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1. Introduction 

1.1. Error correction of sequenced synthetic DNA encoding for digital 
images 

The Digital Revolution our society has faced since 1970 [1] and which continued with the beginning of 
the 21st century opened up with a new historic period: The Information Age (also called Computer Age). 
This period is characterized by the large amount of information widely available to almost everyone 
with a computer or smartphone and the management and exploitation of this data has become a major 
global industry. 

According to IDC (International Data Corporation) [2] the total volume of data in 2013 was 2.8 
zetabyttes, and it is expected to reach 40 zettabytes by 2020 (5427 GB per person). To have an idea of 
what this means, if we stored 40 ZB in regular Blu-ray discs, they would weigh as much as 424 Nimitz-
class aircraft carriers. 

The storage of all the information generated nowadays has become a challenging task. Current storage 
devices such as hard disks, flash, tape or even optical storage are not enough anymore if we want to 
provide a solution to the increased storage needs. Building the infrastructure necessary to store large 
amounts of data means to invest in high-tech servers that will occupy significant space and the initial 
setup is not the only cost: ongoing maintenance has to be funded too. In addition, almost all the current 
forms of data storage have the potential to be corrupted [3] and a limited durability in the range of 5 to 
20 years [4]. 

At this point, the need of finding new ways for storing data is crucial and new ideas have emerged. 
Recent studies have proven that the storage of data in form of DNA strands is a potential alternative to 
the current methods. Its biological properties allow an efficient data storage for millions of years without 
loss of information and without additional costs to maintain its correctness [4]. We can clearly see it if 
we take a look at Ötzi's case [5]. Ötzi was a man who died in the Alps five thousand years ago and has 
been studied for more than 30 years. Thanks to analyzing his DNA we know a large amount of 
information about his physiological traits such as eye color, blood type, or his predisposition to 
cardiovascular diseases. If human DNA is able to persist during thousands of years, imagine the 
possibilities if it would be kept in an optimal mean. 

In that context, the MediaCoding research group (www.i3s.unice.fr/meadiacoding) of the I3s laboratory 
is developing novel DNA image coding/decoding solutions. However, the information stored on DNA 
suffers the introduction of errors in both phases, synthesis and sequencing, becoming critical in the 
second one. This project aims to develop solutions based on machine learning techniques which provide 
error correction mechanisms. 
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1.2. Global schema of the procedure 

DNA data storage is the procedure by which any kind of data is stored in the form of a quaternary code. 
It would be the equivalent of binary coding (with 0 and 1) but using the 4 types of nucleotides: A, T, C 
and G, which are the main building blocks of DNA.  

In this project we will work with digital images. The current encoding scheme for DNA data storage 
could be divided into 2 main steps: encoder and decoder.  

For the encoding phase, the image is compressed using image compression techniques such as Discrete 
Wavelet Transform (DWT) and quantization. Once the data has been compressed, it is time to encode 
the quantized data using a quaternary code (which is called DNA coding). The encoded data 
corresponds to a sequence composed by 4 different elements: A, T, C and G. It is a complex procedure 
since there are some biological constraints which must be taken into account like avoiding repetitions 
of the same nucleotide more than 3 times (which means that the succession of symbols should be as 
random as possible), the percentage of G and C has to be lower than the percentage of A and T and the 
length of a sequence should not be higher than 150-200 nucleotides since the synthesis error increases 
exponentially with the length. This last restriction obliges to divide the encoded sequence in smaller 
DNA strands and add a header with the information about the order in the initial sequence. Once the 
data has been encoded and splitted, it is time to biologically synthesized the DNA which will be stored 
in a small tube under some specific conditions. 

During the decoding phase, the aim is to retrieve the information stored in the synthesized DNA. In the 
same way that repetition codes are using to robustify the transmission of a message over a noisy channel, 
the stored DNA strands are replicated in order to add redundancy (PCR amplification1).  and then, 
nucleotides are read (sequencing procedure) to determine the order of the four bases (A, C, T and G). 
In this step even more copies are created due to technical reasons of the sequencing device it is being 
used, Illumina2 (those copies are needed for the nucleotide recognition). The addition of redundancy 
helps to decrease the sequencing error introduced while reading by the procedure itself. At this point, 
what we have is a ‘pool’ of oligos with high redundancy and we need to find the most representative 
oligo for each DNA chunk that corresponds to a specific position in the original strand, and it is in this 
step where the error correction techniques are applied. Finally, the selected oligos will be decoded, 
merged into a single sequence again and the image reconstructed. 

The whole encoding/decoding scheme is shown in Figure 1. 

 
1 Polymerase Chain Reaction: technique to make many copies of a specific DNA region in vitro. 
(https://www.khanacademy.org/science/biology/biotech-dna-technology/dna-sequencing-pcr-electrophoresis/a/polymerase-
chain-reaction-pcr) 

2 Illumina sequencer:  (https://www.illumina.com/documents/products/illumina_sequencing_introduction.pdf) 
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Figure 1. The encoding scheme. 

Digital data storage into DNA is a very recent field of study with a deep lack of knowledge. Several 
research groups are currently studying the different DNA sequencing models, which will vary according 
to the technology used for sequencing the DNA (Ilumina is based on sequencing by synthesis, MinION 
is based on the changes of an ionic current when DNA goes through a nanopore…). Nowadays, one of 
the main tasks in the field is the creation of a channel model to work with. Most of the current 
sequencing models are pure statistical, based on empirical data from the devices. The lack of a channel 
model difficulty the development of a more robust encoding. However, this is out of the scope of this 
work. 

1.3. Data structure 

As we work with compressed images the encoding process includes DWT image decomposition and 
the quantization of each subband independently. Thus, in order to be able to decode the initial image 
we need to store information about the compression. Furthermore, as mentioned before, our synthesized 
oligos should not exceed 150-200 nucleotides. This means that the encoded information needs to be cut 
into smaller chunks. Consequently it is clear that in order to know the exact position of each oligo 
special headers should be inserted to allow the reconstruction of the encoded subbands. 

To reach a better understanding of data we are dealing with, we will describe the structure of the oligos 
(Figure 2). They can belong to 3 different types: 

1. Global information oligos: global information about the image and the encoding procedure, 
which are necessary for the decoding. 

2. Subband oligos: oligos containing information about the compression parameters of the 
different types of subbands of the DWT. 

