
a hydrological interpretation and guide knowledge domain experts towards the pertinent information necessary for streamflow
prediction.

We apply our approach to the US-CAMELS dataset (Newman et al., 2015), covering several hundred catchments over the
continental US. LSTMs (Long Short-Term Memory networks) have emerged as state-of-the-art models for streamflow data-
driven predictions. In the study of Kratzert et al. (2019), LSTMs validated on unseen catchments, enriched with static landscape
and climate attributes from Addor et al. (2017), outperformed conceptual models. First investigations towards mechanistic
interpretation of the LSTM states, e.g. linking hidden states to the dynamics of soil moisture, demonstrated the potential of
eliciting physics from data-driven models (Lees et al., 2022). Here, by linking learnt features to known catchment attributes,
we explore a further aspect in this broader field of explainable Al or interpretable ML (Molnar, 2024; Molnar et al., 2020).

Our specific objectives are: (i) find the minimal number of dominant streamflow-features stemming from the landscape; (ii)
relate them to known landscape and climate attributes as well as established hydrological signatures. This will not only allow
us to determine how many features are required for streamflow prediction, but also to answer the question whether there is
missing information in known catchment attributes.

A similar attempt of learning signatures has recently been made by Botterill and McMillan (2023). In pursuit of an inter-
pretable latent space on a continental scale, they employed a convolutional encoder to compress high-dimensional informa-
tion derived from meteorological forcing and streamflow data. This approach was aimed at learning hydrological signatures
(McMillan, 2020b) within the US-CAMELS dataset. Their approach differs from ours in three aspects: (i) they used a a tradi-
tional conceptual model as a decoder whereas we use an LSTM architecture which has been shown to be superior to conceptual
models when provided with catchment properties; (ii) they fed both streamflow and meteorological forcing into the encoder
whereas we feed in only streamflow data in an attempt to separate landscape- from forcing-information; (iii) they did not at-
tempt to find a minimal number of signatures sufficient for streamflow prediction, whereas this is a primary objective of our
work.

It is important to note that our main objective is not to beat state-of-the-art models regarding their predictive performance
(Kratzert et al., 2021; Klotz et al., 2022). Our goal is rather to investigate the information content in streamflow. However, we

believe our research will provide valuable insights into the most critical features for streamflow prediction.
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Figure 1. Explicit Noise Conditional Autoencoder used in this study. For the hyper-parameters and the implementation details, the reader
is referred to Appendix C. The neural network architectures employed are Convolutional Neural Networks (CNN), a Fully Connected (FC)
layer and LSTM. The observed and simulated streamflows are denoted with Q and 4, respectively. The meteorological forcing variables are
denoted with PRCP (precipitation), SRAD (solar radiation), Tmax (maximum temperature), Tmin (minimum temperature) and Vp (vapour

pressure).

2 Models and Methods
2.1 Data

We employ the Catchments Attributes and Meteorology for Large-sample Studies (CAMELS) (Newman et al., 2015), which
consists of 671 catchments in the contiguous United States (CONUS), ranging in size from 4 to 25 10 km?. For this study, we
select those 568 catchments out of 671 whose data span continuously on a daily basis the time period from 1 October 1980 to
30 September 2010, corresponding to 30 hydrological years. The first 15 years are used for training and the last 15 for testing.
Along with the streamflow time series and the meteorological forcing variables, US-CAMELS also provides information about
catchments static attributes (Addor et al., 2017), encompassing both landscape (vegetation, soil, topography and geology) and
climate. Streamflow data is retrieved from the U.S. Geological Survey gauges, while the meteorological forcing comes from the
extended North America Land Data Assimilation Systems (NLDAS) (Kratzert, 2019) and includes maximum and minimum

daily temperature, solar radiation, vapour pressure and precipitation.
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2.2 Explicit Noise Conditional Autoencoder

