
Response to Reviewers’ 

Comments 

Reviewer 1 

Overall evaluation 

Reviewer comment (in blue) 

The manuscript proposes a self-supervised and AI framework for cloud-layer identification 

in multi-wavelength Raman-polarization lidar networks. The work addresses an important 

gap in operational lidar processing. Therefore, the topic is generally very well suited for 

AMT. 

By operating directly on uncalibrated elastic backscatter and calibrated volume 

depolarization ratio channels from the Chinese lidar network, the approach aims to reduce 

dependence on absolute calibration and improve robustness across heterogeneous 

network sites with the potential to be applied to other lidar networks as well. 

The three-stage training pipeline—self-supervised reconstruction pretraining, VDE-guided 

probabilistic distillation, and fine-tuning with limited expert labels—is to my opinion a 

complete novel and very sophisticated approach. It seems solid, and the reported gains 

are promising. Therefore, well suited for publication in this journal for the atmospheric 

research community. 

However, for a good understanding, the manuscript needs additional methodological 

description (more details) and clearer justification of certain design choices (especially the 

descriptions given in the Annex). Thus, while generally well written, the methodological 

section needs to be strengthened and therefore recommend major revisions before the 

paper can be accepted for publication. 

Author response  (in black) 



We thank the reviewer for the positive assessment of the significance, overall framework, 

and potential applications of this study. We understand that the reviewer’s primary concern 

is not the soundness of the framework itself, but that the original manuscript did not 

sufficiently explain its methodological logic, key design choices, and details required for 

reproducibility. We therefore systematically revised the methodology and experimental 

sections. Specifically, we expanded the descriptions of the CARLNET data sources, input 

channels, and dataset split; explained the anisotropic encoder–decoder architecture and 

vertical resampling procedure; clarified the respective roles and connections of self-

supervised representation learning, VDE-guided probabilistic distillation, and expert-

supervised fine-tuning in the three-stage training workflow; and provided additional details 

on the loss functions, masking ratios, augmentation parameters, thresholds, early-stopping 

criterion, and inference settings. We also expanded the evaluation procedures for pixel-

level metrics, cloud-base and detectable cloud-top heights, and radiosonde-based 

structural consistency. 

In addition, we carefully reconsidered the statements concerning methodological novelty 

and generalizability. The contribution of this study does not lie in introducing a new physical 

mechanism of cloud scattering, but in integrating structural learning from unlabeled 

observations, probabilistic weak supervision provided by a conventional algorithm, and 

limited expert supervision into a unified workflow designed for multiwavelength polarization 

Raman lidar networks. Accordingly, we now describe the method as “reducing dependence 

on absolute calibration” and restrict the demonstrated transferability to the three completely 

held-out CARLNET test sites. 

 

Location of revision 

Revisions were made throughout Sections 2–4 and Appendix A, particularly Section 3.3 

(Lines 379–408) and Appendix A1–A7 (Lines 719–854). 

 



General comment 1 Repetition and 

methodological balance 

Reviewer comment 

Sometimes the manuscript is very repeating and thus longish to read in the current form. 

Please try to sharpen. E.g. I have read 10 times that “the 3 test sites are not used for 

training”. On the other hand—as described above—some methodological descriptions are 

too short (partly specified in the specific comments). Please try to find a good balance. 

Author response   

We removed or consolidated repetitive statements and concentrated the rules governing 

the use of the test sites in the dataset-splitting and experimental-setting sections. 

Meanwhile, we expanded methodological details that were previously described too briefly. 

A small amount of necessary repetition was retained to clarify the dataset split, main 

experimental protocol, and interpretation of the results in their respective contexts. 

Location of revision 

Section 2.1, Lines 137–149; Section 4, Lines 438–451; Section 4.2.1, Lines 482–510; 

Appendix A, Lines 714–860. 

 

General comment 2 Terminology and wording 

Reviewer comment 

The English language level is very good, probably AI supported—which is ok, even though 

there were many vocabularies I’ve never heard before and I had to check out. But please 

check if all wordings can be used in the context. E.g., distilling/distillation, cue, pervasive, 

ablation. I am not sure if distilling is the correct word for what you want to say even though 

I understand the meaning. I guess only a native speaker could help there. 

Author response   



We re-examined and standardized the relevant terminology throughout the manuscript. 

The terms “knowledge distillation” and “probabilistic distillation,” which are commonly used 

in machine learning, were retained, and their meanings are now explained at their first 

occurrence. Potentially ambiguous expressions, such as “adaptation ablation,” were 

removed or replaced. We also revised the wording to make the manuscript more 

accessible to readers in atmospheric remote sensing. 

Location of revision 

Introduction, Lines 94–112; Section 3.3, Lines 379–408; Section 4, Lines 438–447. 

Relevant revised text 

“Here, self-supervised learning is used to learn transferable structural 

representations from unlabeled lidar observations, while knowledge distillation 

introduces probabilistic guidance from a conventional cloud-detection method as 

weak supervision.” 

“Specifically, discretized cloud-probability levels generated by the conventional VDE 

algorithm [...] are used as probabilistic supervisory information rather than absolute 

ground truth labels [...].” 

 

General comment 3 Explanation of AI 

terminology 

Reviewer comment 

Furthermore, it would be great if some of the “AI slang” could be explained in a more 

detailed way as this is a manuscript in an atmospheric research journal. E.g., U-Net is 

introduced without any further description. 

Author response   

We added functional explanations of U-Net and its associated modules rather than merely 

naming the architecture. The revised manuscript explains that the encoder progressively 

extracts multiscale structural features from the time–height input; the decoder gradually 



restores spatial resolution to generate a pixel-level cloud mask; and the skip connections 

transfer fine-scale cloud-boundary information from shallow layers to the decoding stage, 

thereby reducing the loss of boundary details during downsampling. 