3. Data oligos: contain the encoded data. 
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Figure 2. Oligo format. (a) Subband oligo structure. (b) Global information oligo structure. (c) Data oligo 
structure. 

As explained in the encoding scheme (Figure 1), after encoding the quantized data into a quaternary 
code, the nucleotide sequence must be divided into small pieces due to a synthesis restriction and, when 
reconstructing the image, we need to know the position where each oligo belongs. To solve this, each 
Data oligos contains 3 fields that specify their location: Type of subband, Level of decomposition after 
the Discrete Wavelet Transformation (DWT) and the offset. In figure 3 we can see the structure of a 
compressed image and the meaning of the first two fields. Finally, the offset corresponds to a specific 
position inside the subband and level of decomposition where each oligo belongs.  

 

Figure 3. Structure of an Image after applying Discrete Wavelet Transform. 
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2. Description of the proposed work 
An experiment has already been carried out at the Mediacoding group using two different digital 
images, which were encoded and synthesized into DNA strands and then, amplified through PCR and 
sequenced by an Illumina DNA sequencer3 at IPMC4 in Sophia Antipolis and a perfect reconstruction 
of the initial data was achieved. This was possible since the the Illumina sequencer does not introduce 
much noise and we were working with highly replicated data. However, since the procedure of 
amplification and sequencing can be very costly in terms of money if we wished to lower the cost we 
should use less copies or use other less expensive sequencing devices.  

During the past few years, a new generation of sequencing technologies has emerged, including the 
nanopore sequencing [7]. Biological nanopores are transmembrane protein channels embedded in a 
matrix (i.e. lipid bilayers, liposomes or other polymer films) that are naturally produced by bacteria and 
can be genetically engineered by using molecular biology techniques, allowing for DNA sequencing 
and protein detection [8].  

During this internship we will perform simulations using a sequencer device based on nanopore 
biosensors: MinION5 from Oxford Nanopore Technologies (ONT). MinION identifies DNA bases by 
measuring the changes in electrical conductivity generated as DNA strands pass through a biological 
pore. It is the smallest sequencing device currently available. It can plug directly into a standard USB3 
port on a computer with low hardware requirement and simple configuration. It also allows to sequence 
longer reads (up to few hundred thousand base pairs), improving the assembly quality [9]. Its portability, 
affordability, and speed in data production makes it suitable for real-time applications, enabling the 
sequencing of full human genomes quickly and at affordable prices. 

The main goal is to test the robustness of the current encoding scheme developed by Mediacoding group 
on the noise introduced by the MinION nanopore sequencer. 

Before getting empirical reads from the MinION, we will use a nanopore simulator to get theoretical 
results. There are some nanopore sequencing simulators available like PBSIM [10], ReadSim [11], 
FASTQSim [12], NanoSim [13] and DeepSimulator [14]. Among these, only ReadSim, NanoSim and 
DeepSimulator could get ONT-like reads. In this project we will use DeepSimulator 
(https://github.com/lykaust15/DeepSimulator) due to the fact that a better performance has been proved 
for them over the rest [13, 14]. 

However, this device also has drawbacks such as a high error rate which makes necessary the 
development of error correction mechanisms to achieve a good decoding.  

We will apply different mechanisms for error correction such as currently available open-source tools 
for nanopore reads error correction and assembling like Canu (https://github.com/marbl/canu), Miniasm 
(https://github.com/lh3/miniasm) or Falcon (https://github.com/PacificBiosciences/FALCON) which 

 
3 Illumina sequencing methods: https://www.illumina.com/techniques/sequencing.html  
4 IPMC: https://www.ipmc.cnrs.fr/cgi-bin/site.cgi  
5 MinION sequencer: https://nanoporetech.com/sites/default/files/s3/Product_brochure_Final_July_2018.pdf  
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we will use to try to reconstruct the original sequence. Those tools search for overlaps on the reads from 
the nanopore sequencer, group them into contigs6 from which extract a consensus sequence and 
assemble them into a single strand. 

We will also use other machine learning algorithms like clustering to group the noisy sequences that 
correspond to each theoretical oligo and find the consensus among them. 

After getting theoretical results by applying the procedures described above, it is planned to test them 
with real nanopore reads (if possible) in order to get empirical results. 

Future work will focus on applying deep learning techniques based on Recurrent Neural Networks 
(RNN), more precisely Long Short Term Memory networks (LSTM-RNN7)  to detect and correct errors 
in the output sequences from the previously mentioned tools, ideally, recover the initial data. With this 
aim we will take inspiration from currently available arquitectures like DCNet  
(https://github.com/cschin/DCNet). 

  

 
6 Contig: contiguous fragments of DNA sequence from an incomplete draft genome 
(https://www.ncbi.nlm.nih.gov/grc/help/definitions/) 
7 RNN: Recurrent Neural Network (https://medium.com/explore-artificial-intelligence/an-introduction-to-recurrent-
neural-networks-72c97bf0912)  



 

9 
 

3. Description of the work done 
The main objective of this project is the reduction of the cost of the decoding phase of the data storage 
into DNA, which means the use of cheaper sequencing technologies that emerged during the past few 
years: nanopore sequencing. However, this device also has drawbacks such as a high error rate which 
makes necessary the development of error correction mechanisms to achieve a good decoding. If we 
aim to recover the data stored into DNA using a Nanopore sequencer device, it is clear the need of 
achieving a deep understanding of this technology such as input and output data, its functioning, 
strengths and drawbacks. 

Biological nanopores are transmembrane protein channels embedded in a matrix (i.e. lipid bilayers, 
liposomes or other polymer films) that are naturally produced by bacteria and can be genetically 
engineered by using molecular biology techniques, allowing for DNA sequencing and protein detection 
[8].  

During this internship we will perform experiments using a sequencer device based on nanopore 
biosensors: MinION8 from Oxford Nanopore Technologies (ONT). MinION identifies DNA bases by 
measuring the changes in electrical conductivity generated as DNA strands pass through a biological 
pore. The workflow of this device can be divided into 3 main steps: 

1. Sample preparation: the DNA sequences are prepared by adding to its ends two adapters, that 
guides the fragments to the pores. 

2. Signal measurement: when the DNA passes through the nanopore, a sensor measures the ionic 
current changes with a constant sampling frequency, generating electrical signals. 

