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a  b  s  t  r  a  c  t

The  problems  of  instrumental  variation  and  sensor  drift are  receiving  increasing  concerns  in  the field  of
electronic  noses.  Because  the  two  problems  can  be uniformly  viewed  as a variation  of  the  data  distribution
in  the  feature  space,  they  can  be handled  by  algorithms  such  as  transfer  learning.  In  this  paper,  we propose
a novel  algorithm  framework  called  transfer  sample-based  coupled  task  learning  (TCTL).  It is  based  on
transfer  learning  and  multi-task  learning.  Given  labeled  samples  in  the  source  domain  (i.e. from  the
master  device  or  without  drift)  and  a small  set of  transfer  samples  as  inputs,  TCTL  simultaneously  learns
a  prediction  model  for data  in  the  source  domain  and one  for data  in the  target  domain  (i.e.  from  the slave
device  or with drift).  The  transfer  samples  are  incorporated  into  a regularization  term  of  the  objective
ransfer learning
ulti-task learning

ransfer sample

function.  TCTL  is  an  extensible  framework  that can apply  to various  classification  and  regression  models.
When  combined  with  the  standardization  error-based  model  improvement  (SEMI)  strategy,  its  accuracy
can be  further  enhanced.  Experiments  on  a multi-device  dataset  and  a popular  long-term  drift  dataset
show  that  the  proposed  algorithms  achieve  better  accuracy  compared  with  typical  existing  methods  with
much  fewer  auxiliary  samples  needed,  which  proves  their  efficacy  and usability  in  real-life  applications.

©  2015  Elsevier  B.V.  All  rights  reserved.
. Introduction

As an important part of an electronic nose (e-nose) system, a
rediction model is learned from a group of training samples and
sed to recognize odors. Ideally, the model is expected to perform
ell under a variety of conditions. However, there are several fac-

ors that may  decrease a model’s universality. For example, owing
o the variations in the manufacture of gas sensors and e-noses, two
-noses of the same model can respond differently to the same gas
ample. Because of the aging and poisoning of gas sensors and the
hange in operating conditions, the sensors’ sensitivity character-
stics change over time in a complex manner [1–3]. These factors

ake the distribution of test samples different from that of training
amples, which will degrade the performance of prediction models
n real-life applications.

A number of methods have been developed to cope with this

roblem. Some of them were originally proposed for spectro-
copic data [4–6], but they can also be applied to e-noses. Methods
o address instrumental variation are often called calibration

∗ Corresponding author.
E-mail addresses: yank10@mails.tsinghua.edu.cn (K. Yan),

sdzhang@comp.polyu.edu.hk (D. Zhang).

ttp://dx.doi.org/10.1016/j.snb.2015.11.058
925-4005/© 2015 Elsevier B.V. All rights reserved.
transfers. A widely used idea is to transform the data from the slave
device (with which test samples are collected) to match the master
device (with which training samples are collected) [1,4,5,7–10]. We
will refer to this method as variable standardization hereinafter.
A set of transfer samples are measured on both the master and
the slave devices. Then, regression algorithms are applied to fit the
master variables with those of the slave.

When the problem concerns sensor drift over time, variable
standardization is also a viable method. Multiplicative drift correc-
tion (MDC) [11,12] can be regarded as a simplified version. Another
category of popular algorithms is component correction (CC). CC
based on principal component analysis (CC-PCA) [11], which was
proposed by Artursson et al., finds the direction of drift by applying
PCA to transfer samples then removes the component on the direc-
tion from the data. Orthogonal signal correction (OSC) [6,13] is a
CC-like method. It finds the undesired component by calculating
the subspace that is orthogonal to the target variable. One draw-
back of CC-like methods is that when the drift is complex, it may  be
difficult to accurately separate the directions of useful information
and drift [12].
Recently, Vergara et al. [3] applied an ensemble strategy to
enhance the robustness of classifiers and address sensor drift. It
showed improved accuracy on an e-nose dataset collected over a
period of three years but required many labeled drifted samples

dx.doi.org/10.1016/j.snb.2015.11.058
http://www.sciencedirect.com/science/journal/09254005
http://www.elsevier.com/locate/snb
http://crossmark.crossref.org/dialog/?doi=10.1016/j.snb.2015.11.058&domain=pdf
mailto:yank10@mails.tsinghua.edu.cn
mailto:csdzhang@comp.polyu.edu.hk
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o train multiple classifiers. Meanwhile, semi-supervised learning
pproaches [14,15] mainly rely on unlabeled drifted samples for
rift counteraction, which are easier to collect. Zhang et al. [16]
xtended an extreme learning machine for domain adaptation. The
lgorithm has a similar principle to that of the Tikhonov regulariza-
ion method in [17]. It can achieve high accuracy on the drift dataset
n [3] if a sufficient number of labeled and unlabeled drifted samples
s provided.

From the perspective of pattern recognition, instrumental vari-
tion and sensor drift over time are essentially a variation of the
ata distribution in the feature space. Following the terms in trans-
er learning [18], we can refer to the data from the master device or
ithout drift as the data from the source domain, and the data from

he slave device or with drift as the data from the target domain,
ecause the goal is to transfer the knowledge from the former one
source) to the latter one (target). In e-nose applications, we usually
ave enough labeled source data to train a prediction model. How-
ver, the labeled target data are scarce or hard to acquire, making it
ifficult to train a new model for the target domain. In this paper, we
ropose a novel algorithm framework called transfer sample-based
oupled task learning (TCTL) to learn it. TCTL belongs to a special
ase of multi-task learning (MTL) with two tasks. MTL  is a type of
nductive transfer learning method [18] that aims at learning mul-
iple models simultaneously [19–21]. When the tasks are related,
nformation can be shared across models during the learning pro-
ess to improve their accuracies [19]. In the proposed algorithm,
abeled source data and a set of transfer samples are used to learn
he source and target models jointly. The transfer samples collected
n both the source and the target domains are leveraged for knowl-
dge transfer. Coefficients of the two models are connected through
egularization terms in the objective function of TCTL.

