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Response to the comments of Reviewer 2 

Thank you for reviewing our manuscript thoroughly and providing constructive comments and 

valuable suggestions. The reviewer’s comments are in black Italics followed by our responses (in blue). 

The red text within the quotation marks is the revisions in the manuscript, while the black text is the 

unmodified content. 

The authors present a study on the impacts of lossy compression in WRF simulations over the 

contiguous United States. The precision of input or output fields is truncated (rounding) and 

errors are analyzed across different variables and derived diagnostics. The authors conclude with 

a strategy who to truncate WRF data in their case. 

The paper addresses lossy compression the prevailing solution to growing data archives in 

weather and climate modelling. Given that lossy compression is either not applied or analyses 

hardly reach the level conducted here I also see this as a timely contribution as it suggests safe 

levels of compression errors. Novel is the analyses of errors arising from rounding input data, 

most compression studies deal with output data and therefore ignore the effect of rounding errors 

on a simulation. In that sense I am generally happy to accept this study but only after major 

changes: The methods aren't well reported, some subjective choices are unjustified and much of 

the literature in this field from recent years is not cited and their conclusions therefore in relation 

to results here not discussed. I find much around the choice of error metrics problematic and 

insufficiently motivated and discussed particularly when they are used to define an "optimal 

truncation strategy". 

I start with some major points, note that some of the minor points may repeat issues as I wrote 

the minor points first. Feel free to cross-reference your answers. 

Thank you for your careful reading of the manuscript and for recognizing both the relevance and 

novelty of this work. We are encouraged that you consider this analysis timely and potentially useful for 

identifying safe levels of compression. In accordance with your suggestions, we have carefully and 

substantially revised the manuscript to address the concerns you raised. Please find our point-by-point 

responses listed below. 

 

1) Precision truncation method 

It is not stated how the precision of floating-point numbers is actually truncated. Generally, this 

is known as rounding (given you apply the truncation to numbers and not e.g. spectra) so I suggest 

you to adapt the term "rounding". There are many rounding modes available, so please state the 

details here. I highly suggest you to apply IEEE 754 standard round to nearest tie to even, it's an 

IEEE standard for a reason. Other rounding modes are bit shaving, setting or grooming (as 

terminology used by Zender et al.) however they have a towards or away from zero and don't deal 

with ties properly. You never talk about bits so it's unclear to me whether you actually round in 
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binary (zeroing trailing mantissa bits) or whether you round in decimal like round(x*10^N)/10^N. 

I can't find this in the provided Fortran code (no readme provided). If you don't round in binary 

then you truncate the precision without actually setting bits to 0, e.g. 0.1 has a 001100110011... 

mantissa in binary. The lossless compressors will still be able to compress this somewhat but 

you're essentially giving the compressors a much harder time than if it was rounded in binary. 

Please state your methods, also the cited Walters and Wong (2023) don't seem to explain this in 

detail. Also how to deal with ties is important, IEEE 754 introduced alternating rounding of ties 

up and down (to the nearest even number) for the reason to avoid an away from zero bias. Given 

you talk about biases in your error analyses, the role of ties is unclear a priori. 

Thank you for your thorough and insightful review.  

According to your suggestion, we have revised the relevant terminology in the manuscript to 

“decimal significant-digit rounding” or “significant-digit rounding”. The term “precision truncation” used 

in the previous version has been replaced with “precision reduction” or “decimal significant-digit 

rounding,” and expressions such as “truncation strategies” have been replaced by “precision reduction 

configurations.” Concerning the significant-digit rounding method, we have added a clear statement in 

the revised manuscript that we employ a decimal significant-digit rounding approach which was 

developed in the Walters and Wong (2023) paper, and added a new Table 2 in Section 2.2 to demonstrate 

the idea.  

The decimal significant-digit rounding tool is written in Fortran. The basic idea of the decimal 

significant-digit rounding tool contains three steps: (1) formulate a specific Fortran scientific format 

statement with respect to a given n, where n is the number of significant digits you want to keep; (2) write 

a real number to a character string based on that specific format statement created in Step 1, and; (3) read 

a new real number from the character string which was created in Step 2.  

Here are the actual lines of code: 

character (len = 30) :: fmt, str 

write (fmt, '(a2, I2.2, a1, I2.2, a1)') '(e', n+7, '.', n, ')') 

          write (str, fmt) real_number 

          read (str, *) new_real_number 

Here is a sample toy code for testing purposes: 

          program test 

          implicit none 

          integer :: ndigits 

          real :: old, new 

          character (len = 30) :: fmt, str 

          write (6, *) ' enter a real number and the number of significant digits  

you want to keep' 

          read *, old, ndigits 
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          if ((ndigits > 8) .or. (ndigits < 0)) then 

             write (6, *) ' Abort: Invalid n_digits setup (proper range [ 0, 8 ]' 

             write (6, *) 

             stop 

          end if 

 

          write( fmt, '(a2, i2.2, a1, i2.2, a1)') '(e', ndigits+7, '.', ndigits, ')' 

          write (str, fmt) old 

          read (str,*) new 

 

          write (6, '(a14, 2e18.8)') ' ==d== result ', old, new 

 

        end program test 

Please note that rounding (traditional rounding technique, values ≥ 5 round up, and values < 5 round 

down) will be performed in Step#2 by Fortran internally. In mathematical scientific notation, a × 10n, 

where 1 ≤ a ≤ 10 but in Fortran it is 0 ≤ a ≤ 1. As a result, there are 7 reserved spaces (indicated in the 

above line of code) in the Fortran scientific notation to hold, the sign of the value, the notation of “0.”, 

and exponent “E±mn”. Follow your suggestion, we have added the details of rounding method in the 

revised manuscript (Section 2.1: Lines 153–158) and added a detailed README file in public released 

code.  

We agree with you that conducting more operations at the binary level can yield data patterns with 

greater compressibility, as evidenced in Delaunay et al. (2019). However, we refrain from making any 

specific claim regarding the general superiority of binary-level over decimal-level compression 

effectiveness dealing with WRF related data without providing a comprehensive evaluation, which is 

beyond the scope of this work, of these two underlying methodologies. Providing a comprehensive 

evaluation of these underlying binary mechanisms remains beyond the scope of the present study. The 

primary motivation for our adoption of the decimal-based significant digit method lies in its intuitive 

nature and ease of implementation. This approach allows users to intuitively grasp the mechanism of 

precision reduction, thereby lowering the barrier to adoption within the community and facilitating the 

integration of compression strategies into the practical workflows of a broad range of model users. In the 

revised Section 2.2 (Lines 162–167), we have incorporated a detailed methodological discussion to clarify 

the rationale for adopting the decimal rounding method and to highlight its inherent limitations in 

compression efficiency compared to further manipulation on the binary level. 

Thank you for highlighting the importance of using the IEEE 754 round-to-nearest, ties-to-even 

rounding rule to avoid potential systematic bias associated with exact tie cases. We agree that this 

rounding mode is theoretically preferable and represents best practice for unbiased rounding. To assess 

the practical impact of this issue in the context of our study, we conducted an additional statistical 

evaluation to quantify how frequently exact tie cases occur in the variables analyzed. Across the 16 

examined variables (e.g., T2, Q2, U10, V10, and precipitation), each containing approximately 1.4 billion 

data points, we evaluated the proportion of values for which conventional decimal rounding and ties-to-
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even rounding would produce different results. The results indicate that such cases are rare. Depending 

on the number of retained significant digits, the proportion of affected values is approximately: 

~0.003–0.005% when keeping 3 significant digits, 

~0.03–0.04% when keeping 4 significant digits, and 

~0.2–0.4% when keeping 5 significant digits.  

This means that more than 99.6–99.99% of values are rounded identically under both rounding rules, 

indicating that the practical impact of rounding-mode selection on the datasets analyzed in this study is 

negligible. Given this very small difference and the fact that the current implementation relies on the 

default rounding behavior of the Fortran environment used in our study, we retained the existing 

implementation. However, following your suggestion, we have now added a quantitative assessment and 

discussion of this issue in the revised manuscript to clarify its potential implications. The corresponding 

explanation has been added to (Section 2.2: Lines 168–174). 

Lines 153–158: 

“This scheme regulates numerical precision by retaining a user-specified number of significant digits. 
The rounding procedure was carried out using a dedicated Fortran routine based on internal character 
formatting: each floating-point value is first converted into a string in scientific notation using a 
dynamically specified Fortran format descriptor (i.e., Ew.d, where E denotes the exponential scientific 
notation, the total width w = n + 7, and the number of decimal places d = n; here, n denotes the targeted 
number of significant digits to retain), and the formatted string is subsequently read back into floating-
point representation.” 

Lines 162–167: 

“The deliberate adoption of this decimal-based approach, instead of direct binary mantissa manipulation, 
is motivated by the following considerations: decimal significant-digit rounding enables users to 
intuitively understand and verify the exact numerical modifications applied to the data, thereby lowering 
the adoption barrier for practical modeling workflows. Nevertheless, we acknowledge the inherent 
compression advantages of bit-level operations. As demonstrated by Delaunay et al. (2019), algorithms 
that map decimal precision requirements to the binary mantissa can maximize sequences of consecutive 
zero bits, thus generating data patterns with higher compressibility.” 

Lines 168–174: 

“Furthermore, traditional decimal rounding (rounding half away from zero), which is natively handled by 
Fortran, may theoretically introduce systematic biases compared to IEEE 754 round-to-nearest, ties-to-
even rules (IEEE, 1985). We conducted a statistical evaluation and found that exact tie cases are rare when 
we practically apply the method of rounding to significant digits. Across all examined core variables (e.g. 
surface meteorological field and precipitation, each comprising over 1.4 billion data points), exact tie 
situations occurred at low frequencies: approximately 0.003–0.005% for retaining 3 significant digits, 
0.03–0.04% for 4 significant digits, and 0.2–0.4% for 5 significant digits. Because over 99.6% of values 
are rounded identically under both approaches, the practical impact of rounding-mode selection on the 
datasets analyzed herein is negligible.” 
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Table 2. An example of retaining different significant digits for WRF output variables. 

Variables Full precision 5-digit  4-digit  3-digit  
T2 (K) 290.3516 290.35 290.4 290 
Q2 (kg kg-1) 0.01852282 0.018523 0.01852 0.0185 
U10 (m s-1) 0.5504633 0.55046 0.5505 0.551 
V10 (m s-1) -1.483089 -1.4831 -1.483 -1.48 

 

 

Related is that you don't state whether you're dealing with single or double precision numbers. If 

you're doing binary rounding then the compressor can take care of the additional 4 byte of zeros 

but if you round in in another base that may matter and also is relevant to the stated size of your 
baseline dataset being ~3TB. 

Thank you for your comment. It was our oversight that we did not state that we were dealing with 

single-precision netCDF data. The reported baseline dataset size of ~3 TB is computed on the basis of 

this single-precision storage format. We have clarified in the revised Section 2.2 (Lines 151–153) and 

Section 3.1 (Lines 300–302). 

Lines 151–153: 

“The input and output data of the WRF model are stored in single-precision (float32) format, which 
supports a numerical precision of approximately 7 significant digits. To control the precision of such 
single-precision netCDF datasets, this study implements a decimal significant-digit rounding method 
following Walters and Wong (2023).” 

Lines 300–302: 

“All calculations are benchmarked against a full-precision baseline (stored in the standard 32-bit single-
precision floating-point format) comprising 837.0 GB of uncompressed input forcings and 7395.8 GB of 
uncompressed output data.” 

 

2) Lossless codecs 

There are many other lossless codecs available yet you focus on bzip2 and gzip both are about 30 

years old. Newer ones are Zstandard, Blosc, LZ4, or pcodec. Why don't you compare with those? 

There might be a reason why you want to use those older codecs but if they have an advantage 

over newer one, please state them? Also related is that bzip2 just seems to be the better choice in 

your case but you don't actually report on (de)compression speed (gzip might be faster). I suggest 

to compare against at least one compressor of the newer generation, e.g. Zstandard. Each of them 

also has compression options to trade in speed for compression that need to be stated. With 

Zstandard for example you can choose a really high compression level, which produces smaller 

compressed files but takes forever. So generally, you should always state this tradeoff and the 
limits you apply, e.g. you don't want a compressor to be slower than 100MB/s or so. 
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Thank you for this helpful suggestion. Following this recommendation, we have expanded our 

compression benchmark analysis to include Zstandard (Zstd), which is widely regarded as a modern high-

performance codec and is representative of the newer generation of compressors designed to balance 

compression efficiency and runtime performance. 

