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Abstract |

A new method is proposed for DNA sequenc-

ing based on the communication system model of

the trace signals. In order to avoid the diÆculty

of channel estimation in a slowly time-varying en-

vironment, we use the channel-independent-Viterbi-

algorithm (CIVA) to perform base calling without ex-

plicit channel estimation. Compared with the tra-

ditional image-processing-based methods, the new

method may take better advantage of the signal struc-

ture. Compared with other methods which are based

on similar models, our method is more robust to signal

irregularity such as time-variation, model mismatch,

etc. Some simulations indicate that the new method

has good performance.

I. Introduction

Deoxyribonucleic acid (DNA) is the molecule used to en-

code the genetic information, which can be thought as a se-

quence of 4 di�erent symbols: A, G, C, and T. Along with

the progress of the Human Genome Project (HGP), there are

great research interests in DNA sequencing, i.e., identifying

the position and sequence of the four bases [8], which is also

termed base calling [1]. The development of bioinformatics

may make DNA sequencing much more popular in the future,

e.g., it may become an equipment in ordinary clinical appli-

cations. Similarly as the development of mobile communica-

tions, we have to reduce the cost and to improve the through-

put. Developing more accurate automatic DNA sequencing

methods may greatly assist this objective.

A DNA segment to be sequenced is called a template.

Primers are used to locate its beginning position for repli-

cation by the well known Polymerase Chain Reaction (PCR)

techniques. In order to extract the base information, four

di�erent reactions are in fact designed so that each of them

determine a speci�c base. For example, by adding some modi-

�ed base A as terminator, the replication stops randomly when

this modi�ed base is used. As a result, the reaction solution

contains every segments from the primer to each base A, e.g.,

segments fGA;GAA;GAAAg for the template GAAAC. Then

electrophoresis or some other techniques are used to generate

electric signals which show the position of each base [8].

The electrophoresis approach provides 4-channel signals,

as shown in Fig. 1 which is obtained from the NCBI trace

data base. The signals are recorded in trace �les, from which

the nucleotide sequence can be determined [7]. However, the

recovery of the sequence is complicated by the irregular signal

features, such as the interference from the adjacent pulses,

noises, as well as other instrumental interferences [2].
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Fig. 1: A segment of DNA trace signals obtained from the NCBI

trace signal data base.

The approaches for determining the base sequences from

trace signals can be classi�ed in three categories. The �rst

category is manual reading, which is later automated with the

heuristic knowledge. The second category is to use image pro-

cessing and peak detection, based on some signal generation

models, e.g., the ABI, Phred [3]. In fact, the accuracy of the

Phred makes it the standard in the current DNA sequencing

projects.

The third category is to determine the sequence with the

viewpoint of a communication system model, which is stim-

ulated by the observation of inter-symbol interference [8].

Channel equalization techniques are then used in base-calling,

e.g., maximum likelihood sequence estimation (MLSE) [1], [2]

and maximum a posteriori (MAP) detection [4]. Simulations

in [1], [2] show that their performance is generally compara-

ble to the well-known Phred method [3], or outperforms the

latter in ISI severe cases. Interestingly, it is also shown [2]

that if channels can be estimated accurately, then they may

outperform Phred greatly.

Unfortunately, model or channel estimation is a diÆcult

task because the trace signals are irregular. For example, they

are usually slowly time-varying both in amplitude and in base

positions, which we call amplitude jitter and timing jitter,

respectively. The noise is usually highly non-Gaussian. In

addition, trace lengths are relatively short and data samples

are limited.

In this paper, we propose a new method based similarly

on the communication system model since signal structure

can be exploited for higher accuracy. However, we allevi-

ate the diÆcult channel estimation problem by the channel-
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Fig. 2: A signal processing model for DNA trace signals.

independent Viterbi algorithm (CIVA) [5], [6]. CIVA performs

near-optimal trellis search without channel estimation. Its

operation and performance can be independent of the slowly

time-varying channels. In fact, as shown in [5], CIVA out-

performs the MLSE when channel estimation of the latter is

degraded by short training sequences.

This paper is organized as follows. In Section 2, the sys-

tem model of DNA trace signal is described. In Section 3, we

develop the new method for DNA sequencing. Then we intro-

duce several special implementations in section 4. In Section

5, simulations are performed to demonstrate the performance.

Finally, conclusions are given in Section 6.