TCTL is an algorithm framework that can be combined with var-
ous prediction algorithms. Two popular classification/regression
lgorithms, namely, logistic regression and ridge regression, are
emonstrated under the framework of this paper. They are evalu-
ted on two e-nose datasets. One is a multi-device dataset collected
ith three e-noses [10], and the other is the long-term drift dataset

n [3]. Experimental results show that the proposed methods can
mprove the prediction accuracy of target e-nose data and out-
erform typical existing algorithms with much fewer auxiliary
amples needed. With the help of the standardization error-based
odel improvement (SEMI) strategy [10], the accuracies can be

urther enhanced.
The rest of this paper is organized as follows. Section 2 describes

he TCTL framework in detail and shows how logistic regression and
idge regression should be extended under the framework. Section

 introduces the experimental configurations, including the two
atasets used in the paper and the related data analysis procedure.
ection 4 presents the results of the experiments carried on target
-nose data and provides some discussion. Section 5 concludes the
aper.

. Transfer sample based coupled task learning (TCTL)

The objective of TCTL is to learn a prediction model for target e-
ose data (from the slave device or with drift) on the basis of labeled
ource data (from the master device or without drift) and a set of
ransfer samples. In this section, we use non-bold capital letters
or matrices, bold lowercase ones for vectors, and non-bold low-
rcase ones for scalars. Suppose XS ∈ Rn×p is the matrix of source
ata with each row as a feature vector; n is the number of labeled

ource samples; p is the number of variables; yS ∈ Rn is the label
ector of XS; TS, TT ∈ Rnt×p are the matrices of the source and target
ransfer samples, respectively; nt is the number of transfer sam-
les; and ˇS, ˇT ∈ Rp are the source and target prediction models
ators B 225 (2016) 288–297 289

to be estimated, respectively. In TCTL, the two models are learned
by solving

min
ˇS, ˇT

L(XS, yS, ˇS) + �1‖TSˇS − TT ˇT ‖2
2 + �2‖ˇS − ˇT ‖2

2. (1)

In Eq. (1), the first term is the loss function, which represents the
training error of the labeled source data. The second term links ˇS
and ˇT with the transfer samples and requires that each source
transfer sample projected by the source model be close to its corre-
sponding target transfer sample projected by the target model. The
third term requires the two  models to be similar under the assump-
tion that the difference between source and target distributions is
small. To reduce the difference before applying TCTL, one can pre-
process the source and target data separately with standard normal
variate (SNV) [1]; i.e., each variable is centered and scaled by the
mean and standard deviation calculated from the transfer samples.
�1, �2 > 0 are regularization parameters that control the weights of
the terms.

There are two essential regularization terms in Eq. (1), the
transfer sample term �1‖TSˇS − TT ˇT ‖2

2 and the similarity term
�2‖ˇS − ˇT ‖2

2. If the transfer sample term is absent, identical ˇS
and ˇT will be learned, which only fit the source distribution and
cannot reflect the difference between source and target distribu-
tions. If the similarity term is absent, the control over ˇT will be
too weak. Because the number of transfer samples is often small,
there will be infinite solutions to ˇT that can minimize the transfer
sample term and make it zero. The similarity term also occurs in
analogical forms in some other MTL-based algorithms [18,21].

The similarity term is closely related to conventional variable
standardization methods. In variable standardization, the target
samples are transformed by a standardization model, which is
obtained by fitting each source variable with one or more target
variables based on the transfer samples. Then the standardized
target samples can be predicted by source prediction models. The
standardization model can be viewed as a matrix M ∈ Rp×p (in lin-
ear cases), which makes TTM close to TS [5]. In the prediction step,
each sample is projected by ˇS. Thus, the goal is actually making TTM
close to TS in the projected direction—in other words, minimizing
‖TSˇS − TT MˇS‖2

2. We  can find that ˇT in TCTL actually corresponds
to a combination of M and ˇS. By merging M into ˇT, we  can omit
the step of variable standardization and directly obtain the tar-
get prediction model. In variable standardization methods, M is
often supposed to have special forms to avoid overfitting. For exam-
ple, univariate algorithms [8,9] require M to be diagonal. Piecewise
direct standardization (PDS) [5,10] requires M to be banded. How-
ever, when the variation in distribution is complex, the constraints
on M may  lower its ability to fully model the mapping between
source and target variables. Conversely, direct standardization (DS)
[5,7] allows M to be a full matrix. However, it is prone to overfitting
when the number of transfer samples is small, because all elements
in M must be estimated. TCTL allows M to be full while reduc-
ing the number of coefficients to be estimated by merging M into
ˇT and thus may  have better performance when the variation in
distribution is complex as well as being less prone to overfitting.