In the revised manuscript, we now compare gzip, bzip2, and Zstd across multiple precision-reduction 

configurations. To ensure a realistic comparison for WRF workflows, we conducted targeted benchmark 

experiments on both input forcing datasets and model output files. Specifically, we selected seven 5-day 

segments of WRF input data (starting on January 1, 6, 11, 16, 21, 26, and 31) and applied compression to 

four datasets: the original full-precision data and datasets with 5, 4, and 3 retained significant digits. The 

same methodology was applied to seven daily WRF output files (January 1–7) to evaluate compression 

performance for model outputs. Because the performance of Zstd depends strongly on compression 

parameters, we evaluated multiple configurations. Zstd typically supports compression levels ranging 

from 1 to 19, which allow users to trade computational cost for improved compression ratios. In our 

benchmarks, we tested compression levels 3, 7, and 19 using a single CPU core, as well as level 19 using 

8 threads to evaluate the benefits of parallel execution. 

The benchmark results reveal a clear trade-off between compression efficiency and computational 

cost. For raw full-precision datasets, Zstd achieves compression ratios comparable to or slightly better 

than bzip2 while operating substantially faster when multi-threading is enabled. However, once decimal 

significant-digit rounding is applied, the relative performance changes: bzip2 consistently produces 

smaller compressed files than Zstd across all tested configurations. 

This behavior likely reflects differences in the underlying compression algorithms. Zstd is based on 

LZ77-style dictionary matching, which is highly effective when repeated or closely matching byte 

sequences occur. In precision-reduced floating-point datasets, rounding introduces structured regularity 

mainly in the lower-order mantissa bits, while higher-order bits retain physically meaningful variability. 

Such patterns may reduce the frequency of exact byte-level matches, limiting the effectiveness of 

dictionary-based compression. In contrast, bzip2 uses the Burrows–Wheeler Transform, a block-sorting 

approach that reorders data to cluster similar patterns prior to entropy encoding and appears to better 

exploit the structured redundancy introduced by decimal significant-digit rounding. 

Based on these results, we use bzip2 as the analytical baseline for estimating maximum storage 

savings, and explicitly recommend it for long-term cold archiving where absolute space storage savings 

supersedes compression/decompression speed. Furthermore, as a ubiquitous standard utility natively 

available across virtually all high-performance computing (HPC) environments, bzip2 ensures seamless 

data portability and zero-dependency deployment. Conversely, Zstd is recommended for practical, active 

workflows. Zstd provides a favorable balance between compression ratio and processing speed, 

particularly when multi-threading is enabled, making it well suited for active research environments 

where datasets are frequently accessed. 

The new benchmark experiments and discussions have been incorporated into the revised manuscript 

in Section 2.2 (Lines 199–205), Section 3.1 (Lines 323–364), and Conclusions (Lines 725–727) with the 

detailed compression ratios and configuration settings reported in Tables 6 and 7. 
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There is currently no discussion on data formats in the manuscript. While the rounding can be 

applied to any format as it just operates on floating-point numbers in some arrays the use of 

different lossless codecs may be integrated into the format (e.g. netCDF with zlib compression, 

compresses fields but not the header so you don't have to decompress to read the metadata). So, 

for the tool you built, which data formats does it operate on? 

The decimal significant-digit rounding method developed in this study is fundamentally format-

agnostic, as it operates directly on floating-point data arrays. In principle, it can be applied to any data 

format that stores numerical fields in standard floating-point representation (e.g., netCDF, HDF5, or 

binary formats). However, in the current implementation, the tool is configured to operate on netCDF 

datasets, which are the standard input and output format of WRF simulations.  

Within the netCDF framework, the rounding procedure is applied exclusively to floating-point data 

variables, while the file structure, metadata, and header information remain unchanged (Section 2.2: Lines 

158–161). As a result, the method preserves full compatibility with format-native compression schemes, 

including netCDF internal zlib compression. In this case, compression is applied only to the data variables, 

whereas metadata remains uncompressed and directly accessible, allowing efficient metadata inspection 

without triggering data decompression. 

We have expanded the manuscript to explicitly discuss the interaction between precision reduction 

and format-integrated compression (Section 3.1: Lines 315–356). We now include a comparison between 

netCDF internal compression (zlib) and external file-level compressors (bzip2, Zstd, gzip), highlighting 

their different operational characteristics (Conclusions: Lines 714–724). While netCDF internal 

compression provides advantages in metadata accessibility and seamless integration, external 

compressors (e.g. bzip2 and Zstd) offer improved compression performance for precision-reduced 

datasets. These revisions clarify that our approach is not tied to a specific data format, but can be flexibly 

integrated into existing data workflows, with the choice of format and compression strategy guided by 

practical use requirements. 

 

Table 6. Compression performance of a 5-day WRF input file for the full-precision data and data retaining 
5, 4, and 3 significant digits, respectively. Numbers in parentheses indicate specific configurations: 
(compression level, number of threads) for Zstd, and (deflation level) for zlib.   

 Compressor Full Precision 5 digits 4 digits 3 digits 

Size 

(% of uncompressed) 

bzip2 

gzip 

zlib (1) 

zlib (9) 

Zstd (3,1) 

Zstd (7,1) 

Zstd (19,1) 

Zstd (19,8) 

75.11 

75.61 

75.08 

74.80 

76.87 

76.10 

74.16 

74.14 

52.98 

69.33 

68.18 

69.10 

73.19 

65.29 

58.32 

58.27 

33.11 

55.04 

55.78 

54.42 

58.08 

50.95 

43.15 

43.08 

18.56 

34.95 

38.59 

33.63 

36.70 

31.16 

25.54 

25.47 
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Compression 

(sec) 

bzip2 

gzip 

zlib (1) 

zlib (9) 

Zstd (3,1) 

Zstd (7,1) 

Zstd (19,1) 

Zstd (19,8) 

821.83 

811.32 

301.00 

571.00 

34.48 

169.25 

3544.12 

401.65 

713.64 

609.17 

247.00 

516.00 

64.47 

293.75 

2905.94 

502.20 

635.17 

760.91 

199.00 

743.00 

67.52 

266.06 

3301.46 

536.14 

656.60 

893.29 

143.00 

1289.00 

64.35 

189.56 

3345.15 

521.97 

Decompression 

 (sec) 

bzip2 

gzip 

zlib (1) 

zlib (9) 

Zstd (3,1) 

Zstd (7,1) 

Zstd (19,1) 

Zstd (19,8) 

468.92 

76.91 

0.00 

0.00 

10.96 

12.17 

16.11 

16.71 

404.08 

77.76 

0.00 

0.00 

13.39 

15.76 

23.98 

23.89 

308.98 

76.80 

0.00 

0.00 

14.56 

15.21 

20.14 

20.43 

239.09 

63.09 

0.00 

0.00 

13.30 

12.82 

13.09 

13.23 

 

Table 7. Compression performance of a 1-day WRF output file for the full-precision data and data 
retaining 5, 4, and 3 significant digits, respectively. Numbers in parentheses indicate specific 
configurations: (compression level, number of threads) for Zstd, and (deflation level) for zlib. 

 Compressor Full Precision 5 digits 4 digits 3 digits 

Size 

(% of uncompressed) 

bzip2 

gzip 

zlib (1) 

zlib (9) 

Zstd (3,1) 

Zstd (7,1) 

Zstd (19,1) 

Zstd (19,8) 

30.46 

30.66 

30.98 

30.34 

30.41 

30.18 

29.79 

29.78 

19.68 

25.93 

26.13 

25.63 

26.60 

24.27 

21.82 

21.81 

12.88 

20.66 

21.30 

20.18 

21.26 

18.95 

16.12 

16.11 

7.65 

13.58 

15.08 

12.96 

14.34 

12.42 

10.17 

10.16 

Compression 

(sec) 

bzip2 

gzip 

zlib (1) 

zlib (9) 

Zstd (3,1) 

Zstd (7,1) 

Zstd (19,1) 

Zstd (19,8) 

940.15 

410.83 

253.00 

614.00 

38.90 

116.27 

1664.30 

326.24 

855.28 

569.10 

207.00 

749.00 

54.08 

186.48 

1711.50 

337.98 

839.07 

578.58 

176.00 

905.00 

62.68 

188.44 

1963.40 

352.54 

879.25 

576.38 

142.00 

1125.00 

45.06 

130.43 

2517.14 

325.12 

Decompression 

 (sec) 

bzip2 

gzip 

zlib (1) 

zlib (9) 

Zstd (3,1) 

Zstd (7,1) 

Zstd (19,1) 

Zstd (19,8) 

361.47 

99.43 

0.00 

0.00 

10.99 

11.18 

12.67 

12.66 

306.41 

101.65 

0.00 

0.00 

12.19 

13.51 

17.66 

17.60 

251.31 

99.04 

0.00 

0.00 

12.63 

12.69 

15.44 

15.03 

206.12 

90.94 

0.00 

0.00 

11.79 

11.24 

11.28 

11.34 



9 

 

Lines 158–161: 

“The precision-reduction method implemented in this study operates directly on the floating-point 
variables, except latitude and longitude, in the netCDF data part, which are the standard format used by 
WRF for both input forcing and model outputs. The rounding procedure modifies only the numerical 
values stored in the variable arrays and does not affect the netCDF header, metadata, or structural 
attributes.” 

Lines 199–205: 

“In this study, gzip and bzip2 were selected as the primary external compressors for evaluation, given 
their widespread availability in operational high-performance computing (HPC) environments and 
compatibility with existing modeling workflows. To account for format-integrated compression, we also 
evaluated the internal zlib compression of netCDF, which is commonly used within the netCDF/HDF5 
framework and enables direct metadata access without full data decompression. In addition, to align with 
contemporary data storage practices, we included targeted evaluations using the newer-generation codec 
Zstandard (Zstd). A comparative assessment of compression performance across these compressors is 
presented in Section 3.1.” 

Lines 315–356: 

“We additionally evaluated format-native netCDF internal compression (utilizing zlib deflation) 
alongside external compressors, including gzip, bzip2, and the newer-generation, multi-threaded Zstd 
codec. Because our precision-reduction procedure strictly modifies only the floating-point data arrays 
while preserving the original file structure, the resulting datasets remain fully compatible with the internal 
compression functionality of netCDF. This native integration provides an important operational advantage: 
because netCDF internal compression applies strictly to data variables, the metadata headers remain 
uncompressed and directly accessible. This enables rapid metadata inspection and lazy loading without 
triggering decompression of the underlying data variables, resulting in effectively zero decompression 
time in our benchmarks (reported as 0.00 s). Benchmark experiments were conducted for both input and 
output datasets across different precision-reduction configurations, and the compression performance for 
a representative 5-day WRF input dataset and a 1-day WRF output dataset is summarized in Tables 6 and 
7, respectively. Throughout the following discussion, specific compressor configurations are denoted by 
parentheses indicating their settings; for instance, Zstd (19,8) denotes Zstandard applied at compression 
level 19 using 8 threads, and zlib (9) refers to zlib deflation at compression level 9. 

The benchmark results reveal a clear trade-off between storage efficiency and computational cost, 
and this trade-off differs between full-precision and precision-reduced datasets. For the raw full-precision 
data, the best storage reduction is achieved by high-level Zstd, which slightly outperforms both bzip2 and 
zlib. For example, for the WRF output file (Table 7), Zstd at level 19 reduces the file to 29.78 % of its 
original size, compared with 30.34 % for zlib (9), 30.46 % for bzip2, and 30.66 % for gzip. A similar but 
smaller advantage is found for the full-precision input file (Table 6), where Zstd (19,8) reduces the file to 
74.14 % of its original size, compared with 74.80 % for zlib (9) and 75.11 % for bzip2. In addition, low-
level Zstd provides markedly faster compression than bzip2 and gzip, while multi-threaded Zstd (19,8) 
recovers much of the runtime cost associated with high compression levels. 

Once significant-digit rounding is applied, however, the relative ranking changes substantially. 
Across all tested precision-reduced configurations, bzip2 consistently achieves the smallest final file sizes, 
while Zstd remains the strongest practical alternative, and zlib and gzip occupies an intermediate position. 
For example, for the WRF input file with 3 significant digits retained (Table 6), bzip2 reduces the dataset 
to 18.56 % of its original size, compared with 25.47 % for Zstd (19,8), 33.63 % for zlib (9), and 34.95 % 
for gzip. For the WRF output file with 3 significant digits retained (Table 7), the corresponding values are 
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7.65 % for bzip2, 10.16 % for Zstd (19,8), 12.96 % for zlib (9), and 13.58 % for gzip. Thus, after precision 
reduction, the practical ordering is generally bzip2 > Zstd > zlib ≈ gzip in terms of compression ratio. 
Notably, zlib level 1 provides a balanced native option, but maximum native compression at zlib level 9 
becomes increasingly expensive as precision is reduced, with compression times rising sharply for heavily 
rounded datasets (e.g., 1289 s for the input with 3 significant digits retained and 1125 s for the output 
with 3 significant digits retained) without proportional storage benefits. 

