
Dear Reviewer, 

Thank you for your comments concerning our manuscript entitled “Modelling 

glacier-wide annual mass balance of continental-type glaciers in China using a deep neural network” 

(ID: egusphere-2026-333). These comments are very helpful for the revision and 

improvement of our paper and provided important guiding significance for our research. 

We have carefully revised the manuscript based on the comments, and our point-to-

point responses to your comments are shown below.  The comments are in black, our 

responses are in blue and actions in green. 

Response to Reviewer: 

Before addressing the specific comments, we would like to briefly clarify that several 

methodological refinements have been implemented following the suggestions of 

Reviewer #1. These updates affect all results presented below. Specifically, (1) the 

feature selection procedure has been fully embedded within each cross-validation fold, 

such that all feature filtering and ranking steps are performed using only the training 

subset, thereby eliminating potential data leakage; (2) the number of selected 

meteorological predictors has been reduced from 20 to 10 to improve model parsimony 

and stability; and (3) the previously implemented dynamic loss weighting strategy has 

been removed to enhance training robustness. Accordingly, all experimental results 

reported in the following responses are based on this revised modeling framework. 

1. Comment: It would be helpful for the reader to know how the glacier-wide mass 

balance measurements were acquired. One can guess this comes from glaciological 

measurements, extrapolated spatially with the glacier hypsometry but this is not 

clearly stated in the manuscript. 

Response: Thank you for this helpful comment. We agree that the description of 

how glacier-wide mass balance measurements were obtained could be made clearer. 

The principle of the glaciological method has been briefly introduced in the 

Introduction section (Lines 29~31). To improve clarity, we have revised this 

description to more explicitly state that glacier-wide mass balance is derived from 

repeated in situ measurements (e.g., stake readings and snow pit observations), 

which are subsequently extrapolated over the glacier using its hypsometry. 



Action: The corresponding descriptions have been revised in both the Introduction 

and Section 2.2.1. 

 

 

2. Comment: From the feature selection study it seems that the meteorological features 

of the accumulation period contribute marginally to the annual mass balance in 

comparison to the ablation ones (Fig 3). This makes sense since most of the annual 

measurements are negative (Fig 2). A study of the performance for positive annual 

mass balance would improve the confidence in the learned model, for example by 

including some Karakoram glaciers. 

Response: Thank you for this suggestion. We agree that including glaciers with 

positive annual mass balance would provide a more comprehensive evaluation of 

the model performance. We have made efforts to collect such data from regions 

where glaciers are reported to exhibit positive or near-balanced mass budgets, 

including the Eastern Pamir, Karakoram, and West Kunlun regions (Wang et al., 

2025). However, due to the harsh environmental conditions and limited accessibility 

of these high-altitude areas, in situ glaciological observations remain extremely 

scarce. In addition, although some glaciers may have continuous mass-balance 

observations, these datasets are not always publicly available and therefore could 



not be accessed for this study. We have acknowledged this limitation in the 

Discussion section and stated that future work will strive to expand datasets as they 

become available. 

3. Comment: Taking as input features the longitude and latitude is questionable (L212). 

The whole point is to approximate the glacier-wide annual mass balance with a 

statistical regressor based on topographical, meteorological and albedo information. 

Why do the authors include the location of the glaciers? At best this does nothing, 

at worst this encodes spatial information into the model which can lead to 

overfitting. 

Response: Thank you for this insightful comment. We agree that including 

geographic coordinates (longitude and latitude) may introduce the risk of encoding 

spatial information and potentially lead to spatial overfitting. To evaluate this 

concern, we conducted additional experiments comparing model performance with 

and without geographic coordinates under both random cross-validation and leave-

one-glacier-out (LOGO) cross-validation schemes. As shown in the figure below，

the model performance remains nearly identical in both cases. In particular, under 

the more stringent LOGO cross-validation, which explicitly tests spatial 

generalization, the inclusion of geographic coordinates does not lead to any 

systematic improvement or degradation in performance. These findings indicate 

that the model does not rely on geographic coordinates as spatial identifiers and that 

their contribution is limited compared to physically meaningful predictors. Based 

on this evidence, we retain longitude and latitude as auxiliary inputs to represent 

large-scale spatial gradients that may not be fully captured by the available 

predictors. At the same time, we acknowledge their potential limitations and 

appreciate the reviewer’s suggestion, which helped us to further validate the 

robustness of the model. 

