Transfer Learning Using Inaccurate Physics Rule for Streamflow Prediction

Tianshu Bao !, Taylor Thomas Johnson ' and Xiaowei Jia?

'Vanderbilt University
ZUniversity of Pittsburgh
{tianshu.bao, taylor.johnson } @ vanderbilt.com, xiaowei @pitt.edu

Abstract

Accurate streamflow prediction is critical for en-
suring water supply and detecting floods, while
also providing essential hydrological inputs for
other scientific models in fields such as climate
and agriculture. Recently, deep learning mod-
els have been shown to achieve state-of-the-art re-
gionalization performance by building a global hy-
drologic model. These models predict stream-
flow given catchment physical characteristics and
weather forcing data. However, these models are
only focused on gauged basins and cannot adapt
to ungaugaed basins, i.e., basins without training
data. Prediction in Ungauged Basins (PUB) is
considered one of the most important challenges
in hydrology, as most basins in the United States
and around the world have no observations. In
this work, we propose a meta-transfer learning ap-
proach by enhancing imperfect physics equations
that facilitate model adaptation. Intuitively, physi-
cal equations can often be used to regularize deep
learning models to achieve robust regionalization
performance under gauged scenarios, but they can
be inaccurate due to the simplified representation
of physics. We correct such uncertainty in phys-
ical equation by residual approximation and let
these corrected equations guide the model training
process. We evaluated the proposed method for
predicting daily streamflow on the catchment at-
tributes and meteorology for large-sample studies
(CAMELS) dataset. The experiment results on hy-
drological data over 19 years demonstrate the effec-
tiveness of the proposed method in ungauged sce-
narios.

1 Introduction

Simulating hydrological processes is essential for modeling
a variety of Earth science problems. In particular, accurate
prediction of streamflow in river basins is important for sim-
ulating water cycles needed for a wide range of applications,
including modeling of water quality, agriculture, climate, and
greenhouse gas emissions. Besides, streamflow predictions
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Figure 1: RMSE distribution by (a) the process-based SWAT model
and (b) the global LSTM over all the basins. The rightmost bin in
each figure represents the basins with RMSE > 5.

are also essential for ensuring water supply while also pro-
viding early warnings of floods and droughts, which aids in a
better management of aquatic ecosystems. The central chal-
lenge is about how to extrapolate to out-of-sample scenar-
ios, e.g., predicting flows in ungauged basins, from instru-
mented to non-instrumented hillslopes, from areas with flux
towers to areas without flux data, etc. [Bloschl and Siva-
palan, 1995]. Often such extrapolation is achieved by using
ancillary data (e.g. soil maps, remote sensing, digital eleva-
tion maps, etc.) to help understand similarities and differ-
ences between different areas. The regional modeling prob-
lem is thus closely related to the problem of prediction in un-
gauged basins [Bloschl et al., 2013; Sivapalan et al., 2003].

Traditionally, process-based models (also referred to as
physical models) have been built for streamflow prediction,
and they are often calibrated separately for each river basin.
Most of these hydrological models are calibrated separately
to each specific basin [Arnold et al., 2012]. The calibra-
tion process aims to derive hydrologic parameters for gen-
erating simulations that match available observations. This is
challenging due to the strong interaction between individual
model parameters (e.g., between soil porosity and soil depth,
or between saturated conductivity and an infiltration rate pa-
rameter) [Beven and Freer, 2001], and requires substantial
human labor and computational cost in the calibration pro-
cess. Besides, most physics-based models are necessarily ap-
proximations of reality due to incomplete knowledge of cer-
tain processes or omission of processes to maintain computa-
tional efficiency.

Recently, there has been a growing interest in data-



driven/machine learning (ML)-based streamflow modeling.
Researchers have found that ML models benefit from learn-
ing jointly from a collection of different basins or locations
because available observations are not sufficient for extract-
ing complex water dynamics from a single basin [Kratzert et
al., 2019; Chen et al., 2022a; Jia ef al., 2021c]. Learning
simultaneously from multiple basins requires the ML model
to learn and encode the difference in basin characteristics so
as to differentiate the hydrologic behaviors across basins. To
better show the performance of ML models, we illustrate the
comparison between the process-based SWAT model [Arnold
et al., 2012] and ML model over a set of basins in the United
States in Fig. 1. Despite the promise in predictive accuracy,
ML methods remain limited in extrapolating to basins that are
not included in the training set.

