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ABSTRACT 
With the arrival of the big data era, the demand for massive data storage is growing, and distributed 
storage systems have become a key technology to solve this problem. The traditional HDFS system has 
a large storage overhead, this paper in order to improve the storage efficiency of massive data, the 
introduction of corrective deletion code (RS code) technology, to ensure the reliability of the data at 
the same time significantly reduce the cost of storage. In order to improve the storage efficiency of 
massive data, this paper introduces the corrective censoring code (RS code) technology, which ensures 
the data reliability and significantly reduces the storage cost. In addition, to address the problems of 
low coding efficiency and high repair overhead in the practical application of RS code, this paper 
further introduces the local repair code (LRC) technology, which reduces the data repair overhead, and 
compares and analyzes the application effect of optimization model (RS-LRC-HDFS). The experimental 
results show that after RS-LRC optimization, the time overhead of the HDFS storage system in the write 
process and read process is significantly improved by 81.12% and 93.01%, respectively, compared 
with the pre-optimization period, and the repair time of massive file data is reduced by 87.25%. It can 
be seen that it provides an efficient and reliable solution for massive data storage. 
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1. Introduction 

With the continuous development of information technology, the technology of storing and analyzing 
massive data has also been widely concerned and applied. Massive data usually refers to a collection 
of data that is extremely large in quantity and very complex in type and structure, such as the Internet, 
social media, Internet of Things, remote sensing, genomics and other ϐields [1-4]. How to store and 
analyze massive data efϐiciently, accurately, and securely has become one of the important issues in 
business, science, and government [5-6]. 
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Massive data processing usually requires features such as high concurrency, high reliability, high 
performance and high scalability. Aspects such as the size of the data, the speed of writing and reading, 
the frequency of data access, and the stability requirements of the system need to be considered in the 
design phase [7-10]. Issues such as data security, availability and consistency also need to be 
considered. Optimization is a very important aspect in the process of mass data processing and storage 
system design [11-13]. Optimization can start from many aspects, such as optimizing algorithms and 
data structures, optimizing query and storage strategies, optimizing system architectures and 
hardware conϐigurations, etc. Distributed computing models can play an important role [14-16]. 
Distributed storage is a way of sharing data storage among many nodes on a computer network, and 
its core idea is to decentralize the storage of massive data on multiple nodes, so as to improve the 
reliability, availability and performance of data [17-20]. Distributed storage has many advantages and 
can effectively scale storage capacity and computational performance.Distributed ϐile systems such as 
HDFS (Hadoop Distributed File System) and GlusterFS (Gluster File System), have become the 
mainstream choice in the industry [21-23]. 

In this paper, we ϐirst carry out the overall design of the HDFS system platform and analyze its 
architectural features and storage mechanisms. For the application of RS code in data storage, it 
explores the problem that the disk I/O and network bandwidth required for repair are too high in the 
actual process. Through the introduction of local repair code (LRC) technology, the traditional RS code 
is optimized, and then the optimized RS-LRC technology is used to reduce the computational overhead 
of writing and reading in the process of massive data storage and improve the efϐiciency of node repair. 
Finally, the performance of the optimized system is veriϐied through actual cases, which provides a 
reference basis for the practical application of distributed massive data storage system. 

2. RS-LRC-HDFS mass data storage system 

2.1. Overall Design of Massive Data Storage System Platform 

2.1.1. General framework of the system platform. The system platform is generally divided into four 
layers: user layer, business logic layer, data storage layer and data resource layer. The overall 
framework model of the platform is shown in Figure 1. User layer: it is the client browser. Users send 
requests to the system on the client side, and the system feeds back the processing results to the client. 
Business Logic Layer: It is mainly used for the communication between the application program and 
the storage system. It provides functions such as system platform settings, security management, 
catalog management, resource management, etc. Data storage layer: mainly composed by using HDFS 
[24] and Map Reduce in the system cluster, responsible for the management of data and assignment of 
tasks, providing distributed computing and storage for the system. Data Resource Layer: is the basis 
of the hardware resources of the whole platform, composed of multiple computers, used to store and 
manage massive teaching resource data. 
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Fig. 1. Design of the overall framework of the platform 

2.1.2. Functional modules of the system platform. This system provides a management platform to 
solve the problem of massive data storage. Its functional modules mainly include four modules: user 
management module, administrator module, system platform management module and teaching 
resource management. 

