Dear Daniel,

We sincerely appreciate your thoughtful comments and your recognition of the
scientific value of our work. Meanwhile, we fully understand the concerns you raised
regarding the methodology, and we would like to take this opportunity to provide
further clarification to alleviate these concerns. The relevant parts will be reinforced
and refined in the revised manuscript.

Comment 1:

Even though the work is well motivated, the method fails to convince, that it can be
generalised. It relies on gauging data for training, which rules out ungauged streams.

Response to Comment 1:

As you rightly pointed out, our approach does require paired images and gauging data
for initial training. However, we believe this method has greater potential for
generalization in the long term compared with other imaging-based water stage
observation techniques.

Existing approaches for interpreting water stage information from river camera
images generally fall into two categories. The first category uses water segmentation
algorithms to extract water masks, which are then overlaid on high-resolution
surveyed terrain to retrieve the water stage. This method requires in-situ terrain
surveying with LiDAR each time a new river-camera station is deployed. The second
category, which is adopted in our study, directly learns the mapping relationship
between images and water stage using deep learning regression models. As more river
camera stations are deployed, the deep learning model can increasingly learn to
extract higher-order features by jointly considering background environmental cues,
enabling direct water stage estimation with no reliance on terrain measurements.

Therefore, our approach can potentially support independent and real-time
deployment of river cameras, making it more generalised in the long term, and
offering a pathway toward application in ungauged streams when pretrained on
sufficiently diverse image-stage pairs.

Comment 2:

Furthermore the authors base this methodology on a case study using just a single
camera at one location and including only one (very pronounced) gauge failure event.
No claim can be made whether this method holds up under different conditions.

Response to Comment 2:



We fully understand your concern regarding the limited number of test sites, however,
we would like to emphasize that the proposed method has been systematically
evaluated at two complementary levels.

First, under conditions where no systematic gauge bias is present, a robust method
should not mistakenly interpret small random measurement noise as a systematic error,
nor should it degrade otherwise reliable stage observations. To evaluate this aspect,
we constructed three temporal subsets (2019, 2019-2020, and 2019-2021),
representing scenarios with and without pronounced gauge failures. The consistent
performance across these datasets (as shown in Fig. 8) demonstrates that our method
does not over-detect random fluctuations and exhibits a certain degree of generality
under normal conditions.

Second, when a true systematic bias does occur, the method should be able to
accurately localize its onset in time and apply an effective overall correction to the
affected period. This capability is demonstrated in the presented pronounced gauge
failure case in our study. We acknowledge that, within the currently available dataset,
only one such well-documented systematic bias event is available. Therefore, while
this case provides clear proof-of-concept evidence, further validation across multiple
independent failure cases will be addressed in the future work.

Taken together, the current experiments provide objective evidence for both the
general robustness of the method under normal conditions and its effectiveness in
correcting true systematic biases under documented failure scenarios, while also
clearly indicating directions for further strengthening its applicability.

Comment 3:

Finally, the overall accuracy is not able to compete with the current state-of-the-art
Sensors.

Response to Comment 3:

We agree that a rigorous assessment of accuracy against state-of-the-art sensing
technologies is essential. In our study, the water stage estimates obtained by the
proposed method were quantitatively compared with those derived from a
conventional computer-vision-based workflow based on waterline extraction and
surveyed terrain overlay. The results show a clear improvement relative to the original
gauging records affected by systematic bias, achieving a mean absolute error (MAE)
of 0.04 m after correction.

This level of accuracy is comparable to, and in some cases better than, previous
state-of-the-art image-based river stage estimation studies, such as Vanden Boomen et
al. (2021, MAE = 0.07 m) and Eltner et al. (2021, MAE = 0.05 m):



Eltner, A., Bressan, P. O., Akivama, T., Gongalves, W. N., & Marcato Junior, J. (2021). Using
deep learning for automatic water stage measurements. Water Resources Research, 57(3),
e2020WR027608. https://doi.org/10.1029/2020WR027608

Vandaele, R., Dance, S. L., & Ojha, V. (2021). Deep learning for automated river-level
monitoring through river-camera images: An approach based on water segmentation and transfer
learning. Hydrology and Earth System Sciences, 25(8), 4435-4453.
https://doi.org/10.5194/hess-25-4435-2021

In the revised manuscript, we will add extra quantitative comparison to further
contextualize the achieved performance. We also sincerely welcome the reviewer to
recommend any additional recent state-of-the-art references for further comparison,
and we will be pleased to include them accordingly.