3. Basecalling: the raw data (electrical signals) is processed using machine-learning techniques 
into basecalled data (the sequence of DNA bases). In other words, the electrical signals are 
translated into sequences of nucleotides. This procedure is carried out using kmer tables that 
translate sequentially fragments of the electrical signals into sets of k nucleotides. 

It is the smallest sequencing device currently available. It can plug directly into a standard USB3 port 
on a computer with low hardware requirement and simple configuration. It also allows to sequence 
longer reads (up to few hundred thousand base pairs), improving the assembly quality [9]. Its portability, 
affordability, and speed in data production makes it suitable for real-time applications, enabling the 
sequencing of full human genomes quickly and at affordable prices. However, some analysis on the 
results of MinION nanopore sequencer like [15] show that although the sequencing coverage is 
generally consistent, between 2% and 3% of the positions are underrepresented. Among those, 
approximately 50% were located at the beginning and the end of the reference sequence which can lead 
to the loss of both ends when its coverage does not reach 20x since we are not able to correct and 
assemble those fragments. 

 
8 MinION sequencer: https://nanoporetech.com/sites/default/files/s3/Product_brochure_Final_July_2018.pdf  
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Due to the high cost of DNA synthesis and sequencing, for the first experiments we will simulate al the 
biological phases in order to get theoretical results before performing a real experiment.  

There are some nanopore sequencing simulators available like PBSIM [10], ReadSim [11], FASTQSim 
[12], NanoSim [13] and DeepSimulator [14]. Among these, only ReadSim, NanoSim and 
DeepSimulator could get ONT-like reads. In this project we will use DeepSimulator 
(https://github.com/lykaust15/DeepSimulator) due to the fact that a better performance has been proved 
for it over the rest [13, 14]. In the following paragraphs we will explain the functioning of 
DeepSimulator. 

DeepSimulator (https://github.com/lykaust15/DeepSimulator) is a deep learning based simulator able 
to generate reads with almost the same properties as the real data. In contrast to the rest of currently 
available nanopore simulators, DeepSimulator was developed using a context-dependent deep learning 
model and mimics the way Nanopore sequencer works, reproducing the entire sequencing process. 
Thanks to its context-dependency, DeepSimulator proved to generate signals closer to the 
experimentally obtained ones than the signals obtained by the official 5mer context-independent pore 
model provided by Nanoporetech (Oxford Nanopore Technologies) 
(https://github.com/nanoporetech/kmer_models). The kmer tables are predictive pore models that 
translates current signals into words of k nucleotides (A, C, T and G) approximating them by a Gaussian 
distribution and approximating the signal noise by an inverse Gaussian distribution. 

However, after Nanoporetech released the last kmer table (6mer) which is more precise than the 
previous one, when compared the context-dependent pore model with the official 6mer context-
independent pore model, the advantage of the context-dependent pore model is not that significant. 
Therefore, due to the fact that the context-dependent model is more time-consuming and the 
improvement is not significant, we will use DeepSimulator with the official context-independent pore 
model, which is a purely statistical mode but no further information is provided 
(https://github.com/nanoporetech/kmer_models). 

The workflow could be divided into 3 main modules: 

1. Sequence generation module: Given the user-specified reference genome, as well as the desired 
coverage9 or the number of reads, the sequence generation module randomly chooses a starting 
position in the reference sequence to produce the relatively short sequences, which satisfy the 
length distribution of the experimental Nanopore reads. 

2. Signal simulation module: the pore model takes as an input a nucleotide sequence and outputs 
the expected current signal for each 6-mer (subsequence of 6 nucleotides) in the sequence. 
Then, random Gaussian noise is added according to the user-defined variance parameter to 
produce the simulated signals. 

3. Basecaller: same as in the Nanopore sequencer. 

 
9 Coverage: average number of times a base of a genome is sequenced. 
(http://www.metagenomics.wiki/pdf/definition/coverage-read-depth) 
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Which makes DeepSimulator closer to the real sequencer is the fact that it does not explicitly introduce 
substitutions, insertions or deletions directly at the read level as is usually done in the rest of available 
simulators. Instead, it mimics the electrical signal produced by Nanopore sequencing as similar as 
possible and then, it is the basecaller that introduce the errors by itself as it happens in the real 
sequencing procedure. For more information, the reader can refer to [14]. 

Before providing a detailed explanation about the procedure we have followed for the simulations, the 
reader must understand the complexity we are dealing with. If we aim to use a Nanopore sequencing 
device and take advantage of its capabilities, we have to work with long DNA sequences (thousands of 
bases). On the other hand, The DNA synthesis is an error free procedure for the creation of short DNA 
strands. However, the synthesis error increases exponentially for oligos longer than 150-200 
nucleotides. Therefore, it is clear that this imposes a challenge for the use of nanopore which is a device 
that works better in reading very long oligos. For this reason, we developed two different action lines, 
the first one building sequences of thousands of bases and the second one with sequences of 1500 bases 
approximately. In both cases, the starting data comes from an image (see Image 1). This image has been 
compressed and encoded into the quaternary code and then split into smaller chunks of 89 bases (see 
section 1.2). 

 

Image 1. Image used in the simulations. Dim: 128x128 pixels. 

In both cases the formatted data provided in the form of short oligos (see section 1.3) will be binded 
into longer sequences, which will feed the nanopore simulator to generate the reads. 

We will explain in detail both action lines in the following sections (3.1 and 3.2) 

3.1. Long strands (thousands of bases) 

As stated above, the formatted data provided in the form of short oligos will be binded into longer 
sequences, which will feed the nanopore simulator to generate the reads. Those reads corresponds to 
fragments of the input sequence with errors and need to be re-assembled and corrected. Finally, the 
estimated oligos will be retrieved from the assembled and corrected sequences. Figure 4 shows the 
workflow of the whole procedure. Each step will be explained in detail in the following sections. 
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Figure 4. Workflow of the simulation of long strands (thousands of bases). 

 

3.1.1. Oligo binding and long strand replication 

For this experiment we will focus only on one kind of oligos, the data oligos (Figure 2c) and we will 
deal with the decoding of global and subband oligos (Figures 2b and 2a respectively) in future 
experiments. 

As stated in sections 1.2 and 1.3, there are biological constraints that limits the length of the synthesised 
oligos to 150 - 200 nucleotides. However, the nanopore sequencer that we are aiming to use to recover 
the stored information into DNA has been designed to read longer sequences. For this reason, the oligos 
that has been synthesized are merged in order to create longer sequences as the nanopore sequencer 
(MinION) has been designed to read longer DNA strands. 