User management module: including user's login, ϐile uploading, downloading and deleting 
functions. 

Administrator module: including account rights management, user management, log management 
and general user functions. 

Platform Management Module: includes functions of server management, fault management, early 
warning alarm and fault logging. 

Teaching Resources Module: Includes the classiϐication and storage of teaching resources such as 
course lesson plans, course teaching videos, test banks, practical training guides, professional 
construction and high-quality course construction. 

2.1.3. Network topology of system platforms. The network topology of the massive teaching 
resources data platform mainly includes the user operation area at the front end and the data sharing 
service area at the back end. Among them, the data sharing service area includes all kinds of servers 
of Hadoop cluster network [25]. These servers can be distributed in different areas. With the increase 
of data volume and changes in application requirements, the platform can be ϐlexibly expanded, and 
these operations are transparent to users. 

2.1.4. Disadvantages of HDFS storage. The ϐile size of HDFS is usually GB to TB level, therefore, HDFS 
is adapted to support the storage of large ϐiles during the design, and when storing data smaller than 
the HDFS chunk size, HDFS also stores it according to the chunk size, which increases the storage space 
and also affects the access efϐiciency. Therefore, this paper optimizes the traditional HDFS storage 
model as follows. 

2.2. RS-LRC based HDFS storage optimization 

2.2.1. Problems with RS codes. Even though the cost of disk is getting lower and lower, the data 
volume is growing faster. It is still a challenge to store the huge amount of data efϐiciently while 
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ensuring the reliability of the data.RS class corrective deletion code [26] is widely adopted by many 
distributed storage systems because of its high reliability and high storage efϐiciency. However, it is 
highly restricted because the disk I/O and network bandwidth required for repair are too high. 

( , )RS k n k  code needs to read k  blocks even to repair a single block, while the three-copy system 
needs to read only one block to repair, we take RS(12,4) code as an example for optimization. 

RS-type deletion codes have the MDS property and the optimal minimum distance d  , the only 
problem is that the locality r  of RS-type deletion codes is equal to k . Generally speaking, codes with 
small locality have smaller disk blocks to be read during repair, so the IO consumed by reads and writes 
and network bandwidth consumed by transfers are smaller. 

For an encoding of ( , )n k   with localizability, the minimum distance must satisfy the following 
constraint: 

 2
k

d n k
r
      

 (1) 

For ( , , )RS n k r   code, , 1r k d n k     . While the minimum distance does reach the maximum, 
the locality r  is too large, resulting in a repair that is too inefϐicient. 

2.2.2. Adding Local Checksum Block Optimization. In this paper, in the previous subsection, we have 
identiϐied the problems and the root causes of the problems, for which we propose an improved RS 
code. The repair efϐiciency and system performance of RS codes is improved by adding extra check 
blocks to the RS codes and improving the localization of RS codes. We call the improved RS code RS-
LRC code [27], LRC is the abbreviation of local repairable code.RS-LRC code adds local checksum 
blocks (m n k   , is the number of global checksum blocks) on top of ( , )RS k n k   code, dividing 
k m   blocks into l   groups of ( ) /k m l   data blocks each, which ( ) /k m l   do the dissimilarity 
operation together to generate a local checksum iP  block. 

The ( , , )RS LRC k n k l   code represents data blocks k  blocks, n k  checksum blocks, l  local 
checksum blocks, and locality ( ) /r k m l   .The parameters of the RS code we have chosen are 

12, 4, 16k n k n    , and since we have added four local checksum blocks, the improved scheme we 
call RS-RLC(12, 4, 4) code. 