These differences reflect both the underlying compression mechanisms and their algorithmic 
implementations. Within the LZ77-based family (Zstd, gzip, zlib), Zstd employs more efficient entropy 
coding (Finite State Entropy, FSE), which explains its superior performance on raw full-precision data 
(Collet and Kucherawy, 2021). However, decimal rounding transforms long repeated byte sequences into 
quasi-repetitive, imperfect patterns primarily reflected in the lower-order mantissa bits, reducing the 
effectiveness of dictionary-based matching. For zlib, this limitation is further amplified by its operation 
within HDF5 chunk boundaries, which limits the exploitation of redundancy beyond local chunks, and 
by deeper dictionary hash-chain traversals at high compression levels. As a result, the algorithm incurs 
substantial computational overhead while searching for longer matching sequences among near-matches, 
without proportional gains in compression efficiency. In contrast, compressors such as bzip2 process data 
in larger blocks and employ the Burrows–Wheeler Transform (Burrows and Wheeler, 1994). By globally 
reordering data prior to entropy encoding, BWT effectively clusters scattered, non-contiguous bit patterns 
introduced by precision reduction, enabling more efficient exploitation of redundancy than LZ77-based 
methods. Consequently, bzip2 consistently achieves the highest compression ratios for these rounded 
datasets.” 

Lines 714–724: 

“Similarly, precision-reduced model inputs paired with bzip2 compress files to 52.4%–18.5% of their 
original volumes (corresponding to 70.6%–25.0% relative to lossless compression alone), while Zstd, zlib 
and gzip achieve 58.3%–25.5%, 69.1%–33.6% and 69.0%–34.9%, respectively. The overall effectiveness 
of precision reduction is intrinsically coupled to the choice of the backend lossless compression codec. 
Our findings demonstrate that for data processed via decimal significant-digit rounding, a distinct 
operational trade-off exists between storage efficiency and compression/decompression execution time. 
For long-term archival storage, where maximum compression ratio is the primary objective, bzip2 
remains the preferred choice despite its higher computational cost. In contrast, for active research 
workflows involving frequent data access and post-processing, Zstd provides a more balanced solution, 
offering near-optimal compression efficiency together with substantially faster compression and 
decompression speeds. The internal compression zlib of netCDF represents a complementary option, 
particularly in environments where direct metadata accessibility and seamless format integration are 
required.” 

 

3) Subjective choice on the significant digits 

You round input and or output data to 3, 4, or 5 significant digits. However, this range seems to 

come out of nowhere. Why not 6 significant digits or 2? For some variables 3 digits might be an 

overkill if the uncertainty is only within 2x of the values. For others like CO2 5 significant digits 

might be at the edge of that's acceptable as it's a well-mixed concentration with the variance 

being relatively small compared to its mean value. For a more systematic analysis on this see 

Kloewer et al. 2021 who also advocate for the round+lossless compression method but employ 

IEEE rounding, information theory to determine the number of bits to keep and use newer lossless 
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codecs that generally achieve 10-20x compression. You achieve at most 4x compression (Fig 2), 

which isn't better than ECMWF's/ERA5s linear packing (also called quantization) into 16-bit 
integers (but bounds an absolute rather than a relative error).  

Thank you for this insightful comment. We agree that the choice of retained significant digits should 

ideally be guided by the intrinsic information content of each variable and the scientific requirements of 

downstream analyses. 

In this study, the range of 3–5 retained significant digits was chosen primarily as a practical 

evaluation window rather than a universal recommendation. WRF model inputs and outputs are stored in 

single-precision (float32) format, which provides approximately at most 7 significant digits of precision. 

In our initial design, we considered that retaining 6 significant digits would provide very limited 

compression benefit while remaining close to full precision, making it less relevant for evaluating 

meaningful storage reductions. Conversely, retaining only 1–2 significant digits would clearly destroy the 

scientific meaning of key variables, such as temperature and pressure, and therefore was not considered 

meaningful for diagnostic evaluation. Hence, we selected 3–5 digits as a balanced experimental range 

that spans realistic levels of precision reduction while still preserving interpretable meteorological signals. 

We have added additional discussion to clarify this point in the revised Section 2.2 (Lines 175–181). 

We agree that the acceptable precision level can vary substantially across variables. For example, 

some variables, such as surface wind speed, exhibit a relatively narrow dynamic range and may tolerate 

stronger precision reduction. In our analysis, retaining 3 significant digits has demonstrated negligible 

numerical impact on wind fields. Furthermore, we now explicitly discuss in the revised manuscript that a 

2-digit configuration could theoretically serve as a viable alternative when wind speeds remain below 10 

m s-1, as it mathematically preserves a single-decimal resolution. We have added additional discussion to 

clarify this point (Section 4.2: Lines 647–657). In contrast, some variables require higher retained 

precision. A representative example is precipitation, which is stored as the cumulative sum of grid-

resolved (RAINNC) and convective (RAINC) components. Over long simulations, accumulated 

precipitation values may reach several thousand millimeters within one year and potentially exceed ten 

thousand millimeters in multi-year integrations. In such cases, insufficient retained digits would produce 

excessively coarse quantization steps when hourly precipitation is obtained through temporal differencing. 

For this reason, cumulative variables such as precipitation requires 4-5 or more significant digits 

depending on simulation duration. We have added additional discussion in the revised manuscript to 

clarify this point (e.g., Section 4.2: Lines 676–682). 

We fully agree with the reviewer that the information-theoretic framework proposed by Klöwer et 

al. (2021) provides a more systematic way to determine the optimal precision for specific variables. Their 

work demonstrates that the intrinsic information content varies significantly across atmospheric fields. 

This work is incorporated as a supplementary reference to address the limitations of our study. In the 

revised manuscript we now discuss this perspective and emphasize that this systematic variable-specific 

precision reduction method represents an important direction for future work (Section 4.2: Lines 664–

666). 

We would like to clarify the interpretation of the reported compression ratios. The four-fold 
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compression mentioned in the original manuscript refers to the additional compression achieved relative 

to lossless compression alone, rather than compression relative to the original uncompressed datasets. 

Combining precision reduction (retaining 5–3 digits) with bzip2 compression reduces model outputs to 

19.2%–7.5% of their original uncompressed sizes and model inputs to 52.4%–18.5%. To avoid confusion, 

we have revised the manuscript to explicitly distinguish between direct compression ratios (relative to the 

original data) and additional compression gains introduced by precision reduction (Section 3.1: Lines 

297–300, Lines 312–314; Conclusions: Lines 710–714).  

Lines 175–181: 

“Given that single-precision format inherently provides approximately at most 7 significant digits, 
reducing precision to 6 digits yields only marginal compression gains. Conversely, retaining only 1 or 2 
significant digits would severely degrade key variables such as temperature and pressure, rendering such 
configurations physically unrealistic. As a result, this study conservatively focuses on retaining 3–5 
significant digits. The range of 3–5 retained significant digits is not intended to represent a universal 
optimal precision level for each variable but rather to provide a practical experimental window spanning 
meaningful levels of precision reduction for single-precision WRF data. More systematic, variable-
specific optimal precision levels could be determined using information-theoretic approaches (Klöwer et 
al., 2021).”  

Lines 297–300: 

“To quantify the impact of decimal significant-digit rounding on data compressibility, we analyze 
compression performance using two complementary metrics. First, we evaluate the additional 
compression gain relative to lossless compression alone, which isolates the contribution of rounding. 
Second, we assess the overall storage reduction relative to the original uncompressed datasets to provide 
an intuitive measure of practical data savings.” 

Lines 312–314: 

“From a practical storage perspective, when retaining 3 significant digits and using bzip2, the size of the 
compressed input and output datasets is approximately one-quarter of that achieved with lossless 
compression alone. Specifically, the compressed datasets account for 18.5% and 7.5% of the original 
uncompressed data volume, respectively.” 

Lines 647–657: 

“For fundamental state variables, compressibility is primarily governed by their numerical 
distributions and physical measurement limits. Atmospheric state variables exhibit markedly different 
compressibility characteristics determined by their numerical distributions. Dynamic variables such as 
WS10 are typically concentrated within a narrow numerical range, retaining 3 significant digits 
completely guarantees the preservation of at least one decimal place (e.g., a resolution of 0.1 m s-1). 
Therefore, applying a universal 3-digit retention for wind fields represents the most conservative 
compromise between storage reduction and precision, introducing negligible numerical distortion in our 
evaluation. Theoretically, retaining 2 significant digits could also be a viable configuration. Because 2 
digits mathematically preserve single-decimal resolution for values below 10 m s-1, perceptible 
quantization errors would primarily be expected to emerge only when wind speeds exceed this threshold. 
Consequently, to maximize storage benefits without compromising physical fidelity, future applications 
could implement a magnitude-aware adaptive strategy for wind fields: dynamically toggling between 2 
and 3 retained significant digits based on a 10 m s-1 threshold.” 



13 

 

Lines 664–666: 

“This pronounced heterogeneity in compressibility aligns profoundly with Klöwer et al. (2021), which 
demonstrates that a variable-specific precision reduction strategy emerges as a key paradigm for 
optimizing output data compression.” 

Lines 676–682: 

“Specifically, for grid cells where the accumulated precipitation remains below 1000 mm, retaining 4 
significant digits is generally sufficient to preserve a scientifically viable sub-millimeter resolution. Once 
the accumulation surpasses the 1000 mm threshold, the precision should be dynamically increased to 5 
significant digits to explicitly prevent the decimal resolution from degrading. For multi-year simulations, 
where total accumulations routinely exceed 10000 mm, retaining 6 significant digits becomes strictly 
necessary. It is worth noting that designing a lower-tier threshold (e.g., at 100 mm) is operationally 
unnecessary; most simulated regions rapidly exceed this baseline shortly after initialization, rendering 
any lower-precision tier computationally transient and practically redundant.” 

Lines 710–714: 

“From a storage perspective, removing redundant numerical precision prior to compression yields 
substantial additional storage savings beyond conventional lossless compression. For model outputs, 
retaining 5 to 3 significant digits prior to bzip2 compression reduces data volumes to 19.2%–7.5% of their 
original uncompressed sizes (corresponding to 64.1%–24.9% relative to lossless compression alone). 
Comparable reductions relative to the original uncompressed dataset are achieved with Zstd (21.8%–
10.2%), zlib (25.6%–13.0%), and gzip (25.4%–13.2%).” 

 

4) Missing literature 

The word "compression" occurs in only 3 independent (not from the authors) studies cited. So, 

you are clearly not discussing well your findings against the existing literature. Under References 

below I'm listing a few studies that are relevant for this study here. It's not just about citing them 

but actually writing a manuscript (especially introduction and discussion) that builds on top of 

their findings. Please rewrite your manuscript to account for the results of these studies. 

Thank you for pointing out that the original manuscript did not sufficiently situate our study within 

the broader literature on atmospheric data compression. Following this suggestion, we conducted a 

substantially expanded literature review and revised the Introduction, Methodology and Results sections 

to better position our work relative to previous studies. 

First, we enriched the research background in the Introduction (Lines 54–80) by incorporating 

additional studies on precision reduction and compression methods. The revised manuscript now 

discusses classical precision-reduction techniques and related evaluation frameworks, including Zender 

(2016) on bit grooming and bit shaving, Delaunay et al. (2019) on the Digit Rounding algorithm bridging 

decimal and binary representation, Silver and Zender (2017) on compression–error trade-offs in 

geophysical datasets, Baker et al. (2019) on structural fidelity diagnostics, technical investigations of 

compression performance in netCDF/HDF datasets (Delaunay et al., 2019; Underwood et al., 2022), and 

addressing the problem of atmospheric data compression from an information-theoretic perspective 
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(Klöwer et al., 2021). We also clarified the role of the IEEE-754 floating-point standard (IEEE, 1985) in 

governing numerical precision and rounding behavior. These revisions provide a more complete context 

for understanding how precision-reduction approaches have been developed and evaluated in previous 

studies.   

Second, building on this expanded research context, we have explicitly integrated the perspective of 

Klöwer et al. (2021) into the dedicated discussion on variable-dependent precision requirements (Section 

2.2: Lines 180–181; Section 4.2: Lines 664–666). This study is prominently cited in the revised 

manuscript, as its findings provide critical theoretical and methodological complements to our work: 

theoretically, it reveals substantial variations in the intrinsic precision requirements across different 

physical variables; methodologically, it offers support for the systematic determination of precision 

requirements for individual variables. 