We use the Explicit Noise Conditional Autoencoders (ENCA) (Albert et al., 2022), where the stream ow is fed to a convolu-
tional encoder. ENCA has been designed to distill suf cient summary statistics which contain minimal noise information from
the output of stochastic models. Here (Figure 1 - for the detailed architectures the reader is referred to Appendix C), the noise
is substituted by all the variables we are not interested in, namely the meteorological forcing. The convolutional encoder is
thus followed by a LSTM decoder that takes as input 15 hydrological years of meteorological forcing, i.e. 5478 time points,
and nine climate attributes (reported in Table 1). The LSTM capacity is limited by the dimension of the input layer. In order
to enlarge the available capacity and capture more complex patterns from the meteorological forcing, the meteorological time
series are rst fed to a single linear layer with 1350 output units. The output of this linear layer is then concatenated with the
output of the encoder and fed to the LSTM decoder. This way the decoder sees tensorg®8s5478 1350 + N ), where

BS is the batch size (batches are selected across different catchmeni$)isitite latent space dimension. We opted for such

an architecture in order to extract as much static information related to the stream ow as possible.

We expect to be able to compress almost all stream ow information not already contained in the forcing inta\B)dow (
dimensional feature vectbrBecause they should be largely devoid of forcing information, we call these featunesetrant
landscape featureand explain in subsection 2.4 how we X their number. In principle, these features are hydrological sig-
natures (since they are functions of the stream ow) which contain minimal information about the forcing and the climate.
However, this can only be achieved if the decoder is capable of utilizing all the available information in the meteorological
drivers, which is never fully realized in practice. Also the suf ciency of the learnt features is not guaranteed a priori and
depends on the encoder architecture employed, here e convolutional network.

Comparing relevant landscape features with known static catchment attributes in terms of their capacity for stream ow recon-
struction will allow us to nd out whether static catchment attributes lack information that is crucial for stream ow prediction.

For this comparison, we use an LSTM model augmented with catchment attributes (Addor et al., 2017) in the input, stemming
from both the landscape and the climate. We refer to this model as Catchment Attributes Augmented Model (CAAM). This
model differs from Figure 1 solely by the fact that the latent features are substituted by known landscape attributes. Following
Kratzert et al. (2019), CAAM is fed with 27 catchment attributes (reported in Table 1), which are representative of climate,
topography, geology, soil and vegetation.

In order to mitigate numerical instability, it is crucial to standardize the catchment attributes or latent features before feeding
the LSTM. In CAAM, we standardize the catchment attributes with the mean and standard deviation computed over all the
considered catchments. This is not possible for ENCA, since the mean and standard deviation of the latent features are no
known a priori. Therefore, we standardize the latent features by means of a batch normalization layer. This way, we ensure that
the magnitude of the LSTM input is comparable between CAAM and ENCA.

1We refer to the ENCA model with latent space dimendibms ENCAN .
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2.3 Training and Testing

We use the rst 15 years of data for training and the last 15 for testing. Training is performed by maximizing the Nash-Sutcliffe
Ef ciency (NSE) (Nash and Sutcliffe, 1970), de ned as:

P Gmt Gooer
= im;t bs;t
NSE=1 piZt =0 L @
t=1 CJpbs;t obs

wheregons:: anddsim:t  are, respectively, the observed and predicted stream ow expressat#tay at dayt, and ops is the
average of the observed stream ow. We notice that maximizing the NSE is equivalent to minimizing the Mean Square Error
(MSE) between data and prediction. Each model is trained with the Adam optimizer (Kingma and Ba, 2015), with learning
rate equal td.0 ° for 10;000epochs. The batch size is set to 64 and the rst 270 days of the predicted stream ow are excluded
when computing the loss.

We also report the three components in which NSE can be decomposed, see Eq. 4 in the main text of Gupta et al. (2009).
These components are the linear correlation coef cient (R), the bias normalized by the observed stream ow standard deviation
(BIAS) and standard deviation ratio (STDEV). The linear correlation coef cient is related to timing, whereas STDEV measures
the stream ow variability and it is de ned as

STDEV= 2" ; @)

obs

where gim and gps are the standard deviations of the simulated and observed stream ows, respectively. Finally, the BIAS is
related to volume errors and it is de ned as
BIAS= _Sm__ obs. A3)
obs
Each algorithm is affected by noise, due to the random initialization of the neural network parameters. To minimize this
effect we run each model with four random restarts, each one providing the stream ow prediction in the whole testing period.
We compute the evaluation metrics on the predicted stream ow after averaging the stream ow over these four random restarts.

