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We appreciate the reviewer’s efforts in reading our manuscript and providing useful comments and
recommendations. In this document, we provide answers to reviewer’s questions and explain how we
have modified and improved our manuscript.
Reviewer general comment: the topic is very interesting, but the manuscript needs strong improvements
and clarifications. Main concerns are on i) Reco, which is included as second variable in the study, while
the net ecosystem exchange (NEE) can be more appropriate because it is the actual key term of ecosystem
carbon exchanges and it is also directly estimated by eddy covariance based towers (see comment 1), ii)
HPM seems interesting but key elements of the model calibration are not provided (e.g., time and spatial
scales, parameters), iii) innovative and relevant findings need to be clarified, showed and highlighted.
Response: We made a concerted effort to incorporate the reviewer’s suggestions into the revised version
of the manuscript. With regard to replacing 𝑅!"# by NEE in our study (reviewer’s concern #1), we agree
that net ecosystem exchange (NEE) is a key variable considered worldwide, and eddy covariance towers
directly measure NEE. However, 𝑅!"# is also a very important parameter recognized by researchers (Le
Quéré et al., 2009). In this study, we decided to concentrate on estimating 𝑅!"# , and more thorough
response on the reasons can be found in Q1. With regard to describing the key elements of the model
calibration (reviewer’s concern (ii)), we clarified the configuration of the deep learning module we used
in addition to the information that was provided in table 1 in the supplementary material. We have also
demonstrated how we selected parameters used for HPM. Related responses can be found at Q6, Q7, Q8,
Q9 and Q15. Finally, with regard to innovative and relevant findings needing clarification (reviewer’s
concern (iii)), we expanded the discussion on providing more process-based interpretation of watershed
dynamics and highlighted the relevant innovative results. With the guidance of the reviewer, we think the
quality of the manuscript has been improved.
Specific Comments:
Q1: Row 34: why Reco? I can’t understand why the second variable considered in the study was the
ecosystem respiration. It is not observed directly by FLUXNET network, but can be estimated indirectly
from net ecosystem exchange (NEE) measurements made by eddy covariance towers during the night. The
main term is NEE, why are you not considering it directly? NEE is the key variable considered world
wide. Please, include NEE.
Response: We agree that NEE is one of the key variables considered worldwide, and is directly measured
by eddy covariance flux towers. However, 𝑅!"# is also very important as it represents the total
ecosystem carbon emissions from land to the atmosphere, and is very sensitive to climate change (Le
Quéré et al., 2009), and thus quantifying and estimating 𝑅!"# is needed. This study is not the only one
that concentrates on 𝑅!"# . For example, Ai et al. (2018) developed a semi-empirical, physiologically
based, remote sensing model to estimate 𝑅!"# using MODIS data; Solomon et al. (2013) estimated daily
respiration rates using maximum likelihood fits of a free-water metabolism to quantify respiration
dynamics in six lakes.
An additional reason to consider 𝑅!"# and not NEE in this study is that one of the major objectives of
this study is to provide an estimate of ET and 𝑅!"# at watersheds where flux towers are not available. The

daytime and nighttime partitioning methods (van Gorsel et al., 2009; Reichstein et al., 2005) requires subdaily scale NEE data to compute daily scale 𝑅!"# . However at these sparsely monitored watersheds, subdaily scale NEE data is not available and could not be predicted with weather reanalysis and remote
sensing data that are at coarser temporal scales. Thus developing methods that estimate daily scale 𝑅!"#
is still needed and will help advance our understanding of ecosystem dynamics and carbon cycling at the
inadequately monitored watersheds.
While we decided to not include NEE in our manuscript, we have tested the HPM approach to estimate
NEE at CA-OAS and US-NR1. We observed a 𝑅 ! larger than 0.8 between the measurements and
predictions (Figure 1). With this result, we believe HPM can be an appropriate approach for estimating
daily NEE with right choices of variables. However, we believe replacing 𝑅!"# with NEE will change the
scope of this study, and thus we do not plan to include NEE at the current stage.