Finally, inspired by the evaluation frameworks used in Baker et al. (2019) and Klöwer et al. (2021), 

we strengthened the methodological analysis of structural fidelity in our study. Specifically, we introduced 

the Structural Similarity Index Measure (SSIM) as a complementary diagnostic metric. This metric is 

described in revised Section 2.4 and applied in the newly added Section 3.3 “Maximum Deviations and 

Structural Fidelity.” For detailed information, please refer to the response to the next major comment. 

Lines 54–80: 

“A variety of compression techniques applicable to atmospheric model archives have been developed 

to alleviate the rapidly growing storage demands of numerical simulations. Lossless algorithms alone 

preserve bitwise reproducibility but generally achieve only a modest compression ratio for floating-point 

geophysical fields because the high entropy of mantissa bits limits compressibility (Poppick et al., 2020). 

To address this limitation, combining precision reduction with lossless compression has emerged as a 

widely explored strategy for improving storage efficiency while attempting to preserve scientific fidelity. 

Within this paradigm, many approaches focus on manipulating the least significant bits of floating-point 

data. Early approaches such as bit shaving (Zender, 2016) reduce precision by zeroing trailing mantissa 

bits, which can introduce systematic bias. Zender (2016) subsequently introduced bit grooming, a 

statistically robust quantization approach that alternates bit shaving and bit setting of trailing IEEE 

mantissa bits, thereby preserving the mean in expectation while improving compressibility. Building on 

this line of work, Delaunay et al. (2019) introduced the Digit Rounding algorithm, which bridges decimal 

precision control and binary representation. Compared to bit grooming, Digit Rounding optimizes the 

allocation of mantissa bits required, thereby improving compression efficiency while retaining controlled 

numerical precision. In contrast to hybrid methods like Digit Rounding, alternative approaches regulate 

precision purely within the decimal domain. For example, significant-digit rounding (Walters and Wong, 

2023) directly constrains the number of significant digits, yielding a highly transparent and interpretable 

approach to precision reduction. 

Alongside algorithmic developments, some studies have expanded the evaluation of precision 

reduction beyond simple error statistics toward broader notions of statistical and structural fidelity. Baker 

et al. (2016) proposed an ensemble-based framework to assess whether compressed datasets remain 
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statistically indistinguishable from internal climate variability, while Baker et al. (2019) emphasized the 

importance of evaluating structural integrity in compressed climate data. Silver and Zender (2017) 

quantified the compression–error trade-off for gridded datasets, demonstrating that carefully designed 

precision reduction can remove substantial false precision with limited impact on scientific conclusions. 

Complementary technical investigations have examined how data representation and codec behavior 

influence achievable compression ratios within netCDF and HDF data formats (Delaunay et al., 2019; 

Underwood et al., 2022). Recently, Klöwer et al. (2021) reframed atmospheric data compression from an 

information-theoretic perspective, demonstrating that the intrinsic precision requirements of atmospheric 

variables vary substantially and that a large fraction of stored floating-point precision is redundant. In 

parallel, machine-learning-based compression methods have emerged that exploit nonlinear data 

manifolds to achieve very high compression ratios (Huang and Hoefler, 2023; Han et al., 2024; Mirowski 

et al., 2024).” 

Lines 180–181: 

“Establishing strict, variable-specific theoretical precision limits would require information-theoretic 
evaluations (Klöwer et al., 2021).” 

Lines 664–666: 

“This pronounced heterogeneity in compressibility aligns profoundly with Klöwer et al. (2021), which 
demonstrates that a variable-specific precision reduction strategy emerges as a key paradigm for 
optimizing output data compression.” 

 

5) Error metrics 

You use 3 error metrics: an absolute error (RMSE), correlation and a bias. They seem to be 

subjectively chosen and their use isn't motivated. What about a relative error or an error in 

variance, a maximum error (yielding a much stronger bound), number of zeros preserved 

(important for precipitation). What about other suggested metrics like the structural similarity 

index measure (SSIM), see Baker et al 2019 or a spectral error (used to identify the 

introduction/removal of grid-scale variability). These error metrics are also important to discuss 

relative to the distribution of variables. E.g. temperature is more linearly distributed (with a 

higher entropy on a linear scale compared to a logarithmic scale) but other variables may be 

logarithmically distributed (wind speed, precipitation, global specific humidity). This affects the 

meaning of absolute vs relative error. Either error metric may be dominated by compression 

errors on outliers. Please include this into the discussion of your results. 

Thank you for this very helpful and insightful comment. Following this suggestion, we substantially 

expanded the evaluation framework in the revised manuscript by incorporating additional diagnostics 

designed to quantify maximum absolute deviations (AD), structural fidelity, and the sensitivity of 

precipitation's lower-tail distribution. 

First, we introduced Maximum AD and the Structural Similarity Index Measure (SSIM) as 

complementary diagnostics (Section 2.4: Lines 256–273). These analyses are presented in the newly 
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added Section 3.3 (“Maximum Deviations and Structural Fidelity”) (Lines 434–516), with the inclusion 

of new Table 8, Figs. 6–7, and Supplementary Figs. S1–S4. 

 The results reveal extreme Maximum AD values under input perturbations, such as T2 reaching 

~21.45 K and hourly precipitation hitting ~145.45 mm h-1 (Table 8). However, despite these apparently 

large local deviations, the annual minimum SSIM for T2 remains above 0.97 under WRF_4, and at the 

exact moment when T2 deviation reaches its peak, the SSIM is 0.998. The annual minimum SSIM for 

precipitation is approximately 0.86 under WRF_3, but at the exact moment when precipitation deviation 

reaches its peak, the SSIM approaches 0.99. To further clarify this behavior, five variables (T2, Q2, WS10, 

PSFC, and hourly precipitation) were examined to determine the relationship between the maximum AD 

at individual grid points and the SSIM computed at the corresponding time when these maximum 

deviations occur (Fig. 6). The results reveal a clear decoupling between grid-point maximum deviations 

and structural fidelity under input precision-reduced configurations. This indicates that large local errors 

under input precision reduction primarily represent spatial or temporal phase shifts of coherent 

meteorological features, rather than a fundamental systemic breakdown of the simulated atmospheric 

structures. Snapshot comparisons at the time of maximum AD for T2 and precipitation (Fig. S1 and Fig. 

S2) provide further visual evidence supporting this interpretation. 

Furthermore, evaluating the temporal evolution of SSIM reveals two fundamentally different error 

modes associated with input and output precision reduction (Fig. 7). Input precision reduction produces 

a seasonally modulated “U-shaped” SSIM pattern, reflecting the amplification of small perturbations by 

nonlinear atmospheric dynamics during periods of strong convective activity. In contrast, output-only 

precision reduction produces a step-like and monotonic decline in SSIM, consistent with purely numerical 

rounding artifacts that do not interact with model dynamics.  

Importantly, precipitation accumulation acts as a constantly increasing baseline, retaining a fixed 

number of significant digits for forces the absolute quantization error to grow over time. By late autumn, 

this expanding quantization interval completely overwhelms the physical signal of weak stratiform 

precipitation, leading to a catastrophic structural collapse (SSIM dropping to ~0.88). Based on this finding, 

in Discussion (Section 4: Lines 657–682) of the revised manuscript, we propose a dynamic precision 

reduction strategy for cumulative variable (e.g., precipitation). Specifically, for grid-scale accumulated 

precipitation values less than 1000 mm, 4 significant figures should be retained; for values greater than 

1000 mm, the number of significant figures should be increased to 5. 

Second, to systematically quantify the specific vulnerability associated with the lower-tail boundary 

of the precipitation distribution (i.e., zero-value preservation), we introduced categorical metrics 

including the Zero Preservation Ratio (ZPR), Probability of Detection (POD), False Alarm Ratio (FAR), 

Critical Success Index (CSI), and Frequency Bias (Bias). The definitions of these methods are detailed in 

the revised Section 2.4 (Lines 274–283) and revised Table 4. The analytical content is presented in the 

revised Section 3.4, “Impacts on Precipitation Diagnostics: Zero-Value Preservation and Extreme 

Precipitation Indices” (Lines 511–555). The results are summarized in the new added Table 9, which 

quantifies how different precision-reduced configurations affect the preservation of precipitation 

occurrence using the 0.1 mm h-1 wet-day threshold. 
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The results show that input-only precision reduction largely preserves the fundamental wet/dry 

morphology, maintaining a Frequency Bias near unity with symmetrically balanced error rates between 

false alarms and missed events. This indicates that input perturbations we introduced primarily induce 

spatial phase shifts in precipitation systems rather than fundamentally altering precipitation occurrence 

statistics. In contrast, aggressive output precision reduction (e.g., retaining only three significant digits) 

introduces substantial distortions at the lower tail of the precipitation distribution. Under the WRF_fx3 

configuration, the POD drops to 71.94%, indicating that nearly 28% of valid light precipitation events are 

artificially truncated to zero due to the loss of numerical significance in cumulative precipitation 

arithmetic. Under the WRF_fx4 configuration, as the proportion of grids with cumulative precipitation 

reaching 1000 mm further increases (Fig. S3), a notable late-stage decline in metrics is observed (Fig. 

S4), which aligns with the SSIM identified in Section 3.3. 

Ultimately, the integration of these multidimensional diagnostics transitions our analysis from bulk 

statistical approximations to a rigorously comprehensive evaluation. It now explicitly distinguishes the 

fundamentally different impacts of precision reduction on input forcings (which induce physical 

spatiotemporal phase shifts) versus static model outputs (which generate numerical artifacts, especially 

for cumulative variables). 

 

Figure 6: Hexbin density plots showing the grid-scale maximum AD and the corresponding SSIM. Results 
are presented for five variables (T2, Q2, WS10, PSFC, and precipitation) with input precision reduced to 
5, 4, and 3 significant digits, respectively. 
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Figure 7: Time series of SSIM for five variables (T2, Q2, WS10, PSFC, and precipitation) under different 
precision-reduced configurations. The fine dotted lines represent the original value of hourly SSIM, and 
the thick dashed lines represent the rolling median of hourly SSIM.  

 

 

Figure S1: Spatial visualization of T2 at the time step exhibiting the maximum AD. (a) WRF_bl, (b) 
WRF_3, (c) the spatial difference fields (WRF_3 minus WRF_bl), and (d) a locally zoomed-in view of 
the difference field corresponding to the bold black box in (c). The black square marks the precise location 
of the maximum AD (21.12 K). At this specific time step, the domain-wide SSIM is 0.998. 
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Figure S3: Monthly evolution of the fraction of grid points with accumulated non-convective (RAINNC; 
a, c) and convective (RAINC; b, d) precipitation remaining below the 100 mm (top row) and 1000 mm 
(bottom row) thresholds. The lines denote different climate regions and the entire WRF simulation domain 
average. 

Table 8. Statistical summaries of grid-scale AD and domain-scale SSIM relative to WRF_bl. 

Variable Precision 
Configuration 

Mean  
AD 

Maximum  
AD 

Mean  
SSIM 

Minimum 
SSIM 

1st Percentile  
SSIM 

T2 (K) 

WRF_5 0.0581798 14.25198 0.9939092 0.9630990 0.9709463 
WRF_4 0.0594887 21.44626 0.9938635 0.9626499 0.9705832 
WRF_3 0.0894812 21.11664 0.9921307 0.9605753 0.9682225 

WRF_fx5 0.0025001 0.0050000 0.9999945 0.9995806 0.9998766 
WRF_fx4 0.0250000 0.0500000 0.9997513 0.9981659 0.9991125 
WRF_fx3 0.2500606 0.5000000 0.9713302 0.9423122 0.9506720 

Q2 (kg kg-1) 

WRF_5 0.0000477 0.0134958 0.9898861 0.9457591 0.9574129 
WRF_4 0.0000486 0.0125344 0.9897875 0.9471009 0.9578402 
WRF_3 0.0000677 0.0120278 0.9853344 0.9410679 0.9523994 

WRF_fx5 0.0000001 0.0000005 0.9999999 0.9999989 0.9999996 
WRF_fx4 0.0000010 0.0000050 0.9999960 0.9999886 0.9999907 
WRF_fx3 0.0000105 0.0000500 0.9994877 0.9988874 0.9989862 

WS10 (m s-1) 

WRF_5 0.0717549 22.79240 0.9779398 0.8997450 0.9211134 
WRF_4 0.0726728 21.88551 0.9777849 0.8985054 0.9208920 
WRF_3 0.1003181 18.21674 0.9678928 0.8853601 0.9100209 

WRF_fx5 0.0000324 0.0007067 0.9999999 0.9999995 0.9999998 
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WRF_fx4 0.0003241 0.0070658 0.9999995 0.9999979 0.9999986 
WRF_fx3 0.0032415 0.0705795 0.9999494 0.9998048 0.9998650 

PSFC (Pa) 

WRF_5 1.6698395 811.9844 0.9999944 0.9999550 0.9999727 
WRF_4 1.6841504 878.2109 0.9999943 0.9999399 0.9999720 
WRF_3 2.3376082 804.9219 0.9999937 0.9999480 0.9999702 

WRF_fx5 1.2597312 5.0000 0.9999974 0.9998826 0.9999572 
WRF_fx4 12.595335 50.0000 0.9997887 0.9991961 0.9994622 
WRF_fx3 127.72333 500.0000 0.9947414 0.9909650 0.9919420 

Precipitation 
(mm h-1) 

WRF_5 0.0443069 130.6014 0.9816086 0.8783776 0.9302602 
WRF_4 0.0444704 139.8082 0.9815308 0.8769866 0.9299442 
WRF_3 0.0495302 145.4452 0.9782254 0.8696560 0.9271690 

WRF_fx5 0.0014635 0.195557 0.9998999 0.9946446 0.9983964 
WRF_fx4 0.0105326 1.972900 0.9963600 0.9353753 0.9608235 
WRF_fx3 0.5544670 19.90356 0.9632875 0.7775496 0.8290028 

 

Table 4. Definitions of categorical verification metrics for hourly precipitation and daily extreme 
precipitation indices. 

