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Abstract

Machine learning is becoming an increasingly important part of streamflow forecasting,
but there are potential dangers given that these models lack a physical basis. We tested
a simple post-processing strategy that uses the outputs from a calibrated conceptual model
(the Sacramento Soil Moisture Accounting Model with Snow-17; SAC-SMA) as inputs
into a a Long Short Term Memory Network (LSTM). Overall, the SAC-SMA model was
improved substantially, while post-processing offered only minor improvements relative
to the standalone LSTM. SAC-SMA performance was improved in catchments with more
snow while the standalone LSTM - which is not constrained by conservation principles
- was improved in terms of long-term bias.

1 Introduction

As the volume and accessibility of large hydrological data sets increases, deep learn-
ing is becoming an increasingly important technology for simulating rainfall-runoff pro-
cesses and estimating streamflow. Recent research has shown that Long Short Term Mem-
ory networks (LSTMs; Hochreiter & Schmidhuber, 1997) provide streamflow predictions
with accuracy that rivals or exceeds traditional hydrology models (Kratzert, Klotz, Her-
rnegger, et al., 2019; Kratzert, Klotz, Shalev, et al., 2019), however all types of machine
learning, including LSTMs, lack an explicit physical basis.

The hydrological sciences community is currently exploring several strategies for
combining physical models and physical understanding with machine learning (e.g., Daw
et al., 2020; Nearing et al., 2020; Pelissier, Frame, & Nearing, 2020), however one of the
simplest methods is post-processing. Post-processing is where outputs from a conceptual
or physics-based model are used as inputs to the machine learning model. Post-processing
is at least potentially useful for improving prediction accuracy in cases where the con-
ceptual model provides information that the machine learning model was not able to ex-
tract from data. More importantly, we can use various types of diagnostic tools to help
understand where and when the conceptual model provides extra information, and use
this as a guide for understanding the strengths and deficiencies of different types of mod-
els.

In this paper, we investigated post-processing the Sacramento Soil Moisture Ac-
counting model (SAC-SMA; ) with an LSTM. SAC-SMA is a calibrated lumped concep-
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tual model that forms the basis of the US National Weather Service Community Hydro-
logic Prediction System (Roe et al., 2010), and was one of the models that was bench-
marked by Kratzert, Klotz, Herrnegger, et al. (2019).

2 Methods

2.1 Data & Models

Data used for this study are from the Catchment Attributes and Meteorology for
Large-Sample Studies data set (CAMELS; Addor, Newman, Mizukami, & Clark, 2017;
Newman et al., 2015) curated by the US National Center for for Atmospheric Research.
All data are at a daily timestep for the period 1980-2008 over 671 basins in the conti-
nental United States. We used 531 of the 671 basins - these were the same basins used
by Newman et al. (2015), who excluded basins with large discrepancies in different meth-
ods for measuring basin area, and also excluded basins that were larger than 2,000 km2.

Our LSTMs take two types of inputs: daily meteorological forcings and static catch-
ment attributes. Meteorological forcings include daily maximum and minimum temper-
atures, daily cumulative precipitation, solar radiation, and vapor pressure deficit. CAMELS
includes three meteorological data sets: NLDAS, Daymet, and Maurer. following Kratzert,
Klotz, Hochreiter, and Nearing (2020), we used all three as inputs into the LSTM, for
a total of fifteen daily forcings. We used twenty-seven catchment attributes from the CAMELS
dataset related to climate, vegetation, topography, geology, and soils. These are described
in more detail by Addor et al. (2017). Catchment attributes are static for each basin (do
not change in time), and were appended to the meteorological forcings at each timestep
as inputs into the LSTM (Kratzert, Klotz, Shalev, et al., 2019).

The LSTM as a hydrological model was described in detail by Kratzert, Herrneg-
ger, Klotz, Hochreiter, and Klambauer (2019). It is a type of recurrent neural network
with an explicit state space. Kratzert, Klotz, Shalev, et al. (2019) demonstrated that the
gates of the LSTM can be trained to learn catchment similarity, and Kratzert, Herrneg-
ger, et al. (2019) demonstrated that the states of a trained LSTM track unobserved hy-
drologically relevant variables. We trained an ensemble of N = 10 LSTMs to account
for randomness in the weight initialization. The training period was October 1, 1999 through
September 30, 2008 (9 years) the test period was October 1, 1989 through September
30 (9 years), 1998. This is similar to the training and test periods used by Newman et
al. (2015) and Kratzert, Klotz, Herrnegger, et al. (2019) except that we used one less year
of data for the test period in order to avoid bleedover from the 365-day LSTM look-back
period. LSTMs were trained and tested using sequence-to-one prediction with a 365-day
lookback, and each of the N = 10 LSTMs was trained on all training data from all 531
basins.