Figure 1. HPM estimate of NEE at CA-OAS and US-NR1. 𝑅 ! between estimation and measurements are
0.87, 0.83 and 0.81 at CA-OAS; 0.94, 0.88 and 0.90 at US-NR1 for the training set, validation set and
prediction set, respectively. Model inputs include air temperature, soil temperature, sn, precipitation and
radiation.
Q2: Rows 101-105: please, include also SENTINEL 2, the new satellite for NDVI observations with better
time and spatial resolutions, available from 2015.
Response: We considered using SENTINEL 2 data but our evaluation has shown that LANDSAT was
more adapted for the period of time we are concentrating on in this study. From our knowledge, the
Sentinel 2 surface reflectance data has a 10m resolution for the red and near infrared band with an
averaged revisit time of 5 days since March 2017 (Main-Knorn et al., 2017). In Use Case I, II and III
scenarios, our HPM estimates covered the period up to 2016 as we were using FLUXNET2015 datasets.
For Use Case IV, we have checked the data availability of Sentinel 2 surface reflectance data over the
East River Watershed. A total of 106 Sentinel 2 dataset is available till 2018, however only 13 of them
have a cloud cover less than 10% during the sampling period. We tested with the additional Sentinel-2
NDVI data, but we did not observe notable changes in ET and 𝑅!"# estimations compared to previous
ones with only Landsat data. Meanwhile, we also checked out other satellite products, including the
Planet-Lab (McCabe et al., 2017); the harmonized Landsat-Sentinel product (Claverie et al., 2018) as well
as other satellite data fusion products (Shao et al., 2019). However, they still do not increase the temporal
resolution prior to 2017. Based on the above assessment we decided to use Landsat data only. We agree

that future work could expand HPM based ET and 𝑅!"# estimations using various combination of
satellite products.
Q3: Rows 162-165: mean annual precipitation of the watershed is 1200 mm/y. Hence, how can be
representative these stations?
Response: We agree the manuscript did not clearly describe the reason of using FLUXNET site with very
different meteorological forcing from the East River watershed. We have improved the manuscript to
make it clearer. The FLUXNET sites considered in this study is mainly used in Use Case I and Use Case
II. We wanted to explore the capability of HPM under different climate conditions. For example, we
selected US-Ton to test whether HPM is able to provide reasonable estimate of ET and 𝑅!"# under
Mediterrean climate (Csa) whereas at US-NR1 for subarctic environment (Dfc). We did not intend to use
HPM developed at US-Ton and other FLUXNET sites to be representative stations for the East River
Watershed. We have further clarified the major objective of and the various Use Cases in the revised
manuscript (L157-L167).
Q4: Rows 194-196: basin areas? slope?
Response: We were describing the general characteristic of the East River Watershed, which include both
basin areas and montane areas.
Q5: Rows 207: why 16 locations? And not 10 or 20? Please, any sensitivity analysis? Any uncertainty
estimate?
Response: We focused on four main vegetation types within the East River Watershed, including
deciduous forests, evergreen forests, riparian shrublands and meadow grasslands. We defined 16 locations
to have some replicates to evaluate the spatial variability. Given the 30-m spatial resolution of Landsat,
we tried to select locations at the center of vegetation patched and covered or at least strongly dominated
by one vegetation type. We evaluated it manually and decided that 16 locations (4 for each vegetation
type) was a pragmatic choice.
Equation (1): this equation is the NDVI definition, you don’t need to include in the text, it is well known.
Response: We have made the necessary change in the revised manuscript.
Q6: Row 264: please, include the time resolution of the model, its space resolution, and the size of the
domain.
Response: The time resolution of HPM is daily. The spatial resolution depends on different Use Cases
and spatial resolution of data inputs. We have made these changes in the revised manuscript, and also
further clarified in each of the Use Cases in section 4 (L337-L338).
Q7: Row 291: how is estimated g?
Response: g is the hyperbolic tangent activation function. It is used to determine candidate cell states and
update the hidden states (Hochreiter and Schmidhuber, 1997; Kratzert et al., 2019). g is not estimated.
Q8: Row 300: how are estimated Wf, Uf, and bf?
Response: We clarified this. 𝑊! , 𝑈! and 𝑏! are representing learnable parameters for the forget gates.
There are other 𝑊, 𝑈 and 𝑏 for the internal states and hidden states. We used the Adam algorithm
(Kingma and Ba, 2014) with a mean absolute error loss function built in Keras (Chollet, 2015).