The Appendix further explains several terms that may be unfamiliar to readers. The 

segmentation head is the output module that converts network features into a single-

channel cloud/non-cloud probability map. The reconstruction head is used only in Stage 1 

to recover the masked input signals. BCE-with-logits combines the sigmoid operation and 

binary cross-entropy calculation in a numerically stable formulation for probabilistic 

segmentation training. These additions allow readers without a specialized background in 

artificial intelligence to understand the functional role and training objective of each module. 

 

Location of revision 

Section 3.2, Lines 337–377; Appendix A3–A4, Lines 762–806. 

Relevant revised text 

“In this framework, the encoder extracts hierarchical representations from the time–

height input, while the decoder progressively restores spatial resolution to generate 

pixel-level cloud-layer masks.” 

 

General comment 4 Methodological clarity 

Reviewer comment 

Generally, sometimes methodological clarity needs to be further sharpened. Most 

descriptions are top level and more detail is needed.  

E.g.: 

1. The self-supervised pretraining tasks (channel-wise masking, temporal frame prediction) 

are described only at a high level. Precise formulation of loss functions, masking ratios, 

and the balance between reconstruction and prediction objectives is needed. 



2. Reported metrics include IoU, F1 score, detection rates, …. Partly the reader should be 

more guided for the interpretation of these metrics—description is a bit missing and should 

be extended. 

3. Numbers used for the approach like penalties are given mostly without any justification. 

This should be improved. If the choice was based on empirical studies, it is ok, but should 

be stated. 

4. Cloud top: It remains unclear for me how cloud tops are defined. As there might be many 

cases where signal attenuation is strong and a cloud top height cannot be detected with 

lidar, I wonder how these circumstances are treated. Under which conditions are you able 

to identify cloud top heights properly? 

5. Radiosonde comparison: It is not clear if radiosondes are available at all sites and have 

been used for evaluation or only on the selected ones. Please clarify. 

6. Temporal context window: The fixed 10-profile window: It remains unclear if it is 5 min 

or 50 min in total. Please clarify. 

7. In the evaluation of the proposed methodology, models trained with and without 

pretraining are compared. It is unclear which parts of the 3-stage training process are 

included in the pretraining. Only Stage 1—reconstruction, or Stage 1 and Stage 2—

reconstruction and distillation. Please clarify this. 

Author response  

We thank the reviewer for identifying these points requiring clarification. We addressed the 

seven questions individually, as follows. 

1. For self-supervised pretraining, Appendix A4 now provides specific definitions of 

the channel-masking, temporal-frame prediction, and full-signal reconstruction 

tasks, together with the corresponding loss functions, masking ratios, and loss 

weights. The purpose of Stage 1 is not to identify clouds directly, but to learn cross-

channel relationships, short-term temporal continuity, and vertical structures from 

unlabeled observations. 



2. Appendix A7 now provides the definitions and interpretations of precision, recall, 

F1, and IoU. The F1 score summarizes the balance between missed detections 

and false alarms, whereas IoU provides a stricter measure of the spatial overlap 

between the predicted and reference cloud masks. Cloud-detection rate and 

geometric errors provide additional product-oriented assessments of whether 

cloud layers are detected and whether their bases and detectable tops are correctly 

located. 

3. We now clarify that parameters such as augmentation magnitudes, loss weights, 

penalty terms, and probability thresholds were selected empirically using 

observations from the development sites and the held-out validation subset. Data 

from the test sites were not involved in parameter selection. Because we did not 

perform an exhaustive search over all parameter combinations, these values are 

not presented as universally optimal settings. 

4. We strictly define the cloud top as the “detectable cloud top,” namely, the highest 

cloud boundary supported by valid lidar returns. During manual annotation, a mean 

SNR of 3 across the three elastic channels is used as the threshold delimiting the 

valid signal range. When optically thick clouds cause strong attenuation such that 

the mean SNR above the cloud remains below 3, the annotation extends only to 

the highest altitude supported by a valid return. This truncation altitude is not 

interpreted as the physical cloud top. Because the true cloud top is unobservable 

under complete attenuation, such cases are excluded from the cloud-top boundary-

error evaluation. Detectable cloud-top errors are calculated only when sufficient 

return signals remain near and above the cloud top. 

We emphasize that the SNR threshold of 3 is used only to determine the valid 

signal range during manual annotation and is not applied as a hard decision 

threshold during model inference. In some strongly attenuating cases, the model 

produces more spatially continuous cloud structures than the directly supervised 

model. However, because no independent observations are available within the 

fully attenuated region, we do not interpret this continuity as accurate recovery of 



the unobservable physical cloud top. In operational deployment, an SNR-based 

signal-validity mask or quality flag could be introduced, where necessary, to restrict 

model outputs in regions without valid returns. The appropriate threshold would 

nevertheless require further assessment using longer observation periods and a 

larger number of attenuation cases. 

5. Co-located operational radiosonde observations are available at all 47 CARLNET 

sites, but the present study does not use radiosonde data from all sites. To maintain 

consistency with the strict cross-site testing protocol, the radiosonde comparison 

uses only observations from the three independent test sites during the continuous 

test period in January 2025. After temporal matching and quality control, 47 valid 

lidar–radiosonde matched cases were retained, and the corresponding statistics 

are summarized in Table 4. Radiosonde observations were not used for model 

training, manual annotation, hyperparameter selection, or threshold determination. 

They were used only for the final independent structural-consistency assessment 

and were not treated as strict ground truth. We have clarified the overall availability 

and actual use of the radiosonde data in Sections 2.5 and 4.3. 