Assuming that the biological procedure that will be used to bind the oligos will be based on the addition 
of complementary sequences in both ends of each oligo, known as primers, we will simulate this 
procedure by randomly selecting oligos and concatenating them with fixed sequences of 20 nucleotides 
length in between. Figure 5 shows the structure of the sequences we will be working with. 

 
Figure 5. Structure of the final sequences consisting of oligos (orange) binded using primers (blue). 

As it was stated at the beginning of section 3, one of the drawbacks of MinION nanopore sequencer is 
the undersampling of both ends which leads to the loss of information in the beginning and the end of 
the reference sequence. Trying to solve this issue we propose to build the reference sequence as it is 
shown in figure 6. After binding the oligos with the primers, leading to the structure in figures 5 (initial 
sequence in 6a), the strand will be duplicated and both copies will be bound using a different primer 
(Figure 6b, grey section corresponds to the primer). The nanopore sequencer simulator will be fed with 
this sequence and its output reads will be assembled and corrected, giving as result a shorter sequence 
since both ends were lost in the procedure (Figure 6c). The assembled sequence will be split by the 
primer and the two resulting fragments aligned, allowing to get a consensus sequence which 
corresponds to the estimated initial sequence (Figure 6d) and recovering both missing ends. 
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Figure 6. (a) Initial sequence. (b) Long strand after replication. (c) Retrieved sequence from nanopore reads. 
(d) Final alignment to reconstruct the estimated initial sequence. 

For our simulation, we have created sequences with four different lengths (400k, 300k, 200k and 100k 
nucleotides approximately) to check how it affects the quality of the nanopore reads and find the 
optimum size. Initially, we have a total number of 29627 oligos. with size 89 nucleotides that will be 
randomly grouped and bind by sequences of 20 nucleotides (acting as primers). Since we are 
constructing the sequences by using oligos with fixed length, we are not able to have the exact same 
length for all the sequences in each simulation so we will have oligos with two different lengths in each. 
However, taking into account that the difference between them is minimum, when getting the results, 
we will consider all the sequences belonging to the same simulation to have the same size 
(Approximated length, table 1). Since we are working with the same data in all the simulations but 
changing the length of the bound sequences, we will have a different number of sequences in each one 
(from 15 to 60 approximately). 

Approximated 
length (nt) 

Exact length 
(nt) 

Functional 
length (nt) 

Number of 
oligos in the 

sequence 

Number of 
sequences 

Total number 
of sequences in 
the simulation 

400k 
410,780 205,380 1975 13 

15 
410,988 205,484 1976 2 

300k 
293,478 146,724 1411 20 

21 
292,636 146,308 1407 1 

200k 
198,828 99,404 956 30 

31 
196,956 98,468 947 1 

100k 99,404 49,692 478 59 61 
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Approximated 
length (nt) 

Exact length 
(nt) 

Functional 
length (nt) 

Number of 
oligos in the 

sequence 

Number of 
sequences 

Total number 
of sequences in 
the simulation 

98,780 49,380 475 3 

 
Table 1. Characteristics of the bound sequences. Approximated length: all sequences from each simulation will 

be considered to have this length to present the results easily. Exact length: real length of the sequence. 
Functional length: length of the sequence after assembly and correction. 

3.1.2. Reads simulation (sequencing) 

At this phase, we have performed simulations for all the sequences in section 3.1.1 (Table 1). Each one 
has been sequenced using different coverages. A higher coverage means a larger number of samples 
from each sequence, which should let to a better assembly and correction. According to the 
bibliography, in order to get acceptable results using Canu [16] (section 1.3) the coverage should not 
be lower than 20x and its maximum assembly continuity is reached around 50x. Taking this into 
account, we will use the following values for the coverage: 20x, 30x, 40x, 50x and 60x, resulting in 
twenty different combinations of parameters (4 lengths x 5 coverages) and aiming to find the optimum 
values. 

1.1.3. Reads assembly and error correction 

Once we have the simulated reads, which correspond to fragments of the reference sequence, it is time 
to assemble them to reconstruct it. One of the challenges of Nanopore data is the high noise rate 
introduced while sequencing, which makes necessary the use of tools for correction and assembly. 

Canu is a DNA sequence assembler designed for high-noise single-molecule sequencing such as Oxford 
Nanopore MinION. It is a hierarchical assembly pipeline which performs multiple rounds of read 
alignment (to detect overlaps among them) and correction to improve the quality of the reads before 
assembling and has been demonstrated to be able to produce highly continuous assemblies from only 
Nanopore data.  

Canu pipeline consists of three main steps: 

● Correction: this phase will improve the accuracy of bases in reads. It involves 2 main tasks: 

1. Overlapping: It computes all-versus-all overlaps from the high-noise sequences using 
an updated version of MHAP [17], performing a two-stage overlap filter. First of all, it 
finds pairs of reads which are likely to share an overlap and then estimates the scope 
and quality of the overlap. 

2. Read correction: by using the all-versus-all information from the previous stage, canu 
corrects individual reads in two filtering steps: 
2.1. Global filter: each read choses where it will provide correction evidence. 
2.2. Local filter: each read accepts or rejects the evidence provided by the other reads. 
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● Trimming: In this phase, canu identifies unsupported regions in the input and trims or splits 
reads to their longest supported range. In other words, the reads will be trimmed to the portion 
that appears to be high-quality sequence, removing suspicious regions such as sequences not 
supported by other reads or which are likely to contain technology-specific flaws.  

● Assembling:  this phase will order the trimmed reads into contigs, generate consensus 
sequences and create graphs of alternative paths using a modified version of the “best overlap 
graph” strategy from [18].  

For more detailed information, the reader can refer to [16]. 

3.1.4. Oligo retrieval 

The reason why this step must be included in the workflow is due to the way the sequences have been 
constructed (section 3.1.1). The basic unit of information that compose the sequences we are working 
with are the data oligos with 89 nucleotides length, which are bound using primers into longer strands, 
which are then duplicated and both copies merged again using a different primer. Once we have 
retrieved this long sequence from the nanopore reads, we will split it by the primer that is joining both 
copies together. To do so, we will find the exact subsequence which corresponds to that primer. If this 
subsequence does not exist due to the errors introduced during the sequencing procedure, we will 
perform a local alignment between the primer sequence and the whole reconstructed sequence. By doing 
that, we are able to find the primer even if it contains some errors. 