Action: We conducted additional sensitivity analyses by comparing model 

performance with and without longitude and latitude under both random and LOGO 

cross-validation schemes. 



 

Figure Comparison of model performance with and without geographic coordinates under random and leave-one-

glacier-out (LOGO) cross-validation schemes. 

4. Comment: The size of the neural network seems very large given the limited amount 

of data. Depending if the authors use bias or not (not stated in the manuscript), the 

number of parameters is around 2100 or 2200. In contrast there are 27 predictors 

and only 109 samples in the reduced dataset. This learning problem is prone to 

overfitting and special attention should be paid to the validation of the model. They 

perform a cross validation which is the way to go. However, a grid search is also 

performed to tune the model architecture along with other hyper-parameters and 

they converge to the 40, 20, 10, 5 neurons combination. According to the test 

performance metrics from Figure 6 which are the same as the ones reported in 

Figure 5 (validation metrics), there is no independent test set that was kept aside 

from this grid search. From a statistical point of view, performing a grid search on 

the same data used for the test is equivalent to using the test samples for training. 

The direct implication is that the reported performance values are optimistic and a 

more robust test should be performed. If the authors have the opportunity to revise 

their work I would strongly recommend to keep some glaciers aside in a test set that 

is used only for comparison and not in the cross validation, nor in the grid search. 

Response: Thank you for this important and insightful comment. We agree that the 



previous experimental design could potentially lead to optimistic performance 

estimates. In the revised manuscript, we have removed the previously described 

GridSearchCV procedure to avoid any potential ambiguity or risk of information 

leakage during model evaluation. The model architecture and hyperparameters are 

now determined through empirical tuning.  Once the model configuration was fixed, 

cross-validation was performed exclusively for performance evaluation, with no 

further adjustment of model parameters. The corresponding descriptions in the 

manuscript have been revised accordingly. 

In addition, we introduced a fully independent test set consisting of four glaciers 

with relatively long and continuous observation records. These glaciers were not 

involved in any stage of model development, including feature selection, cross-

validation, or hyperparameter tuning. During the data collection process, we made 

efforts to compile all available continental glaciers in China with publicly accessible 

mass-balance observations. As no additional suitable glaciers were available within 

this region, we extended our selection to neighboring regions and identified four 

glaciers with relatively long and continuous mass-balance records. Specifically, we 

selected two glaciers from the Tien Shan—Glacier No. 354 (2012–2023) and 

Tuyuksu (2000–2023) glacier—and two from the western Himalayas—Patsio 

(2011–2017) and Chhota Shigri (2003–2019, 2022–2023) glaciers. The results 

indicate that the model achieves relatively strong performance for the Tien Shan 

glaciers (R² ≈ 0.58–0.62), which share similar climatic characteristics with the 

training dataset (Table 3). In contrast, the performance decreases for the Himalayan 

glaciers, with R² values of 0.22 and -0.12, respectively. Despite the reduced R² 

values, the correlation coefficient remains consistently high (R ≈ 0.78–0.81), 

suggesting that the model is able to capture interannual variability, although with 

noticeable biases in magnitude (Fig. 10). These findings indicate that while the 

model demonstrates reasonable generalization capability within predominantly 

continental glacier systems, its transferability to glaciers under distinctly different 

climatic regimes is limited. This behavior is consistent with the physical 

understanding of glacier–climate interactions and highlights the importance of 



incorporating more climatically diverse training data in future work. 

Action:  

(1) The corresponding descriptions related to GridSearchCV in the manuscript 

have been revised accordingly (Section 2.3.3). 

 

(2) The corresponding analysis has been added to Section 3.4 of the revised 

manuscript, which is entitled “Out-of-sample evaluation on independent 

glaciers.” 

 

Figure 1 Spatial distribution of the ten continental-type glaciers in China and four independent testing glaciers. 

 



 

Figure 10 Modeled versus observed glacier-wide annual mass balance for independent test set: (a) Glacier No. 354; 

(b) Tuyuksu; (c) Patsio; (d) Chhota Shigri. Modeled values represent the average predictions across 10 random seeds. 