Since we have to add extra checksum blocks on top of the RS code, it will inevitably lead to a further 
increase in the extra storage space. For the above reasons, we select RS(12, 4) code as the basis for 
improvement, which can gain more performance improvement at the cost of smaller additional 
storage space.The structure of RS-LRC code (k=12,m=4,l=4) is shown in Fig. 2.In RS(12, 4) code, the 
whole strip has 16 blocks, including 12 data blocks and 4 global checksum blocks.The 16 blocks can 
be equally divided into 4 groups of 4 blocks each. 
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Fig. 2. RS-LRC code structure, k=12, m=4, l=4 

Assume that the data blocks are respectively 1 2 12, , ,D D D  . First the global checksum block 
, , ,a b c dP P P P  is generated by generating matrix of RS(12, 4). then 1 2 12, ,...,D D D , and , , ,a b c dP P P P  are 

divided into four groups, the ϐirst group is 1 2 3 4( , , , )D D D D , the second group is 5 6 7 8( , , , )D D D D , the 
third group is 9 10 11 12( , , , )D D D D  and the fourth group is ( , , , )a b c dP P P P . 

Then each group computes a separate check block, called 1 2 3 4, , ,P P P P . In computing global check 
block , { , , , }iP i a b c d , the computation is based on a ϐinite domain; while in computing local check 
blocks iP , [4]i , it is a hetero-or operation, which is simple and less computationally expensive. The 
formula is as follows: 

The remaining 3 checksum blocks can be obtained by the same calculation. With the extra checksum 
blocks, the network bandwidth and disk I/O consumption required to repair a single block can be 
greatly reduced. For example, for 1D  , repairing 1D   requires only 1 2 3 4, , ,P D D D  . By using the 
formula: i.e: 

 1 1 2 3 4D P D D D     (2) 

 1 1 2 3 4P D D D D     (3) 

2.2.3. Re-optimization. The optimized RS-LRC code composition is shown in Fig. 3. 

 1D  2D  3D  4D  5D  6D  7D  8D  9D  10D  11D  12D

 1P  2P  3P

 bP aP  dP cP

First set of data blocks Second set of data blocks Third set of data blocks

Local check block Local check block Local check block

Four global 
parity blocks  
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Fig. 3. Re-optimized RS-LRC 

The fourth local check block 4P  can be replaced by the other three local check blocks 1 2 3, ,P P P  due 
to properties speciϐic to the van der Merwe matrix: 

 4 1 2 3P P P P    (4) 

This eliminates the need for us to save 4P , thus saving one block of space per strip. When the global 
checksum block of the fourth group is lost, say aP , it can be recovered by the following equation: 

 1 2 3a b c dP P P P P P P       (5) 

In practical systems, it is very rare to directly use Vandermonth matrices for RS code coding and 
decoding, and most system implementations use generating polynomials to realize RS codes. 
Generating polynomials and matrix RS codes, although in different forms, belong to the same two 
different ways of deϐining RS codes, and the generating polynomials can be converted into matrix form 
by certain constructions. For RS(12, 4) code, the generating polynomial is ( )g x : 

 
0 2 3

4 3 2
4 3 2 1 0

( ) ( )( )( )( )g x x x x x

g x g x g x g x g

       

    
 (6) 

where ig   is the coefϐicient of the generating polynomial. The addition, subtraction, multiplication 
and division operations described above are all operations in a ϐinite ϐield. The above generating 
polynomial ( )g x  can be represented as an array 0 1 2 3 4[ , , , , ]g g g g g g , where each value in the array 
corresponds to a coefϐicient of the generating polynomial. From this array, a k n  -dimensional 
generating matrix G can be constructed: the ϐirst 5 elements of the ϐirst row of G are 0 1 2 3 4, , , ,g g g g g , 
and the next 11 elements are 0; the second row is obtained by cyclically shifting the ϐirst row to the 
right by one bit, i.e., the ϐirst element is 0, and the second to sixth elements are 0 1 2 3, , ,g g g g , 4g , and 
the next 8 elements are 0; the next 10 columns are obtained in the same way, and the last 5 elements 
of the ϐinal column are 0 1 2 3 4, , , ,g g g g g . 