We propose a physics-guided meta-transfer learning ap-
proach that integrates data from multiple basins and adapts
the model to capture the behaviors of each basin. The pro-
posed meta-transfer learning approach aids in model adap-
tation to unseen basins by preserving the learned flow pat-
terns, and thus ensure the generalization performance. Unlike
traditional meta-learning approaches such as model-agnostic
meta-learning (MAML) [Finn er al., 2017], we use a meta
network to learn the parameters for estimating the model
residual of each basin, which is then used to correct the
streamflow prediction based on the physical equation. The
main contribution of this work can be summarized as:

* We integrate a physical equation with the ML model,
which reduces the size of parameters searching space
and improves the model generalization.

To address the imperfection of the physical equation, we
use a lasso regression model to approximate the resid-
ual of physical simulations and mitigate the bias of the
physical equation.

We propose to use meta-learning to adapt the model to
unlabeled tasks, i.e., unguaged basins. Specifically, we
train a separate forward neural network to predict the
lasso regression coefficients using static characteristics
of each basin as its input.

We enhance the physical equation using the approxi-
mated residual for both labeled and unlabeled datasets.
Then we integrate the enhanced equation into the train-
ing process of the ML model.

We also propose an alternative approach to iteratively
update the simulated output from the enhanced physical
equation and the predicted output from the ML model.
The training process switches between the labeled and
unlabeled datasets.

2 Related Work

Data-driven methods have been widely used to learn how
to predict streamflow from weather drivers and catchment
physical characteristics directly without involving any hy-
drological process [Kratzert et al., 2019; Li et al., 2022;
Sadler et al., 2022]. Depending on whether one or multi-
ple catchments of data are used, the data-driven model will

learn localized or regionalized hydrological behaviors, re-
spectively. A local model uses data from only one catchment.
In contrast, a global model uses data from multiple catch-
ments that encompass a wide range of available hydrological
behaviors.

In particular, neural network-based models [Besaw er al.,
2010; Hsu et al., 1995] are often used as the base model
for data-driven approaches in hydrology. In recent years,
the long short-term memory (LSTM) networks [Hochreiter
and Schmidhuber, 1997], one subfamily of neural networks,
has shown burgeoning applicability in streamflow prediction
tasks [Kratzert er al., 2018]. For examples, [Kratzert et
al., 2019] has shown that using physical characteristics will
train a universal global LSTM-based model that outperforms
process-based individual models given the same forcing data.

Process-based models of dynamical systems are traditional
approaches used to study engineering [Bao er al., 2022] and
environmental systems [Bao ef al., 2021]. Despite their ex-
tensive use, these models have several well-known limitations
due to incomplete or inaccurate representations of the physi-
cal processes being modeled. Given rapid data growth due to
advances in sensor technologies, there is a tremendous oppor-
tunity to systematically advance modeling in these domains
using ML methods.

One way to use ML approaches to enhance process-based
models is through residual modeling. Residual is the differ-
ence between the output of a process-based model and the
measured target variable. Thus, residuals capture the portion
of the observed data that is not explained by the model. Sev-
eral approaches can be used to explicitly represent the hidden
information within the residual. For example, existing meth-
ods on symbolic regression [Petersen et al., 2019] and dis-
covering equations [Champion et al., 2019; Both et al., 2021;
Sahoo et al., 2018] provide alternative ways to find hidden
equations from datasets. Symbolic regression outputs a com-
bination of multiplication, division, addition, and subtraction
of variables. This is similar to the lasso regression used in
this work, except that we do not consider multiplication and
division, as they are less interpretable. Also here we assume
the residual has reduced complexity and thus do not consider
differential terms in the residual equation.

3 Problem Definition

We consider N observed basins and M unobserved (or un-
gauged) basins in a region. For each basin i, we are pro-
vided with input features over T daily time step Xi; =
fx}; x?;::;x] g. Here input features x} form a Dy- dimen-
sional vector, which includes dynamic weather drivers (e.g.,
air temperature, precipitation, evapotranspiration) and static
characteristics of the basin (e.g., soil properties). Addi-
tionally, we have observed target variable (i.e., streamflow)
Y = fy!qg for the observed basins on each date. Our objec-
tive is to predict streamflow over all the M ungauged basins
at a daily scale by leveraging the contextual information and
the knowledge learned from the gauged basins.



