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Abstract—Globally-covered ocean monitoring system Argo
with more than 3,700 floats has been working, and its ac-
cumulated big ocean observation data helps many studies
such as investigation into climate change mechanism. Since
the observed data sometimes involves errors, human experts
must visually confirm and revise quality control (QC) labels.
However, such manual QC by human experts cannot be per-
formed in some contries. In addition, it is difficult to regularize
the quality of the ocean observation data of all over the world
because the manual QC depends on human experts’ heuristics.
Therefore, this paper proposes a method for error detection
in Argo observation data using Conditional Random Field
(CRF) to realize an automatic QC with high accuracy equal
to human experts. This paper also proposes a feature function
design method using decision tree learning. Using decision tree
allows coping with various types of observation errors without
manual work, whereas previous work had to focus on certain
error types due to manual labor for feature function design.
Experimental results have shown that the proposed method
could detect all types of salinity errors with autoamtically
designed features while maintaining the higher accuracy of
QC label assignments than the actually operated system in
Argo project and a previous method using CRF with SVM.

1. Introduction

The ocean is regarded as a driving source of the global
warming and climate changes due to its heat capacity, 1,000
times as much as of air, though their mechanisms have not
been clarified sufficiently yet. Although the physical state
observation of the ocean on a regular basis anywhere in the
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world is necessary to understand oceanic variability, it is
difficult by research vessels to conduct such ocean monitor-
ing. Therefore, the international Argo program has started
since 2000 [1], [2], [3], aiming to realize an autonomous,
long-term, real-time and globally-covered ocean monitoring
system. In this program, over 30 countries of all over the
world have constructed an array of over 3,700 ”Argo floats”,
which reports observation data in real time via satellites. The
observed data is opened via the Internet within 24 hours
after received from the float, and is utilized for a weather
forecast and various industries such as sea transportation
and fishing in addition to many studies about climate change
mechanism [4], [S], [6]. Thanks to produce lots of the Argo
float data, accuracy of forecasting long-term/large scale
climate change such as El Nino and La Nina and Indian
Ocean Dipole Mode has been largely improved [7].

Argo float sometimes fails in observation due to the
hardware or software, as well as external factors such as
sensor contamination and data reception failure. It is difficult
to evaluate the data accuracy obtained from Argo float after
being thrown into the ocean. Therefore, “quality control”
(QC) is performed that finds and corrects observation error
according to enormous accumulation of observation data. In
this QC, a QC flag is assigned to each observed value. How-
ever, for automated QC, the data accuracy is not as high as
it can withstand research needs. This is due to the naturally
occurring variation in water temperature and salinity, where
the S/N value between the variation amount and error is
not so high, making it difficult to automatically distinguish
between the error and the signal. As a result, overlooked
error (failure to detect error) and misdetection (extraction
failure) occur with the current automated QC. Furthermore,



it becomes troublesome for technicians to manually per-
forming visual check. In addition, among technicians, there
exist differences in correction standards, not enough human
resource, or countries with unskilled workers, thus unable to
have uniform global quality. This has been a problem over
long period of time among international Argo project, and it
is affecting the accuracy and reliability of the global ocean
environment monitoring.

Aiming to improve the data accuracy and quality uni-
formity in the entire global region, this study proposes a
method to automatically classify the QC flag of the ocean
data. This work modeled a problem of error detection and
QC flag assignment of the ocean data as a sequential label-
ing problem, and performs classification using Conditional
Random Field (CRF) [10].

Applying CRF to QC flag assignment requires feature
selection and threshold adjustment because the observation
data involves continuous values and the error pattern de-
pends on observation depth. In [9], appropriate explana-
tory variable combinations were designed by interview to
technicians to handle the latter difficulty, and an automatic
threshold adjustment mechanism is introduced to deal with
the former. In detail, the previous method utilized Support
Vector Machine (SVM) as a discriminant function in fea-
ture conditions of CREF, relaxing the difficulty of threshold
adjustment for every observation ocean area. However, this
method still requires human experts to clarify a combina-
tions of explanatory variables to design features for each ob-
servation error type and ocean area. In addition, it is difficult
even for human experts to categorize the observation errors
in Argo data. Then, the previous work had to focus only on
a few typical observation types such as density inversion.