II. System Model for DNA Trace Signals

The current approaches for base calling assumes that the

DNA trace signals are generated by a model as shown in Fig. 2

[8]. Each sequence of the four bases are modeled as an impulse

train, where the amplitude and position may vary slowly in

time. Then each of them is processed by some channel �lters

which introduce distortions. Among them include the di�u-

sion e�ects which spread the impulse function in time. The

result is that each pulse may be a�ected by its adjacent pulses,

which produces intersymbol interference (ISI) similarly as in

digital communications. Then the task of base-calling is to re-

verse these e�ects and determine the input impulse sequences.

The sampled signals, as illustrated in Fig. 1, are the con-

volution of the impulse train and the channel

x
k
(t) =

"X
tn

b
k
(t)Æ(t� tn)

#
� gk(t) + v

k
(t); k = 1; 2; 3; 4;

(1)

where each k denotes a base type. A generic pulse g(t) was

constructed in [2] for MLSE. We can use such a pulse as a

matched �lter. Note that small modeling error of the pulse

shape may not degrade severely the performance of our algo-

rithm thanks to the robustness of the CIVA algorithm.

Sampling the matched �lter's output at time tn, we obtain

from (1) a discrete signal
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We assume bkn = 1 if a base is present in the position tn,

otherwise bkn = 0. The magnitude jitter is integrated into

the channel coeÆcients fhkng. In addition, the timing jitter is

implicitly included in the sampling time instant tn. Therefore,

fhkng and ft
k
n � tkn�1g are slowly time-varying, although they

are not shown explicitly for notational simplicity. In DNA

sequencing, both the base bkn and the timing tn need to be

determined.

We de�ne a sample vector xn = [x1n; � � � ; x
4

n]
T , which in-

cludes a sample for each base. Similarly we can de�ne the

base vector bn = [b1n; � � � ; b
4

n]
T and the diagonal channel ma-

trix Hi = diagfh1i ; h
2

i ; h
3

i ; h
4

i g. Then from (2) we have
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Hibn�i + vn: (3)

By stacking M + 1 sample vectors of (3) we obtain
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4
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where the symbol vector is bT (n) = [bTn ; � � � ;b
T
n�M�L] and H

is the corresponding channel matrix with dimension 4(M +

1)� 4(M + L+ 1), i.e.,

H =

2
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H0 � � � HL

. . .
. . .

H0 � � � HL

3
75 : (5)

III. CIVA-based Base-caller

In this section, we �rst give a review of the CIVA algorithm

for blind sequence detection. Then we consider the application

of CIVA in base-calling.

Blind Sequence Detection by CIVA

Since the trace signal model (4)-(5) is similar to commu-

nication system model, we use these notations directly to de-

scribe the CIVA. With the received signal vectors x(n), we

construct the received signal matrix

X(n) = [x(n); � � � ;x(n� P )] =

2
64

xn � � � xn�P
...

...

xn�M � � � xn�P�M

3
75 :

(6)

Then from (4) and (6), we have

X(n) = HB(n) +V(n); (7)

where B(n) is the symbol matrix

B(n) = [b(n); � � � ;b(n� P )]; (8)

and V(n) is the corresponding noise matrix.

The CIVA searches the trellis de�ned by B(n) to determine

the optimal one that satis�es (7). Metrics are calculated by

probes ( testing vector groups) [5]. The general idea is to �nd

some testing vectors gi, i 2 I, where I is an index set, such

that at any time instant n, B(n)gi = 0 for only one i 2 I

whereas for all other j 2 I we have B(n)gj 6= 0. Therefore,

the MLSE becomes the optimization of

min
g(n)

X
n

kX(n)g(n)k2 (9)

where each g(n) equals gi for some i 2 I.

Since some symbol matrices may share the same testing

vectors, a better way is to construct a probe for each symbol

matrix, where a probe is a testing vector group which consists

of several testing vectors gi. Theoretical analysis as well as

practical algorithm for probe design are shown in [5]. For each



possible symbol matrix Bi, which has the same form as (8),

we can �nd a probe (in the matrix form) Gi. Each column

vector of Gi is a testing vector g`. For a received data matrix

X(n), the metrics are then calculated from

f(X(n);Gi) = max
g
`
2G

i

f1(X(n);g`) (10)

where (with the noise variance �2v)

f1(X(n);g`) =

(
kX(n)g`k

2; if kBig`k = 0
�2
v

kX(n)g
`
k
2+�2

v

; if kBig`k 6= 0
(11)

where Bi is determined by the trellis states.

We can then determine the optimal sequence of probes from

the received signal by optimizing

arg min
fG(n)g

X
n

f(X(n);G(n)): (12)

It is proved in [5] that under noiseless or suÆciently high

signal-to-noise-ratio (SNR) case, symbols can be determined

from (12) uniquely up to some phase scalar ambiguity. This

ambiguity is standard for blind methods. Note that no chan-

nel is estimated.