Once we have separated both strands, we will align them to find the overlap between them and create a 
consensus sequence (Figure 6d) that ideally will not contain missing fragments in any of both ends. For 
the alignment, we use NUC44 scoring matrix10, supplied by NCBI.  

However, as it was stated in previous sections those sequences will contain errors, which means that 
the overlap between them will not be perfect. Since we will have two different possibilities for each 
position in the overlap, we have 3 different possibilities to get a consensus: 

a) Select as consensus the nucleotides of the first strand as final nucleotides for the overlap 
positions. 

b) Select as consensus the nucleotides of the second strand as final nucleotides for the overlap 
positions. 

c) Randomly select as consensus the nucleotide one of the strands as final nucleotides for each 
overlap position. 

For this simulation we will use the second approach and assign the nucleotides of the second strands 
the overlap positions. 

Finally, oligos must be recovered from the long sequences. For that, we will search for the primers that 
were used to bind the oligos in first place and split them. However, it may happen that those primers 

 
10 NUC44 scoring matrix: Uses ambiguous nucleotide codes and rounds probabilities to their nearest integer. 
(ftp://ftp.ncbi.nih.gov/blast/matrices/NUC.4.4) 
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contain errors so we will perform 2 rounds of search: a first one looking for the exact primer sequence 
and a second one by align the primer sequence with the results from the previous round. We decided to 
use this 2 stages approach instead of looking for the alignments directly because pattern finding is less 
expensive (computationally and in terms of time) than sequence alignment. 

However, we did not complete the implementation of this step since we realized that this approach was 
not biologically feasible. The construction of such long DNA sequences should be based on the 
synthesis of shorter sequences (around 200 nucleotides) with overlapping regions which allow merging 
them into longer strands and even if the synthesis of the long DNA strands were successful, 
manipulating them would be highly delicate in order for the sequences to not get broken. 

3.2. Short strands (~1500 bases) 

In this simulation we use empirical data about PCR amplification to replicate the theoretical oligos, 
from which we will sample randomly to construct longer strands of 1500 nucleotides approximately. 
We will feed the nanopore simulator with those sequences to generate the reads. We will split the reads 
to retrieve the noisy oligos, which will be clustered to create groups that contain all the oligos that come 
from the same theoretical oligo. Once we have the clusters, we will generate a consensus sequence from 
each and decode to reconstruct the initial image. Figure 7 shows the workflow of the whole procedure. 
Each step will be explained in detail in the following sections. 

 

Figure 7. Workflow of the simulation of short strands (~1500 bases). 

3.2.1. Strands simulation 

In order for the synthesis to be biologically feasible and cost effective, each DNA strand should not 
exceed 1-5 kpb (kilo pairs of bases) and the biological procedure would be as follows: the 89-nucleotide 
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length data oligos will be synthesized (see figure 8), then those oligos will be replicated through PCR 
to add redundancy as it eases the sequencing later. Once we have a pool which contains all the replicated 
oligos, they will be randomly merged into longer sequences of 1500 bases approximately. 

Figure 8. Microarray-based oligonucleotide synthesis. Microarray chips containing tens of thousands of distinct 
features synthesize unique oligonucleotide sequences at once. On standard arrays, there are no physical 

barriers between features, so following cleavage of the synthesized oligonucleotides from the chip surface the 
end product is a pool of sequences containing every oligonucleotide synthesized on the array. [19] 

 

To simulate the strands creation as accurately as possible, we will use the oligo frequencies after PCR 
that we have available from the experiment that was already carried out by the team since PCR does 
not guarantee a homogeneous replication of all oligos. Figure 9 shows the frequency of each oligo after 
PCR. The frequencies vary from 20 up to 90 thousand approximately. 
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Figure 9. Oligo frequency after PCR amplification. 

We will replicate the initial oligos according to those frequencies and then, we will randomly subsample 
oligos and concatenate them with fixed sequences (primers) in between resulting in longer sequences 
(see figure 5) of 1500 bases approximately. Taking into account the heterogeneity of the oligos after 
PCR replication, we will have to create as many long strands as needed to ensure that we will be able 
to find at least 20 replicas of each initial oligo in them. We established this value and no lower 
considering that some of the copies could be placed in the ends of a long strand, which means that they 
may be undersampled during the sequencing phase and therefore lost and that also that some of the 
other copies may be that noisy that we will have to discard them after sequencing. 

After performing several rounds of different number of long-strands creation and checking the 
frequency of each oligo, we saw that the number of strands should be 3500 to ensure having enough 
copies of each oligo.  

3.2.2. Reads simulation (sequencing) 

To perform a first test of the procedure, we only simulate the sequencing of a set of 3500 strands using 
DeepSimulator. As stated before, a minimum coverage of 20X is needed when de novo assembling, 
however, this has been tested for longer sequences (thousands of bases) and in this case our sequences 
are much shorter. For that reason, it does not make sense to use alignment and assembly tools as when 
working with much longer strands since reads that the nanopore sequencer outputs will not correspond 
to short subsequences of the input but to sequences of similar length to our new input which is much 
shorter so assembly will not be necessary any longer. Moreover, a higher coverage is needed to achieve 
a better performance, 100X in our simulation. 
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3.2.3. Oligo retrieval 

The reason why this step must be included in the workflow is due to the way the sequences have been 
constructed (section 3.2.1). The basic unit of information that compose the sequences we are working 
with are the data oligos with 89 nucleotides length, which are bound using primers into longer strands. 

Then, oligos must be recovered from the long sequences. For that, we will search for the primers that 
were used to bind the oligos in first place and split them. However, it may happen that those primers 
contain errors so we will perform 2 rounds of search: a first one looking for the exact primer sequence 
and a second one by align the primer sequence with the results from the previous round. We decided to 
use this 2 stages approach instead of looking for the alignments directly because pattern finding is less 
expensive (computationally and in terms of time) than sequence alignment.  

In the end of this step, we will have a pool with all the retrieved oligos from all the nanopore reads. 
Since sequencing is an error-prone process, the retrieved oligos may have a length different than 
expected, especially the ones positioned in both ends of the long strands. We will clean the pool of 
oligos by keeping the ones that differ as maximum 5 nucleotides from the expected length (89 ± 5 nt). 

