
Dear Reviewer:  

 

We would like to thank you for the time you have put towards our manuscript. All your 

comments have been considered and responded to carefully, with the resultant revised 

manuscript being much improved. To facilitate navigation, below, we use a concatenated code 

of comment number. For instance, C1 means Comment 1. The referees’ comments are listed 

in black italics, and our responses in blue. New text added to our revised manuscript or heavily 

revised text in green. Please find below our point-by-point replies to your comments. 

 

C1: A variety of cloud properties influence cloud radiative effects, including cloud optical 

thickness, particle effective radius, and several others. In this manuscript, however, cloud 

fraction is treated as the key variable. The authors are encouraged to clarify the reasoning for 

prioritizing cloud fraction over other potentially important cloud parameters. 

 

DONE. We appreciate the reviewer’s insightful comment. We fully agree that cloud optical 

thickness, particle effective radius, cloud top height, and other parameters are physically 

important for determining cloud radiative characteristics. 

 

In this study, cloud fraction is prioritized for two main reasons. First, cloud fraction exerts a 

first-order control on shortwave radiation by determining the spatial extent of cloud coverage, 

whereas other cloud properties primarily modulate the radiative impact within already cloudy 

regions. Previous studies have explicitly highlighted the dominant role of cloud fraction in 

modulating radiative fluxes (Qian et al., 2012). Consequently, biases in cloud fraction tend to 

propagate efficiently into area-averaged shortwave flux errors. In addition, cloud fraction is 

among the most accessible and consistently available cloud variables in long-term satellite 

records. It is routinely provided by widely used remote-sensing products. Compared with 

more complex cloud descriptors, such as vertical cloud structure or microphysical parameters, 

cloud fraction generally exhibits greater spatial continuity and lower computational demands. 

 

Second, in high-latitude regions, cloud fraction has been shown to exhibit larger and more 

systematic uncertainties in satellite retrievals compared to other cloud properties, largely due 

to challenges in cloud detection over bright surfaces and under low solar illumination. For 

example, Liu (2022) demonstrated that the underdetection of low-level Arctic clouds by active 

sensors (on the order of 25%) can lead to surface monthly mean cloud radiative forcing errors 

approaching ~2.5 W m⁻². Similarly, Zib et al.( 2012)compared several reanalysis products with 

BSRN observations at Arctic sites and showed that cloud fraction biases of 20–30% may result 

in monthly deviations in downward shortwave radiation exceeding 90 W m⁻². These findings 

indicate that cloud fraction uncertainty represents a major contributor to radiative flux biases 

in high-latitude environments. 

 

Although cloud fraction is the only variable explicitly perturbed in our framework, the ANN-

based radiative model is trained on comprehensive radiative states and therefore implicitly 

accounts for the statistical influence of other cloud properties, conditioned on the background 

atmospheric and surface conditions. The objective of this work is not to isolate the individual 



radiative effects of each cloud parameter, but to efficiently correct radiative biases associated 

with cloud fraction errors under realistic observation constraints. 

 

We have added clarifying text in the manuscript to better articulate this rationale and to 

acknowledge the role of other cloud properties. 

 

Lines 52-58: 

“Previous studies have demonstrated that CF plays a dominant role in regulating radiative 

fluxes (Qian et al., 2012). By controlling the areal extent of cloud coverage, CF exerts a first-

order influence on shortwave radiation, whereas other cloud properties mainly modulate the 

radiative response within already cloudy regions. Among these variables, cloud fraction (CF) 

is arguably a simplified descriptor, yet it has become the most fundamental parameter for 

radiation studies owing to its availability across multiple satellite products with long temporal 

coverage and broad spatial extent.” 
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C2: Using the improved DSR to estimate NR is a good idea, and the strategy of bypassing the 

longwave component by introducing other parameters is interesting. The rationale for 

selecting these specific variables is not fully clear. The authors are encouraged to explain why 

these variables were chosen. 