4 Methods Intourproblem, the nal outpug! is a linear transformation
In this section, we formally describe our proposed method®f h'- The regular loss function is de ned as

as outlined in Figs. 2 and 3. We rst introduce the LSTM WX
model, which has been widely used for predicting stream ow loss = (yf 99?2 (5)
in hydrology due to its ability to capture long-term temporal N T i=1 t=1

dependencies and preserve the temporal locality information )

of each data poiniFenget al, 2020; Gauctet al, 2021. wherey! represents the output of the neural networki"at
Then we discuss the regularization approach, which is furthelpasin and™ day.

enhanced by the residual correction and input augmentation N . . .

strategies to re ne the LSTM model for different basins based*-2 Regularization Using Physical Equations

on their physical characteristics. Finally, we develop an alterAccording to the mass conservation law, the stream ow for
native training method to reduce the residual while having iteach basini can be simulated based on the information of
guide the model training. rainfall, evapotranspiration, and change of soil water condi-

Lo tions, as follows:
4.1 Preliminaries on LSTM . o WERPWIENY
The recurrent neural network (RNN) model has been widely q =max(0;rainfalf ef (sw sw 1); (6)

used to model temporal patterns in sequential data. The RNijhere rainfali represents daily average precipitation for
model de nes transition relationShipS for the extracted hid-basini at timet, eﬁ represents evapotranspiration,fswpre_
den representation through a recurrent cell structure. In thigents the soil water for basirat timet, andqg{ represents the
work, we adopt LSTM to build the recurrent layer for cap- stream ow simulated by the physical equation. In this work,
turing long-term dependencies. LSTM is a special type ofye estimate the evapotranspiration and soil water condition
recurrent neural network, well suited for the task of rainfall- ysing an uncalibrated physical model, SWiNeitschet al.,
runoff, basin modeling, and most popular and widely usec011; Arnoldet al, 2014. Due to the bias of the physical
in hydrology for predicting stream oviChenet al, 2022b;  model in simulating these variables, we use fax opera-
Li etal, 2023. The LSTM cell combines the input features tion on the right-hand side of Eq. 6 to ensure the simulated
x! at each time step and the inherited information from pre<tream ow value is non-negative.
vious time steps. Here we omit the subscripts we do not  \we consider the stream ow simulated by the physical
target a speci ¢ basin. ) equation as pseudo labels. It is noteworthy that such pseudo
Each LSTM cell has a cell stat€, which serves as a |abels can be generated for basins and periods without stream-
memory and allows for preserving information from the past. oy observations. We can modify the training objective (Eq.
Speci cally, the LSTM rst generates a candidate cell stte  5) py enforcing the consistency with physical laws via an
by combiningx' and the hidden representation at the previousadditional physics-based regularization term. This can help
time steph' *, as follows: mitigate model over tting to the noisy measurement and stay
t— hit 1 Xt . consistent with the physical relationshipia et al, 2021a;
¢ = tanfWch™ =+ WX+ be): (1) Chenet al, 2023. An additional benet of adding the
whereW and b are matrices and vectors, respectively, ofphysics-based regularization term is that the computation of
learnable model parameters. Then the LSTM generates a fothe regularization does not require real labels. Hence, instead
getgatd !, aninput gatg', and an output gat® via sigmoid  of using the pseudo labels in the labeled dataset only, we also
function (), as follows: incorporate the pseudo labels in the unlabeled dataset (i.e.,
- hot 1 X ) M ungauged basins). We can control the weight of regular-
= (Wrh' *+ WX + by); ization by a hyper-parameter. The updated training loss

g = (Wg ht 1+ ngt + by); (2)  combines true observatioys and the physics-based pseudo
. hot 1 ot labelsqf as regularization, which is expressed as follows:
0= (Wgh “+ Wix + by):
The forget gate is used to lter the information inherited loss = XX o 9?2
from ¢! !, and the input gate is used to Iter the candidate NT ..,
cell state at. Then we compute the new cell state as follows: M T (7)
t— gt t1 t t. 3 + t £y2.

where denotes the entry-wise product.
After obtaining the cell state, we can compute the hidder4.3 Residual Correction

representation by Itering the cell state using the output gatege jimitation of the regularization method is that the pseudo

as follows: ¢ . labelsgf obtained through Eq. 6 may be inaccurate due to bias
h'=o0 tankc): (4)  of process-based models in estimating evapotranspiration and

According to the above equations, we can observe that theoil moisture. As a result, the regularization mechanism in
computation ofh' combines the information at the current Eq. 7 may negatively affect the model performance. To ad-
time stepX!) and the previous time step'( * andc! 1),and  dress this issue, we propose to re ne the physical equation by
thus encodes the temporal patterns learned from the data. separately predicting the residual between the pseudo label



and the observed value, i.e.,res y!. If such residual Algorithm 1 The proposed alternate training method
can be modeled, we can use it to update the pseudo label and, iiaiize the LSTM and calculatg through (Eq. 6)
improve the regularization in Eq. 7. .__ for epoch=1: number of alternate epoctls