3.2.4. Clustering 

Clustering is an unsupervised learning method which involves the identification of meaningful patterns 
in unlabeled data. The aim is to create a grouping of objects such that objects within a group are similar 
and objects in different groups are not similar. There are many ways of defining what it means for two 
objects to be similar and many ways of performing the grouping once the similarity is defined [20]. 

In our case, after retrieved the oligos from the long reads, we have a pool with all the corrupted oligos, 
and we want to find the groups of noisy sequences that come from the same initial oligo and extract a 
consensus from each of them without training the model with labeled data previously. 

3.2.4.1. Levenshtein Distance 

Our first thought was performing clustering by minimizing a similarity measure called Levenshtein (or 
edit) distance inside each cluster and maximizing it among the different clusters. 

The Levenshtein distance is a string metric for measuring the difference between two sequences which 
computes the minimum number of edit operations of characters (insertions, deletions or substitutions) 
needed to transform one sequence into another. Mathematically, the Levenshtein distance between two 
strings a and b of lengths |a| and |b| respectively it is given by : 
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Where a  is an indicator function equal to 0 when  and 1 otherwise and  is the 

distance between the first i characters of a and the first j characters of b. In the above function, the first 
element in the minimum corresponds to deletion from a to b, the second to an insertion and the third to 
match or mismatch (substitution) depending on whether the symbols are the same. 

To optimize the computation of the edit distance, it is usually calculated using dynamic programming 
[21]: 

1) A matrix is initialized measuring in the (i, j) cell the Levenshtein distance between the i-
character prefix of one with the j-prefix of the other word. 

2) The matrix can be filled from the upper left to the lower right corner. 

3) Each jump horizontally or vertically corresponds to an insertion or deletion, respectively. 

4) The cost is normally set to 1 for each of the operations. 

5) The diagonal jump can cost either one, if the two characters in the row and column do not match 
else 0, if they match. Each cell always minimizes the cost locally. 

6) This way the number in the lower right corner is the Levenshtein distance between both words. 

Table 2 shows an example of the Levenshtein distance matrix between the sequences ACATGG and 
ATACT. 

 
Table 2. Example of Levenshtein distance matrix between the sequences ACATGG and ATACG. 

Clustering algorithms allow to train in two different ways: whether providing the samples and 
specifying the distance metric to use or providing the precomputed matrix of distances. A matrix of 
distances is a squared, symmetric matrix of size n Mnxn, where n is the number of samples and in which 
the element mji, is the distance between samples j and i. 

However, the large number of samples (oligos) increases the computational and storage requirements 
to carry out clustering. The first attempt was to use an algorithm of clustering in batches defining our 
own similarity metric (Levenshtein distance). However, there is no currently available implemented 
algorithm that performs clustering in batches and allows to provide a custom distance function or 
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precomputed distances. Moreover, the memory requirements for the computation of a matrix of 
distances of such dimensions precludes this approach too. 

3.2.4.2. Genomic Signal Preprocessing 

To reduce the computational cost of clustering we will use Genomic Signal Preprocessing (GSP) 
techniques. It consists of preprocessing our sequences to obtain comparable numeric signals. 

Each sequence will be mapped into a numeric signal using a GSP transformation such that each 
nucleotide will be translated to a single value: 

 

Then, each signal corresponding to a DNA sequence was converted into its frequency representation by 
applying Discrete Fourier Transform (DFT). The DFT applied to a discrete signal 

gives another signal  where: 

 
To be able to directly compare signals of different length we performed zero padding before computing 
the DFT to the maximum length of the oligos in our samples. 

However, this representation of the signals has some drawbacks. It is based on the frequency of its 
elements but does not keep track of the spatial information. This means that oligos with same A, T, C 
and G content will output the same Fourier representation regardless of the arrangement of its 
components, leading to a misclassification of those oligos during clustering. We will deal with this 
problem in a later phase. 

Once we have a representation of each oligo in the frequency domain, the numerical signals will be 
composed of complex values from which we will keep the real part for clustering.  

3.2.4.3. Mini-batch K-Means 

K-Means is one of the most popular "clustering" algorithms. It starts with randomly selected centroids 
of the clusters which are used as a starting point to create the clusters: a point is considered to be in a 
particular cluster if it is closer to that cluster's centroid than any other centroid. Then, it performs an 
iterative process in which computes the distance between each sample and all the centroids and reassign 
them to the cluster with the closest centroid. After the reassignment, the positions of the centroids are 
optimized by recomputing them as the average of the samples of each cluster. 
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The metric used to compute the distance between samples is the Euclidean distance, which is the 
straight-line distance between two points in Euclidean space. Let p = (p1, ..., pn) and q = (q1, ..., qn) be 
two points in the Euclidean n-space. The distance (d) from p to q or vice versa and is defined as follows: 

When doing K-Means in batches, the main idea is to use small subsets of observations randomly picked 
of fixed size so they can be stored in memory. In each iteration, clusters are updated using a new batch 
of samples until convergence is achieved (when there are no changes in the cluster in several 
consecutive iterations). 

Mini-batch K-Means algorithm is described as follows [22]: 

 

We clustered the spectrums computed in the previous step using a mini batch approach and K-Means 
algorithm into 662 groups with random initialization of the centroids. Ideally, each group will 
correspond to the oligos that come from each one of the theoretical oligos. We tested several models 
with different combinations of parameters in which we modified the batch size, which is the number of 
samples used to train the model each iteration and the maximum number of iterations allowed over the 
complete dataset before stopping independently of any early stopping criterion heuristics. The values 
of the parameters are described in section 3.5.1. 

3.2.5. Consensus sequences 

Once we have the 662 clusters, we need to extract a consensus sequence from each that should 
correspond to each of the 662 theoretical oligos. 
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As stated in section 3.2.4, the main drawback of using the spectrum of a signal is the fact that it preserves 
information regarding the content of the signals but does not keep track of the spatial information. 
Consequently, oligos with the same A, C, T, G content will result in the same spectrum, leading to a 
misclassification of those oligos. To deal with misclassified samples we performed an additional step 
of cluster cleaning in which we computed the Levenshtein distance between each oligo and the center 
of its cluster and then discard the oligos with a distance from the centroid above a certain threshold. 
However, centroids correspond to the average of all the spectrum belonging to the cluster and we need 
to translate them into valid DNA sequences. To do so, we considered as centroid of each cluster the 
oligo whose spectrum has the minimum distance to the centroid among all the samples belonging to 
each cluster. 