Comment 4:

In some parts the scientific quality is hard to judge, since the individual steps are only
documented partially. The segmentation process used to obtain the water pixel
percentage is not further described, despite it being one of the two input variables for
training the model. Even though the process is adopted from a previous publication by
some of the authors, it should be described in more detail, as it's a major potential
source of errors. The same applies to the model training and retraining process. The
authors report little on what exactly was done and to which effect, giving a bare
minimum of information and providing no supplementary information.

Response to Comment 4:

Regarding the documentation of individual methodological steps, we are pleased to
provide additional details. Among them, the water segmentation method used in this
study is a technique we previously published. Initially, we were concerned that
elaborating on this part might distract readers from the core innovation of the present
work, the multi-task learning framework. However, we have noticed readers’ interest
in the segmentation method and acknowledge that segmentation exactly plays a
critical role in the overall framework. Therefore, we will include more detailed
descriptions and performance illustrations of the segmentation algorithm in the
revised manuscript. Likewise, additional details on the training and retraining
procedures will also be added.

Below are our detailed responses to your major issues, minor issues, and grammatical
comments.

Major issues:

Major Issue 1:



L. 152: If I am not totally mistaken, it's quite the opposite. True negative is the
proportion of samples that are correctly judged as negative! The authors need to make
sure this was only confused in the text and not also in their analysis.

Response to Major Issue 1:

Thank you for pointing out this mistake. The definition of true negative in the
manuscript was indeed incorrectly stated due to a writing error. In the revised
manuscript, we will correct it to:

“ TN represents the number of samples that are actually negative and correctly
predicted as negative.”

We would also like to clarify that this error was limited to the textual description only.
The quantitative analysis itself was not affected, because all evaluation metrics
(Precision, Recall, and F1 score) were computed using the built-in functions from
scikit-learn module in Python, which handle the definitions of TP, TN, FP, and FN
internally and correctly. Therefore, the results remain valid.

Major Issue 2:

L. 173: Why is there a months-long pause in 20207 I think the authors should address
this.

Response to Major Issue 2:

We appreciate your careful observation. The data used in our study were obtained
directly from the open-source dataset provided in Goldstein et al. (2023). The authors
do report a several-month gap in camera images during early 2020, but they do not
provide an explicit explanation for the cause of this interruption. However, the data
gap occurs well before the period in which the systematic gauge error took place.
Therefore, the missing portion does not affect the identification or analysis of the
systematic bias that represents the core focus of our study.

We will add a brief clarification in the revised manuscript to acknowledge this data
gap and cite the original source.

Goldstein, S. N., Ryan, J. C., How, P. R., Esenther, S. E., Pitcher, L. H., LeWinter, A. L.,
Overstreet, B. T., Kyzivat, E. D., Fayne, J. V., & Smith, L. C. (2023). Proglacial river stage
derived from georectified time-lapse camera images, Inglefield 360 Land, Northwest Greenland.
Frontiers in Earth Science, 11(June), 1-11. https://doi.org/10.3389/feart.2023.960363

Major Issue 3:



L. 249 (Fig.8): what is "early stage" and "late stage"? This is not defined anywhere
and does not seem obvious. I do not understand where the late stage in dataset 2019
and 2019-2020 come from if there was no gauge failure.

Response to Major Issue 3:

We apologize for the confusion caused by the terms “early stage” and “late stage.” In
our manuscript, these terms are intended to denote the time periods before and after
the potential gauge-bias occurrence, respectively.

As described in Lines 155-158 of the manuscript, a potential split point is only
considered a true gauge-bias event if the errors in the two subsequences exhibit a
statistically significant difference based on a two-sample T-test. When such a
significant difference exists, the post-bias subsequence is treated as biased and
discarded; otherwise, the detected fluctuation is regarded as random noise rather than
a systematic error:

“To confirm that the identified significant errors are systematic errors caused by
physical contact, a T-test was applied. Only if a statistically significant comparative
relationship was observed between the difference subsequences before and after the
gauge bias occurrence would the post-bias gauge stage sequence be discarded,
retaining only the pre-bias subsequence and the complete SOFI sequence to retrain
ShuffleNet under the multi-task learning paradigm for accurate water stage
estimation.” (Line 155-158)

Therefore, the datasets “2019” and “2019-2020” are also divided into “early” and
“late” subsequences, but the split points in these datasets are not identified as genuine
systematic bias events, because their before—after errors are not statistically
distinguishable.

To avoid ambiguity, we will revise the caption of Fig. 8 to explicitly explain that the
“early stage” and “late stage” refer to the periods before and after the candidate
gauge-bias timing, regardless of whether the candidate point is ultimately validated as
a true systematic error.