Table 3 Predictive performance metrics on the independent test set. 

Metrics                    

Glaciers 

R2 R MAE 

(m w.e.) 

RMSE 

(m w.e.) 

Glacier No. 354 0.58 0.80 0.17 0.23 

Tuyuksu 0.62 0.81 0.25 0.31 

Patsio 0.22 0.81 0.23 0.25 

Chhota Shigri -0.12 0.78 0.56 0.68 



 

5. Comment: The performance study across different years of section 3.3.2 and the 

effort of the authors to explain the conditions under which the model performs 

poorly is appreciated. The approach is interesting in terms of machine learning as 

this is at the limit of what ML can support given the very limited amount of data. 

Providing more details on how overfitting was mitigated (e.g. regularization 

strategies L232) would be relevant for this work. 

Response: Thank you for this helpful comment. We agree that a clearer description 

of how overfitting is mitigated would improve the manuscript. In fact, several 

regularization and stabilization strategies were already implemented in the model, 

including Gaussian noise injection at the input layer, L1 regularization, and early 

stopping. However, we acknowledge that the original description may not have 

sufficiently emphasized their roles in preventing overfitting. 

Action: To improve clarity, we have revised the manuscript to provide a more 

detailed and explicit explanation of these strategies and their respective 

contributions to model robustness and generalization (Section 2.3.3). 



 

6. Comment: However, a comparison with other mass balance models would also be 

welcome to assess the advantages. Especially since the proposed approach stills 

relies on the outputs of energy-balance models (ERA5) for some of the variables 

(see technical corrections). I would recommend at the very least to compare the 

approach with a temperature-index model. 

Response: Thank you for this important suggestion. To provide a more 

comprehensive assessment of the proposed approach, we have conducted an 

additional comparison with a temperature-index (TI) model. Specifically, to ensure 

a rigorous comparison, the TI model was calibrated separately for each of the four 

test glaciers using their respective observed mass-balance data. This provides a 

glacier-specific empirical baseline for evaluation. The comparison results have been 

incorporated into Section 3.4, Figure 10, and Table 3 of the revised manuscript. The 

results show that the TI model generally achieves better agreement in terms of 

absolute mass-balance magnitudes due to local calibration, whereas the FF-FCNN 

model demonstrates a stronger capability to capture interannual variability, as 

reflected by consistently higher correlation coefficients. However, both models 

exhibit limitations in reproducing extreme mass-balance values. 

Action: Following the implementation of an independent test set (Comment 4), we 

further introduced a temperature-index (TI) model as a baseline for comparison. 

The TI model was calibrated separately for each test glacier, and the corresponding 

simulation results and evaluation metrics were added in Figure 10 and Table 3. 

Section 3.4 has been revised accordingly, including updates to the section title and 

result analysis. 



 
Figure 10 Modeled versus observed glacier-wide annual mass balance for independent test set: (a) Glacier No. 354; 

(b) Tuyuksu; (c) Patsio; (d) Chhota Shigri. The blue solid line represents observations, the orange dashed line 

corresponds to the temperature-index (TI) model, and the green dotted line shows the FF-FCNN model predictions. 

 

Table 3 Predictive performance metrics on the independent test set. 

Glaciers Models R2 R MAE (m w.e) RMSE (m w.e) 

 

Tuyuksu 

FF-FCNN 0.62 0.81 0.22 0.31 

TI 0.30 0.55 0.35 0.42 

 

Glacier No. 354 

FF-FCNN 0.58 0.80 0.17 0.22 

TI 0.58 0.77 0.20 0.22 

 

Patsio 

FF-FCNN 0.22 0.81 0.22 0.26 

TI 0.72 0.85 0.13 0.15 

 

Chhota Shigri 

FF-FCNN -0.12 0.78 0.56 0.68 

TI 0.37 0.61 0.42 0.51 



 

7. Comment: Finally the positioning of this work is ambiguous. It claims to be the first 

to develop a machine learning model that uses “more sophisticated energy-mass 

balance models” and that “this approach significantly improves predictive 

performance”. For the first claim, [3] already developed a similar approach, 

although point-wise and at the monthly scale, with an extensive comparison to other 

models. The second claim is simply not supported at all by any comparison. 