6. Each sample contains 10 consecutive profiles, with a temporal resolution of 5 min 

per profile. The total temporal context window is therefore 50 min rather than 5 min. 

7. The revised manuscript explicitly defines “pretraining” as the combination of Stages 

1 and 2. Stage 1 performs self-supervised representation learning, while Stage 2 

performs VDE-guided probabilistic distillation. Together, they constitute the 

physics-guided pretraining phase, which is followed by supervised fine-tuning in 

Stage 3 using a limited number of expert-refined labels. 

These additions clarify the logic of the three-stage training workflow. Stage 1 first learns 

stable structural representations from a large volume of unlabeled observations. Stage 2 

then uses physically relevant weak supervision from the conventional algorithm to 

constrain the decision boundary. Finally, Stage 3 uses high-quality expert annotations to 

correct potential biases inherited from the teacher algorithm. 



Location of revision 

Section 3.1, Lines 322–335; Section 3.3, Lines 379–408; Section 4.2.2, Lines 512–535; 

Section 4.3, Lines 598–605; Appendix A4–A7, Lines 771–854. 

Relevant revised text 

“In this study, the term ‘pretraining’ refers to the first two stages, including self-

supervised representation learning (Stage 1) and VDE-guided probabilistic distillation 

(Stage 2). Together, these two stages constitute a physics-guided pretraining phase 

before supervised fine-tuning with expert annotations (Stage 3).” 

 

General comment 5 Figure labels and self-

contained captions 

Reviewer comment 

Labels of figures partly need to be extended. As a general rule, figures including their labels 

should be as self-explaining as possible. E.g. in Fig. 3, it is not described what the numbers 

in brackets mean and just by reading all text one can guess what is meant. See further 

specific comments below. Please change this. 

Author response  

The caption of Fig. 3 has been substantially expanded. We re-examined the symbols, 

tensor dimensions, line styles, and panel labels in all figures. For Fig. 3, we standardized 

the vertical resampling ranges and factors across the main text, Appendix, and figure. We 

also clarify that the input dimensions “[5, 10, 1056]” represent five observational channels, 

10 consecutive temporal profiles, and 1056 resampled vertical bins, respectively. In 

addition, we distinguish the vertical resampling applied before the input enters the network 

from feature downsampling within the network architecture, thereby avoiding the 

interpretation of both operations as “pooling.” 

The captions of Figs. 5–8 have also been expanded to explain the methods, statistics, line 

styles, boundary definitions, and comparison regions represented in the individual panels. 



These revisions allow readers to understand the principal information presented in each 

figure without repeatedly referring to the main text. 

 

Location of revision 

Section 3.2, Lines 337–377; Figure 3; Figures 5–8, Lines 559–564, 593–596, 644–656. 

 

General comment 6 CARLNET data sharing 

and international coordination 

Reviewer comment 

The CARLNET network looks impressive. In general, it would be great if CARLNET data 

could be shared in future and the initiative joins activities within GAW (GALION) and/or 

contributes to other global activities like satellite validation. 

Author response  

We thank the reviewer for this suggestion. The Data Availability statement now clarifies 

that access to the complete CARLNET observational dataset is subject to institutional data-

management policies. Standardized data products will be released in the future where 

permitted by these policies. Cross-validation with international lidar networks and satellite 

observations is also an important direction for future work. 

Location of revision 

Code and data availability, Lines 862–866; Conclusion and Discussion, Lines 706–711. 

 

General comment 7 Code and training-data 

availability 

Reviewer comment 



The approach presented seems to have great potential to be checked against other lidar 

networks. Therefore, I would insist to share the code and training data as promised during 

the publication process. For a peer-review setting, providing a DOI of the code would be 

key. 

Author response  

We have clarified in the availability statement that the training and inference code, 

pretrained model weights, and transferable application examples will be made publicly 

available after publication (which is hosted privately in GitHub, https://github.com/WHU-

Atmospheric-Remote-Sensing/Cloud_detection_lidar). The data and scripts required to 

reproduce the main figures and tables can be provided during peer review upon request. 

Release of the complete observational dataset remains subject to institutional data policies. 

A permanent repository link or DOI will be added once the repository is formally released. 

Location of revision 

Code and data availability, Lines 862–866. 

 

Specific comment 1 Abstract F1 improvement 

Reviewer comment 

Abstract – The reported F1 improvement (0.9281 → 0.9371) is presented without context 

and statement if it is significant. For my understanding, the improvement is negligible. 

Please clarify. 

Author response   

We agree with this comment. In the original Abstract, the values 0.9281 and 0.9371 were 

presented directly alongside each other, which could overemphasize the relatively small 

absolute difference without clarifying its statistical meaning. The revised Abstract no longer 

highlights the four-decimal difference. Instead, it reports the final F1 score—a metric that 

balances missed detections and false positives—together with the more operationally 

interpretable errors in cloud-base and detectable cloud-top heights. 



In the main text, the difference is explicitly described as a “modest deterministic 

performance gain” under a fixed dataset split and a single training configuration, rather 

than as evidence of statistical significance. Expressed in terms of the error proportion, (1 −

𝐹1), the change corresponds to a relative reduction of approximately 12.5%. Its operational 

relevance is supported primarily by complementary results: the pretrained model provides 

cloud-base accuracy comparable to that of the directly supervised model, while reducing 

the detectable cloud-top MAE from 94.0 to 82.2 m; it also produces more continuous weak-

cloud and multilayer structures in complex cases. We therefore interpret the F1 result as 

one component of the overall evidence rather than using it alone to claim a statistically 

significant improvement. 

 

Location of revision 

Abstract, Lines 15–31; Section 4.2.1, Lines 491–500; Conclusion and Discussion, Lines 

665–680. 