The regularized multi-task learning (RMTL) method [21] also
applies an MTL  framework. However, instead of aligning a set of
transfer samples, RMTL requires a set of labeled target samples to
be well predicted by the target model. In other words, it changes the
transfer sample term in TCTL into a loss function of target samples,
which is similar to the principle of DAELM [16] and the method
in [17]. In real-life applications, labeled target samples are some-
times hard to acquire. For example, if a breath analysis system based

on an e-nose [22] is produced in batch, it is impractical to collect
breath samples from patients with each new device for calibra-
tion transfer. Conversely, transfer samples are widely used for both
calibration transfer [1,5,8] and correction of sensor drift over time
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2,11,12]. Transfer samples often comprise standard gases, which
re reproducible. The correspondence relationship in two  groups of
ransfer samples brings mapping information between source and
arget variables. Thus, fewer transfer samples than labeled target
amples may  be needed for comparable transfer performance.

Logistic regression and ridge regression are popular algorithms
or classification and regression, respectively. As examples for the
CTL framework, their formulations and solutions under TCTL are
riefly described below.

.1. Logistic regression-based classification

A detailed introduction to logistic regression (LR) can be found
n [23]. We  denote x(i) as the ith training sample and y(i) as its label.
(i) = 1 if x(i) belongs to the positive class and is 0 otherwise. X =
x(1), . . .,  x(n)]

T
and y = [y(1), . . .,  y(n)]

T
. LR models are usually fitted

y maximum likelihood estimation, which seeks to maximize the
og-likelihood function:

LR(X, y, ˇ) = 1
n

n∑
i=1

(
y(i) log hˇ(x(i)) + (1 − y(i)) log(1 − hˇ(x(i)))

)
,

(2)

here h� is the sigmoid decision function:

ˇ(x) = sigmoid(ˇTx) = 1

1 + exp(−ˇTx)
.  (3)

 test sample x is classified into the positive class if h�(x) ≥ 0.5.
ecause h�(x) is between 0 and 1, it can be viewed as the probability
f the test sample belonging to the positive class, which is also the
haracteristic of LR. The LR model under the TCTL framework can
e formulated as minimizing the following objective function:

LR(ˇS, ˇT ) = −�LR(XS, yS, ˇS) + �1

2nt
‖TSˇS − TT ˇT ‖2

2

+ �2

2
‖ˇS − ˇT ‖2

2, (4)

hose gradient is given by:

∂JLR

∂ˇS

= 1
n

n∑
i=1

((hˇ(x(i)) − y(i))x(i)) + �1

nt
TT

S (TSˇS − TT ˇT )

+ �2(ˇS − ˇT ); (5)

∂JLR

∂ˇT

= −�1

nt
TT

T (TSˇS − TT ˇT ) − �2(ˇS − ˇT ). (6)

hen, the problem can be solved using numerical optimization
ethods such as conjugate gradient. The model above is designed

or binary-class cases. In multi-class cases, multiple LR models are
rained using the one-vs-all strategy and x is classified into the class
hose decision function has the largest value.

.2. Ridge regression-based regression

Ridge regression (RR) is a simple but effective regression algo-
ithm [1,23]. The problem formulation of RR is

in
ˇ

‖X  ̌ − y‖2
2 + �‖ˇ‖2

2. (7)
he difference between RR and ordinary least squares is that RR
hrinks the coefficients in  ̌ using the Tikhonov regularization
erm in order to reduce the variance of the model. Under the TCTL
ramework, the RR problem can be formulated as minimizing the
ators B 225 (2016) 288–297

following objective function

JRR(ˇS, ˇT ) = ‖XSˇS − yS‖2
2 + �1‖TSˇS − TT ˇT ‖2

2

+ �2‖ˇS − ˇT ‖2
2 + �(‖ˇS‖2

2 + ‖ˇT ‖2
2). (8)

By setting the gradient of Eq. (8) to zero, the closed-form solution
to the problem can be derived:(

ˇS

ˇT

)
=
(

XT
S XS + �1TT

S TS + (�2 + �)I −�1TT
S TT − �2I

−�1TT
T TS − �2I �1TT

T TT + (�2 + �)I

)−1

×
(

XT
S yS

0

)
. (9)

2.3. Standardization error-based model improvement (SEMI)

In [10], we proposed a strategy to improve the transfer ability
of prediction models, namely standardization error-based model
improvement (SEMI). The key idea of the strategy is to add a
Tikhonov regularization term �

∑p
j=1(wj ˇj)

2 into the objective
function of various prediction algorithms. wj is the standardiza-
tion error (SE) of the jth variable; i.e., the deviation between the jth
standardized target variable and the jth source variable in transfer
samples. SEMI penalizes the variables with large SEs, making the
trained models rely more on well-standardized variables, and thus
is less sensitive to variation in distribution. The strategy can also
be combined with TCTL. First, the training and transfer samples
are preprocessed using SNV. Next, wj is defined as the deviation
between the jth variable in the source and target transfer samples:

wj =

√√√√ nt∑
i=1

(tS,ij − tT,ij)
2. (10)

tS,ij means the element in the ith row (sample) and jth column (vari-
able) of TS. The mean of w can be scaled to 1. Then, ˇS and ˇT are
learned by solving

min
ˇS, ˇT

L(XS, yS, ˇS) + �1‖TSˇS − TT ˇT ‖2
2 + �2‖ˇS − ˇT ‖2

2

+ �

p∑
j=1

w2
j (ˇ2

S,j + ˇ2
T,j). (11)

Compared with Eq. (1), the Tikhonov regularization term has been
included in Eq. (11). The objective functions and solutions of LR and
RR in Sections 2.1 and 2.2 can be modified according to Eq. (11). In
Section 4, we  will show that the SEMI strategy can further improve
the performance of TCTL.