SAC-SMA is lumped conceptual model that must be calibrated separately for each
basin (unlike the LSTM, which is trained on all data from all basins). SAC-SMA was
coupled with the Snow-17 snow module and a unit hydrograph router. SAC-SMA cal-
ibrations were done by Newman et al. (2015), who used shuffled complex evolution (Duan,
Gupta, & Sorooshian, 1993) with ten random seeds, meaning that there was an ensem-
ble of N = 10 separate calibrations for each basin and for each of three meteorologi-
cal data sets, for a total SAC-SMA ensemble of size N = 30 for each basin.

SAC-SMA outputs used as inputs into the LSTM were: routed streamflow (QQ),
snow water equivalent (SWE), combined rain and snowmelt (RAIM), potential evapo-
transpiration (PET), actual evapotranspiration (ET), upper zone tension water content
(UZTWC), upper zone free water content (UZFWC), lower zone tension water content
(LZTWC), lower zone free supplemental content (LZFSC), lower zone free primary con-
tent (LZFPC), and additional impervious water content (ADIMC).
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2.2 Experimental Design

All statistics reported in the Results section were calculated over the test period
using the ensemble-averaged hydrograph in each CAMELS basin. SAC-SMA statistics
were calculated over hydrographs that were the the average of N = 30 separate SAC-
SMA calibrations in each basin, and the LSTM statistics were calculated over hydrographs
that were the the average of N = 10 separate LSTMs in each basin.

LSTMs were trained with and without the SAC-SMA outputs listed in Section 2.1.
These models were benchmarked, along with the standalone SAC-SMA, using metrics
related to (1) overall performance (Nash-Sutcliffe Efficiency), (2) overall bias, and (3)
error in the timing of peak flow (average number of timesteps difference between sim-
ulated and observed peak flow). The models were also benchmarked using a number of
hydrological signatures, as outlined by Kratzert et al. (2020). Hydrological signatures
are statistics that emphasize different aspects of a hydrograph (Addor et al., 2018; McMil-
lan, Westerberg, & Branger, 2017). We calculated the following hydrological signatures
over both simulated and observed hydrographs: high and low flow frequencies and du-
rations (high q freq, high q dur, low flow freq, low flow dur), 5th and 95th percentile
flows (q5, q95), mean flow (q mean), mean half flow date (hfd mean), baseflow index,
and slope of the flow duration curve (slope fdc). We report the correlation (over 531 basins)
between simulated and observed signatures.

In addition to benchmarking, we measured the relative contributions of different
inputs into the LSTM using integrated gradients (Sundararajan, Taly, & Yan, 2017). In-
tegrate gradients are a type of sensitivity analysis that are relatively insensitive to low
gradients (e.g., at the extremes of neural network activation functions). Integrated gra-
dients are calculated separately for each input, at each timestep, for each lookback timestep,
in each basin. This means that for 9 years of test data with a 365-day lookback there
are about 1.2 million integrated gradients per input, per basin.

Finally, to help assess when and where post-processing helps, we used random for-
est regression to predict differences in performance scores between the standalone mod-
els (LSTM and SAC-SMA) vs. the LSTM post-processor. We report the correlation (r2)
of out-of-sample random forest predictions of post-processing improvements using k-fold
cross validation (k = 20) over the 531 basins. We tested predictability in this way us-
ing three sets of regressors: (1) static catchment attributes and hydrological signatures,
(2) integrated gradients related to all LSTM inputs, and (3) basin-averaged SAC-SMA
variables.

3 Results

3.1 Benchmarking

Global benchmarking results are shown in Figure 1. The takeaway from these fig-
ures is that the LSTM post-processor improves the performance of SAC-SMA significantly
according to all three metrics, however using SAC-SMA outputs improves the LSTM only
in reducing the overall bias. Not all basins are improved, however. As shown in the scat-
terplots in Figure 1, SAC-SMA gives better results against all three metrics in some num-
ber of basins.