The parity check matrix H and the generating matrix G are orthogonal, i.e. 0T
k nGH  . for each row 

ih   in H there is 0 1T
i kGh    . And the ϐirst row in H is a n  -dimensional vector of all 1's, which is 

known from ( 1), ( 1)i
ih j j    . So 11 0T

kG   . and 
16

1 1
1

1 0 0T
k i k

i

G g 


    . ig   denotes row i   of 
the generating matrix, [16]i . Which shows that ( [16])ig i  is a function of all other 15 columns. 
For 16g  there is: 

 16
0

0
i

g


  (7) 

This means that any of the columns can be obtained by adding the other 15 columns with the 
following formula: 

 
15 4 8 12

16 13 14 15
1 1 5 9

i i i i
i i i

g g g g g g g g
  

           (8) 

4

1
i

i

g

  is the ϐirst local checksum block, 

8

5
i

i

g

  is the second local checksum block and 

12

9
i

i

g

  is 

the third local checksum block. So for RS(12, 4, 3), the data block and the checksum block conform to 
the following equation: 

 
12

1

0i a b c d
i

D P P P P


      (9) 

 1 2 3 0a b c dP P P P P P P        (10) 

,D P  represents the data block and checksum block respectively. According to the above equation, 
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if any one of the four global checksum blocks is lost, it can be recovered by the other three global 
checksum blocks and the three local checksums by performing the different-or operation together. In 
this way, the global checksum block can be recovered by six blocks even if no local checksum block is 
generated for the global checksum block. 

The original form of G is not systematic, where k  data blocks are encoded and replaced by new 
ones, which will result in reading a single data block, all of which need to be read into at least k  blocks 
to be reconstructed, which will greatly degrade the system performance. So ϐirst an elementary 
transformation is done on the Vandermont matrix [28] to convert the submatrix of k k   into a 
unitary matrix. The ϐinal generated matrix is transformed to the following form: |[ ]kG I A . With the 
transformed form, the relationship ( )0T

k n kGH     is more intuitive. [ | ]T
n kH A I    , TA   is 

( )n k k  , so H is ( )n k n  . i.e: 

 

( )

| ]

0

TT T
k n k

k
n k

k n k

GH I A A I

A
I A

I

A A





 

       
  

   
  

  


 (11) 

Finally, this paper designs a distributed massive data storage system (RS-LRC-HDFS) based on the 
optimization of class corrective censoring code and locally repairable code (RS-LRC for short) and 
veriϐies its effectiveness in storing massive data. 

3. Results and analysis of RS-LRC-HDFS mass data storage 

3.1. Analysis of data storage optimization effect of RS-LRC 

3.1.1. LRC vs. RS. In order to analyze the decoding efϐiciency of the improved LRC over RS censored 
codes, (12,2,2) LRC and (12,4) RS are taken as an example, since they have the same storage cost of 
1.33x. 40 test experiments are carried out respectively, and the comparative results of (12,2,2) LRC 
and (12,4) RS are shown in Fig. 4. From the ϐigure, it can be seen that under the same storage cost, the 
time for LRC to decode any 2 faults is only about half of the time used for RS corrective censoring 
decoding, which achieves the purpose of this paper to improve RS corrective censoring. Of course, 
consider that (12,4)RS tolerates any 4-block faults, while (12,2,2)LRC has only roughly 85% decoding 
success rate for any 4-faults. However, both are more fault tolerant than three copies. In summary, 
compared to RS censoring codes, LRC trades the disadvantage of lower fault tolerance for a substantial 
increase in decoding performance, and maintains the same or even lower storage cost as RS censoring 
codes. 
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Fig. 4. Comparison results of LRC and RS 