It is worth noting that in the equations above, the intercept
term of  ̌ is not considered for clarity. To include the term, a con-
stant component (x0 = 1) should be added to all samples. Then, an
additional coefficient can be added to ˇS and ˇT (ˇS,0 and ˇT,0).
However, the Tikhonov regularization terms in RR and SEMI should
not include ˇS,0 and ˇT,0, because we do not expect the intercept
terms to be shrunk. They should not be involved in the similarity
term of TCTL either if the intercept terms in the source and target
models are not expected to be similar.

3. Experimental details
To evaluate the performance of the proposed algorithm in the
situations of instrumental variation and sensor drift over time, two
e-nose datasets are adopted in this paper. Their composition and
the data analysis procedures will be introduced in this section.
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Table  1
Composition of the multi-device dataset. [10]

Group Gas sample #Samples Notes

1 Acetone 16 8 concentrations (0.1, 0.2, 0.5, 1, 2, 5, 10, 20 ppm), 2 samples per concentration.
2  Hydrogen 18 9 concentrations (0.1, 0.2, 0.5, 1, 2, 5, 10, 20, 50 ppm), 2 samples per

concentration.
3  Ammonia 14 7 concentrations (0.1, 0.2, 0.5, 1, 2, 5, 10 ppm), 2 samples per concentration.
4  Normal breath 80 Collected from 24 healthy subjects in different days, 2–6 samples per subject.
5  Acetone + breath 40 Acetone at 8 concentrations (0, 0.2, 0.3, 0.7, 1.7, 3.3, 5.0, 6.7 ppm), 5 samples

per concentration, mixed with normal breath from 5 subjects.
6  Hydrogen + breath 40 H2 at 8 concentrations (0, 0.4, 0.7, 1.7, 4.2, 8.3, 12.5, 16.7 ppm), 5 samples per

concentration, mixed with normal breath from 5 subjects.
7  Ammonia + breath 40 NH3 at 8 concentrations (0, 0.3, 0.8, 1.7, 2.5, 3.3, 4.2, 5.0 ppm), 5 samples per

concentration, mixed with normal breath from 5 subjects.

20 40 60 80 100 120 140
−2

−1

0

1

2

Time (s)

P
re

pr
oc

es
se

d 
R

es
po

ns
e

(a)

20 40 60 80 100 120 140
−2

−1

0

1

2

Time (s)
P

re
pr

oc
es

se
d 

R
es

po
ns

e

(b)

20 40 60 80 100 120 140
−2

−1

0

1

2

Time (s)

P
re

pr
oc

es
se

d 
R

es
po

ns
e

(c)

TGS822

TGS826

TGS2602

TGS2610−D00

SP3S−AQ2

TGS2600−TM

TGS2602−TM

WSP2111−TM

F ee dev
n lation

3

o
w
c
a
A
s
[
a
1
a
b
t
w
t
[

w
i
b
e

ig. 1. A normal breath sample in the multi-device dataset measured with the thr
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.1. Multi-device dataset

In our previous work [10], a dataset collected with three e-noses
f the same model was described. The portable e-nose is equipped
ith an array of 11 sensors. Among them, eight metal oxide semi-

onductor (MOS) sensors with stable performance are chosen for
nalysis—namely, TGS822, TGS826, TGS2602, TGS2610-D00, SP3S-
Q2, TGS2600-TM, TGS2602-TM, and WSP2111-TM. The last three
ensors with the suffix “-TM” are temperature-modulated sensors
24]. They are heated by a staircase voltage oscillated between 3
nd 6 V. The measurement procedure of each gas sample lasts for
44 s. In the baseline stage (1 s), the baseline values of the sensors
re recorded. In the injection stage (7 s), gas is drawn from a gas
ag to the gas room. In the reaction stage (56 s), the responses of
he sensors approach their steady states. The gas room is purged
ith clean air in the purge stage (80 s). The sampling frequency of

he e-nose is 8 Hz. Further details of the e-nose are presented in
22].

A total of 248 samples were measured with each e-nose,

hich can be further divided into seven groups. Groups 1–3

nclude three chemicals at different concentrations. Groups 4–7 are
reath samples from healthy and simulated patients, because dis-
ase screening and monitoring by breath analysis are important
ices of the same model. Plots (a)–(c) correspond to devices 1–3, respectively. The
 are marked with “-TM”.

applications of e-noses [25,26,22]. The three chemicals mentioned
above are typical breath biomarkers of certain diseases [10], so we
mixed them with normal breath samples to simulate breath from
patients. Details of the dataset are listed in Table 1.

After a gas sample is measured, the baseline values are sub-
tracted from the sensors’ responses to remove baseline drift. Fig. 1
shows the baseline-removed responses of the same breath sam-
ple measured with the three devices. We  can see the inconsistency
among the devices. We  assign device 1 as the master device and
devices 2 and 3 as the slaves. The goal is to enhance the predic-
tion accuracies of slave devices using only labeled samples from
the master device and transfer samples. The transfer samples will
be chosen from the three types of chemicals (groups 1–3) using
the Kennard-Stone algorithm [8,27]. If a prediction task is per-
formed on groups 1–3, only the training samples will be used for
selection to avoid overlap between transfer samples and test ones.
The distribution of part of the samples is illustrated in Fig. 2. One
can observe the variation in distribution of different devices. In
addition, although the transfer samples and breath samples are

different kinds of gases, their inter-device variation in distribution
are roughly in the same direction. Therefore, it is possible to learn
the models for breath samples from slave devices by aligning the
transfer samples.
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o  the first two  dimensions of the principal components of the samples.