Therefore, this paper proposes a method for designing
feature functions rather than the threshold adjustment. The
proposed method utilizes Decision Tree (DT) learning to
choose a proper explanatory variable combination and their
thresholds, which must be designed for each observation
error type.

The main contributions of this paper, which also repre-
sents the progress of this paper from the previous work [8],
[9], are as follows:

o A sequential labeling method using CRF for Argo
float data error detection, which requires considera-
tion of continuity in both viewpoints of features and
output data quality labels.

e A decision tree learning-based feature function de-
sign method, which simultaneously identifies an ap-
propriate combination of explanatory variables and
proper thresholds for each of them. This permits
the application of the proposed method to all types
of observation errors without manually designing
feature functions.

o Comparative study of the proposed sequential la-
beling method using DT learning with the previous
method using SVM and the actually operated system
in Argo project (real-time QC), which reveals that
the proposed method showed better accuracy for

detecting errors spreading over multiple layers than
the previous method, in particular.

2. Global ocean monitoring system Argo

2.1. Ocean observation by Argo floats

Fig. 2 shows the measurement cycle with the Argo floats.
After being released into the ocean, the Argo floats drift
to water depth 1,000 [m], where they are less affected
by the ocean current. When the observation time comes,
it descends to water depth 2,000 [m] then ascends while
measuring water temperature and salinity. The measurement
data created during one floating is called a profile, and each
profile records 100 vertical layers of temperature and salinity
values. Argo floats automatically carry out this measurement
cycle every 10 days. Fig. 4 shows an example of the profile.
Vertical axis represents pressure [dbar], which is almost
the same as water depth [m]. Blue graph represents the
water temperature [°C], red graph the salinity [PSS-78],
and the green graph the density [kg/m?®] obtained from
the temperature and salinity. Sensor accuracies of pressure,
temperature and salinity are necessary within +2.5 [dbar],
+0.005°C and £0.01 [psu], respectively, which have been
decided by Argo Data management Team [3].

When the observed data is sent to ground station via
a satellite, it goes through quality control and released on
the Internet. During the quality control of the Argo, the
reliability of the measurement value is set for the profile
measured by the Argo floats following above accuracy cri-
teria. As quality control flags, 4 levels of reliability is used:
1 (correct), 2 (probably correct), 3 (probably incorrect), and
4 (incorrect).

There are 2 types of quality control: Real-time quality
control (RQC) and Delayed-mode QC (DQC). RQC is a
simple quality control that aims to release the measured
data within 24 hours of profile observation. Since it puts
priority on the real-time release of data, visual checking
by technicians is often not done. On the other hand, the
data qualified through DQC is used for research purposes
to be further analyzed, so the quality control is done with
precision. They are corrected through visual check by tech-
nicians.

The observation value is greatly affected by the natu-
rally occurring changes in temperature and salinity, thus the
influence to the observation value by errors becomes small.
This is due to seasonal and climate changes affecting the
water temperature and salinity. Such natural trends make
it difficult to describe the data QC method. Although the
existing automated RQC method has detailed measurement
method regulations, it is technically difficult to correspond to
all of the errors, resulting in the overlook of error or false
detection. Ultimately, it is checked visually and corrected
manually by the technicians but this is becoming a big
burden on technicians.

In addition, when human decision is involved, it leads to
a collapse of uniformity in data quality. It is quite difficult
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Figure 1. Argo float.
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Figure 4. Example profile.

to guarantee the data uniformity required for global Argo
observation network. This is due to the fact that there are dif-
ferences in correction standards among technicians, and the
presence of countries where they lack correction technicians.
Furthermore, if a modification of QC method occurs, one
must reconfirm the previously QC applied profiles but the
lack of human resource makes this difficult. This has been a
big problem for the international Argo project, which affects
the accuracy and reliability of global ocean environment
monitoring system.