Major Issue 4:

L. 259: in my opinion one cannot rely on such an extrapolation below gauge zero
without any gauging data supporting this. This might work well in one location and
completely fail in another one, solely based on river bed geometry. Just because the
model provides values below zero does not mean one can trust them.

Response to Major Issue 4:



We agree that extrapolating water-stage estimates below the gauge-zero reference
without any supporting gauging data involves inherent uncertainty. As you correctly
pointed out, riverbed geometry can influence the validity of such extrapolations.

However, we would like to clarify that the negative stage values generated by the
model are not intended to be interpreted as physically reliable absolute measurements
that can be directly applied in practice. Instead, they are used solely to demonstrate
the potential of the vision-based approach to capture water stage variations below the
camera installation reference level within the image-based frame of reference.
Whether these sub-zero estimates are quantitatively consistent with the true physical
water stage remains an open question and requires dedicated validation using
independent observations in future studies.

Overall, we appreciate your rigor and acknowledge that the physical reliability of
such extrapolations requires further validation against independent reference
measurements. In the revised manuscript, we will explicitly clarify this issue in the
Discussion section to avoid any potential misunderstanding.

Minor issues:
Minor Issue 1:

L. 2: Title: I think the title could be chosen a bit more carefully to accurately reflect
the content of this work: only 1 visual gauge is used and it's a case study with only
one event. I propose something like: "Estimating river stage with a visual gauge
trained on biased gauge data - a case study"

Response to Minor Issue 1:

We agree that the title should more accurately reflect the scope of our study, We
appreciate your proposed title and will revise the manuscript title accordingly, or
adjust it in a similar manner to better highlight the scope of this work.

Minor Issue 2:

L. 50: "contact-based" does not seem like the right adjective for markers. They aren't
contact-based sensors even though they are technically in contact with the water. I'd
suggest simply going with ".. reliance on markers placed within river..."

Response to Minor Issue 2:

We agree that “contact-based” is not appropriate here and will revise it to “reliance on
markers placed within the river.”

Minor Issue 3:



L. 88 ff: adding the word "sequence" after each data type seems unnecessary and
confuses the reader (also applies to Fig.1).

Response to Minor Issue 3:

We intentionally use the term “sequence” to highlight that the analysis is based on
time-series error data. We acknowledge the concern, but we prefer to retain the term
for conceptual clarity.

Minor Issue 4:

L. 94: Since the term "gauge bias" is a core idea of this publication, it should be
defined more precisely. If understood correctly the authors use this term to address
singular events that significantly offset the stage measurements.

Response to Minor Issue 4:

We agree that a clearer definition is needed. In our study, “gauge bias” refers
specifically to singular systematic events that cause a significant and sustained offset
in stage measurements. We will clarify this definition in the revised manuscript.

Minor Issue 5:

L. 108: the authors should add the abbreviation MTL in brackets right after
mentioning Multi-task learning for the first time.

Response to Minor Issue 5:
Thanks. We will add the abbreviation “MTL” after its first occurrence.
Minor Issue 6:

L. 213: I am missing a more detailed description of how the water segmentation was
performed. This seems to be a core part of this work.

Response to Minor Issue 6:

As noted earlier, we will add additional details on the water segmentation method in
the revised manuscript.

Minor Issue 7:

L. 220 ff: I suggest rephrasing this sentence and splitting it into several sentences.
Shorter and more understandable would increase the readability significantly.

Response to Minor Issue 7:



We agree with this suggestion and will rephrase and split the sentence to improve
clarity and readability in the revised manuscript.

Minor Issue 8:

L. 234: To many people it is highly unclear whether 0:00 am means midnight or noon.
Instead I'd suggest using 24h time format or at least noon/midnight.

Response to Minor Issue 8:
We agree and will revise the time expression to an unambiguous 24-hour format.
Minor Issue 9:

L. 249 (Fig.8): the intuitive interpretation of the three graphs suggests that all three
datasets are similar. Only when looking at the y-scale of the third plot one may notice
that they are of different scale. The authors should consider using the same scale for
all three plots.

Response to Minor Issue 9:

We understand the concern about visual comparability. However, applying the same
y-axis scale to all three plots would substantially compress the variations in Fig. 8a
and Fig. 8b, making it difficult to visually discern the differences between their early
and late subsequences. For this reason, we prefer to retain separate y-axis scales.

Grammar, trivialities:

L. 11: I suggest using the plural "river cameras" here, as we are talking about a
general type of instrumentation rather than one specific camera.

L. 286: "that that"

L. 302: here the authors could consider using "data" as a singular here to improve the
readability of the sentence: "... even when training data contains errors..."

Response to “Grammar, trivialities” issues:

We will thoroughly check and correct these grammatical issues in the revised
manuscript