Figure 2 shows the spatial distribution of performance increases/decreases of the
augmented LSTM (with SAC-SMA inputs) as compared to the standalone SAC-SMA.
The LSTM improved the NSE score in 441 of 531 basins (83%), overall bias in 270 of
531 basins (51%), and peak timing in 434 of 531 basins (82%). On average, performance
improved by 21% (NSE), degraded by 230% (bias), and improved by 29% (peak timing).
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Figure 1. Cumulative distributions of three performance metrics over 531 CAMELS basins.

Models with an NSE close to one are better, whereas models with bias and peak timing errors

close to zero are better. The takeaway from these figures is that the LSTM post-processor im-

proves the performance of SAC-SMA significantly according to all three metrics, however using

SAC-SMA outputs improves the LSTM only in reducing the overall bias.

Figure 2. Spatial benchmarking plots showing basin-specific improvement/degradation due to

post-processing the SAC-SMA outputs. Purple colors indicate basins where SAC-SMA performs

better and green colors indicate basins where the LSTM post-processor performs better.
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Figure 3. Spatial benchmarking plots showing basin-specific improvement/degradation to

the LSTM due to using SAC-SMA outputs. Purple colors indicate basins where the standalone

LSTM performs better and green colors indicate basins where the post-processing LSTM per-

forms better.

Similarly, Figure 3 shows the spatial distribution of performance increases/decreases
of the augmented LSTM (with SAC-SMA inputs) as compared to the standalone LSTM
(without SAC-SMA inputs). The LSTM improved the NSE score in 276 of 531 basins
(52%), overall bias in 313 of 531 basins (59%), and peak timing in 214 of 531 basins (40%).
On average, performance degraded by 2% (NSE), improved by 101% (bias), and improved
by 1% (peak timing).

The main takeaways from Figures 2 and 3 is that while the LSTM post-processor
increases hydrograph correlation (NSE) and timing, SAC-SMA has a lower overall bias.
This is because SAC-SMA conserves mass in the long-term. Letting the LSTM learn from
SAC-SMA outputs improves the overall LSTM bias, but LSTM is still not constrained
by conservation laws.

Figure 4 compares the performance of the three models in reproducing several hy-
drological signatures. This plot shows the correlation between the signatures of observed
and simulated hydrographs. The performance of all three models is relatively similar,
except that the post-processing LSTM improved over both SAC-SMA and the standalone
LSTM in predicting low-flow duration and frequency.

3.2 Sensitivity

Figure 5 shows the basin- and time-averaged integrated gradients as a function of
the first five lookback timesteps (i.e., days before present) summed over all SAC-SMA
related inputs and all meteorological forcing inputs. What is notable here is that although
the SAC-SMA related inputs have a lower effect at the present timestep, in the rising
limb the SAC-SMA related inputs have a larger effect than the meteorological inputs at
a lag of one timestep. This is because several of the SAC-SMA outputs are actually state
variables with persistence (state variables are the modeled variables that are necessary
to calculate model outputs at the next timestep). Likewise, Figure 6 shows the same global
averaged sensitivities for only the SAC-SMA related inputs. This figure groups categories
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Figure 4. Correlations between simulated and observed hydrologic signatures.

of inputs, and here we see that it is primarily the lower zone soil moisture states that
drive this persistence.

Figure 8 shows the relative contributions of each category of inputs broken out over
basins. This figure shows that there is diversity between basins in terms of how the LSTM
post-processor combines the different input data. Although meteorological forcings are
generally more influential than SAC-SMA related inputs in most basins, the SAC-SMA
variables do constitute a significant portion of the sensitivity of the LSTM model, even
though the improvement scores from Section 3.1 showed relatively little change in over-
all performance metrics relative to an LSTM without SAC-SMA. This is because there
is substantial redundancy between the SAC-SMA related variables and the meteorolog-
ical forcings, due to the fact that SAC-SMA uses largely the same forcing data as the
LSTMs.

Finally, Figure 8 shows the spatial distribution of the relative contributions of dif-
ferent categories of SAC-SMA related inputs. It’s difficult to see any spatial patterns vi-
sually in these plots (and indeed, no analysis that we performed found meaningful quan-
titative spatial patterns), however it is notable that the upper zone soil moisture vari-
ables were very important in a few basins. Snow water equivalent was important in basins
in the Rocky Mountains and Sierra Nevada’s, but not in the Appalachians or northern
regions of the US.