2.2. Error types in Argo observation data

Table 1 shows all type errors of Argo observation data
related to salinity. Note that it is not based on oceanograph-
ical knowledge but expediential classification in this study'.
The profiles shown in the table were observed in North
Pacific Ocean that were maintained through QC in Japan.

Previous method [8], [9] targeted only error types
marked with “*’, and successfully detected and assigned
QC labels to those errors. However, observation error types
must be clarified and feature functions for error types must
be designed manually in advance. It is quite difficult even
for experts to define observation error types and categorize
them. Furthermore, feature function design and threshold
adjustment are required for each ocean area and error type.

2.2.1. Density inversion. Density inversion is an observa-
tion error that occurs from substance contamination or adhe-
sion of organisms. Density is the value calculated from water

1. We found none of such taxonomies on Argo observation error.

Figure 2. Observation cycle.
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Figure 3. Argo float distribution map?.

temperature and salt content and it increases monotonically
along with the depth in most sea, thus we can judge that an
error has occurred if the density is vertically reversed.

Therefore, the observation error can be detected by
detecting vertical reversal relations up to a certain threshold.
Density inversion often occurs when observation error is
found in either water temperature or salinity, and is deter-
mined by the relationship of the value of the upper and
lower layers. In order to ultimately determine the error,
visual verification by a specialist is needed. Since it in-
cludes naturally occurring fluctuations, distinction between
observational error and natural fluctuation is needed and is
difficult.

2.2.2. Equivalence error. When Argo floats make observa-
tions, the previously observed value may be copied if there
is a voltage shortage. In other words, repeated observation
value is stored at continuous layers. In this paper, this type
of observation error is called equivalence error. However,
it is permitted if there is a continuous small difference in
water pressure difference between the observation layers,
where flag 4 is not assigned.

2.2.3. Errors over the whole profile. In Argo data, QC
labels are assigned to observation layers and sometimes
observation errors over multiple layers occur. Errors over
the whole profile involve more than 70% layers marked
with error labels, and are categorized into some detailed
error types such as offset, zigzag, and so on. Offset error
occurs when compared with past profile or with neigh-
boring profile, and the observables seem to have shifted
horizontally as shown on Fig. 7, where thin lines indicate
other profile previously observed by the same float. Offset
sometimes occurs in the whole observation layer, or only in
the deep layer, thus it is considered detection exception with
RQC. Zigzag error involves perturbed observation values
as shown in Fig. 6. Sensor failure is a kind of errors that
are continuously occurred on the same float possibly due
to a hardware problem. In contrast, external factor is an
error whose preceding and following profiles observed by
the same float do not involve observation errors possibly
due to an external factor.

2.2.4. Other errors. Other types of errors are classified as
follows: Pressure errors are salinity errors caused by errors
on pressure value. Errors in shallow depth are errors in the



TABLE 1. EXPEDIENTIAL CLASSIFICATION OF ARGO OBSERVATION ERRORS.

Error type Number of profiles | Detailed type | Number of profiles
Density inversion 1,253 | Negative™ 1,039
Positive® 203
Both 11
Equivalence error*® 220
Mix of density inversion and equivalence error* 89
Outlier™ 352
Error over the whole profile 1,494 | Zigzag 63
Offset™ 660
Sensor failure 223
External factor 3
Others 545
Pressure error 1,282
Error in shallow depth 2,156
Too few layers 1,655
Label 9 (missing value) 328
Unknown reason 134
Total 8,963
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(a) Example negative density inversion error

(b) Example density inversion error

in deeper depth

Figure 5. Density inversion error
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Figure 7. Example offset error.
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Figure 8. Example error over the whole profile (external factor).

Figure 9. Example unknown error.



shallowest or nearby layers. Too few layers errors are ones in
a profile involving less than 10 observation layers. Errors
with unknown reason are ones that cannot be categorized
into the above error types as shown in Fig. 9.