3.1.2. Parameter changes. This test is done by changing the parameters of the corrective censoring 
code and comparing the (6,2,2) LRC and (12,2,2) LRC, only the number of data blocks is increased and 
other parameters remain unchanged, the results of the experiments comparing the parameter changes 
of the LRC (16,3,3) and the LRC (6,2,2) are shown in Fig. 5. From the ϐigure, it can be seen that the 
encoding time and decoding time of (12,2,2) LRC are higher than that of (6,2,2) LRC.The average values 
calculated from the respective test data are 46.54 microseconds for (6,2,2) LRC and 10.42 
microseconds for decoding, whereas (12,2,2) LRC has an average of 62.58 microseconds and decoding 
average of 15.6 microseconds. Here it can be seen that changing the parameter variations to double 
the number of data blocks does not signiϐicantly improve the encoding and decoding times, and the 
encoding time increases more than the decoding time. 

 

Fig. 5. LRC (12,2,2) and LRC (6,2,2) parameters change the results 
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3.1.3. Generating Matrix Comparisons. The main comparison is between Vandermonth RS corrective 
censoring codes and Cauchy RS corrective censoring codes, which also reϐlects the comparison of 
efϐiciency between Vandermonth LRC and Cauchy LRC.The results of the comparison of VRS and CRS 
generation matrices are shown in Fig. 6, where (a) stands for VRS (6,3), CRS (6,3), and (b) stands for 
VRS (10,4), CRS (10,4). 

From Fig. (a), it can be seen that the Vandermonth RS censored code is more concentrated than the 
Cauchy RS censored code in each group of test results, while the coding span of the Cauchy RS censored 
code is much larger, which shows that the stability of the Cauchy RS censored code is poorer. From Fig. 
(b), it is found that the coding and decoding spans of both Kersey RS censored code and Vandermonth 
RS censored code are larger after changing the parameter combinations, which indicates that the 
performance of Vandermonth RS censored code and Kersey RS censored code are similar. 
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(a) VRS(6,3), CRS(6,3) 

 

(b)VRS(10,4), CRS(10,4) 

Fig. 6. VRS and CRS generation matrix contrast results 

3.2. Validation of RS-LRC-HDFS Data Storage Effectiveness 

3.2.1. Evaluation indicators. In the paper, we propose to introduce local repair coding based on 
systematic RS-LRC codes into HDFS systems, and we focus on the following evaluation metrics in this 
section of experiments. 
1) Storage overhead: given the same amount of data volume while achieving the same fault tolerance, 
we pursue the system with higher efϐiciency, i.e., the system that requires less space is superior. 
2) Repair bandwidth: the total amount of data that needs to be fetched from a normal node in order to 
repair a failed data. The normal node sends coded data to the new node with a bandwidth equal to the 
size of the transmitted coded block. The new node will perform decoding operation on the received 
coded block to recover the lost data. 
3) Disk I/O: For the disk I/O operation, the main concern in the paper is the disk I/O during the 
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restoration process, because the encoded data block received by the new node can only be decoded on 
this node to restore the original data, so the biggest indicator to reduce the disk I/O is that the number 
of normal nodes can be reduced. 

In this section, the main purpose is to further verify the time of reading and writing different ϐiles in 
the RS-LRC optimized HDFS data storage ϐile system based on the HDFS storage system (HDFS for 
short), the original RS's HDFS storage system (RS-HDFS for short), and the method in this paper (RS-
LRC-HDFS), respectively. The vertical coordinates in the following results are all time, and the units 
are all milliseconds. 

3.2.2. Time overhead of the data writing process. The time overhead of the data writing process is 
shown in Figure 7. The results show that when the size of the ϐile increases from 100MB to 1000MB, 
the time overhead of writing data for HDFS, RS-HDFS and RS-LRC-HDFS systems are at 7.12×104, 
7.43×104 and 1.44×104 milliseconds, respectively. The time overhead of writing data using RS-LRC 
optimized distributed data storage coding technique is reduced by 81.12% compared to the traditional 
HDFS system when the ϐile size reaches 1000MB. This shows that the RS-LRC based HDFS data storage 
optimization proposed in this paper is extremely effective. 