To build such a residual-predicting model, we hypothesize for K = 1 - number of training iterations ando
that the residual depends on weather inputs, local watershed fort=1:Ti=1:Mdo ¢ o
characteristics, and the current stream ow. Let rbe the o ;
output for thei basin at time ands = (x;y!) be the input, Make residual correction through (Eq. 9)

which contains the feature vectorand the stream ow value. eno! for .
We use Lasso regression is to solve the following task: Train the model usingq g through (Eq. 10)
: end for
) . ) for | =1 : number of training iterations ondo
min  (resi o § 1) Train the model usingy!g
t=1 (8) fort=1:T,i=1:Ndo
_ x Computey! and prepare the data for (Eqg. 9)
subjectto  j i k; end for
I=1 end for
wherepis the dimension of input (i.eDy +1), ; isthe con- end for
stant coef cient for basiri, ; = ( i1; i2;:5 ip) is the

coef cient vector, anc is a prespeci ed free parameter that
determines the degree of regularization. We run the Lasso re-
gression over different basins separately, and each basis
its own unique ;. This can help capture distinct hydrologic
conditions across basins.

We emphasize that it is necessary to include the stream-
ow value y! in the inputs in Eq. 8 due to the strong de-
pendency between the residual and the stream ow variations.
However, the true stream ow value is not accessible in unla-
beled basins. So an initial guess fgr(fori in 1 toM) in
unlabeled basins is required. A straightforward way is to use
the output of a basic LSTM as an approximationypfand
treat it as the starting point. ) ) _ )

Another challenge is that Lasso regression cannot be di- Figure 2: Diagram for the proposed residual correction method.
rectly used for unlabeled basins dltJe to the lack of observa-
tions needed to measure residuas;. To enable the adap- ; oyt A
tation to ungaged basins, we build a forward neural network Lhﬁglz\vt?ef;dnl;fsdiﬁt; wsxﬁghgp;?g)z:n%?glusirgéth%)6b-
(FNN) to approximate the unknown . The inputofthe FNN 4 5i,0 4 ENN because we cannot run lasso regression in unla-
is the static characteristics (included>f), which describe beled datasets. Meanwhilg, = (x';y!) andy! is missing
the distinctions amongst basins. The output of the FNN is th e use)! from Basic LSTM a’s an iﬁi’tiél guessl Therefore ,we
Lasso coef cients ; associated with the basin. This is essen- ets = I(X'tif?it) in unlabeled datasets, and then we calculate

tially a meta-learning approach, as the obtained FNN modej; ! .
can learn a mapping from gauged basins that facilitates th (according to Egs. 9 and 10) and uPdEg@‘J?' '

_residual pr_ediqtion on target ungauged basins. The processjs5  Alternate Training Between Pseudo Labels
illustrated in Fig. 2. and True Observations

4.4 Input Augmentation As an alternative to the regularization method, the pseudo la-

Inspired by the prior wor{Karpatneet al, 2017, we also  bels obtained through the physical equation can be used to
augment the input features to the LSTM model with the cor-pre-train the ML model, which is then ne-tuned with ob-

rected pseudo label. The augmented input feature vector fgerved labelfiaetal, 2019; Jizet al, 2021a; Jigt al, 2023,

the LSTM isxt,q; = (X';qf). The intuition behind this Chenet al, 2023; Jizet al, 20_2.15. The main concern with

is to combine the knowledge of physical model and neurathis approach is domain shiftin@en-Davidet al, 2014,
network to overcome their complementary de ciencies andvhere ne-tuning in the target domain can distort the general-
leverage information in both physics and data. In particuizable patterns learned by the pre-trained model, potentially
lar, the hybrid data model can learn to complement biases dfausing over tting[He et al, 2024. To address this issue,
physical model by extracting complex features from the spac#e propose a new approach to alternately train the model on

of neural network input, thus reducing our knowledge gapsPseudo labels and true observations.

In labeled datasets, we denote Speci cally, we start training from corrected pseudo labels
resi= o+ 9§ | @) ¢ obtained through Eqg. 10, and then train the model on true
! hO ' observations. After that, we correct pseudo lalgelssing the
The enhanced pseudo label is calculated as updated predictiong! and repeat this training process (Fig.

& =q res: (10)  3).



update the model for 50 epochs. Descriptions of the baselines
are provided below.

Pre-Train + Fine-Tuning

We pretrain the LSTM model on all pseudo labels and then
train it on true labels. The pre-training process takes 50
epochs.