Response: Thank you for this important comment. We agree that the 

contextualization and positioning of our study was not sufficiently clarified in the 

initial submission, particularly in the discussion presented in Section 4.3, where the 

description of novelty and performance could be interpreted as overly strong or 

insufficiently supported. We also acknowledge that previous studies have explored 

machine learning approaches incorporating energy-balance-related variables, 

although at different spatial and temporal scales (Sjursen et al., 2025; van der Meer 

et al., 2026). In the revised manuscript, we have therefore removed the statements 



referring to “more sophisticated energy-mass balance models” and the claim that 

“this approach significantly improves predictive performance,” to avoid potential 

ambiguity in their interpretation. The discussion in Section 4.3 has been 

substantially revised by merging the original third paragraph with the opening 

paragraph. The revised version now provides a clearer description of the research 

background, focuses on the study objectives, and better clarifies the positioning of 

this work. In addition, the revised discussion emphasizes the scope and limitations 

of the proposed approach, and outlines potential directions for future research, 

rather than making strong claims regarding novelty or performance superiority. 

Action: We have consolidated and restructured the first and third paragraphs of 

Section 4.3 to provide a more coherent discussion of the study's limitations and the 

prospects. 



 

8. Comment: L44: “they capture only discrete temporal snapshots and are therefore 

limited in resolving the continuous evolution of glaciers”: Not true, technically 

many remote sensing methods could provide data at a frequency higher than annual; 

for example [1] (the Hugonnet et al. 2021 dataset) rely on a continuous time series 

through interpolation, CryoSat-2 provides monthly revisits, and ICESat-2 has a 91 

days repeat cycle [2]. 

Response: Thank you for this helpful comment. We agree that the original statement 

was somewhat overly generalized. Remote sensing techniques, including geodetic 

approaches and satellite altimetry, can provide observations at near-continuous 

temporal resolution, especially when combined with spatiotemporal interpolation 



or time-series reconstruction approaches. In the revised manuscript, this section has 

been revised to better reflect the capabilities of modern remote sensing datasets, and 

appropriate references have been added. We have also clarified the associated 

limitations to ensure a more balanced and accurate description. 

Action: The corresponding text in the Introduction has been revised accordingly. 

 

9. Comment: L152: Snow evaporation, snow density and temperature of snow layer 

are all the outputs of a re-analysis model which incorporates snow packing and 

energy model components. I would make it clear since the authors make the 

distinction with energy-balance models (L57-59) but their model still relies on these 

energy-balance models. 

Response: Thank you for this insightful comment. We agree that several variables 

used in this study, such as snow evaporation (es), snow density (rsn), and snow layer 

temperature (tsn), are outputs from reanalysis products that implicitly incorporate 

snowpack and energy-balance processes. In the revised manuscript, we have 

clarified this point in Section 4.3 (Discussion) by explicitly stating that these 

predictors embed physically based information from reanalysis data. We further 

emphasize that, although the proposed model does not explicitly resolve energy–

mass exchange processes, it still benefits from physically informed inputs, thereby 

improving the physical consistency of the model. 

Action: We have revised the Section 4.3. 



 

10. Comment: Imprecision L220: The optimizer is not part of the neural network, this 

is an algorithm to solve the learning problem. 

Response: Thank you for this helpful comment. We agree that the original statement 

was imprecise, as the optimizer is not a component of the neural network itself but 

rather an algorithm used to solve the learning problem. In the revised manuscript, 

we have corrected this description by distinguishing the network architecture and 

activation functions from the optimization algorithm used to update the trainable 

parameters. 

Action: We have revised the Section 2.3.3. 



 

11. Comment: L230: What is the search space of the grid search? This should be given 

for reproducibility. 

Response: Thank you for this comment. In response to the reviewer’s earlier 

concern regarding potential information leakage, we have removed the 

GridSearchCV procedure from the revised manuscript. Therefore, the specification 

of a search space is no longer applicable.  In the revised version, the model 

architecture and hyperparameters (e.g., neuron numbers, hidden-layer depth, 

activation functions, learning rate, batch size, optimizer, and regulation strategies) 

were determined empirically through iterative experimentation and preliminary 

sensitivity analysis. Once the model configuration was finalized, cross-validation 

was performed exclusively for performance evaluation, without further adjustment 

of model parameters. 