 

Fig. 7. The time overhead of the data writing process 

3.2.3. Time overhead of the data reading process. The time overhead of the data reading process is 
shown in Fig. 8. The results show that the HDFS system has the largest time overhead for the data 
reading process under the three algorithms, followed by RS-HDFS, while the RS-LRC-HDFS system has 
the smallest. When the size of the ϐile is 100MB, the three systems consume 1.05×104, 0.35×104 and 
0.0735×104 milliseconds to read the data, respectively; and when the size of the ϐile reaches 1,000MB, 
the time consumed by its data reading is 4.37×104, 2.94×104 and 0.775×104 milliseconds, respectively. 
The RS-LRC optimized distributed data storage based coding technique proposed in this paper reduces 
the time to read the ϐile by 93.01% and 82.27% compared to the traditional and RS-HDFS systems for 
ϐile sizes of 100MB and 1000MB, respectively. This may be related to the fact that the HDFS system 
takes longer time because it needs to decode the coded blocks during the massive data reading process, 
whereas the localized repair coding of the RS-LRC-HDFS system can directly perform the reading 
operation on the original data, so it takes less time. 
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Fig. 8. The time overhead of the data reading process 

3.2.4. Time overhead of the node repair process. The time overhead of the node repair process is 
shown in Figure 9. As can be seen from the ϐigure, when the ϐile size increases from 5MB to 1000MB, 
the time overhead of the node repair process for the three systems HDFS, RS-HDFS and RS-LRC-HDFS 
increases by 91.09%, 93.16% and 85.36%, respectively. When the ϐile size is 1000MB, the time 
overhead of the node repair process is 2.51×104, 11.9×104 and 19.69×104 milliseconds for HDFS, RS-
HDFS and RS-LRC-HDFS systems, respectively. In comparison, the optimization model proposed in this 
paper has a larger difference in the time overhead of the node repair process for massive data than the 
traditional HDFS, and the time overhead of the RS-LRC-HDFS system is reduced by 17.18 × 104 
milliseconds compared to the HDFS system. And the time gap increases as the failed data block 
increases. Since inexpensive machines are mostly used in HDFS system, the possibility of failure is 
more, so it is more important to repair the data quickly with less bandwidth consumption. 
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Fig. 9. The time overhead of the node repair process 

3.3. Case Study of Massive Data Storage Based on RS-LRC-HDFS 

3.3.1. Comparison of data storage characteristics: 
1) Select the datasets smaller than HDFS chunk size (128M) from the test dataset. 
2) Select ϐive test data sets from the re-selected test set with different number sets of 100, 500, 1000, 
5000 and 10000 respectively. 
3) Record the storage time under different test data sets. 

The result of data storage efϐiciency comparison between HDFS and RS-LRC-HDFS system is shown 
in Figure 10. From the results it can be seen that in the case of the same amount of data RS-LRC-HDFS 
is more efϐicient in storing ϐiles of different data levels, and in the case of different orders of magnitude 
of ϐiles, the use of RS-LRC-HDFS storage system is signiϐicantly more effective than the HDFS storage 
system. At 10,000 ϐiles, the RS-LRC-HDFS system is signiϐicantly more effective at storing 83.27% more 
ϐiles than the HDFS system. Overall, RS-LRC-HDFS is more suitable for massive data ϐile storage than 
HDFS. 
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Fig. 10. The storage efϐiciency of HDFS and RS-LRC-HDFS systems 

3.3.2. Data storage efϐiciency comparison results. Data storage query efϐiciency is an important 
indicator of massive data storage system, in the test data randomly selected data sets of different data 
volume sizes, by verifying the native distributed storage scheme in the same hardware conϐiguration 
environment and the storage scheme used in this paper for comparison test. 
1) Randomly select data sets of 10GB, 100GB, 500GB, 800GB, and 1TB from the test data. 
2) Store different test datasets in HDFS, RS-HDFS and RS-LRC-HDFS storage schemes, respectively. 
3) Perform 15 storage operations for each test set respectively and take the average of 15 storage 
operations as the ϐinal consumption time. 