Four classification tasks and six regression tasks are designed
or the dataset. The classification tasks include a multi-class task
distinguishing the three chemicals) and three binary-class tasks
distinguishing normal breath samples from each mixed group.
ote that in data groups 5–7, the 5 samples with 0 ppm chemical
ixed are removed.) In each task, we randomly choose an equal

ize of samples from each class as training samples, with the size
eing half of the number of samples in the class with the fewest
amples. The random experiment is repeated 20 times. Then, the
verage accuracy is computed. With regard to the six regression
asks, the concentrations of chemicals in data groups 1–3 and 5–7
re predicted. The leave-one-out strategy is used within each task.
hen, the average root mean square error (RMSE) is computed.

Selected geometry features extracted from sensors’ response
urves are proved to be more effective than traditional features
uch as steady-state responses [28]. Based on the results in [28],
8 phase features [29] and 36 derivative features are extracted
rom each temperature-modulated sensor, and 21 derivative fea-
ures are extracted from each ordinary sensor. Thus, the length
f the final feature vector for each sample is 267. The phase fea-
ures are calculated in each “stair” of the response curves of the
emperature-modulated sensors. The derivative features are down-
ampled from the derivative of the response curves. A more detailed
escription of the features may  be found in [28].

.2. Long-term drift dataset

A large e-nose dataset containing long-term drift was
ntroduced in [3] and [30]. The dataset, which is accessible in
31], was collected using an array of 16 MOS  sensors under
trictly controlled operating conditions. Six chemicals (ammonia,
cetaldehyde, acetone, ethylene, ethanol and toluene) at different
oncentrations (5–1000 ppm) were measured over a period of 36
onths, summing up to 13910 samples in total. The authors of [3]

plit the dataset into 10 batches in chronological order. The goal

s to enhance the classification accuracy of the gas type on batch t
t = 2, 3, . . .,  10), where sensor drift has taken place.

The experimental setting in this paper is similar to setting 1
n [15] and [16]. It also resembles how e-noses are usually used in
and  plus signs represent ammonia and acetaldehyde samples, respectively. Differ-
ent  colors indicate different batches. The x- and y-axes correspond to the first two
dimensions of the principal components of the samples.

practical applications. All samples in batch 1 are adopted as labeled
training samples. In batch t, meanwhile, only a small group of trans-
fer samples are available, which link the drifted batch with batch
1. However, transfer samples were not explicitly collected in this
dataset. Therefore, we  first find the candidate transfer samples for
batch t, which are defined as the overlapping samples in batch 1
and t (samples with the same gas type and concentration). If a
sample was measured multiple times, the measurement closest to
the median of all measurements is chosen. Then, the actual trans-
fer samples are selected using the Kennard–Stone algorithm. Note
that because the magnitudes of the variables are greatly varied in
this dataset, it is better to preprocess the candidate transfer sam-
ples with SNV before selection. Because the sample composition in
each batch is not identical (summarized in [15]), the gas type and
concentration of transfer samples selected for each target batch is
different.

In the dataset, eight features are extracted from each sensor’s
response curve, including two  steady-state features and six expo-
nential moving average features [3]. Thus, the length of the final
feature vector for each sample is 128. To visually inspect the drift
across batches, we draw a scatter diagram in Fig. 3. It can be found
that the ammonia samples (dots) drift roughly in the upper-left
direction as the batch index increases (except batch 2), whereas
the drift of acetaldehyde samples (plus signs) is not obvious. There
are also some outliers that do not comply with the general trend.
These observations suggest the complexity of this dataset: the drift
is class-dependent and cannot be well described by a simple model
[16].

4. Results and discussion

4.1. Multi-device dataset

Calibration transfer from device 1 (master device) to devices
2 and 3 (slave devices) is discussed in this section. Six transfer
samples were selected by the Kennard–Stone algorithm, because
we found that further increasing the number of transfer samples

could not improve the accuracy significantly and would increase
the complexity of the future calibration transfer process. (Note that
the numbers of the training samples in the four classification tasks
are 21, 36, 36, 36; those for the six regression tasks are 15, 17,
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Fig. 4. Average classification accuracy of the proposed method with different parameter settings. Plots (a) and (b) correspond to devices 2 and 3 in the multi-device dataset,
respectively. Parameters �1 and �2 in Eq. (11) are searched in {2−13, 2−12, . . .,  21} and {2−2, 2−1, . . .,  210}, respectively.
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amples. Circles and plus signs are samples from the master and slave, respectively
n  plot (b), the master samples are projected by the master model (ˇS) learned by L
y  it. ˇ(i) means a model learned for the ith class.

3, 39, 39, 39.) In the proposed algorithm, the parameters �1, �2
nd � (Eq. (11)) are related to the results. We  empirically set the
egularization parameter � to 0.1 in this dataset. Then, �1 and �2
ere changed in the range of {2−13, 2−12, . . .,  21} and {2−2, 2−1,

 . .,  210}, respectively, to observe the change in average classifica-
ion accuracies. The results are shown in Fig. 4. The base classifier
as logistic regression as introduced in Section 2.1. It can be noted

hat the optimal value of �1 for device 2 is larger than that for
evice 3. �1 controls the weight of the transfer sample term in the
bjective function of TCTL. Increasing its value means that more
mphasis is put on requiring that the transfer samples from both
evices are close in the projected space. In fact, devices 1 and 2 were
ade in a batch, whereas device 3 was made earlier. Its gas route
as slightly different from the other two devices; Its sensor array
as also more aged. Thus, the variation of the distribution from
evice 1 to device 3 is more complex. The knowledge cannot be
ully transferred from device 1 to device 3 by simply aligning the

ix transfer samples. Thus, a smaller �1 is better, as a larger one
ay  cause overfitting. The variation of distribution from device

 to 2 can be better modeled by the transfer samples, so a rel-
tively larger �1 is beneficial. From Fig. 4, we also find that the
t (a), samples from both devices are projected by the master model learned by LR.
er TCTL, whereas the slave samples are projected by the slave model (ˇT) learned

average classification accuracy is slightly improved as �2 becomes
larger.