Name Definition Units 

ZPR Percentage of dry grids (< 0.1 mm h-1) in WRF_bl that remain below the 
threshold after precision reduction. 

% 

POD  Percentage of wet grids (≥ 0.1 mm h-1) in WRF_bl that are correctly retained 
after precision reduction.  

% 

FAR  Percentage of wet grids after precision reduction that are false alarms relative 
to WRF_bl. 

% 

CSI  A comprehensive metric for the spatial fidelity of the precipitation field, 
penalizing both the artificial elimination (missed events) and generation 
(false events) of wet events. 

- 

Bias  Ratio of the total number of wet grids in the precision-reduced configurations 
to that in WRF_bl. Values > 1 indicate an artificial inflation of precipitation 
spatial extent. 

- 

R95p_days Number of days per year with daily precipitation exceeding the 95th 
percentile of wet‐day amounts (≥ 1 mm), thresholds derived from the 2001–
2015 baseline period. 

days 

R99p_days Same as R95p_days, but for the 99th percentile threshold. days 

Rx1_day Maximum 1-day precipitation total in a year. mm 

Rx5_day Maximum total precipitation accumulated over any consecutive 5-day period. mm 

R10mm_days Annual count of days with daily precipitation ≥ 10 mm. days 

PRCPTOT Total annual precipitation from wet days. mm 

wet_days Annual count of wet days (≥ 1 mm). days 

SDII Simple Daily Intensity Index, calculated as PRCPTOT divided by wet_days. mm day-1 
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Table 9. Categorical verification metrics for hourly precipitation across different precision reduction 
configurations relative to the WRF_bl. 

Configuration ZPR (%) POD (%) FAR (%) CSI Bias 
WRF_5 98.7086 92.1787 7.8366 0.8548 1.00017 
WRF_4 98.7078 92.1526 7.8431 0.8545 0.99995 
WRF_3 98.5641 91.2276 8.7198 0.8391 0.99942 

WRF_fx5 99.8289 99.2410 1.0357 0.9822 1.00280 
WRF_fx4 98.4663 94.3254 8.9820 0.8629 1.03634 
WRF_fx3 99.1221 71.9411 6.8957 0.6830 0.77269 
WRF_5fx5 98.6073 91.8428 8.4280 0.8468 1.00296 
WRF_5fx4 97.4814 88.3594 14.7486 0.7664 1.03646 
WRF_5fx3 98.5405 68.4151 11.4639 0.6285 0.77274 
WRF_4fx5 98.6069 91.8190 8.4321 0.8466 1.00274 
WRF_4fx4 97.4812 88.3404 14.7522 0.7663 1.03628 
WRF_4fx3 98.5400 68.4076 11.4680 0.6284 0.77269 
WRF_3fx5 98.4697 90.9292 9.2680 0.8320 1.00217 
WRF_3fx4 97.3682 87.6111 15.4209 0.7554 1.03585 
WRF_3fx3 98.4717 67.9713 12.0081 0.6220 0.77247 

*Note: A threshold of 0.1 mm h-1 is applied to distinguish between dry and wet grids. ZPR is the Zero Preservation 

Ratio, POD denotes the Probability of Detection, FAR is the False Alarm Ratio, CSI is the Critical Success Index, 

and Bias represents the Frequency Bias. 

Lines 256–273: 

“Second, to evaluate the impacts of precision reduction on both local numerical accuracy and spatial 
structures, we analyzed point-wise deviations together with spatial similarity metrics. At the grid scale, 
we computed the absolute grid-scale deviation (AD), defined as the absolute difference between the 
precision-reduced configurations and the full-precision baseline simulation WRF_bl at each grid point 
and hourly time step. Because point-wise metrics alone cannot capture changes in the spatial organization 
of meteorological fields, we additionally employed the Structural Similarity Index Measure (SSIM) 
(Wang et al., 2004; Baker et al., 2019; Klöwer et al., 2021). This metric is particularly important for 
evaluating simulations driven by precision-reduced inputs, where small numerical perturbations may 
propagate through nonlinear dynamics and alter evolving mesoscale structures. Unlike AD, which 
measures local differences, SSIM quantifies the preservation of large-scale spatial patterns and structural 
textures. For a full-precision reference spatial window x and the corresponding window y from precision-
reduced configurations, the SSIM is calculated as: 
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where μx  and μy  are the local means, σx
 2  and σy

 2  are the local variances, and σxy  is the local 

covariance between the two fields. The stabilization constants C1 and C2 are scaled by the dynamic range 
of the specific meteorological variable being evaluated to accommodate diverse atmospheric fields. SSIM 
values range from 0 to 1, with unity indicating perfect structural similarity. Structural similarity was 
computed using an 11×11 Gaussian weighting window sliding across the domain. Given the 12 km 
horizontal grid spacing, this corresponds to a spatial footprint of approximately 130 km, enabling 
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assessment of mesoscale structural consistency. To avoid artificial inflation of scores caused by large, 
structurally uniform dry regions, a standard wet-day mask with a threshold of 0.1 mm h-1 was applied 
prior to the calculation of precipitation SSIM.” 

Lines 274–283: 

“Finally, the evaluation of precipitation for both the lower-tail thresholds that control the occurrence 
of light rainfall and the behavior of upper-tail extreme events is necessary given the highly skewed 
distribution of precipitation fields. Moreover, because total precipitation in WRF is represented as the 
cumulative sum of grid-resolved (RAINNC) and parameterized convective (RAINC) components, it 
exhibits a compounded sensitivity to numerical precision loss. 

To assess structural fidelity at the lower bound of the precipitation spectrum, we first performed a 
categorical verification for hourly precipitation, using a wet–dry threshold of 0.1 mm h−1. For each 
precision-reduced configuration, grid cells were classified relative to WRF_bl. Based on this comparison, 
several categorical verification metrics were calculated (Roebber, 2009), including the Probability of 
Detection (POD), False Alarm Ratio (FAR), Critical Success Index (CSI), and Frequency Bias (Bias). In 
addition, a Zero Preservation Ratio (ZPR) was introduced to quantify the fraction of dry grid cells that 
remain correctly classified after precision reduction.” 

Lines 511–555: 

“3.4 Impacts on Precipitation Diagnostics: Zero-Value Preservation and Extreme Precipitation 
Indices 

While the SSIM analysis reveals how these numerical artifacts alter the spatial structure of 
precipitation fields, an equally important question is how distortions introduced by precision reduction in 
cumulative precipitation fields propagate into downstream scientific diagnostics. Precipitation exhibits a 
highly skewed spatial and temporal distribution, characterized by two distinct and sensitive regimes: a 
widespread lower tail dominated by zero or near-zero values, and a rare but high-impact upper tail driven 
by extreme rainfall events. Both regimes are particularly vulnerable to numerical artifacts introduced by 
precision reduction. To quantify these impacts, the following section evaluates how precision-reduced 
configurations affect precipitation diagnostics, including zero-value preservation and extreme 
precipitation indices. 

We first evaluate the preservation of the precipitation occurrence spectrum, specifically focusing on 
the zero-value boundary (using the 0.1 mm h-1 wet-day threshold). Standard contingency metrics, 
including ZPR, POD, FAR, CSI, and Bias, are employed to diagnose how different compression 
configurations alter the fundamental wet/dry morphology (Table 9). 

For input-only precision reduction configurations, the metrics indicate that the overall precipitation 
spectrum is largely preserved. The Frequency Bias remains close to unity (e.g., 0.99942 for WRF_3), 
confirming that the total precipitation area is conserved. Furthermore, the nearly symmetric error rates, 
where the moderate FAR (7.84%–8.72%) closely balances the corresponding miss rates (1 - POD), 
together with a stable CSI (~0.84) indicate that input precision reduction induces spatial phase shifts in 
precipitation systems rather than systematically disrupting their structure. In contrast, aggressive output 
precision reduction introduces substantial numerical distortions that directly erode the bottom end of the 
precipitation spectrum, most prominently in the WRF_fx3 configuration. Under this configuration, the 
POD drops sharply to 71.94%, indicating that approximately 28% of valid light precipitation events are 
artificially truncated to zero due to the loss of significance in the arithmetic of cumulative precipitation 
variables. As a result, a pronounced systematic dry bias emerges (Bias ≈ 0.77).    

Interestingly, WRF_fx3 exhibits an apparently higher ZPR (99.12%) and a lower FAR (6.90%) 
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compared with WRF_fx4 (98.5% and 8.98%, respectively). However, this does not indicate improved 
structural fidelity. Instead, it reveals that WRF_fx3 suppresses both numerical noise (reducing FAR) and 
genuine light stratiform precipitation (reducing POD), effectively converting them into widespread non-
physical dry regions.  

The structural degradation previously indicated by the late-stage decline in SSIM is further 
corroborated by the temporal evolution of precipitation occurrence metrics under the WRF_fx4 
configuration (Fig. S4). At the domain scale, the ZPR remains high (> 97 % throughout the year), largely 
reflecting the overwhelming dominance of climatologically dry background grids. However, metrics that 
evaluate performance specifically within precipitation events (CSI, POD, and FAR) reveal a pronounced 
late-stage deterioration. Consistent with the SSIM decline observed in November, the CSI decreases from 
its summer peak (~0.89) to 0.769 by December. This degradation reflects a dual numerical distortion 
associated with the expanding accumulation baseline. As the quantization step increases during November 
and December, the FAR rises substantially (reaching 11.4%), indicating the growing occurrence of 
spurious drizzle signals introduced by rounding artifacts. At the same time, the POD declines to 85.4%, 
implying that approximately 15% of genuine winter stratiform precipitation events are artificially 
truncated to zero. The Frequency Bias further highlights this shift in behavior. While the system exhibits 
a slight wet bias in spring, it gradually transitions to a systematic dry bias by December (Bias = 0.964). 
The simultaneous increase in false alarms and the loss of weak precipitation events progressively disrupt 
the spatial consistency of precipitation structures, definitively explaining the late-stage SSIM collapse. 

The analyses above focus on the lower boundary of the precipitation spectrum, where precision 
reduction primarily affects the occurrence of light rainfall and the preservation of dry conditions. However, 
precipitation diagnostics are also strongly influenced by the opposite end of the distribution.” 