Q9: Row 318: how many parameters in total?
Response: We thank the reviewer’s comment. There are 11600 and 7600 parameters for the first and
second LSTM layers; 208 and 9 for the first and second dense layers and no parameters for the dropout
layers. These information is available in Table 1 in the supplementary material.
Q10: Equations (10) and (11): you don’t need to include these equations. These are statistical index very
well known.
Response: We have made the necessary change in the revised manuscript.
Q11: Row 362-363: I looked at section 4.1 and it doesn’t estimate any temporal dependency. It just tested
the model at a not very clear time scale.
Response: We used the word “long term temporal dependency” in a deep learning (or statistical) context
where there are significant temporal correlation and long time lags in time series. LSTM and recurrent
neural networks are one of the very efficient and effective deep learning models that are capable to
capture such long term dependencies. In the revised manuscript, we have been more careful in terms of
the wording that overlap among different fields.
Q12: Row 374: again, what is the time scale?
Response: We thank the reviewer’s comment. Our ET and 𝑅!"# estimations are at daily scale. We have
better clarified the time scale in the manuscript.
Q13: Row 390: Is it always at monthly time scale? please, again, define the time scale.
Response: We thank the reviewer’s comment. Our estimate is at daily scale, which are used to calculate
monthly means. In figure 5 and following figures, we presented the results of both daily and monthly
mean between HPM and measurements in order to check model performance. We also aggregated our
daily estimates to 8-day mean at the East River sites, which enabled us to compare our results to Mu et al.
(2013) as shown in Figure S1
Q14: Row 396-307, ‘…which also indicates that soil moisture data is necessary to increase Reco
prediction accuracy in this ecoregion…”. how can you support this statement?
Response: We thank the reviewer’s comment. The decreasing prediction accuracy occurred at sites
limited by water and moisture conditions (e.g., US-Ton and US-Var) where other studies investigated
how ecosystem respond to subsurface water availability (Von Buttlar et al., 2018; Song et al., 2014). At
sites with seasonally dry periods (e.g., US-NR1), other studies have also identified the occurrences of
fore-summer drought and water limiting condition (Sloat et al., 2015; Wainwright et al., 2020). Due to
practical reasons, current HPM models did not include soil moisture as an input to capture these
seasonally dry periods. Thus we believe modified HPM models with soil moisture as inputs can increase
prediction accuracy in these ecoregions when soil moisture data becomes more available in space and
time.
Q15: Row 415: Are the model parameters changing for each site? What are the parameter values?
Response: We thank the reviewer’s comment. Deep learning parameters for US-Ton, CA-Oas and USWkg are different as they are three different developed HPM models used to represent different
ecoregions. As mentioned in the response to Q9, there are many deep learning parameters and it is not
feasible to directly present the values of these learnable parameters here. But all of these parameter values

are available in the data package we submitted to ESS-DIVE and can be downloaded at https://data.essdive.lbl.gov/view/doi:10.15485/1633810 named ‘LSTM_model.zip’.
Q16: Row 419-420: I don’t agree, Reco predictions are not good in US Whs and US Var
Response: We thank the reviewer’s comment. HPM achieved a daily scale adjusted 𝑅 ! of 0.70 and 0.78
and 𝑀𝐴𝐸 at 0.67 and 0.22 at US-Whs and US-Var respectively, in Use Case II scenario. We agree that
the statistical measure is not as satisfactory as 𝑅 ! over 0.9. In the revised manuscript, we have made the
necessary changes correspondingly (L433-L435).
Q17: Row 518-519, “This result indicates small-scale meteorological forcing and vegetation
heterogeneity are the major controls of differences in ET and Reco at the East River Watershed”: please,
highlight and clarify what is the new finding. We know already that meteorological forcing (which is the
model input), and vegetation heterogeneity (model parameter) are the controlling factors of the model.
Response: We thank the reviewer for the comment. We have expanded our discussion on how ET and
𝑅!"# dynamics vary at different years (e.g., years with earlier snowmelt versus later snowmelt). We have
emphasized how vegetation types contribute to ET and 𝑅!"# spatiotemporal heterogeneities. We also
discussed the limitations and practical perspectives of current HPM models in feature selection and how
to improve estimation accuracy at seasonally dry periods. In addition, we clarified the role of
meteorological forcing attributes and vegetation types in ET and 𝑅!"# dynamics at the East River
Watershed and tested how these input variables contribute to ET and 𝑅!"# differences at different years
among different sites. These findings have been revised in the result and discussion sections.
Q18: Row 673: please add the journal name of this reference, I can’t find it.
Response: We thank the reviewer’s comment. The journal name of this reference is ‘Journal of
Geophysical Research: Biogeosciences’ (L734-L736). We have double checked and made sure the
bibliography is correctly and clearly presented.
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