Fig. 5 illustrates an example of the effect of TCTL. The samples in
three classes are from data groups 1–3. In plot (a), half of the master
samples are used to train two classification models to distinguish
class 1 or 2 from other classes with the one-vs-all strategy. Then,
the other half of the samples from both master and slave devices
are projected by the two  models and shown in the plot. We find
that the samples from different devices are not clustered, so it is
not feasible to use the master model to directly classify the slave
data. In plot (b), TCTL is used to simultaneously learn both master
and slave models. When the samples from different devices are
projected by their corresponding models, the samples in the same
class lie in the same region. TCTL achieves this by aligning the six
transfer samples in the projected space, which can be discovered
in the plot.

The accuracies of the four classification tasks and their aver-

ages are listed in Tables 2 and 3 . TCTL is compared with several
other methods. The parameter � in the SEMI strategy and �1, �2 in
TCTL were tuned by grid search. For “no transfer”, slave data were
directly predicted by the classification model trained on master
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Table 2
Comparison of classification accuracy (%) on device 2 of the multi-device dataset.

Group 1 vs. 2 vs. 3 a 4 vs. 5 4 vs. 6 4 vs. 7 Average

No transfer 62.86 ± 11.93 76.91 ± 13.77 79.41 ± 9.96 62.06 ± 8.31 70.31 ± 3.81
Only  SNV 94.29 ± 4.26 87.50 ± 5.55 90.29 ± 7.21 86.32 ± 3.61 89.60 ± 2.36
Var.  stdd. 93.10 ± 5.46 89.26 ± 5.07 90.88 ± 7.13 87.06 ± 4.99 90.08 ± 2.56
TCTL  97.38 ± 3.62 91.62 ± 4.89 92.79 ± 3.99 92.21 ± 4.30 93.50 ± 2.09
Var.  stdd. + SEMI 99.29 ± 2.33 87.50 ± 6.74 89.41 ± 7.29 83.24 ± 7.21 89.86 ± 3.62
TCTL  + SEMI 98.10 ± 2.85 91.18 ± 4.48 93.24 ± 4.28 92.50 ± 4.10 93.75 ± 2.06

Train  with slave 99.29 ± 1.74 91.91 ± 3.68 93.68 ± 3.85 93.97 ± 4.21 94.71 ± 2.38

Bold values indicate the best results.
a 3-class classification problem. The subsequent three columns correspond to binary-class problems.

Table 3
Comparison of classification accuracy (%) on device 3 of the multi-device dataset.

Group 1 vs. 2 vs. 3a 4 vs. 5 4 vs. 6 4 vs. 7 Average

No transfer 33.33 ± 0.00 62.21 ± 9.98 70.59 ± 15.33 70.59 ± 14.6 59.18 ± 7.25
Only  SNV 77.62 ± 11.78 72.06 ± 7.66 84.85 ± 8.76 80.15 ± 10.62 78.67 ± 4.77
Var.  stdd. 84.52 ± 10.91 77.50 ± 8.11 88.09 ± 7.30 83.82 ± 7.48 83.48 ± 3.61
TCTL  84.05 ± 10.51 79.85 ± 7.03 87.21 ± 7.03 88.38 ± 6.51 84.87 ± 3.67
Var.  stdd. + SEMI 96.43 ± 4.05 81.18 ± 7.29 87.06 ± 6.91 87.94 ± 9.15 88.15 ± 3.77
TCTL  + SEMI 95.95 ± 8.36 81.03 ± 8.01 92.50 ± 4.91 90.74 ± 4.08 90.05 ± 2.81

Train  with slave 99.52 ± 1.47 91.03 ± 5.18 91.32 ± 4.52 93.24 ± 4.49 93.78 ± 2.98

Bold values indicate the best results.
a 3-class classification problem. The subsequent three columns correspond to binary-class problems.

Table 4
RMSE of the regression tasks on device 2 of the multi-device dataset.

Group 1 Group 2 Group 3 Group 5 Group 6 Group 7 Average

No transfer 1.0747 8.9395 5.0125 2.3193 7.9286 3.0213 4.7160
Only  SNV 0.9569 7.8591 0.5975 0.6483 3.7534 1.1514 2.4945
Var.  stdd. 1.4456 6.5774 1.0140 0.7361 1.8228 1.0361 2.1053
TCTL  0.8496 3.6217 1.0162 0.6583 4.1052 1.1401 1.8985
Var.  stdd. + SEMI 0.5279 1.5593 0.7299 0.5028 2.5161 1.2144 1.1751
TCTL  + SEMI 0.3355 0.7636 0.4443 0.5148 2.8840 0.9030 0.9742

Train  with slave 0.6161 3.1674 0.3643 0.4011 1.7559 1.0533 1.2263

Bold values indicate the best results.

Table 5
RMSE of the regression tasks on device 3 of the multi-device dataset.