The CIVA searches through the trellis to optimize (12) with

metric updating rule

�j(n) = min
i

f�i(n� 1) + f(X(n);G`)g (13)

where �j(n) is the metric for the State j at time n, i denotes

all those states that have transitional paths to the State j,

and G` denotes the probe corresponding to the transitional

path.

As shown in [5], CIVA has performance approaching the op-

timal known-channel-based MLSE and can practically outper-

form even many training-based methods. In addition, CIVA

can tolerate more rapid time variation and model mismatch.

One of the major problem of CIVA is the huge computa-

tional complexity. CIVA may be used in wireless communica-

tion systems with short channel length and simple signaling

schemes. Fortunately, DNA trace signal channel models usu-

ally satisfy the above two conditions. Therefore, CIVA may

be especially suitable for base-calling without su�ering from

the complexity problem.

Application of CIVA in DNA Base-calling

In order to apply CIVA, we �rst need to preprocess the

trace samples in (1) such that the testing vectors can be used

in (11). We can normalize the trace sequence. In addition, we

should also remove the large scale trends.

Then, with a matched �lter, we construct the sample ma-

trix as in equation (6) with proper M and P . Note that bkn is

either 1 or 0, and each symbol bn contains at most a single 1.

This property can be used to choose smaller M and P values

to reduce complexity, which will be seen in the sequel.

From the symbol matrix B(n), the trellis states can be

de�ned by [bn�M�P�L; � � � ;bn�1]. Since bn has 5 di�erent

symbol values:
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there are 5M+P+L trellis states. Each trellis state has 5 output

transitional paths. In general, channels in DNA trace signals

are usually short. Therefore, we can use smallM and P values

to reduce computational complexity. In addition, the metrics

can be calculated as the mean value instead of the maximum

value as shown in equation (10).

The amplitude jitter is included in the channel coeÆcients

fhkng. As long as the jitter is slowly time-varying, it will not

a�ect severely the output of the testing vectors.

A problem requires special concern is the timing jitter tn.

During calculating the state metrics, we can compare at least

three metrics using the matched �lter outputs at time tn +

d; tn; tn � d, with some proper stepsize d. Then we have two

choices to construct the trellis diagram. The �rst one is to

triple the number of states. An alternative is to keep the

same number of trellis states. In this case, we take the best

value from the three metrics and save the corresponding time.

Although the �rst one may be more optimal, for simplicity,

we use the second one. An illustration is in Fig. 3(b).

IV. Some Implementations of CIVA-based

Base-caller

Since the general algorithm is similar to [5], we do not list

the details in this paper. Instead, we consider in the sequel

several special cases. First, they provide a way for under-

standing the method more easily. Second, they are in fact

the implementations which we may encounter most possibly

in DNA base-calling.

Base-calling Algorithm with M = 0; P = 1
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Fig. 3: Trellis diagrams for CIVA-based base caller. (a) Without

considering timing jitter. (b) Considering timing jitter.

By Choosing M = 0 and P = 1, we e�ectively consider

the case where the channels have only 1 tap or have only 1



signi�cant tap. The equations (6)-(7) become

X(n) = [xn;xn�1] = H0[bn;bn�1] + [vn;vn�1]: (15)

Since bn represents �ve di�erent symbols (fS0; � � � ; S4g in Fig.
3), the number of trellis states is �ve, as shown in Fig. 3(a).

The transitional path is determined by [bn;bn�1]. Hence

there are �ve paths out of each state, and a total of 25 tran-

sitional paths.

In fact, (15) includes four separate equations

[x
k
n; x

k
n�1] = h

k
0 [b

k
n; b

k
n�1] + [v

k
n; v

k
n�1]; k = 1; 2; 3; 4: (16)

Therefore, in order to de�ne the testing vectors, we can con-

sider [bkn; b
k
n�1], which have 4 di�erent values f00; 01; 10; 11g.

We de�ne the testing vectors as

g0 = [A;A]
T
;g1 = [A; 0]

T
;g2 = [0; A]

T
;g3 = [A;�A]T ; (17)

for some proper magnitude value A. With them we de�ne

the probes (testing vector groups) for each of the transitional

paths [5]. In fact, all the four testing vectors in (17) can be

used to calculate the metric of each transitional path. For

example, for the transitional path from State S0 to S0, we

can calculate the metric as �0(n� 1) +
P

3

`=0
jX(n)g`j

2. The

metric of the transitional path from State S0 to S1 is �0(n �

1) +
P

`=0;2;3

�2
v

jX(n)g
`
j
2+�2

v

+ jX(n)g1j
2.