Relevant revised text 

“Because the results are obtained under a fixed dataset split and training 

configuration, the F1 difference should be interpreted as a modest deterministic 

performance gain rather than formal evidence of statistical significance.” 

 

Specific comment 2 Figure 1 inset and dashed 

lines 

Reviewer comment 

Figure 1: The small embedded map in the lower right is not needed and rather misleading. 

I would recommend removing it. In general, the dashed lines are not explained; if needed, 

please do so—otherwise remove. 

Author response  



We re-examined Fig. 1. The lower-right inset is retained because it forms part of the 

cartographic elements required for the complete representation of a map of China under 

the current national mapping specifications. Specifically, Sections 5 and 6 of the 

Specifications for the Representation of Public Map Content (Natural Resources 

Regulation [2023] No. 2) state that a complete map of China should include the South 

China Sea islands, which may be presented as an inset. The official document is available 

at the link below: 

https://www.mfa.gov.cn/web/wjb_673085/zzjg_673183/bjhysws_674671/bhflfg/dtdmxgfl/2

02303/P020230313585504979937.pdf?utm_source=chatgpt.com 

The inset is retained solely to preserve the geographic completeness of the base map and 

is not used for site selection, dataset partitioning, or result analysis. To prevent it from 

being misinterpreted as an additional study region, we now restrict the analytical 

information in the text and caption to the station locations and the distinction between the 

development sites and the three independent test sites. 

The dashed and boundary lines are likewise geographic elements of the base map. They 

do not represent climatic regions, dataset partitions, or model-training areas. We checked 

their presentation and clarified in the caption that these elements have no additional 

analytical meaning in this study. 

 

Location of revision 

Section 2.1, Lines 137–149; Figure 1 caption, Lines 150–153. 

 

Specific comment 3 Figure 2 retrieval 

calibration 

Reviewer comment 

Figure 2: The measurements in the panels you provide look impressive. Congratulations. 

Nevertheless, it would be important to know how you performed calibration (e.g. reference 

https://www.mfa.gov.cn/web/wjb_673085/zzjg_673183/bjhysws_674671/bhflfg/dtdmxgfl/202303/P020230313585504979937.pdf?utm_source=chatgpt.com
https://www.mfa.gov.cn/web/wjb_673085/zzjg_673183/bjhysws_674671/bhflfg/dtdmxgfl/202303/P020230313585504979937.pdf?utm_source=chatgpt.com


height) to retrieve the high-resolution backscatter coefficient (panels f–h). Please provide 

this information, e.g. in the respective section line 195 ff or the Annex. 

Author response   

We added descriptions of the Raman and Fernald retrieval procedures. Raman extinction 

does not require an assumed lidar ratio, whereas Raman backscatter is obtained from the 

elastic-to-Raman signal ratio with molecular normalization. When Raman retrievals are 

unreliable, the Fernald method is used, with a manually selected cloud-free molecular 

reference region typically located at 6–10 km. We also emphasize that these retrieved 

products are used only for auxiliary annotation and physical interpretation and are not used 

as model inputs. 

Location of revision 

Section 2.3, Lines 184–217. 

Relevant revised text 

“The resulting elastic-signal-based estimates remain sensitive to the assumed lidar 

ratio and reference-region selection (Klett, 1981; Fernald, 1984) and are therefore 

used only as auxiliary information for expert interpretation rather than as deterministic 

annotation criteria.” 

 

Specific comment 4 Section 2.2 maintenance 

and instrument consistency 

Reviewer comment 

Sec. 2.2: It is stated that “each site performs routine maintenance and periodic calibration 

following operational protocols”. Can you provide more information on that or give 

references? Furthermore, the lidar description you give seems to be valid for all 47 sites; 

is this correct? Please state more explicitly. 

Author response   



We clarified that the CARLNET instruments included in this study were mainly supplied by 

two manufacturers, but they were developed, calibrated and operated according to unified 

operational technical specifications. All of the 47 lidar systems are multiwavelength 

polarization Raman lidar with capability of 3β+2α+2δ+water vapor measurements. 

We also added two references documenting complementary aspects of CARLNET 

operation and quality assurance. Shao et al. (2025) describe the calibration and quality-

control procedure for the water-vapor Raman channel, whereas Bu et al. (2026) present 

the network-level quality assessment of lidar raw signals, including signal saturation, 

Rayleigh-fit quality, effective detection range, and the identification of potential hardware 

anomalies. 

Shao, N., Wang, Q., Bu, Z., Yin, Z., Dai, Y., Chen, Y., and Wang, X.: China Aerosol Raman 

Lidar Network (CARLNET)—Part I: Water Vapor Raman Channel Calibration and Quality 

Control, Remote Sens., 17, 414, https://doi.org/10.3390/rs17030414, 2025. 

Bu, Z., Dai, Y., Mao, S., Wang, Q., Yin, Z., Wei, Y., Wang, X., Chen, Y., and Zhang, P.: 

China Aerosol Raman Lidar Network (CARLNET)—Part II: Quality Assessment of Lidar 

Raw Data, Remote Sens., 18, 663, https://doi.org/10.3390/rs18040663, 2026. 

  

Location of revision 

Section 2.2, Lines 154–174. 

 

Specific comment 5 Missing unit after 407 

Reviewer comment 

Line 158: “and 407 Raman channels” missing “nm” after “407”, please add this. 

Author response  

We added the missing unit and standardized the wavelength units for all channels 

throughout the manuscript. 

https://doi.org/10.3390/rs17030414
https://doi.org/10.3390/rs18040663


Location of revision 

Section 2.2, Lines 158–162: “the 407 nm water-vapor Raman channel”. 