Alternate Training Between Pseudo Labels and True
Observations

As described in Section 4.5, we train the model with the
pseudo labels for a few iterations, and then tune the model

Figure 3: Diagram for the alternate training method on the pseudqyith true labels. We repeat this alternate training process for
label@ and the observed labgl a few times.

5 E . Perturbation to the Proposed Methods

Xperiments To test the robustness of our approaches, we perturb the evap-
We evaluate the proposed method for predicting stream oworation and soil water data in Eq. 8 and test the model's per-
using the continental hydrology data set, CAMEL&Idor  formance and robustness.
et al, 2017. CAMELS encompasses a diverse set of basins
across the contiguous US. In our experiments, we use 48g> M + Tradaboost _ _
basins from the CAMELS dataset for evaluation. One-halfThis is a transfer learning baselif€henet al, 2021 with
of the basins are for training and the other half for testingthe aim of transferring the knowledge from simulated data
In the following, we will describe the datasets and baselined0 real data. It integrates LSTM with instance-based transfer
and also discuss the results of the predictive performance uarning through tradaboolddai et al, 2007. Tradaboost ex-
ing the effectiveness of pretraining, residual correction, andends boosting-based learning algorithms and allows utilizing
model generalization. All experiments are conducted using small amount of newly labeled data to leverage the old data
TensorFlow on a computer with the following con guration: to construct a high-quality model for the new data.
Intel Core i7-8750H CPU @2.20GHz 6 Processor, 16 GiB

Memory, GeForce GTX 1060, 64-bit Win10 OS. 5.2 Performance Evaluation
) We report the testing performance of different methods for
5.1 Dataset and Baselines stream ow prediction in the tables. We also test the perfor-

Our experiments use the continental hydrology datasetnance of each model using less training data. In particular,
CAMELS. The CAMELS data set contains continuous me-we randomly select 60 and 120 labeled basins from the 240
teorologic input, observed stream ow data, and catchmentlabeled basins for training the model. We repeat each exper-
dependent spatially varying but temporally static physicaiment ve times with random model initialization and report
characteristics. CAMELS encompasses a total of 671 basiri§e mean of the rooted mean square error (RMSE). Next, we
across the contiguous US. Due to some basin delineatiofliscuss the results from several different aspects.

errors [Addor et al, 2017, we followed the suggestion
from [Kratzertet al, 2019 to select 480 basins whose bound- . o .
aries are con rmed to be correctly delineated without digi- 1 "€ Pre-train-ne-tune method is widely used in many ML
tal errors. Each basin is supplied with observed discharg@PPlications. As shown in Table 1, the model can achieve

and climate-forcing data from remote sensing products, cli"€ Pest performance with less ne-tuning epochs. For

mate models, and data assimilation with daily temporal res-e-tuning with fewer data (60 basins), we can adopt the
olution. Additionally, a corresponding hydrological model Pré-trained model directly to avoid over tting to this small
(SAC-SMA, Sacramento Soil Moisture Accounting model) dataset. When we are given more training data (120, 240
is well-calibrated for each basin and its physical simulation i$@Sins), the model can better learn ow dynamics through
also available. Adopting such a wide disfribution of basinsMOré ne-tuning epochs. For 120 basins, the model achieves
CAMELS provides a comprehensive and detailed physicajl® best performance when ne-tuned with 10 epochs. Com-
description of basins. Selecting only a subset of those fea?@red with the previous case (60 training basins), the model
tures as suggested bigratzertet al, 2019, we choose 27 needs more ne-tuning epochs to Iea}rn the useful information
physical descriptors from climatology, geomorphology, andffom the training set. For_ 240 basins, the model performs
geology perspectives to characterize and discriminate acrofd€ best with more ne-tuning epochs (30 epochs). Here the
basins. The data period starts on 10/2/1989 and ends darget domain (true labels) is of the same size as the source

9/29/2008. We use the odd index basins for training and eve omain (pseudo labels), a_nd thus it is worth tr_aining more
pochs on the target domain. However, one major concern is

index basins for testing. We set the learning rate to 0.001 an - .
g g Q‘Iat we cannot decide the best number of ne-tuning epochs
ICode for the experiment is available at Defore the training. The obtained trend shows that one may

drive.google.com/driveffolders/lumw7gAdfVnPEH_ALn4gnAR1 Wwantto ne-tune more epochs in general for large datasets. A
j_3czFd2i?usp=sharing separate validation set can also be used to address this issue.

Pre-Train + Fine-Tuning
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