12. Comment: L245: Vague statement “improving computational efficiency and 

training stability”: remove computational efficiency. 

Response: Thank you for this helpful comment. We agree that the statement 

regarding “computational efficiency” was not sufficiently supported. In the revised 

manuscript, we have removed this term and retained only “training stability” to 

provide a more accurate description. 

Action: We have removed “computational efficiency” in the Section 2.3.3. 

 

13. Comment: L246: A reference should be given about the “loss-based dynamic 

weighting strategy”, or it should be explained. This seems like an important 

component of the approach but it is not explained 

Response: Thank you for this comment. We agree that the description of the “loss-



based dynamic weighting strategy” was insufficient and lacked proper explanation 

or supporting references. In the revised manuscript, this component has been 

removed from the model configuration to improve training stability and avoid 

unnecessary complexity. Accordingly, the corresponding description has also been 

deleted from the manuscript. 

14. Comment: Fig 5a and 5b: A semilogy plot would be better to assess the convergence 

and the absence of overfitting. 

Response: Thank you for this helpful suggestion. We have revised the loss curves 

by using a semilogarithmic scale on the y-axis, which provides a clearer 

visualization of the convergence behavior and facilitates the assessment of potential 

overfitting.  

Action: Action: Figure 5 and the corresponding description in Section 3.1 have been 

revised accordingly. 

 

Figure 5 Overfitting assessment and model performance comparison under two dataset construction strategies. (a)–

(b) Mean training and validation loss curves (RMSE, m w.e., log scale) from 10-fold random cross-validation. (c)–

(d) Distribution of validation metrics (RMSE, MAE, and R²) across folds. 



 

15. Comment: L336 “Although the introduction of a dynamic loss-based weighting 

strategy enhances [...], the improvement remains limited under extremely small 

sample conditions.”: This is not clear where the authors want to go with this. This 

is in contradiction with L246. If in the end it is not something that helps the training, 

I would suggest removing any mention to that dynamic loss-based weighting. 

Response: Thank you for this comment. We agree that the previous description of 

the dynamic loss-based weighting strategy was unclear and led to inconsistency 

with the earlier revision (L246). In the revised manuscript, this component has been 

entirely removed from the model, and all related descriptions have been deleted to 

ensure consistency throughout the text. 

16. Comment: L355 on AUC: A reference would be helpful for non statistician 

glaciologists. 

Response: Thank you for this suggestion. We agree that a reference for the AUC 

metric would be helpful, particularly for readers without a strong statistical 

background. In the revised manuscript, we have added an appropriate reference and 

a brief clarification of the AUC metric in this context. 

Action: We have revised the Section 3.3.2. 

 

17. Comment: L431-434: The proposed work is not novel in that sense. For example 



[3] already developed a ML model that uses “more sophisticated energy-mass 

balance models”. They did a complete comparison with other mass balance models. 

Response: Thank you for this important comment. We acknowledge that previous 

studies have already developed machine learning models incorporating energy-

balance-related variables and performed comprehensive comparisons with other 

mass balance models. In the original manuscript, the positioning of our work in this 

context was not sufficiently clear and may have led to an over-interpretation of its 

novelty. In the revised manuscript, we have reorganized Section 4.3 by 

consolidating the relevant paragraphs and removing the statement in question to 

avoid ambiguity. 

Action: We have revised the Section 4.3. 



 

18. Comment: L434 “This approach significantly improves predictive performance”: 

This is not supported by any experiment of the manuscript as no comparison at all 

was performed. 

Response: Thank you for this comment. We agree that the statement “this approach 

significantly improves predictive performance” was not sufficiently supported by 

direct experimental comparison in the manuscript. In the revised version, this 

statement has been removed to avoid overinterpretation. 
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We hope that our responses have adequately addressed your comments and concerns, 

and that the revisions made accordingly have improved the clarity and robustness of 

the manuscript. 

Best regards, 

Lili Wang 

 

 