The results of the storage efϐiciency comparison of the different models are shown in Fig. 11. It can 
be seen that when the number of ϐiles is small, the number of large and small ϐiles is relatively balanced, 
and both storage models need to send requests to the main storage node, although the number of 
requests of this research scheme is much less than the original storage technology scheme, the storage 
time of the two is similar. With the gradual increase in the number of ϐiles, the advantages of the storage 
management model are gradually reϐlected. When the data size is increasing, the storage efϐiciency of 
this research scheme (RS-LRC-HDFS) gradually increases and remains stable, and when the size of the 
ϐile increases from 10GB to 1000GB, the improvement of the storage efϐiciency of this paper's model 
increases by 10.45%-57.7% compared with the original distributed storage method (HDFS). 
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Fig. 11. Comparison of storage efϐiciency of different models 

3.3.3. Data query efϐiciency comparison results. In order to verify the difference in data query speed 
between the storage management model of this study and the original distributed storage scheme, ϐive 
groups of test data are selected from the test data, respectively, stored and 50 ϐiles are randomly 
selected in each group of test data for query operation, and the average of 15 times is taken as the ϐinal 
query time. The results of the query efϐiciency comparison of different models are shown in Figure 12. 
It can be seen that the query time is saved by reducing the number of requests to the main storage 
node when retrieving remote sensing data ϐiles and querying the ϐiles directly from the index, so the 
query speed of the storage management model in this study is better than the query speed of the 
original distributed storage scheme. The query efϐiciency is consistently much higher than the original 
distributed query scheme and increases by 55.3%-81.5% and 62.95%-74.54% for this paper's model 
over the traditional HDFS model and RS-HDFS model, respectively, as the data size increases from 
10GB to 1000GB. When the data size of the ϐile is increased to 1000GB, the query time required by the 
three models, HDFS, RS-HDFS and RS-LRC-HDFS, is 71.43s, 54.25s and 13.94s, respectively. It can be 
seen that the data querying efϐiciency is highest in this paper's proposed data querying, and the model 
has the best application. 
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Fig. 12. Comparison results of query efϐiciency of different models 

4. Conclusion 

In this paper, for the massive data storage requirements, the RS-LRC technology is used to optimize 
the design of the storage system of the distributed computing model (HDFS), and the optimized 
storage model (RS-LRC-HDFS) is obtained, and the application effect of the model before and after the 
optimization is analyzed. The experimental results show that: 
1) LRC is a good solution to the problem that RS censored codes consume a large amount of system 
I/O resources in the decoding process, and the change of LRC parameter will produce a big 
performance difference, and only increase the number of coded data blocks, LRC has no effect on the 
decoding performance, and the effect on coding performance is very small compared with that of RS 
coding, which means that LRC can provide more parameter combinations to choose from without 
decreasing the performance than RS censored codes. This shows that LRC can provide more choices 
of parameter combinations than RS censored codes without decreasing the performance. The 
performance of the Vandermonth matrix is similar to that of the Cauchy matrix in terms of coding and 
decoding performance. 
2) In addition to paying some storage overhead as well as computational overhead, the proposed 
method in this paper of applying the local repair encoding of the system LRC code to the HDFS system 
reduces the disk I/O, as well as reduces the repair bandwidth. The optimized system improves the data 
write speed by 81.12%, read speed by 93.01%, and repair time by 87.25%. 
3) It is concluded through simulation test that RS-LRC-HDFS is more suitable for storing massive data 
ϐiles than HDFS. And in the case of 1000GB data query, the storage efϐiciency of HDFS optimized with 
RS-LRC technology is 10.45%-57.7% and 55.3%-81.5% higher than that of pre-optimization storage 
efϐiciency and query efϐiciency, respectively. 
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