After cleaning the clusters, we computed a consensus sequence from each one. We only considered 
oligos with correct length and applied majority voting: at each nucleotide position, we count how many 
times each nucleotide appears and select the most frequent. Having this information, we created a 
consensus oligo from each cluster. 

3.5. Results 

3.5.1. Long strands 

We carried out a simulation as we described above. We created sequences with different lengths (see 
table 1) by binding oligos. For each length, we simulated the nanopore sequencing with five different 
coverages (60X, 50X, 40X, 30X and 20X) and performed error corrections and reads assembly. 

In order to check the quality of the estimated sequences we will compute Levenshtein distance between 
them and the original sequences.  

To be able to compare the results, we normalized the Edit distance by the length of each sequence and 
plotted the averaged results for each coverage value and sequence length in order to check how those 
parameters affect the quality of the results, shown in Figure 10. 
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Figure 10. Average of normalized edit distance regarding the coverage grouped by length. Notice that the 
length corresponds to the length of the recovered sequence and the length of the sequenced reads was 

approximately double for all the cases. 

The results show that there is no big difference among the results. The highest distance corresponds to 
the lowest coverage (20X) and smallest length (50000 nucleotides) which agrees with what we would 
expect since a lower coverage means less samples leading to a less accurate consensus. Regarding the 
length, nanopore has been designed to sequence longer DNA strands and its performance has been 
already proved to be lower with shorter sequences. However, the results are very similar for the 
remaining combinations of parameters. In order to have a clearer visualization of the remaining cases, 
we will plot those same results after removing all the samples with length 50000 nucleotides (see figure 
11). 
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Figure 11. Average of normalized edit distance regarding the coverage grouped by length. Notice that the 
length corresponds to the length of the recovered sequence and the length of the sequenced reads was 

approximately double for all the cases. 

In Figure 11 we find another peak for the values of 30X coverage and 150000 nucleotides length. 
Although the difference is about 0.008, which is minimum, for the rest of the coverage the results have 
no significant differences with the sequences with lengths 200000 and 100000 nucleotides so we should 
explore deeper this case in order to find the reason why this anomalous value appears. Notice also that 
the difference is minimal from 40X coverage to higher values. 

Finally, after retrieving the oligos by splitting the long sequences it would be time to decode the image 
and compute the distortion between the recovered image and the original one. However, there is an 
issue we need to deal with before doing so. When decoding, the decoder will expect sequences of a 
specific length (89 nucleotides in this case) but our sequences may contain indels (insertions or 
deletions) that affect the length of the estimated oligos. This means that we need to treat the oligos with 
a length different than expected before being able to decode. In order to first check the extension of this 
problem we will compute the percentage of oligos which have a length different than expected. 
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Figure 12. Percentage of oligos with length different than the original one. 

As we expected, oligos with lowest length are more prone to suffer errors and, consequently, a higher 
number of them will have a length different than expected. For the remaining lengths, results are very 
similar, reaching a minimum for 50X coverage with a percentage of 26.5%. 

3.5.1. Short strands 

We simulated the synthesis of 3500 DNA strands of 1500 bases length in which we picked randomly 
among the 662 different theoretical oligos, previously replicated according to the experimental 
frequencies from the PCR amplification from a previous experiment using the same input image. Each 
strand was composed by 16 oligos of 84 bases each merged by primers of length 10, providing as a 
result a set of strands that contain 56000 oligos in total. 

After sequencing simulation using DeepSimulator (which outputted several reads from each strand) and 
oligo retrieval (strands splitting) and cleaning (discarding oligos with length outside the range 84 ± 5), 
3.921.774 oligos remained. 

For comparison purposes, we clustered the retrieved oligos by computing the Levenshtein distance 
between each one and each theoretical oligo, which were provided as centers of the clusters. Then, we 
clustered the spectrum of those oligos using the K-Means cluster algorithm in batches. Finally, we 
compared distribution of the distances of each oligo to the centroid of its cluster from both approaches.  
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Figure 13 shows the distribution of the distances from four different cases: 

1. Mini-batch K-Means using the spectrum of the oligos and without considering the frequency of 
the samples (red line). 

2.  Mini-batch K-Means using the spectrum of the oligos and considering the frequency of the 
samples (green line). 

3. Clustering using Levenshtein distance and providing as centroids the theoretical oligos (yellow 
line). This is the ideal case. 

4. Clustering using Levenshtein distance and providing as centroids the theoretical oligos using 
only half of the samples (blue line). 

 

Figure 13. Comparison of the distribution of the Levenshtein Distance between each oligo and the center of the 
cluster where it belongs. 

 
Ideally, the distribution of distances should be like the case plotted in yellow in Figure 13. However, 
when comparing the results of clustering the spectrums (green and red cases) we can see that more than 
85% of the oligos have an edit distance bigger than 30 from the center of their cluster, which means 
that they were probably misclassified. 

 



 

28 
 

We clustered the spectrum of the oligos using the K-Means cluster algorithm in batches using different 
combinations of parameters and we cleaned the resulting clusters by discarding the oligos which had a 
Levenshtein distance from the centroid of the cluster bigger than 20 (an edit distance of 20 means that 
a minimum number of 20 operations such as insertion, deletions or substitutions are required to 
transform on sequence into the other). From each cleaned cluster we created a consensus sequence by 
applying majority voting at each position using the oligos with correct length (84 bases). From the 
clusters which did not contain any oligo with correct length we did not get any consensus sequence. 

Table 3 shows the results of the clustering and consensus construction. Non-empty clusters after 
cleaning refers to the number of clusters that contained oligos with correct length and consequently, we 
were able to construct a consensus. However, since clustering is an unsupervised algorithm, clustering 
the spectrum did not ensure that each cluster will correspond to each of the theoretical oligos. After 
consensus creation we checked how many theoretical oligos we were able to retrieve from all the 
consensus sequences, what we call in the table Number of retrieved oligos. Finally, we checked how 
many oligos contained decodable headers, since this information is indispensable for decoding (headers 
allow to identify which position of the image each oligo is encoding).  