2.4 Intrinsic Dimension Estimation

The selection of the encoder latent space dimension, speci cally the number of relevant features, is informed by the ID estima-
tor GRIDE (Denti et al., 2022). We utilize the GRIDE paths, which involve estimating the ID at several distance scales at which
the data is analyzed (for an in-depth discussion on ID, refer to Appendix A). The ID intuitively measures the dimension of the
manifold where the data resides, which may be lower than the dimension of the embedding space. Most ID estimators depenc
on calculating the distance scale between data points, and the estimated ID itself can vary with this distance scale. Figure 2,
derived from Denti et al. (2022), shows points on a one-dimensional line with added noise embedded in a three-dimensional
space. When the distance scale is too small, the data points appear to Il the space uniformly, making the manifold seem three-
dimensional. However, as the distance scale increases and the noise is bypassed, the estimated ID decreases until the corre
value of one is achieved.
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Figure 2. Unidimensional line with noise, embedded in three dimensions. The estimated intrinsic dimension depends on the distance scale.

To identify the dimension of the latent space of ENCA we proceed with the following methodology. First, we train an ENCA-
N with a relatively large number of latent featufds Since we fed®7 catchment attributes to the reference model (CAAM),
we use &7-dimensional latent space in order to have a fair comparison in terms of model capacity. We refer to this model as
ENCA-27. The exact dimension of the latent space we start with does not matter much, as long as it is larger than the expected
number of relevant landscape features. Then, we estimate the ID of the latent space, and train another ENCA with the numbel
of latent features equal to the estimated ID and, in turn, estimate its ID to check if the dimension of the latent space can be
further reduced. We thus use the ID as a guide to progressively diminish the dimension of the latent space of the autoencoder
However, in the end we train ENCA for several dimensions of the latent space and evaluate the information content of the
learnt features in terms of their ability to reconstruct stream ows. In Figure A1l we report GRIDE paths for different models

trained in this work.

3 Latent Space Interpretation

The relevant features are rst projected using a Principal Component Analysis (PCA), since in general the autoencoder latent
representation is in arbitrary coordinates. Doing so, we ensure a fair comparison among different random restarts, since we
change the basis of each latent space by ordering the new coordinates according to the explained variance. Finally, in ordel
to interpret the relevant landscape features, we report the absolute Spearman correlation (Zar, 2005) matrix among the learn
features, static catchment attributes and hydrological signatures, which are reported in Table 1.



Meteorological Forcing Variables

PRCP
SRAD
Tmax
Tmin
Vp

Average daily precipitatiomfn=day)

Surface incident solar radiatiow/em?)

Maximum daily atmosphere temperature (°C)
Minimum daily atmosphere temperature (°C)
Nearly surface daily vapour pressure average (Pa)

Climate Attributes

Prec Mean

PET Mean

Prec Seasonality
Fraction Snow
Aridity Index

High Prec Frequency
High Prec Duration
Low Prec Frequency

Low Prec Duration

Mean daily precipitation.

Mean daily potential evapotranspiration.

Seasonality of precipitation estimated by using sinusoidal waves.
Fraction of precipitation falling on days with T <0 °C.
Ratio between the mean PET and mean precipitation.

Frequency of days wittbx mean daily precipitation.

Mean duration of high precipitation events.

Frequency of days withl. mm/day of precipitation.

Mean duration of dry periods.

Hydrological Signatures

Q Mean

Stream ow Ratio
Slope FDC

Base ow Index
Stream ELAS

Q5

Q95

High Q Frequency
High Q Duration
Low Q Frequency
Low Q Duration
HFD Mean

Mean daily stream ow (mm/day).

Ratio between the mean daily stream ow and mean daily precipitation.