 

Specific comment 6 One-month test period 

Reviewer comment 

Test data (line 236): Why was only one month chosen as the test dataset, rather than data 

distributed over a whole year? 

Author response   

We added the rationale for selecting a fixed continuous one-month period as the test set. 

The primary objective of this study is to evaluate model performance throughout 

continuous operational observations under natural weather evolution, day–night 

background variations, changes in instrument status, and different aerosol environments, 

rather than to select specific cloud events. A continuous one-month dataset preserves 

these real-world variations and avoids the event-selection bias that could arise from 

manually choosing representative cases. 

Continuous observations from January 2025 were used at all three test sites, providing a 

consistent temporal basis for cross-site comparison. At the same time, we agree that a 

one-month period cannot represent the complete seasonal cycle. The revised manuscript 

therefore explicitly identifies annual and cross-season generalization as limitations of the 

present study and as priorities for future evaluation. 

 

Location of revision 

Section 2.1, Lines 137–149; Conclusion and Discussion, Lines 700–705. 

Relevant revised text 

“A continuous fixed-period test set was chosen to provide an event-independent 

operational evaluation while preserving natural variations in cloud conditions, aerosol 



background, daytime–nighttime SNR, and instrument status. Using the same period 

at all three sites also enables a consistent cross-site comparison.” 

 

Specific comment 7 Radiosonde availability 

Reviewer comment 

Sec. 2.5. Radiosondes available at all sites? Please clarify. 

Author response   

We thank the reviewer for raising this point. Co-located operational radiosonde 

observations are available at all 47 CARLNET sites, but the present study does not use 

radiosonde data from all of them. To maintain consistency with the strict cross-site testing 

protocol, the radiosonde-based consistency assessment uses only observations collected 

at the three independent test sites during the continuous test period in January 2025. After 

temporal matching and quality control, 47 valid lidar–radiosonde matched cases were 

retained. Thus, “47” refers to the total number of matched cases aggregated across the 

three test sites, rather than to the number of radiosonde stations. 

We have clarified the overall availability of the radiosonde observations, their actual use in 

this study, and the matching procedure in Sections 2.5 and 4.3. Table 4 summarizes the 

evaluation results for the three test sites. Given the horizontal drift of radiosonde balloons 

and the temporal evolution of clouds, radiosonde-derived moist layers are used only as an 

independent structural-consistency reference and are not treated as absolute ground truth 

for lidar-derived cloud boundaries. 

 

Location of revision 

Section 4.3, Lines 598–605; Table 4 caption, Lines 649–650. 

 



Specific comment 8 Figure 3 pooling and 

dimensions 

Reviewer comment 

Figure 3 (pipeline) – The show graph has great potential but still needs some more 

clarification: Also, the caption must be extended. The captions describing the pooling 

operation (all the way to the left) needs to be rechecked as I believe there are several typos 

here. Firstly, both the uppermost and the middle pooling approach are stated to be applied 

for “Range gate > 1600”. However, the middle approach should be applied from “800 < 

Range gate < 1600” from the description in the appendix. Please fix this. I would also 

recommend to include the actual height as an additional information instead of only the 

range gates, i.e., 0-12km, 12-24km, and 24-30km respectively for the different pooling 

approaches (from the lowermost to the uppermost). Secondly, it is stated in the uppermost 

approach that a pooling of 16 bins is used. However, in the Appendix, a pooling of 8 bins 

is stated for the same region. Please fix this inconsistency. 

Author response   

The caption of Fig. 3 has been substantially expanded. We rechecked and standardized 

the vertical resampling settings across Fig. 3, Section 3.2, and Appendix A1. Each original 

profile contains 2048 vertical range bins at 15 m resolution. The original sampling is 

retained from 0 to 12 km, while resampling factors of 4 and 8 are applied at 12–24 and 24–

30 km, respectively. The resulting vertical dimension is therefore 1056 rather than 512. 

The duplicated range labels and the incorrect factor of 16 in the original figure have also 

been corrected. 

We now consistently refer to this operation as “vertical resampling” and clarify that it is 

applied before the data enter the network. Its purpose is to preserve low-level cloud 

boundaries and aerosol–cloud transition details while reducing redundant sampling at 

middle and upper levels and representing weak high-altitude structures over larger 

effective vertical scales. This input-preprocessing operation is distinct from the internal 

downsampling used by the network for feature extraction. 



 

Location of revision 

Figure 3; Section 3.2, Lines 343–352; Appendix A1, Lines 719–742. 

 

Specific comment 9 Adaptation ablation 

Reviewer comment 

Lines 397–398: “Any experiment that introduces a small amount of labeled data from the 

test sites is explicitly treated as an adaptation ablation rather than as part of the main 

validation protocol.” What is meant by “adaptation ablation”? I do not get this. Please 

consider rephrasing this point to make it clearer for the reader. 

Author response  

We removed the term “adaptation ablation” and consistently replaced it with “test-site 

adaptation experiment.” We also clarify that any experiment involving a small amount of 

labeled data from the test sites is reported separately and is not part of the main strict 

cross-site evaluation protocol. 

Location of revision 

Section 4, Lines 438–447; Section 4.1, Lines 453–479. 

Relevant revised text 

“To evaluate the performance of different training strategies under limited manual 

annotations, we conducted a test-site adaptation experiment using varying amounts 

of labeled training data.” 

 

Specific comment 10 Figure 4 introduction 

order 

Reviewer comment 



Lines 402–403: The x- and y-axis of Figure 4 are introduced before the actual figure is 

introduced. Please move this to after you introduce the figure. 

Author response   

We revised the paragraph order so that Fig. 4 and the four training strategies are 

introduced before the meanings of the horizontal and vertical axes are explained. 