 
Batch size Max. iterations Non-empty clusters 

after cleaning 
Number of 

retrieved oligos 
Decodable headers 

2k 10k 542 386 310 
5k 10k 567 392 295 
5k 20k 563 404 323 
7k 15k 565 385 301 
10k 10k 566 410 311 
10k 15k 572 413 325 
10k 20k 557 395 315 
10k 50k 563 393 309 
12k 13k 569 407 317 
15k 7k 564 407 318 
15k 10k 568 401 321 
15k 15k 566 398 305 
20k 20k 570 389 296 

Table 3. Parameters and results of clustering. 

 

Figure 14 shows the decoded images using the retrieved oligos with decodable headers. Areas in the 
image for which oligos were not provided for decoding are filled in black.  
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317 321 323 325 Original 

Figure 14. Decoded images. The value below each image is the number of oligos used for decoding. 

Despite the black areas that correspond to the missing oligos, it can be seen from the images that the 
areas of the image we decoded are noisy. Even though we can distinguish some parts of the original 
image, the reconstruction is still not good enough. We must take into account that we discarded many 
of the oligos along 3 different phases of the procedure: 

- Oligo retrieval: after splitting the long strands, oligos with length out of the range 89 ± 5 bases 
were discarded. 

- Cluster cleaning: from each cluster we only kept the oligos with a distance lower than a certain 
threshold to the center. 

- Consensus: to create the consensus sequences, we only considered the oligos with correct 
length. 

Discarding such large amount of oligos makes the reconstruction less accurate since we were able to 
use just a small amount of noisy oligos to estimate each fragment of data, leading to a poor 
reconstruction. Increasing the number of samples may help to reduce the amount of missing oligos when 
decoding, however, this solution would not be efficient since we aim to reduce the cost of the process. 
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4. Conclusions 

First of all, we would like to remark the lack of channel models of DNA sequencing devices and studies 
that link our problem with known channel coding problems. An important part of the work carried out 
has been focused into the research and understanding of the nanopore sequencing, the biological 
procedures needed for this kind of sequencing and the biological constraints for the DNA synthesis, the 
study of the available simulators and its characteristics, strengths and drawbacks and also of the error 
correction and assembly tools for nanopore reads. Only after we had a deeper comprehension of this 
software, we could start performing the simulations, which have been highly time consuming due to the 
complexity of the processes. 

The main challenge has been to find a way to combine a technology that has been designed to sequence 
long DNA strands of many thousands of nucleotides and DNA synthesis which limits the length to 
1200-1500 nucleotides. The first simulation we performed was stopped before getting the final results 
since we realized that it was not biologically feasible. We started a second simulation in which the DNA 
strands were much shorter although nanopore sequencers are not optimized for sequences of that length, 
what made the reconstruction of the oligos from the reads more complex. 

Another issue is the wide range of replication rates after applying PCR on the oligos to add redundancy, 
which makes the selection of some oligos much more probable than the others during subsampling and 
unbalance the oligo frequencies. However, this is something we cannot control so we will have to deal 
with it. 

Finally, using the spectrum of the oligos for clustering instead of the oligos themselves lead to worse 
results since it does not keep track of the spatial information but just of the frequencies of the content 
mixing in the same cluster the spectrum corresponding to different oligos with similar A, C, T, G 
content. After cluster cleaning, all the misclassified oligos (around 85%) were discarded and they were 
not reassigned to another cluster, reducing dramatically the number of oligos left to create a consensus. 

Even though reassigning the misclassified oligos would probably improve the results, there is one more 
fact we must deal with regarding clustering. As we saw in the results, clustering the spectrum does not 
guarantee that each cluster will correspond to a different theoretical oligo, but we found that several 
clusters belonged to the same oligo. Cluster centers were initialized randomly, so we will need to find 
a different way to compute them. 
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5. Future works 

After looking at the results it makes clear the need for a more optimal way of clustering avoiding using 
the spectrum of the sequences when computing the distance among them. For this reason, next step will 
be the implementation of a clustering algorithm based on Levenshtein distance in which the center of 
each cluster will be the consensus sequence obtained by applying majority voting at each position. 

We will also try different deep learning techniques for error correction and for the creation of the 
consensus sequence. One approach will be to implement a Recurrent Neural Network, more concretely 
a long-short term memory RNN, for error correction. The net will receive as an input the retrieved 
oligos that correspond to one of the theoretical sequences (obtained after clustering) and will output the 
consensus sequence that correspond to each cluster of noisy oligos. 

On the other hand, Oxford Nanopore Technologies has recently released a new basecaller (Guppy) that 
is been proved to perform better [23]. For future simulations and/or experiments we will use this new 
basecaller hoping that will help to improve the current results. 
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Summary 

This work deals with the storage of digital data into synthetic DNA. DNA data storage consists an 
innovative step for the digital data handling as it allows efficient long-term storage of cold data (data 
infrequently accessed). Unfortunately, despite the enormous advantages of DNA data storage, the main 
drawback is the high cost of the biological procedures of DNA synthesis (writing) and sequencing 
(reading). This work focuses on the reduction of the cost of DNA sequencing by studying a sequencing 
machine called Nanopore. This device is faster, cheaper and more user-friendly in comparison to other 
sequencers widely used in the biological field. However, the main disadvantage is the high error rate of 
the sequencing procedure. Consequently, this internship subject deals with the study of the sequencing 
errors of the Nanopore and the implementation of error correction algorithms to improve the quality of 
the reconstructed data. 

Résumé 

Ce travail traite du stockage de données numériques sur l'ADN synthétique. Le stockage de données en 
ADN constitue un pas innovant pour le traitement des données numériques, car il permet un stockage 
efficace à long terme des données froides (ie. données rarement accédées). Malheureusement, malgré 
les énormes avantages de ce stockage de données, le principal inconvénient reste le coût élevé des 
procédures biologiques de synthèse (écriture) et de séquençage (lecture) de l’ADN. Ce travail consiste 
en la réduction du coût du séquençage de l’ADN, en étudiant une machine de séquençage appelée 
Nanopore. Cet appareil est plus rapide, moins cher et plus facile d'utilisation par rapport aux autres 
séquenceurs largement utilisés dans le domaine de la biologie. Cependant, le principal inconvénient 
reste le taux d'erreur élevé de la procédure de séquençage. Par conséquent, ce sujet de stage traite de 
l’étude des erreurs de séquençage du Nanopore et de la mise en œuvre d’algorithmes de correction 
d’erreurs, afin d'améliorer la qualité des données reconstruites. 