Group 1 Group 2 Group 3 Group 5 Group 6 Group 7 Average

No transfer 2.7903 4.5576 3.8079 2.1211 8.5552 3.7641 4.2660
Only  SNV 1.7860 12.4726 3.3463 0.8980 3.1779 1.0873 3.7947
Var.  stdd. 2.1295 9.9353 2.1740 0.6911 2.4169 1.2938 3.1068
TCTL  0.5923 3.0735 0.9525 1.0247 3.8046 1.0689 1.7527
Var.  stdd. + SEMI 0.7693 2.8323 4.6216 0.3751 3.5504 1.1358 2.2141
TCTL  + SEMI 0.2611 2.0506 1.3306 0.4082 2.3377 1.5247 1.3188
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Train  with slave 0.5464 2.2178 0.4919 

old values indicate the best results.

ata. The accuracy is not good, proving the inconsistency between
lave and master devices. The SNV transform can reduce simple
dditive and multiplicative variations between devices, so the accu-
acy is improved with “only SNV”. Variable standardization (“var.
tdd.”) is commonly used for calibration transfer of e-noses. The
obust fit method [8,9] was adopted to standardize slave data after
t was preprocessed by SNV. The accuracy is further enhanced.
owever, the proposed TCTL method achieves better results, which

urpasses variable standardization by 3.42 and 1.39 percentage
oints on devices 2 and 3, respectively. The highest average accu-
acies on both devices 2 and 3 are obtained by the combination of
CTL and SEMI, which are close to the results obtained by the clas-

ification models trained on slave data. Moreover, the calibration
ransfer accuracies on device 3 are generally lower than those on
evice 2, indicating that the variation of distribution from device 1
o 3 is more complex.
0.5845 1.9160 0.8544 1.1018

The results of the regression tasks are presented in Tables 4 and 5
. The parameter � in ridge regression and the SEMI strategy as
well as �1, �2 in TCTL were tuned by grid search. Other experi-
mental settings were the same as those in the classification tasks.
TCTL results in a reduction of RMSE by 9.82% and 43.59% compared
with variable standardization on devices 2 and 3, respectively.
The lowest average RMSE is achieved by TCTL + SEMI. Note that
some results of TCTL + SEMI are even better than the model
trained with slave data, which may  mainly be caused by three
reasons: (1) The size of the dataset is small, so some results may
not reflect the true ability of a model; (2) The SEMI strategy
encourages the use of stable variables, which can improve the

performance of the model; (3) TCTL + SEMI utilizes the informa-
tion contained in the transfer samples of two devices, which adds
additional regularity to the model and can possibly improve its
accuracy.



K. Yan, D. Zhang / Sensors and Actu

2 4 6 8 10 12 14 16 18 20
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

# Transfer samples (N
 t
)

A
ve

ra
ge

 c
la

ss
ifi

ca
tio

n 
ac

cu
ra

cy

Only SNV
Var. stdd.
Var. stdd. + SEMI
TCTL
TCTL + SEMI

Fig. 6. Performance of several transfer sample-based methods on the long-term drift
dataset with respect to different numbers of transfer samples. The x-axis represents
t
(
2

4

o
o
t
t
w
u
s
v
r
�
T
t
b
i
t
l
H
o
v

c
d

T
C

B

he number of transfer samples used to transfer knowledge from batch 1 to batch t
t  = 2, 3, . . .,  10). The y-axis represents the average classification accuracy of batches
–10.

.2. Long-term drift dataset

Several researchers have investigated this dataset with state-
f-art drift correction algorithms [3,15,16]. However, to the best of
ur knowledge, our work is the first transfer sample-based method
ested on it. Fig. 6 illustrates the performance of several methods as
he number of transfer samples (nt) increases. Logistic regression
as used as the base classifier. Direct standardization [5,7] was
sed as the variable standardization strategy. It is a multivariate
trategy, and we found that it yielded better accuracy than uni-
ariate strategies such as robust fitting. Ridge regression was the
egression algorithm for variable standardization. The parameter

 in ridge regression and the SEMI strategy as well as �1, �2 in
CTL were tuned by grid search. Fig. 6 shows that as nt increases,
he average classification accuracy generally rises. However, it
ecomes relatively stable when nt ≥ 10. The order of performance

s TCTL > variable standardization > only SNV when more than five
ransfer samples are used. If nt ≤ 5, variable standardization has
ower accuracy than only SNV, which may  be caused by overfitting.
owever, TCTL is unaffected by the problem for the dataset. More-
ver, the SEMI strategy can further improve the accuracy of both

ariable standardization and TCTL.

The performance of our methods and other typical methods is
ompared in Table 6. For “no transfer”, data in batches 2–10 were
irectly predicted by the classification model trained on batch 1.

able 6
omparison of classification accuracy (%) on the long-term drift dataset.