Slope of the ow duration curve.

Ratio between the average daily base ow and stream ow.

Stream ow precipitation elasticity.

5% ow quantile (mm/day).

95% ow quantile (mm/day).
Frequency of high- ow days (> 9 times the median daily ow).

Mean duration of high ow events (number of consecutive days > 9 times the median daily ow).
Frequency of low ow days (< 0.2 x the mean daily ow).

Mean duration of low- ow events (number of consecutive days < 0.2 times the mean daily ow).
Mean half-low-date (date on which the cumulative stream ow since October the 1st reached hal

of the annual stream ow).




Landscape Attributes

Topographic Attributes

Elevation Mean
Slope Mean

Area Catchment

Mean elevation of the catchment.
Mean slope of the catchment.

Area of the catchment.

Geological Attributes

Carbonate Rocks Fraction

Geological Permeability

Carbonate sedimentary rocks fraction area in the catchment.

Surface permeability (in log10 scale).

Soil Attributes

Soil Depth (Pelletier)
Soil Depth (STATSGO)
Soil Porosity

Soil Conductivity

Max Water Content
Sand Fraction

Silt Fraction

Clay Fraction

Depth to bedrock (maximum 50 m).
Soil depth (maximum 1.5 m).
Volumetric porosity.

Saturated hydraulic conductivity.
Maximum water content of the soil.
Fraction of sand in the soil.

Fraction of silt in the soil.

Fraction of clay in the soil.

Vegetation Attributes

Fraction Forest

Fraction of the catchment covered by forest.

LAI Max Maximum monthly mean of leaf area index.

LAI Diff Difference between the max. and the min. monthly mean of the leaf area index.

GVF Max Maximum monthly mean of the green vegetation fraction.

GVF Diff Difference between the max. and min. monthly mean of the green vegetation fraction.

Table 1. Meteorological forcing variables, climate and landscape (topographic, geological, soil and vegetation) attributes and hydrological
signatures compared in this study. Both climate and landscape attributes are fed to CAAM. ENCA models are conditioned on climate
attributes too.
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4 Results and Discussion

4.1 The Number of Relevant Landscape Features

Figure 3. NSE values for the considered models in the test period. The boxes are delimited bythan2bthe 7% quantiles, while the
whiskers indicate to the % and 95% quantiles. CAAM performance is similar to ENCA-

Figure 3 depicts the boxplot of the test NSE values for the considered models. We report and discuss the associated statistics
the boxplots of the NSE components (R, BIAS, STDEV) and the correlations among them in Appendix B.

In terms of NSE, we observe a performance improvement from ENGAENCA-2 in the bulk of the distribution, and a
further minor improvement from ENCA&-to ENCA-3. The NSE improvement between ENCGPand ENCAS is minor and is
mainly related to outliers while ENCA-and ENCA27 distributions are almost identical.

In general, Figure 3 and the related statistics (Figure B1) show that increasing the number of latent features improves the
prediction accuracy of the considered metrics. Even though it is dif cult to set a cut-off dimension, we can state that: i) with
more than ve latent features we do not observe a performance improvement anymore, meaning that 5 features are a suf cient
set of summary statistics of the stream ow (which, however, can still depend on the chosen encoder architecture). ii) Overall,
CAAM performance is most similar to ENC2-We therefore argue that known catchment attributes (selected in this study)
account for two relevant landscape features that appear to be suf cient for most catchments, while at least a third one is needec
to resolve speci ¢ catchments.

To study which catchments are most affected when using the latent features of the ENCA models in place of the known
catchment attributes in CAAM, we report (Figure 4) the NSE difference between CAAM and EN@#&-panels) or ENCA-

3 (right panels), respectively. While, for most catchments, switching from ERGA-ENCA-3 does not result in a high
performance gain, we see a clear improvement on about a dozen or so catchments, mostly located in the central CONUS
This corroborates the hypothesis that the known catchment attributes account for two relevant landscape features and the
improvement due to the third one is related to only few catchments that are particularly dif cult to predict. It is interesting to
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