Lines 657–682: 

“In stark contrast to instantaneous state variables, the WRF precipitation variable, a cumulative 
quantity with a highly skewed distribution, can reach thousands of millimeters annually. This 
continuously growing accumulation introduces fundamentally different numerical vulnerabilities, making 
it the primary bottleneck for precision reduction design. Specifically, retaining a fixed 3 significant digits 
critically widens the effective quantization interval over time (e.g., approaching ~20 mm h-1). When 
hourly or daily precipitation is derived through temporal differencing, this coarse quantization introduces 
contradictory artifacts: it suppresses very light (0.1 mm h-1) rainfall increments (producing a systematic 
dry frequency bias) while intermittently generating large, discrete step-increments, which artificially 
elevates the frequency of false wet_days and R10mm_days threshold exceedances. To maintain realistic 
precipitation statistics without indiscriminately inflating file sizes, a magnitude-aware dynamic precision 
strategy, scaling the retained digits according to the evolving cumulative total, emerges as a highly 
practical solution. Specifically, for grid cells where the accumulated precipitation remains below 1000 
mm, retaining 4 significant digits is generally sufficient to preserve a scientifically viable sub-millimeter 
resolution. Once the accumulation surpasses the 1000 mm threshold, the precision should be dynamically 
increased to 5 significant digits to explicitly prevent the decimal resolution from degrading. For multi-
year simulations, where total accumulations routinely exceed 10000 mm, retaining 6 significant digits 
becomes strictly necessary. It is worth noting that designing a lower-tier threshold (e.g., at 100 mm) is 
operationally unnecessary; most simulated regions rapidly exceed this baseline shortly after initialization, 
rendering any lower-precision tier computationally transient and practically redundant.” 
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Then for the "optimal truncation strategy" you decide that NMB < 1% is a sufficient condition 

for an acceptable compression error. Why is that? If I have [1.5001, 0.4999] and truncate this to 

[2, 0] (round to nearest integer) then NMB = 0 but we have increased the variance (from 1/2 to 

2) and the maximum absolute error is 1/2 which might be unacceptably high. I generally propose 

to use a (normalized) mean and maximum absolute error or a (normalized) mean and maximum 

relative error depending on the data distribution. Furthermore, a spectral error is often used to 

investigate the impact on the small scales as rounding can introduce artificial gradients (jumps 

from one representable number to the next) or smooth out gradients if neighboring cells are 

rounded to the same value. I would reject the idea to formulate an "optimal strategy" based on 

solely one metric (NMB) and definitely expect a discussion around the chosen error metrics (what 

they measure and what they don't) and a strong justification of why you choose what you choose. 

Thank you for this insightful comment. We agree with you that determining an “optimal truncation 

strategy” based solely on a single metric such as NMB is insufficient and potentially misleading. As you 

correctly pointed out, a metric such as NMB can mask important distortions in other statistical properties, 

including variance changes, extreme deviations, or structural distortions introduced by rounding. 

Furthermore, we acknowledge that the decimal-based precision reduction method employed in our study 

inherently carries methodological limitations when attempting to define an 'optimal' strategy.  

In the revised manuscript, we have removed the previous Section 3.4 (“Optimal Truncation Strategy”) 

entirely. Instead, we now treat this topic more cautiously and present it within a broader discussion 

framework. Specifically, we introduced a new section: Section 4 “Practical Guidelines and Broader 

Perspectives for Precision Reduction Configuration.” Rather than proposing a single universal precision 

rule, this section synthesizes the findings from the analyses in Section 3 and translates them into practical 

guidance for users of WRF simulations. We believe this revised approach is both more scientifically 

robust and more useful for users who need to balance storage efficiency with scientific fidelity under 

different application contexts. The new discussion section highlights several key insights derived from 

our expanded evaluation framework:  

First, we clarify that different precision reduction pathways introduce fundamentally different error 

mechanisms. Precision reduction applied to time-varying inputs interacts with nonlinear atmospheric 

dynamics and can introduce spatial or temporal phase shifts in simulated weather systems. Although these 

perturbations may lead to large grid-scale deviations, the structural similarity analysis shows that the 

overall morphology of atmospheric fields remains largely preserved. This implies that input precision 

reduction may be acceptable for applications focusing on large-scale statistics, but it may be unsuitable 

for studies requiring strict deterministic spatiotemporal correspondence. In addition, applying precision 

reduction in time-varying input forcings results in the dynamic amplification of errors during summer. 

Whether maintaining full precision during summer and implementing precision reduction in other seasons 

can yield superior overall simulation performance warrants further investigation in future studies. 

Second, we emphasize that output precision reduction must be tailored to the mathematical 
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characteristics of different variables. Instantaneous state variables (e.g., surface wind speed) are relatively 

tolerant to precision reduction due to their limited magnitude range (2–3 significant digits), whereas 

thermodynamic variables such as temperature require higher precision (at least 4 significant digits) to 

avoid systematic information loss. In contrast, cumulative quantities such as precipitation exhibit 

fundamentally different vulnerabilities because rounding errors interact with the cumulative arithmetic 

used in WRF outputs. This can produce quantization artifacts that distort precipitation occurrence 

statistics and threshold-based diagnostics. To maintain statistical fidelity while maximizing storage 

efficiency, we propose a magnitude-aware dynamic precision strategy. By adaptively scaling retention 

from 4 significant digits (below 1000 mm) to 5 or 6 digits for extreme accumulations (>1000 mm 

and >10000 mm, respectively), this approach strictly preserves reliable hourly precipitation information 

throughout the entire simulation. 

Finally, we emphasize that the appropriate precision level is inherently application-dependent, 

particularly for diagnostics involving fine spatial gradients or temporal trends. Because these calculations 

rely on extracting small differences, the retained precision must be sufficient to resolve subtle physical 

perturbations from the background state. Consequently, the acceptable extent of precision reduction 

depends on how well future data usage can be anticipated. When downstream applications are broad and 

unpredictable, as is typically the case for static reanalysis datasets distributed by institutional centers, 

providers are typically required to maintain conservative, high-precision baselines. Conversely, in the 

context of active model post-processing (e.g., targeted WRF simulations), individual researcher often has 

well-defined scientific objectives. This allows them to adopt more aggressive precision reduction without 

compromising the physical signals of interest. Such application-driven flexibility enables targeted 

projects to maximize storage efficiency while preserving the fidelity required for their specific analyses. 

 

6) Inconsistent conclusions 

On line 205 you write "truncation impacts are variable-dependent" highlighting the need for 

precisions chosen differently by variable (supported by Fig 3). However, when you present your 

"optimal truncation strategy" while still mentioning the variable-dependency, you don't conclude 

that an adaptive strategy should adjust to different variables. Instead, you talk only about seasons 

and regions. Applying a different precision by variables clearly seems to be the more optimal way, 

so why call your strategy "optimal" when you're leaving potential on the road? If this isn't possible 

for practical reasons then state this. But any modern data format (netCDF, HDF5, Zarr, ...) would 

allow you to round variables differently, see connection to (1). 

Thank you for pointing out this important inconsistency in the original manuscript. We agree with 

the reviewer that the previous presentation of an “optimal truncation strategy” did not fully reflect the 

variable-dependent nature of precision requirements that we discussed earlier in the paper. As you 

correctly noted, our results clearly demonstrate that the impacts of precision reduction differ substantially 
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across variables. Therefore, a variable-specific precision configuration is indeed a more appropriate 

strategy for data compression in atmospheric modeling. 

Following this comment, and consistent with the concerns raised in the previous major comment 

regarding the formulation of an “optimal truncation strategy,” we have removed the previous Section 3.4 

(“Optimal Truncation Strategy”) entirely in the revised manuscript. Instead, the revised manuscript now 

introduces a broader discussion section: Section 4: “Practical Guidelines and Broader Perspectives for 

Precision Reduction Configuration.” 

In this revised section, we explicitly emphasize that precision reduction should not be implemented 

uniformly with a specific reduction, but rather should be adapted to the characteristics of individual 

variables. Establishing strict, variable-specific theoretical precision limits would require distinct 

information-theoretic evaluations (Klöwer et al., 2021), which fall outside the scope of this operational 

analysis. 

Finally, the precision-reduction tool developed and applied in this study supports variable-specific 

precision configurations. The decimal significant digits rounding algorithm allows users to assign 

different numbers of retained significant digits to individual variables. 

In summary, the revised manuscript abandons the notion of an "optimal" truncation configuration 

and instead presents a flexible precision reduction framework applicable to the entire WRF workflow. We 

contend that this revised formulation more accurately reflects the findings of our study and better 

addresses your concerns. 

 

Minor 

40: Not sure what you mean by "shift" here. Both global and regional models are used 

operationally? 

Thank you for the question. Our original thought was expressing the idea that despite the smaller 

spatial domain of regional models, the enhancement in spatiotemporal resolution still renders data volume, 

which is a significant storage management challenge. In the revised manuscript, we have revised this 

statement accordingly (Lines 42–43).  

Lines 42–43: 

“These storage constraints are not unique to global simulations. In regional models, although they 
focus on smaller spatial domains, data storage management is still an inevitable challenge as 
spatiotemporal resolution increases.” 

52: But this is not the fault of gzip, bzip2, to problem is that tailing mantissa bits are high entropy 

and hence incompressible. Rephrase this to make this clear to the reader? Especially because 

you're using lossless compression later. 

Thank you for the suggestion. In the revised manuscript (Lines 55–57), we clarified this point. 

Lines 55–57: 
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“Lossless algorithms alone preserve bitwise reproducibility but generally achieve only a modest 
compression ratio for floating-point geophysical fields because the high entropy of mantissa bits limits 
compressibility (Poppick et al., 2020).” 

54: terminology: absolute and relative error? (Or generally any error metric?) Yes, a relative 

error can be expressed in significant digits but that's just the unit, significant bits would be 

another? 

Thank you for the question. This is an imprecise use of terminology. Following the substantial 

rewrite of the Introduction, this original sentence is no longer present in the revised manuscript. 

56: State that this is also known as (bit) rounding? ", both operational workflows": what does 

"both" refer to here? 

Thank you for the suggestion. To improve clarity and avoid potential confusion, we standardized the 

terminology throughout the manuscript. The term “precision truncation” used in the previous version has 

been replaced with “precision reduction” or “decimal significant-digit rounding,” based on context, and 

expressions such as “truncation strategies” has been replaced by “precision reduction configurations.” In 

addition, we acknowledge that the phrase "both operational workflows" contained a grammatical error. 

Following the substantial rewrite of the Introduction, this original sentence is no longer present in the 

revised manuscript. 

57: What does "lightweight" mean? It surely doesn't consume memory but maybe you want to say 

"fast" or "cheap"? 

Thank you for the question. Our original intention was to convey that the method is “computationally 

inexpensive”. Following the substantial rewrite of the Introduction, this original sentence is no longer 

present in the revised manuscript. 

57: "Straightforward to implement" I somewhat disagree: IEEE-754 round to nearest tie has its 
complexities but it's certainly an (IEEE) standard and therefore widely available and accepted. 

Thank you for the comment. You are correct that implementing the IEEE-754 default "round to 

nearest, ties to even" rule has its complexities. Our original phrasing introduced ambiguity. In this study, 

we employ decimal significant-digit rounding (specifically the standard "Round Half Up" method). We 

originally described this as "straightforward" because it is implemented using standard Fortran intrinsic 

functions. Following the substantial rewrite of the Introduction, this original sentence is no longer present 

in the revised manuscript. 

58: "utilities" -> "compressors"? 

Your point of view is well taken and thank you. Following the substantial rewrite of the Introduction, 

this original sentence is no longer present in the revised manuscript. This term is employed in other 

contexts (e.g., Lines 205, 208, and 344).  

59: You certainly make that statement based on previous publications. References? 
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Thank you for pointing this out. Our original statement lacked specific citations. Following the 

substantial rewrite of the Introduction, this original sentence is no longer present in the revised manuscript. 

64: Certainly, agree with this statement but for an analysis across variables see Klöwer et al. 

2021 

Thank you for the comment. The rewritten Introduction has summarized the findings of Klöwer et 

al. 2021. Please see the response to Major comment 4. 

66: climate -> weather events? This sounds like floods, storms or heatwaves/cold snaps to me? 

Your point of view is well taken and thank you. 

67: Given this sentence I don't know what you mean in the former. Please clarify? 

Thank you for the question. Our original intent was simply to emphasize that extreme precipitation 

events are high-impact, and that evaluating the biases introduced to diagnostics by precision reduction is 

of critical importance. To improve clarity, the expression is revised (Lines 92–94). 

Lines 92–94: 

“Given the disproportionate societal and economic impacts of extreme precipitation (Seneviratne et al., 
2021; Davenport et al., 2021), it is therefore essential to assess whether precision reduction introduces 
artificial biases in extreme-event diagnostics, such as inflated dry-area coverage or altered peak 
precipitation intensities, that exceed expected analysis uncertainty.”  

69: "can alter" -> this discussion is missing that the changes introduced by lossy compression 

may not be statistically significant? If lossy compression is applied right then the compression 

error should be masked by the analysis error. 

Thank you for the comment. You are correct that carefully designed lossy compression of model 

outputs typically does not introduce statistically significant artifacts. The original expression was 

ambiguous. Our initial consideration focused on the error induced by input precision reduction. Following 

the substantial rewrite of the Introduction, this original sentence is no longer present in the revised 

manuscript. 