It can be readily seen that as long as A� 1 (with normal-

ized trace samples) and the signal-to-noise-and-interference-

ratio is high, the decision can be reliable. Especially, the

slowly time-varying amplitude jitter has omittable perfor-

mance degradation.

Considering the timing jitter, we may use the trellis in Fig.

3(b) instead. For each trellis path, we may calculate additional

metrics with samples at time tn � d and tn + d. Then the

minimum value and the corresponding timing are saved. Note

that in Fig. 3(b), only the additional paths arriving at the

�rst state are illustrated for simplicity.

Base-calling Algorithm with M = P = 1

When channels have e�ective 1 or 2 taps, we may choose M =

P = 1. From (14), the matrix B(n) in (7) can be decomposed

into 4 matrices

�
bkn bkn�1
bkn�1 bkn�2

�
, 1 � k � 4, for the four

di�erent bases. In this case, the symbol matrix B(n) is a 2�2

(block) matrix,

B(n) =

�
bn bn�1
bn�1 bn�2

�
=

2
66666664

b1n b1n�1
...

...

b4n b4n�1
b1n�1 b1n�2
...

...

b4n�1 b4n�2

3
77777775
: (18)

Although the matrix B(n) is tall, the probes can still be deter-

mined without ambiguity, which is di�erent from the original

CIVA that requires in general P > M .

For example, considering base A (k = 1), although�
b1n b1n�1
b1n�1 b1n�2

�
=

�
1 0

0 1

�
and

�
0 1

1 0

�
have to have the

same testing vectors, they are in fact integrated with di�erent

matrices, and thus di�erent testing vectors, for other bases.

This is due to the fact that there can be only one element 1

in bn. If b1n = 1, then b2n = b3n = b4n = 0. Therefore, each of

the symbol matrix B(n) can still have a unique probe.

The trellis in this case has 25 states and 125 transitional

paths determined by [bn�2;bn�1;bn].

Base-calling Algorithm with M = 1; P = 2

Considering the short channel lengths usually found in

DNA trace signals, choosing M = 1 and P = 2 should be

generally applicable in most cases. If the channel length is

1, we may simply construct a 2 � 3 sample matrix X(n) to

compensate for the unknown channel length. If the channel

length is 2, we may simply use 1 � 3 sample vector X(n). It

is also applicable if most of the energy of the channel is con-

tained within the adjacent 2 taps. Therefore, it is useful to

implement a general base-caller. In this case, the trellis con-

tains 125 states and 625 trellis transitional paths. The probes

and the algorithm can be obtained similarly as the other two

cases.

V. Simulations

To simplify the problem, we considered the demo trace �le

contained with the Staden Package, available from

http://www.mrc-lmb.cam.ac.uk/pubseq

We normalized the trace signal with the peaks of every 50

bases. We assumed that an approximate base interval length

is available in the beginning. CIVA implementation in Section

IV (M = P = 1) was used with A = 6. We used �2v = 0:0001

since the signal may be considered interference-limited.

The CIVA-based base caller detected successfully most of

the bases, compared with the base sequence contained in the

original �le. Fig. 4 shows a segment of the bases determined

correctly by CIVA, along with the trace waveforms.

A more interesting example is shown in Fig. 5. Although

the original sequence contained an N, which means undeter-

mined by other base-callers, our algorithm determined it as

a base A. This determination is made by considering the re-

lationship among adjacent bases with the viewpoint of ISI.

Carefully examining the waveform indicates that the determi-

nation by our method may be reasonable.
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Fig. 4: DNA base-calling example where all bases are detected suc-

cessfully by CIVA.
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Fig. 5: DNA base-calling example. There is an undetermined base

N with other methods. CIVA can make a reasonable suggestion on

it.

VI. Conclusions

The ultimate goal of the development of DNA sequencing

techniques is to reduce the cost to be low enough for ordinary

clinical applications. In order to achieve this objective, sophis-

ticated techniques have to be developed to increase accuracy

and throughput. The equalization techniques in digital com-

munications can play an important role in this �eld. In this

paper, the powerful CIVA method is proposed for base-calling.

It provides a method robust to time-varying channels and ir-

regular signals. Preliminary simulations indicate its good per-

formance. However, much more investigation are required to

further study many other interesting questions, such as ro-

bustness in trace signals with low quality, the performance

comparison to the Phred, etc.
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