Location of revision 

Section 4.1, Lines 453–459. 

 

Specific comment 11 No pretrain label 

Reviewer comment 

No Pretrain: The evaluation category “no pretrain” sounds a bit strange. It could be worth 

renaming it to “no pretraining” to be more consistent with the second category “pretraining”. 

Author response   

We agree that the original label “no pretrain” was nonstandard and have therefore removed 

it. We did not replace it directly with “no pretraining” because that expression indicates only 

the absence of pretraining without specifying the actual training strategy used for the 

control model. This model is initialized randomly and trained end-to-end using only expert 

annotations. Therefore, “direct supervised training” provides a more accurate description 

and forms a clear contrast with the “physics-guided pretraining” comprising Stages 1 and 

2. In tables where “Pretraining” appears as a binary setting, “Yes/No” is used to indicate 

whether pretraining is applied. 

Location of revision 

Figure 4 and Table 2; Section 4.1, Lines 453–479. 

 



Specific comment 12 Table 2 marginal 

differences 

Reviewer comment 

Table 2 – Many values are only marginally different compared to others, yet the text 

emphasizes the benefit of, e.g., including test-site labels. Please clarify and probably 

rephrase to avoid overstating this effect. 

Author response  

We revised the interpretation of these results. The manuscript no longer claims that the 

inclusion of a small amount of test-site annotations produces a marked improvement. 

Instead, it states that the F1 score does not increase further after adding limited test-site 

annotations and that the main benefit arises from the transferable structural 

representations learned during pretraining. 

Location of revision 

Section 4.2.1, Lines 482–510. 

 

Specific comment 13 F1 interpretation and 

precision 

Reviewer comment 

F1: As you use the F1 score as the main metric, the interpretation of this value should be 

explained in the beginning. It would also be of interest to which extent differences are really 

significant. I.e., 0.928 vs. 0.937 seem to be the same for me and not a significant difference, 

but maybe I am wrong. Please clarify in the manuscript. 

Author response   

We added the definitions and interpretations of precision, recall, F1, and IoU in Appendix 

A7. Precision indicates the reliability of pixels predicted as cloud, whereas recall indicates 

the proportion of reference cloud pixels that are successfully detected. The F1 score is the 



harmonic mean of precision and recall and therefore summarizes the balance between 

false detections and missed cloud pixels. This interpretation is now stated explicitly when 

F1 first appears in the Abstract. IoU provides a stricter assessment of spatial overlap 

between the predicted and reference cloud masks. 

Regarding the difference between 0.928 and 0.937, we agree that it cannot be described 

as statistically significant without repeated training experiments and uncertainty estimates. 

The main text therefore characterizes it as a modest deterministic improvement under a 

fixed dataset split and training configuration. Its operational relevance is not determined by 

F1 alone but is evaluated together with detectable cloud-top errors, cloud-detection rates, 

boundary continuity in complex cases, and structural consistency with radiosonde-derived 

moist layers. 

 

Location of revision 

Section 4.2.1, Lines 491–500; Appendix A7, Lines 836–854. 

Relevant revised text 

“Precision measures the reliability of predicted cloud pixels, whereas recall measures 

the proportion of reference cloud pixels successfully detected. The F1 score is their 

harmonic mean and therefore summarizes the balance between false detections and 

missed clouds.” 

 

Specific comment 14 Interpretation of training 

cost 

Reviewer comment 

Lines 421–422: “Overall, the results suggest that pretraining not only reduces reliance on 

large-scale manual annotations for cloud-layer identification, but also provides a more 

controllable training cost for cross-site deployment.” I cannot follow this conclusion. Can 

you guide more with the interpretation of your results? 



Author response 

We thank the reviewer for raising this point. In the original sentence, “more controllable 

training cost” was intended to refer not to computational expense, training time, or financial 

cost, but to the expert-annotation effort required when deploying the model at a new 

CARLNET site. For continuous lidar observations, unlabeled measurements and outputs 

from the conventional VDE algorithm are relatively easy to obtain. In contrast, pixel-level 

expert annotation requires the joint interpretation of multi-channel signals, polarization 

characteristics, and auxiliary optical products, making it time-consuming and difficult to 

perform at large scale. We even developed a GUI for manual annotation. But it still takes 

10-60 min for annotating one-day lidar measurements, considering the many round checks 

of multiple data inputs. The three-stage strategy therefore first learns time–height structural 

features from unlabeled observations, then introduces weak physical guidance through 

VDE-derived probabilistic outputs, and finally performs supervised fine-tuning using only a 

limited number of expert labels. Its practical significance lies in reducing dependence on 

large-scale manual annotation and additional site-specific labels, rather than in reducing 

computational cost. 

The data-size experiment in Section 4.1 supports this interpretation. With only 10 labeled 

training days, direct supervised training achieves an F1 score of approximately 0.75, 

whereas the complete Stage 1 + Stage 2 pretraining strategy increases the F1 score to 

approximately 0.91. Stage 1 and Stage 2 individually also outperform direct supervised 

training. As the amount of labeled data increases, the performance of all strategies 

gradually approaches a plateau, indicating that the principal benefit of pretraining occurs 

under label-limited conditions. Furthermore, in the main strict cross-site evaluation, the 

model achieves an F1 score of 0.937 without using test-site observations during pretraining 

or test-site annotations during fine-tuning. This result further indicates that site-specific 

manual annotations are not a prerequisite for achieving strong cross-site performance 

under the current CARLNET configuration. 

We agree that the original expression could be interpreted as referring to computational or 

financial cost, neither of which was quantified in this study. We therefore removed 



“controllable training cost” and limited the revised conclusion to the experimentally 

supported concept of “annotation efficiency”: pretraining provides its largest performance 

benefit under small-sample conditions and reduces the dependence of cloud-layer 

identification on large-scale expert annotation and additional test-site labels. 