76: on "nonlinear sensitivity" missing the point here that you also apply lossy compression to the 

initial conditions used for WRF. State that explicitly? Otherwise, the "nonlinear sensitivity" of 

data compression is confusing 

Your point of view is well taken and thank you. In the revised manuscript (Lines 83–85), we have 

rewritten this sentence to explicitly specify the nonlinearity stems from the reduction in the precision of 

input data.  

Lines 83–85: 

“A fundamental distinction exists between the precision reduction of input data and that of output data. 
Perturbations introduced into the input forcings may be amplified through nonlinear model physics, 
potentially influencing simulated trajectories and downstream diagnostics.” 
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104: I'm missing here a discussion how significant digits are translated to bits, see major point 

Your point of view is well taken and thank you. For detailed responses, please refer to Major point 

1. 

104: It's unclear why you chose 3-5 significant digits and not more or less. For some variables 5 

significant digits are more clearly an overkill, say instantaneous cloud cover of e.g. 0.12345 whereas for 

others it's not, e.g. CO2 at 428.63ppm. Motive this range here? 

Your point of view is well taken and thank you. For detailed responses, please refer to Major point 

3. 

108: Delete "simultaneously"? There's a 1-yr simulation run in between "input" and "output", so 
hardly simultaneous? 

Your point of view is well taken and thank you.  

139: Why do you use RMSE as an error metric (which quantifies an absolute error) although your 

precision truncations yield relative compression errors? Sure, the relative error is therefore 

somewhat predictable (given it's bounded) but I suggest a discussion here whether all variables 

should be evaluated using an absolute error. Surely a wind speed of 0 vs 1m/s makes a difference 

but if it's 80 or 81 m/s probably not? 

Thank you for raising this important point. We agree with you that decimal significant-digit rounding 

introduces bounded relative numerical errors, and therefore relative error metrics may also provide useful 

insights when evaluating compression artifacts. 

In this study, we primarily used RMSE together with correlation R because these metrics are widely 

adopted in meteorological model evaluation and provide a physically interpretable measure of deviations 

in the original units of each variable. For example, in operational forecast verification and model 

evaluation, RMSE directly reflects the magnitude of deviations relative to typical atmospheric variability 

(e.g., m s-1 for wind speed or K for temperature), which allows straightforward comparison with 

observational uncertainties and natural variability.  

However, as the reviewer perceptively noted, absolute metrics such as RMSE are mathematically 

insensitive to the background magnitude of the physical variable. A deviation of 1 m s-1 contributes 

identically to the RMSE regardless of whether the underlying flow corresponds to calm conditions or an 

intense storm. For example, a difference between 80 and 81 m s-1 represents a very small relative 

perturbation (~1.25%), even though the absolute deviation remains 1 m s-1. Relative error metrics can 

indeed provide useful context for large-magnitude values. However, they become mathematically 

unstable near physical lower bounds. In the case of wind speed, comparing 0 and 1 m s-1 leads to a 

singularity when computing relative errors due to division by zero. Even when values are merely close to 

zero, relative metrics can produce artificially inflated percentages. Consequently, purely relative metrics 

can be problematic for variables with highly skewed distributions or frequent near-zero states, such as 

wind speed and precipitation. 

Motivated by your prior suggestion, we expanded the evaluation framework in the revised 
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manuscript. In Section 3.3, we introduced the SSIM as a complementary diagnostic that evaluates the 

preservation of spatial structures and field textures. In addition, for precipitation we incorporated 

categorical diagnostics focusing on the lower tail of the distribution, such as Probability of Detection 

(POD) and False Alarm Ratio (FAR). These metrics are particularly effective in capturing changes near 

the wet–dry threshold and therefore provide a more robust assessment of rounding effects near the 

physical lower bound. 

Thank you again for this valuable suggestion, which helped us broaden the diagnostic framework 

used in the study. 

165: "efficiency" -> "factor" or "ratio". If you actually mean efficiency, then introduce what 

efficiency means. Intuitively I think of efficiency as performance per resource. So it's unclear what 
this refers to here, could also be compressed size per (de)compression speed/time? 

Thank you for the comment. We have revised the entire text and changed the compression efficiency 

uniformly to the relative compression ratio. Here, the relative compression ratio is defined as the 

compressed size of the precision-reduced configurations divided by the compressed size of the full-

precision baseline. 

171: I don't understand why input compression should affect output compression? Isn't there an 
entire simulation in between introducing high-entropy mantissa bits again? 

Thank you for the question. As you correctly point out, the numerical integration within WRF acts 

as a generator of high-entropy information. Therefore, the low entropy (zeros) introduced by precision-

reduced input should not propagate to the output data structure. To avoid potential misunderstandings, we 

have explicitly clarified this point in the revised Section 3.1 (Lines 309–311). 

Lines 309–311: 

“As physically expected, the final compressed volume of the output is dictated by the precision applied 

during the output post-processing stage; varying the input precision exerts no immediate influence on the 

final compressed wrfout file size.” 

181: This has been highlighted by Zender et al. and others, please cite those and present your 

result in discussion to their findings? 

Your point of view is well taken and thank you. We have incorporated the relevant content into the 

revised Section 3.1 (Lines 357–361). 

Lines 357–361: 

“In conclusion, consistent with previous studies (Zender, 2016; Silver and Zender, 2017), precision 
reduction substantially improves subsequent standard lossless compression, which is also reflected in our 
results obtained with the decimal significant-digit rounding method. The substantial reduction in storage 
footprint achieved by reducing input and output precision underscores the potential of this coupled 
precision reduction and lossless compression strategy within the WRF workflow.” 

182: Do you want to add a discussion about compression speed here? How fast are both 
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compressors in your case? 

Your point of view is well taken and thank you. We have added a discussion in Section 3.1, as detailed 

in our response to Major Point 2. 

190: Is Temperature in ˚C or Kelvin? O(300K) rounded to 3 significant digits rounds to 1K/˚C 

increments? Units are otherwise not relevant but an offset from ̊ C to Kelvin is. You state this later, 
state it here? 

Thank you for the question. The precision reduction is applied to the raw WRF output, which is in 

Kelvin (K). However, for validation against Observation data from NCDC stations (which is typically 

reported in ℃), we converted the temperature fields to ℃ before calculating RMSE. 

Anyway, we have clarified the statements concerning temperature units and modified them in the 

revised Section 3.2 (Lines 390–391). 

Lines 390–391: 

“This behavior is largely a numerical artifact stemming from the Kelvin scale used in WRF outputs, where 
retaining 3 significant digits effectively removes all sub-degree decimal precision.” 

190: Relative humidity is likely only a post-processed output variable, calculated from 

temperature to get the saturation vapor pressure. So, if you see an error in relative humidity, are 

you sure it's not due to errors in temperature? Please clarify this dependency. 200: How do you 

know it's not the relationship to temperature? I would see your point if it was specific humidity, 

but you are analyzing relative humidity here. Also, the errors between Fig 3b&c are very similar 

but not to precipitation? 

Thank you for raising this important point regarding the dependency between relative humidity and 

temperature. We agree with you that relative humidity is not an independent prognostic variable in WRF 

but a derived thermodynamic quantity, computed from temperature and water vapor through the saturation 

vapor pressure relationship. Therefore, deviations in relative humidity may indeed arise from upstream 

errors in temperature rather than representing independent numerical distortions in moisture. 

Because RH depends directly on temperature through the saturation vapor pressure formulation, 

rounding-induced perturbations in temperature propagate into RH calculations. In contrast, precipitation 

exhibits fundamentally different behavior because it is a cumulative variable derived from model 

microphysics and convective parameterizations, rather than a direct thermodynamic diagnostic.  

We agree that specific humidity/ water vapor mixing ratio would provide a more physically direct 

diagnostic. However, robust observational validation of such variables was not feasible in this study. 

Deriving specific humidity or water vapor mixing ratio requires concurrent high-quality surface pressure 

measurements. After quality control, the available dataset was reduced to only a few hundred valid 

stations across the entire domain, which is insufficient for statistically robust spatial verification. 

We have therefore clarified these methodological constraints and explicitly discussed the 

thermodynamic dependency between RH and temperature in the revised Section 3.2 (Lines 391–398). 
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Lines 391–398: 

“Importantly, the pronounced sensitivity of RH, when output precision is reduced to 3 significant digits, 
is intrinsically tied to these temperature deviations. Governed by the non-linear Clausius–Clapeyron 
relationship, numerical artifacts from temperature directly propagate into saturation vapor pressure 
calculations, rendering the observed RH deviations largely secondary thermodynamic artifacts. 
Additionally, direct observational validation of absolute moisture was precluded: deriving specific 
humidity or mixing ratio from dew point temperature requires concurrent pressure data, yet rigorous 
quality control of these pressure records limited the available data to merely a few hundred valid stations 
domain-wide, rendering the network statistically insufficient for robust spatial verification.” 

205: The meaning of "5 significant digits" also depends on whether precipitation is accumulated 

or a rate in the output. Can you clarify this? 

Thank you for raising this important point. In WRF, total precipitation is not output as an 

instantaneous rate but rather as the cumulative sum of grid-scale precipitation (RAINNC) and convective 

precipitation (RAINC). Hourly or daily precipitation rates used in diagnostics are subsequently obtained 

through temporal differencing of these cumulative fields. The precision retention for precipitation 

mentioned in our study is based on the native output of cumulative precipitation. 

To clarify this dependency, we have revised the manuscript to explicitly explain the cumulative 

nature of precipitation and its implications for precision reduction. The following clarifications were 

added: 

Lines 90–91: We now explicitly state that precipitation is output as a cumulative quantity and 

exhibits intermittent and highly skewed characteristics. Lines 275–277: We clarify that total precipitation 

in WRF is computed as the cumulative sum of RAINNC and RAINC, which introduces compounded 

sensitivity to numerical precision loss. Lines 487–490: We introduce the concept of a dynamic precision 

strategy for cumulative precipitation variables, in which the retained number of significant digits increases 

as accumulated precipitation grows. Lines 667–682: We provide a detailed explanation of how precision 

reduction affects cumulative precipitation fields and how rounding errors propagate into derived hourly 

or daily precipitation through temporal differencing. 

Lines 90–91: 

“… this uncertainty becomes particularly critical in downstream diagnostic studies of precipitation, which 
is output as a cumulative quantity and exhibits intermittent and highly skewed characteristics.” 

Lines 275–277: 

“Moreover, because total precipitation in WRF is represented as the cumulative sum of grid-resolved 
(RAINNC) and parameterized convective (RAINC) components, it exhibits a compounded sensitivity to 
numerical precision loss.” 

Lines 487–490: 

“More generally, if scientific accuracy is prioritized, a dynamic precision reduction configuration can be 
adopted for cumulative precipitation variables. In such scheme, the compression algorithm monitors 
accumulated precipitation and initially retains 4 significant digits, automatically upgrading to 5 significant 
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digits once cumulative precipitation exceeds 1000 mm at the regional average or even grid scale.” 

Lines 667–682: 

“In stark contrast to instantaneous state variables, the WRF precipitation variable, a cumulative 
quantity with a highly skewed distribution, can reach thousands of millimeters annually. This 
continuously growing accumulation introduces fundamentally different numerical vulnerabilities, making 
it the primary bottleneck for precision reduction design. Specifically, retaining a fixed 3 significant digits 
critically widens the effective quantization interval over time (e.g., approaching ~20 mm h-1). When 
hourly or daily precipitation is derived through temporal differencing, this coarse quantization introduces 
contradictory artifacts: it suppresses very light (0.1 mm h-1) rainfall increments (producing a systematic 
dry frequency bias) while intermittently generating large, discrete step-increments, which artificially 
elevates the frequency of false wet_days and R10mm_days threshold exceedances. To maintain realistic 
precipitation statistics without indiscriminately inflating file sizes, a magnitude-aware dynamic precision 
strategy, scaling the retained digits according to the evolving cumulative total, emerges as a highly 
practical solution. Specifically, for grid cells where the accumulated precipitation remains below 1000 
mm, retaining 4 significant digits is generally sufficient to preserve a scientifically viable sub-millimeter 
resolution. Once the accumulation surpasses the 1000 mm threshold, the precision should be dynamically 
increased to 5 significant digits to explicitly prevent the decimal resolution from degrading. For multi-
year simulations, where total accumulations routinely exceed 10000 mm, retaining 6 significant digits 
becomes strictly necessary. It is worth noting that designing a lower-tier threshold (e.g., at 100 mm) is 
operationally unnecessary; most simulated regions rapidly exceed this baseline shortly after initialization, 
rendering any lower-precision tier computationally transient and practically redundant.” 

Fig. 3: Swap red-blue colors in e-h to signal worse with red and better with blue? 

Done. 

Fig. 3: Why are errors being reduced for wind? IEEE rounding is theoretically bias-free (due to round to 

nearest tie to even) so I don't understand what's happening here. 