Batch 2 3 4 5 6

No transfer 88.59 66.96 40.99 54.82 4
CC-PCA [11] 90.92 40.86 47.20 59.39 5
OSC  [6] 88.10 66.71 54.66 53.81 6
Ensemble [3] 74.36 87.83 93.79 95.43 6
ML-comGFK [15] 80.25 74.99 78.79 67.41 7
DAELM (30) [16] 87.98 95.74 85.16 95.99 9

Only  SNV 86.09 72.89 65.84 84.77 7
Var.  stdd. 96.06 98.74 81.99 95.94 7
Var.  stdd. + SEMI 95.42 97.23 82.61 96.95 7
TCTL  96.86 94.58 86.34 98.48 8
TCTL  + SEMI 96.95 96.85 91.30 98.98 8

old values indicate the best results.
ators B 225 (2016) 288–297 295

The accuracy is unsatisfactory because of the drift across batches.
For CC-PCA and OSC, the data in each batch were first centered and
scaled using the mean and standard deviation calculated from batch
1. For CC-PCA, ethanol was chosen as the transfer sample, and the
number of components to remove is three [11]. Wise’s implemen-
tation of OSC [32] was  adopted to calculate three OSC components
to remove using labeled samples in batch 1. The tolerance of data
variance was set to 90% [32]. The parameters were all tuned by grid
search. The improvement in the average accuracy achieved by the
two CC-based methods is not large, possibly because the drift in the
dataset is complex, and it is hard for CC-based methods to precisely
separate the directions of useful information and drift. Significantly
better accuracy is achieved by the classifier ensemble method [3].
However, when testing a sample in batch t, it requires the labels
of all samples from batches 1 to t − 1 to train t − 1 base classifiers.
Retrieving labels from many samples is sometimes a demanding
job in real-life applications. The same difficulty exists in domain
adaptation extreme learning machine (DAELM) [16]. In Table 6, the
number after DAELM is the number of labeled samples needed in
batch t. A good result was  obtained by DAELM at the cost of 30
selected labeled target samples in batch t. Although a higher accu-
racy was obtained by a variant of DAELM in [16], it is not listed
here because up to 50 labeled and all unlabeled target samples
were needed to train the model, which was  also not recommended
by the author. Meanwhile, manifold regularization with combined
geodesic flow kernels (ML-comGFK) [15] requires only unlabeled
samples from batches 2 to t, which is easier to collect. However, the
accuracy of ML-comGFK is not as high as classifier ensemble and
DAELM.

For the methods in the last five rows of Table 6, 10 transfer sam-
ples were utilized. In fact, because the number of candidate transfer
samples between batch 1 and batches 8 and 9 is not sufficient,
the actual nt for the two  target batches are 8 and 6, respectively.
(Note that the number of training samples is 445, i.e. the number
of samples in batch 1.) TCTL + SEMI outperforms DAELM in aver-
age accuracy with only one-third of the auxiliary samples needed.
Variable standardization also has better accuracy than classifier
ensemble. The probable reason is that variable standardization
and TCTL make use of transfer samples, which contain mapping
information of variables between batch 1 and batch t. Thus, fewer
transfer samples are needed than labeled target samples when
comparable transfer performance is achieved.

From the results of the multi-device dataset and the long-term
drift dataset, we  can also find that TCTL is always better than vari-
able standardization. As explained in Section 2, the two  methods
are related. Variable standardization can be regarded as estimat-

ing a matrix that transforms target variables into the source space.
TCTL merges the matrix into the objective function in order to
reduce the number of coefficients to estimate without limiting
the shape of the matrix (diagonal or banded), so it can better

 7 8 9 10 Average

3.22 44.40 31.63 45.74 39.11 50.61
6.74 56.71 36.39 45.32 37.72 52.36
5.13 63.71 36.05 40.21 40.08 56.50
9.17 69.72 91.84 76.38 65.50 80.45
7.82 71.68 49.96 50.79 53.79 67.28
4.14 83.51 86.90 100.00 53.62 87.00

4.91 62.28 50.00 45.11 43.53 65.05
8.70 61.53 76.53 96.60 59.08 82.80
9.22 65.46 77.55 97.02 61.25 83.63
5.30 78.74 77.21 88.94 58.47 84.99
6.78 82.51 86.05 83.19 65.75 87.60
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odel the variation in distribution and is less prone to over-
tting. Compared with device 2 in the multi-device dataset, the

mprovement of TCTL seems more obvious on device 3, where
he variation in distribution is more complex. The author of [16]
lso suggested that drift compensation at the decision level is
etter than correcting sensor responses owing to the nonlinear
ynamic or chaotic behavior of drift. Another observation is that
CTL can be further improved after combination with the SEMI
trategy.

. Conclusion

A novel algorithm framework called transfer sample based cou-
led task learning (TCTL) was proposed in this paper to predict
-nose data subject to instrumental variation or sensor drift. The
wo problems were considered as variation of the data distribu-
ion in the feature space, so they could be handled uniformly by
CTL. By incorporating transfer samples into its objective func-
ion, TCTL integrates the commonly used variable standardization

ethod into its model learning process. Compared with variable
tandardization, dealing with distribution variation at the model
evel can be beneficial, especially when the variation is complex.
xperiments on a multi-device dataset and a long-term drift dataset
uggested that TCTL outperformed typical variable standardization
lgorithms. On the long-term drift dataset with large sensor drift,
CTL also outperformed several recent drift correction algorithms
ith much fewer auxiliary samples needed, which shows its supe-

iority in both precision and ease of use in real-life applications.
he standardization error-based model improvement (SEMI) strat-
gy proposed in our previous work was also proved to be effective.
t could enhance the performance of TCTL and variable standard-
zation.

TCTL is an extensible framework that can be combined with var-
ous classification and regression algorithms, for example, logistic
egression and ridge regression, which have been demonstrated in
his paper. It is also applicable to other problems with different
ource and target distribution when transfer samples are available,
uch as calibration transfer of spectroscopic data [4]. Further study
s needed on adaptive parameter selection of the regularization
arameters based on the characteristics of data. It is also possible to
xploit useful information from unlabeled drifted samples [14,15]
ecause they are easy to acquire.
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