 

Location of revision 

Section 4.1, Lines 460–479. 

 

Specific comment 15 Early stopping 

Reviewer comment 

Lines 426–428: You state that an early-stop strategy is used to mitigate overfitting by 

terminating training when validation performance does not improve for a number of 

consecutive epochs. Please state how many epochs were used as the threshold to stop 

training. This could be added in the Appendix. 

Author response  

We added the early-stopping criterion. Training was terminated when the validation F1 

score failed to improve by more than (10-4) for five consecutive epochs, and the model 

checkpoint with the highest validation F1 score was retained. 

Location of revision 

Appendix A5, Lines 818–821. 

Relevant revised text 

“Training was terminated if the validation F1 score did not improve by more than 10−4 

for 5 consecutive epochs. The model checkpoint with the highest validation F1 score 

was retained for subsequent evaluation.” 

 



Specific comment 16 Table 2 category names 

Reviewer comment 

Lines 429–430: The categories “Test sites used in pretraining” and “Test-site labels used 

in training” are not category names used in Table 2. Please change this to be consistent 

with the names used in the table. 

Author response 

We standardized the category names as “Test-site observations used in pretraining” and 

“Test-site annotations used in fine-tuning” and defined both categories explicitly in the main 

text. 

Location of revision 

Section 4.2.1, Lines 482–490; Table 2. 

 

Specific comment 17 Table 3 cloud-base bias 

Reviewer comment 

Table 3 – Base-height bias is reported as –10 m for the pretrained model, which is 

negligible considering the vertical resolution of the lidar. 

Author response  

We agree. After recalculation, the cloud-base bias is −12.8 m, which remains smaller than 

the original 15 m vertical sampling interval. We now explicitly state that this bias is 

negligible at the native instrumental resolution. 

Location of revision 

Section 4.2.2, Lines 536–541; Table 3. 

 

Specific comment 18 Radiosonde statistics 

Reviewer comment 



Sec. 4.3: Several results from the radiosonde evaluation are stated in this section, such as 

DL and VDE identification rates for multilayer and first-layer clouds, without statistics 

backing them up. I would recommend explaining the setup in more detail and adding 

statistics in the form of a table. 

Author response 

We rewrote Section 4.3 to clarify that the 47 valid comparison cases were obtained from 

the three independent test sites. Lidar results within ±1 h of each radiosonde launch were 

compared with the radiosonde-derived moist layers. We also added Table 4 to summarize 

the number of matched cases, structural consistency rate, and the MAEs of cloud base 

and detectable cloud top. 

Location of revision 

Section 4.3, Lines 598–640; Table 4, Lines 649–650. 

 

Specific comment 19 Appendix methodological 

details 

Reviewer comment 

Appendix: 

• 611: Please specify in more detail what is meant with a “robust MAD scheme”. 

• 623: “512 bins” - I believe this may be a typo. By doing the calculations myself (assuming 

8 bin pooling in the uppermost approach) I end up with 1056 bins, as stated in figure 3, 

please check this. Additionally, it should be clearer stated that this pooling operation refers 

to an operation done on the input data before passing it to the model to avoid confusion 

with the pooling done in the actual model. 

• A2: please explain in more detail the numbers you give. How have they been selected, 

how can they be interpreted, etc. 



E.g. what does it mean: gaussian noise with probability 0.3 and SD 0.5? 

But also the other values are too briefly explained for full understanding and in the appendix 

you have enough space to do so – so no need to leave out information. 

• Data augmentation – The augmentation policy (random cropping, Gaussian noise, 

scaling, dropout) is described, but the impact of each component on final performance is 

not quantified. 

• 644: What is a “multi-task reconstruction objective” 

• 650: What is “BCE-with-logits”? – I would guess BCE stands for Binary cross-entropy but 

this is never explained. 

• A5: This section is hardly understandable. Please explain all the numbers you give in a 

proper way and also extend the description of the methodology. E.g. what is a “cosine 

annealing schedule”… 

• 673: Are the probability thresholds referring to the soft labels? This is unclear. Please 

describe it more unambiguously. 

Author response   

We thank the reviewer for carefully examining the reproducibility details in the Appendix. 

We made the following revisions: 

1. We added the formula for robust median absolute deviation (MAD) normalization 

and explained that the factor 1.4826 converts the MAD into a robust scale estimate 

consistent with the standard deviation under a normal distribution, while  (ε) 

prevents division by zero. 

2. We corrected the vertical input dimension to 1056 and clarified that the resampling 

over 0–12, 12–24, and 24–30 km is applied before the data enter the network rather 

than as pooling within the network architecture. 

3. We explained each data-augmentation parameter individually. The augmentation 

probability denotes the probability that a particular operation is applied to an 

individual training sample. The Gaussian-noise amplitude is interpreted relative to 

the channel-normalized scale, while the scaling, cropping, and dropout ranges are 



intended to simulate variations in signal energy, localized data loss, and channel 

instability. These ranges were selected empirically using observations and 

validation performance from the development sites; data from the test sites were 

not used for parameter selection. 

4. We expanded the Stage 1 “multi-task reconstruction objective” into three explicit 

tasks: full multi-channel reconstruction, channel-masked prediction, and temporal-

frame prediction. The combined loss function and corresponding weights are now 

provided. 

5. We clarify that BCE-with-logits is a binary segmentation loss that combines the 

sigmoid operation with binary cross-entropy in a single numerically stable 

calculation. We also provide the probabilistic supervision formulation used in Stage 

2. 

6. We added explanations of the cosine-annealing learning-rate schedule, optimizer 

parameters, and early-stopping criterion. 