     Thank you for the question. We agree with you that IEEE rounding is theoretically unbiased, and 

therefore precision reduction alone should not systematically reduce model errors. 

The reduction in wind errors arises from the construction of the evaluation metric in Fig. 4, where 

model outputs are evaluated relative to observational reference data rather than relative to the 

uncompressed WRF baseline (WRF_bl). Because the baseline simulation itself contains inherent biases 

with respect to observations, the unbiased numerical perturbations introduced by precision reduction can 

occasionally act as a form of error compensation. In other words, if a rounding perturbation happens to 

partially offset an existing model bias, the resulting truncated value may appear closer to the observations, 

producing a small apparent improvement in the evaluation metrics. 

Importantly, this does not indicate that precision reduction physically improves simulation. Rather, 

it reflects a statistical artifact of bias cancellation when comparing against observations. The purpose of 

this comparison is to demonstrate that precision reduction artifacts do not compromise the model’s ability 

to pass standard observational validation benchmarks, rather than to suggest that precision reduction 

improves the physical realism of the simulation. 

222: Please mention units earlier, see above. 
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Your point of view is well taken and thank you (Lines 390–391).  

Lines 390–391: 

“This behavior is largely a numerical artifact stemming from the Kelvin scale used in WRF outputs, where 

retaining 3 significant digits effectively removes all sub-degree decimal precision.” 

Fig 4: Why do you take the absolute value of RMSE changes? One is better the other one worse, could 

you clarify first why lower RMSE follows from rounding? 

Thank you for the question. As discussed in our prior response, these small negative values are not 

physical improvements. Thus, we treat it as a perturbation magnitude. In addition, absolute values 

facilitate the visualization of stacked plots. 

Fig 4: Can you please change the colors for the regions? The red and the green are pretty much 

indistinguishable for someone with deuteranopia (the most common color vision deficiency), 
make one brighter the other one darker for example 

Your point of view is well taken and thank you. We have redrawn the color schemes of all the charts 

in the entire manuscript. The following revised Fig. 4 (Fig. 5 in the revised manuscript) provides as an 

illustration. 

 

Figure 5: Magnitude of seasonal and regional relative changes in RMSE for meteorological variables 
across 15 precision-reduced configurations. Stacked bars illustrate the regional breakdown of |RMSE 
increase| relative to the WRF_bl across nine climate regions. Note that the total bar heights serve solely 
to visualize relative regional contributions and do not represent a mathematically aggregated domain-
wide RMSE percentage. Results are presented separately for (a–d) wind speed, (e–h) temperature, (i–l) 
relative humidity, and (m–p) precipitation. 
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226: See comment above, can you show that humidity here is actually independent of temperature? 

Thank you for the question. Please refer to the prior response (page 31). 

250: How do you know that +-3% is modest? For temperature a 1% error was not acceptable. 

Thank you for the comment. We have revised it to a more rigorous formulation in the Section 3.4 

(Lines 565–563). 

Lines 565–563: 

“For the percentile-based index R99p_days, NMB fluctuates within ±3% during winter, spring, and fall, 

while it amplifies in summer to a maximum bias of 8.33% (Fig. 8a–d).” 

316: Why is NMB < 1% a good (single) metric to decide whether your compression error is 

acceptable? See major point. 

Thank you for the question. We agree that single metric is insufficient to identify the optimal. Please 

refer to our response to Major Point 6. 

322: I don't disagree with that but that's the holy grail of lossy data compression: How do choose 
an acceptable compression error for a (not yet decided) set of scientific objectives. 

Thank you for this thoughtful comment. We fully agree with you that determining an acceptable 

compression error for unknown future scientific applications is indeed one of the fundamental challenges 

in lossy data compression. 

In practice, however, the acceptable level of precision reduction is inherently application-dependent. 

Large institutional archives (e.g., global reanalysis datasets) must support a wide range of unpredictable 

downstream uses, and therefore are typically required to adopt conservative precision baselines to avoid 

the risk of losing potentially relevant information. 

In contrast, regional modeling workflows such as WRF are often goal-oriented. Simulations are 

typically conducted with clearly defined scientific objectives (e.g., extreme precipitation, boundary-layer 

processes, or regional climate diagnostics), and the required precision can therefore be aligned with the 

physical signals that the analysis aims to resolve. In such contexts, precision reduction can be selectively 

applied, preserving the precision required for scientific analysis for the variables and diagnostics of 

interest while reducing redundant numerical precision elsewhere. 

We have clarified this principle in the revised manuscript (Section 4.2: Lines 683–702): WRF users 

can tailor precision levels according to their specific research objectives, allowing substantial storage 

savings without compromising the scientific signals relevant to their analyses. 

Lines 683–702: 

 “Considering the specific application context, precision required for post-processed diagnostics is 
not universally applicable. The acceptable extent of precision reduction is ultimately determined by the 
relative magnitude between the physical signals that downstream analyses intend to resolve and the 
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background state of the variable. The retained precision must be sufficient to resolve the order-of-
magnitude contrast between the background state and the targeted physical perturbation, but only when 
resolving that perturbation is scientifically necessary. For example, atmospheric pressure typically has a 
background magnitude of ~105 Pa. If a study seeks to diagnose mesoscale pressure gradients on the order 
of ~101 Pa, retaining at least five significant digits becomes necessary to avoid numerical loss of 
information. Conversely, if the scientific objective focuses only on large-scale synoptic patterns, where 
variations of ~102 Pa are sufficient to characterize the system, retaining four significant digits may already 
provide adequate fidelity while significantly improving storage efficiency. Following analogous 
reasoning, water vapor mixing ratio typically exhibits background magnitudes of ~10-2–10-4 kg kg-1, while 
dynamically relevant perturbations associated with moisture advection may occur at ~10-5 kg kg-1. 
Resolving such subtle signals requires at least four significant digits. However, studies concerned 
primarily with bulk moisture transport or large-scale moisture budgets may tolerate lower precision 
because these micro-scale perturbations contribute negligibly to the targeted diagnostics. Therefore, the 
level of precision reduction should ideally be chosen based on the requirements of the intended 
downstream scientific analysis, ensuring that numerical compression does not obscure the physical 
signals that the research aims to diagnose. When downstream applications are broad and unpredictable, 
as is typically the case for static reanalysis datasets distributed by institutional centers, providers are 
typically required to maintain conservative, high-precision baselines. Conversely, in the context of active 
model post-processing (e.g., targeted WRF simulations), researchers often have well-defined scientific 
objectives. This allows them to precisely tailor the extent of precision reduction to their specific needs, 
maximizing storage efficiency without compromising the physical signals of interest.”  

324: As far as I understand your nudging applied it's not just an initial or boundary condition but 
also a forcing term in the upper atmospheric levels that's altered. 

Thank you for the comment. Here is a textual error. Precision reduction was applied prior to model 

execution and exclusively only to the time-varying input forcing files, encompassing atmospheric analysis 

nudging fields (wrffdda), surface analysis nudging fields (wrfsfdda), lateral boundary tendencies (wrfbdy), 

and lower boundary forcing (wrflowinp), such as sea surface temperature.  

The initial atmospheric state is provided via either an initial condition file or a restart file (wrfrst) 

generated after model spin-up and serves as the starting point for the integration, providing the full three-

dimensional atmospheric and land-surface prognostic states required for seamless temporal continuity. 

For consistency purposes, the annual run started with a 2-day spin-up on 12/30/2015 so every day in 2016 

the model started with a restart file and four prescribed time-varying external forcing files, which include 

atmospheric and surface analysis nudging fields (wrffdda, wrfsfdda), lateral boundary condition 

tendencies (wrfbdy), and lower boundary inputs such as sea surface temperature (wrflowinp). The outputs 

are written to wrfout files and contain near-surface and surface variables, three-dimensional atmospheric 

state fields, cloud microphysical quantities, radiation and energy fluxes, and other diagnostics. We have 

systematically detailed the exact data structures of the WRF model's inputs and outputs in the revised 

manuscript (Section 2.1: Lines 136–143, 144–148). 

The entire precision reduction workflow is visually anchored by the newly introduced Figure 1. As 

detailed in the revised manuscript (Section 2.2: Lines 185–194), we delineate the workflow into 

preprocessing, model integration, and post-processing stages.  
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Lines 136–143: 

“To establish dynamical consistency prior to the evaluation period, the annual simulation for 2016 was 
preceded by a 2-day spin-up initialized on 30 December 2015. The annual integration was conducted in 
consecutive daily segments, with each day initialized from a model restart file (wrfrst) generated at the 
conclusion of the previous day. These restart files provide the three-dimensional atmospheric and land-
surface state required for seamless temporal continuity. In addition to daily initialization, the model 
evolution was continuously constrained by prescribed time-varying external forcing fields, including 
atmospheric and surface analysis nudging (wrffdda, wrfsfdda), lateral boundary condition tendencies 
(wrfbdy), and lower-boundary updates such as sea surface temperature (wrflowinp).” 

Lines 145–147: 

“In contrast, model outputs (wrfout) contain near-surface variables, three-dimensional atmospheric states, 
cloud microphysical quantities and energy fluxes, representing the prognostic results of the completed 
simulation.” 

Lines 185–194: 

“The systematic integration of this rounding framework into the overall experimental design is 
summarized in Fig. 1. The schematic depicts the three core workflow stages: preprocessing on input with 
the precision-reduction tool, model integration with full-precision input and precision-reduction input, 
and post-processing on model integration result, wrfout file, with the precision-reduction tool. Lossless 
compression will be applied to all input and output. For input precision reduction configurations, the 
rounding procedure was applied during the preprocessing stage, exclusively targeting the time-varying 
forcing files (wrffdda, wrfsfdda, wrfbdy, and wrflowinp). Because these files define the dynamic external 
constraints on the model, evaluating each input precision level necessitated a fully independent WRF 
simulation to capture the non-linear propagation of rounding errors. Conversely, for output precision 
reduction, rounding was applied to the final wrfout files after simulation completion. As a purely static 
post-processing operation, output precision can be flexibly adjusted without requiring computationally 
expensive model re-runs.” 
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Figure 1: Schematic illustration of the experimental workflow for WRF data precision reduction and 

lossless compression. 

331: fx6...15 would be even more conservative, given the subjective choice of 3...5 why do you 

conclude that 5 is the "most conservative"? Of course, higher values would defeat the point of 

lossy compression, but the conclusion drawn seems therefore very subjective. 

Thank you for the comment. Please refer to our response to Major Point 3. 

332: I don't understand why you don't suggest fx3 for winds, from Fig 3 that would follow as 

acceptable? But maybe you first have to explain the impact rounding has on the winds, see comment 

above. 

Thank you for this helpful comment. We agree with you that the results indicate that wind fields can 

tolerate more aggressive precision reduction than the conservative configurations originally discussed in 

the manuscript. 

In the original version of the manuscript, we adopted a conservative precision reduction level across 

all variables, primarily as a concession to precipitation-related considerations. However, as you correctly 
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point out, this approach does not fully reflect the strong variable-dependent compressibility revealed by 

our analysis. We have revised the discussion (Lines 649–667) in the manuscript to explicitly emphasize 

variable-specific precision reduction strategies rather than a single uniform truncation configuration. 

Under this framework, retaining 3 significant digits for wind speed is recommended. 

Lines 649–667: 

“Dynamic variables such as WS10 are typically concentrated within a narrow numerical range, retaining 
3 significant digits completely guarantees the preservation of at least one decimal place (e.g., a resolution 
of 0.1 m s-1). Therefore, applying a universal 3-digit retention for wind fields represents the most 
conservative compromise between storage reduction and precision, introducing negligible numerical 
distortion in our evaluation. Theoretically, retaining 2 significant digits could also be a viable 
configuration. Because 2 digits mathematically preserve single-decimal resolution for values below 10 m 
s-1, perceptible quantization errors would primarily be expected to emerge only when wind speeds exceed 
this threshold. Consequently, to maximize storage benefits without compromising physical fidelity, future 
applications could implement a magnitude-aware adaptive strategy for wind fields: dynamically toggling 
between 2 and 3 retained significant digits based on a 10 m s-1 threshold.” 

367: Thanks for providing the code but please provide a readme or documentation, I can hardly 

look through hundreds of lines of Fortran code to understand what you did or how you organize 

your code. I was looking for where you actually apply the rounding but struggled to find it. 

Thank you for the comment. For the Fortran implementation, please refer to our response regarding 

Major Point 1. Also, we have updated the uploaded code and added a detailed Readme file. 

https://doi.org/10.5281/zenodo.19199806 (Wong and Wu, 2026). 
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