3.3 Predictability

Figure 9 shows correlations (over 531 basins) between the time-averaged SAC-SMA
inputs and the improvement of the LSTM post-processor relative to both control mod-
els (LSTM alone and SAC-SMA alone). There is moderately strong positive correlation
between catchments with high SWE states (snow water equivalent) and improvements
in (1) the rising limb bias of the standalone LSTM and (2) the peak timing of SAC-SMA.
Overall, adding SAC-SMA’s snow state improved both models. In contrast, there was
negative correlation between improvements to the LSTM bias and lower zone soil mois-
ture, indicating that catchments with less deep percolation (and, presumably less base-
flow) gained more from in terms of improving long term bias in the LSTM. Finally, im-
provements over the standalone SAC-SMA were stronger in basins with lower potential
evapotranspiration - presumably these are the more water-limited basins.

Figure 10 illustrates the predictability of improvements over SAC-SMA and over
the standalone LSTM due to post-processing. Specifically, this figure shows the r2 co-
efficients from k-fold cross validation of random forest regression to predict differences
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Figure 5. Basin- and time-averaged integrated gradients as a function of the first five look-

back timesteps.
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Figure 6. Basin- and time-averaged integrated gradients of only the SAC-SMA related inputs

as a function of the first five lookback timesteps.
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Figure 7. Relative contributions (integrated gradients) of different categories of inputs bro-

ken out by basin. The x-axis represents basin ID - this shows diversity between basins, however

there is no spatial information in this figure. Orange colors represent meteorological forcings and

purple colors represent SAC-SMA related inputs.

Figure 8. Relative contributions (integrated gradients) of different categories of SAC-SMA

related inputs broken out by basin and mapped spatially.
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Figure 9. Correlations between the time-averaged SAC-SMA related inputs in each of 531

basins vs. differences in each basin between the LSTM post-processor and both control models

(LSTM alone and SAC-SMA alone).

between the two standalone models and the LSTM post-processor. Predictable improve-
ments were mainly to the peak timing error of the standalone SAC-SMA model, which
could be predicted using basin-average SAC-SMA inputs, integrated gradients, and to
a lesser extent, static catchment attributes. Going back to Figure 9, this is likely due mainly
to the fact that there was strong improvement in snow-dominated catchments. Similarly,
Figure 11 shows the relative sensitivity to random forest regressions to the basin-averaged
SAC-SMA variables. Predictable performance changes were in (1) the peak timing met-
ric of the post-processor relative to the standalone SAC-SMA, and (2) the total bias of
the standalone LSTM relative to the post-processor. SWE and lower zone soil moisture
were the two most important predictors for these regressions, respectively, again indi-
cating that post-processing helped most (relative to the standalone SAC-SMA) in snow
dominated catchments and helped most (relative to the standalone LSTM) in correct-
ing bias in catchments with less deep storage.

4 Conclusions

Overall, post-processing by adding SAC-SMA outputs as inputs to an LSTM im-
proved the SAC-SMA model more than it improved the LSTM. SAC-SMA was improved
in catchments with more snow, and the standalone LSTM was improved in terms of long-
term bias. In general, our analysis indicates that snow processes and baseflow processes
are the weakest parts of these models.

Post-processing is arguably the most naive way of combining machine learning with
physics-based or conceptual models. This analysis suggests that there is information in
even simple conceptual models like SAC-SMA that could be useful for deep learning, how-
ever extracting this information in an effective way will require more sophisticated ap-
proaches than what we have done here. Given that the LSTM improved in the long-term
bias, it is likely that adding explicit conservation constraints to the LSTM architecture
might be effective - Nearing et al. (2020) illustrated a general strategy for doing this in
deep learning models and the LSTM in particular.

All of the SAC-SMA implementations here were calibrated to long data records in
each basin. This limits applicability of this type of strategy to gauged basins. Future work
should explore both post-processing and also more sophisticated methods for model fu-
sion with true process-based hydrology models that may not be as reliant on parame-
ter estimation.

Data Availability Statement: Data for this project came from the CAMELS
repository hosted by the US National Center for Atmospheric Research at https://ral
.ucar.edu/solutions/products/camels
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Figure 10. r2 statistics from k-fold cross validation of random forest regression to predict

differences in performance metrics between standalone models and the LSTM post-processor over

different parts of the hydrograph.

Figure 11. Relative contribution (sensitivity) of different SAC-SMA variables as inputs to

random forest regressions used to predict differences in performance scores with vs. without

post-processing. Predictable performance changes were in (1) the peak timing metric of the post-

processor relative to the standalone SAC-SMA, and (2) the total bias of the standalone LSTM

relative to the post-processor.
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able at
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