7. We distinguished the roles of the three thresholds. The threshold of 0.4 is used for 

the aerosol-suppression constraint in Stage 2; 0.5 is used only to monitor validation 

metrics during training; and 0.65 is the final inference threshold selected using the 

held-out validation subset after Stage 3 and fixed before testing. The VDE teacher 

probabilities in Stage 2 are always used as soft targets and are not binarized before 

loss calculation. 

We did not add separate ablation experiments for every data-augmentation operation and 

therefore cannot quantify the individual contribution of each augmentation component to 

the final performance. The revised manuscript explicitly describes these operations as 

empirical robustness-enhancement settings within the complete training framework and 

does not attribute performance gains to any individual augmentation component. 

Location of revision 

Appendix A1, Lines 719–742; Appendix A2, Lines 744–760; Appendix A4–A6, Lines 771–

834. 



Relevant revised text 

“During training, a stride of 10 is used to reduce strong overlap among adjacent 

samples and improve computational efficiency. During inference, a stride of 1 is 

adopted to generate continuous cloud masks without temporal gaps.” 

“After Stage 3, the final operational threshold of 0.65 is selected using the held-out 

validation subset to balance missed detections and false positives.” 

 

Technical comment 1 Figure subpanels 

Reviewer comment 

Some figure subpanels (e.g. 7 and 8 d–e) are not referred to in the text. 

Author response   

We rechecked the panel numbering and added or standardized references to the 

representative subpanels in Section 4.3. The figure captions were also expanded to explain 

the individual panels and line styles. 

Location of revision 

Section 4.3, Lines 598–640; Figures 7–8 captions, Lines 644–656. 

 

Technical comment 2 Duplicate He et al. 2021 

references 

Reviewer comment 

There are two He et al. 2021 references which significantly differ. Please separate them 

as 2021a and 2021b. 

Author response  

We rechecked and corrected the reference list and in-text citations. The revised manuscript 

retains only the He et al. (2021) reference that is actually cited and corresponds to the 



relevant content in the main text. Therefore, two publications from the same year no longer 

need to be distinguished as 2021a and 2021b. 

 

Location of revision 

References and citations were checked throughout; the retained citation appears in 

Section 3.3, Line 386. 

 

Technical comment 3 Station numbers 

Reviewer comment 

The numbers given for the three reference stations are not explained. What do these 

numbers stand for, e.g. 58847 (Fuzhou)? 

Author response 

  

We clarified that the five-digit numbers preceding the station names are traditional World 

Meteorological Organization (WMO) station index numbers. These internationally 

standardized identifiers are used to distinguish meteorological observing stations. This 

explanation has been added to Section 2.1 and the caption of Fig. 1. For reference, the 

station list used in this study is available here, while official WMO station metadata can be 

accessed through WMO OSCAR/Surface (Observing Systems Capability Analysis and 

Review Tool (OSCAR)). 

Location of revision 

Section 2.1, Lines 137–140; Figure 1 caption, Lines 150–153. 

 

Technical comment 4 Input-channel correction 

Reviewer comment 

https://github.com/ZPYin/Radiosonde/blob/master/doc/radiosonde-station-list.txt?utm_source=chatgpt.com
https://oscar.wmo.int/surface/
https://oscar.wmo.int/surface/#/
https://oscar.wmo.int/surface/#/


Line 165: I think there is a mix-up. It should be the 355-parallel and the 1064-total elastic 

channel, correct? 

Author response   

Yes. We now provide the complete list of receiver channels and clarify in the Appendix that 

the model inputs comprise the 1064 nm total elastic signal, the 355 and 532 nm parallel-

polarized elastic signals, and the 355 and 532 nm volume depolarization ratios. 

Location of revision 

Section 2.2, Lines 155–170; Appendix A3, Lines 762–769. 

 

Technical comment 5 Repeated transition word 

Reviewer comment 

Line 254: “Therefore, radiosonde-based …”. Consider changing “Therefore” to “Thus” to 

avoid using “Therefore” to start two consecutive sentences. 

Author response   

We rewrote the transition and now use “Consequently” to introduce the statement that 

radiosonde-derived moist layers are used only as an independent consistency reference. 

Location of revision 

Section 2.5, Lines 270–272. 

 

Technical comment 6 Deep model wording 

Reviewer comment 

Line 282: “... guides the Deep model” typo of “deep learning model”? 

Author response   

We corrected the expression to “deep learning model.” 

Location of revision 



Section 2.6, Lines 295–303. 

 

Technical comment 7 Segmentation head 

Reviewer comment 

Line 346: What is a “segmentation head”? Please explain it in a way that is more 

understandable for a non-AI expert. 

Author response   

We now explain in the Appendix that the segmentation head is the output module that 

converts the network features into a single-channel pixel-level cloud/non-cloud mask. It is 

also distinguished from the reconstruction head, which is activated only during Stage 1. 

Location of revision 

Appendix A3, Lines 762–769. 

 

Technical comment 8 Figure 6 contour 

Reviewer comment 

Fig. 6: Please check the label. I do not see green dashed contours. 

Author response   

We removed the incorrect description of green dashed contours. The caption of Fig. 6 now 

consistently states that the black solid line represents the pretrained model, the black 

dotted line represents the direct supervised model, and the black boxes indicate regions 

of disagreement. 

Location of revision 

Figure 6 caption, Lines 593–596. 

 



Technical comment 9 Typographical error 

Reviewer comment 

Line 665: “hile” → “while”? 

Author response   

The typographical error has been corrected to “while,” and the relevant text in Appendix 

A5–A6 was rechecked. 

Location of revision 

Appendix A5–A6, Lines 808–834. 

 