 

DONE. We appreciate the reviewer’s comment. In this study, NR is estimated by building upon 

corrected downward shortwave radiation (DSR), which serves as the primary energy input to 

the land surface during daytime. The strong correlation between shortwave radiation and NR 

provides a physical basis for this approach(Chen et al., 2022). Surface albedo is therefore 

included to account for variations in shortwave absorption efficiency, as the same DSR can 

result in substantially different net shortwave radiation over surfaces with contrasting 

reflective properties. The length of daylight (LRD) is introduced to represent the temporal 

integration of solar radiation and to bridge instantaneous or near-noon shortwave conditions 

with daily mean net radiation, as previously demonstrated by Chen et al. (2020). 

 

To account for the longwave component of NR, near-surface air temperature (Ta) and 

atmospheric humidity (RH) are incorporated as key thermodynamic variables. Ta serves as a 



proxy for surface–atmosphere thermal conditions and is closely related to outgoing longwave 

radiation, while RH reflects atmospheric water vapor content, which strongly regulates 

downward longwave radiation. These variables collectively help constrain the longwave 

radiative exchange that cannot be inferred from DSR alone. Finally, fractional vegetation cover 

(FVC) is included as an integrated descriptor of surface characteristics, influencing albedo, 

surface roughness, and evapotranspiration, all of which affect the partitioning of net radiation. 

Similar roles of vegetation and temperature in modulating the DSR–NR relationship have been 

reported in previous studies(Huang et al., 2016; Jiang et al., 2015). 

 

Together, these variables enable a physically consistent estimation of NR by complementing 

shortwave information with surface and atmospheric state descriptors, rather than relying on 

shortwave radiation alone. 

 

We have added clarifying text in the manuscript:  

Lines 228-237: 

“Building upon our previous research (Chen et al., 2022), we further leveraged the strong 

correlation between shortwave radiation and NR to develop an extended estimation model 

based on shortwave radiation. To implicitly constrain the longwave component of NR, near-

surface air temperature and atmospheric humidity are included as key thermodynamic 

variables related to surface emission and atmospheric emissivity. Fractional vegetation cover 

is used as an integrated indicator of land surface conditions affecting radiative partitioning. 

Previous studies have demonstrated that vegetation and temperature are key factors in 

regulating the relationship between shortwave radiation and NR (Huang et al., 2016; Jiang et 

al., 2015), while the length of daylight (LRD) has been found to influence their daily mean 

relationship (Chen et al., 2020). Accordingly, the extended model incorporates shortwave 

radiation, surface albedo, LRD, fractional vegetation cover (FVC), Ta, and RH as key variables, 

all aggregated to monthly means as model inputs.” 
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C3: In estimating NR, the authors incorporate multiple parameters, some derived from CERES 

and others from various independent products. Because these datasets differ in spatial 

resolution, it is not clear how the authors handled the mismatch in resolution when 

constructing the training dataset and matching predictors with the target variable. The 

authors should clarify the preprocessing steps used to ensure spatial consistency across 

datasets. 

 

DONE. We thank the reviewer for pointing out the potential issue of spatial resolution 

mismatch among different datasets. To ensure spatial consistency between predictors and 

the target variable, all ancillary variables were resampled to the native spatial resolution and 

grid of the CERES product prior to constructing the training dataset. 

 

Specifically, CERES data were used as the reference grid. All other variables derived from 

independent datasets were reprojected and resampled onto the CERES grid using a nearest-

neighbor resampling approach. This method was applied consistently to all predictors to 

preserve the original physical values of each variable and to avoid artificial smoothing that 

could be introduced by interpolation-based resampling. 

 

This clarification has been added to the revised manuscript: 

Lines 241-243: 

“To ensure spatial consistency, all ancillary variables were reprojected and resampled to the 

native spatial resolution and grid of the CERES product prior to model construction. Nearest-

neighbor resampling was applied to preserve the original physical values of each variable.” 

 

C4: In Figure 9, the caption refers to “Validation of DSR,” but this figure is validating NR. Please 

revise the caption accordingly. 

 

DONE. Thank you for pointing out this inconsistency. We have corrected the figure caption to 

accurately reflect that Figure 9 presents the validation of NR rather than DSR. 

 

C5: In the Ground-measured data description section, the authors should provide appropriate 

references for all data sources used for the observational stations. 

 

DONE. We thank the reviewer for this helpful suggestion. Appropriate references for all 

ground-based observational data sources have now been added to the Ground-measured 

data description section (Lines 145, 152, and 160). 
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