2.3. Difficulty to design feature functions for Argo
QC label assignment problem

In general, CRF is applied in tasks with symbolic at-
tributes such as natural language processing, where explana-
tory variables are part of speech, mora length, and so on.
However, ocean observation data is numeric, continuous at-
tributes, and essentially feature functions involve inequation
conditions. Most of inequation conditions involve thresholds
for explanatory variables that must be adjusted depending
on error types and ocean areas.

In addition, a feature condition must be a combination
of explanatory variables rather than single variable because
there are dependencies between error pattern and sea depth.
For instance, density inversion with large inversion width is
sometimes not regarded as error in shallower depth, whereas
the ones with slight width must be error in deeper depth.
This is because, at the shallower depth, salinity and tem-
perature greatly change compared to deeper depth such as
800 meter from the sea surface or more because of seasonal
influence and other factors.

Here, a simple preliminary experiment was conducted
to clarify the necessity of considering combinations of ex-
planatory variables in a feature function. Profiles involving
negative density inversion were used in this experiment, and
two methods were compared; the first one is the method
proposed in [8] that detects negative density inversion with
a feature function comprising four conditions as follows

PDEN; — PDENjyax < —0.01 A PRES; <=1,400
PDEN; — PDENyax <0 A PRES, > 1,400
(M

where PRES; and PDFE N, indicate sea depth of observed
layer ¢ and density value at ¢, and PDEN;4x denotes
the maximum value of the density at the depth range from
1 to t — 1. The second method is almost the same as
the first method except the feature functions for negative
density inversion; the following four functions comprising
each condition are used instead of eq. (1).

PDEN, — PDENyax < —0.01 )
PDEN, — PDENyax < 0 3)
PRES, <= 1,400 @)
PRES, > 1,400 (5)

That is, the difference between two methods was whether the
dependency between four conditions was considered or not.
Other experimental conditions were configured the same as
the previous work [8].

Table 2 shows the number of layers of test profiles. As
shown in the table, the second method overlooked many
errors because it is difficult to consider the dependency
between the error patterns and observation depth.

TABLE 2. PRELIMINARY EXPERIMENT

Methods Precision | Recall
Method 1 (features considering

explanatory multiple variables) 0.94 0.81
Method 2 (features involving one

variable) 0.97 0.54

3. The proposed method

3.1. Overview

This paper proposes an error detection method for Argo
float data based on the following key ideas:

Idea 1: Modeling as sequential labeling and applying
Conditional Random Field (CRF) [10]. This paper models
a QC flag classification task in Argo data as sequential
labeling, and proposes a method that utilizes CRF. CRF
simultaneously considers various features, which is its ad-
vantage compared to Hidden Markov Model (HMM) [11].
The proposed method refers multiple features considering
explanatory variable combinations, and assigns QC labels
with considering combinations among neighboring labels.

Idea 2: Designing feature functions using decision
tree learning. In previous work [8], [9], feature functions
are designed by hand according to interview to technicians,
and the designed feature functions worked well for detecting
certain types of errors such as density inversion. As shown
in Sec. 2.3, feature functions must consist of combinations
of equation and inequation referring multiple explanatory
variables because error patterns depend on water depth.
This makes it difficult to design feature functions even for
experts. In addition, feature functions must be designed for
each ocean area and error type.

Therefore, the proposed method designs the feature func-
tions in a fully automatic manner except determining the
default rule. Decision tree learning allows designing a set of
feature functions that consists of conditions of explanatory
variable with a threshold. In addition, sequential labeling
with the designed feature functions enables detecting con-
tinuous errors across multiple observation layers, while it is
difficult for pointwise labeling method to detect them.

3.2. Conditional Random Field (CRF)

CRF is a discriminant model for sequence labeling pro-
posed by Lafferty et al. [10]. Since sequential observation
data and dependency with precedent and/or successive labels
are available in Argo data, various features effective for label
estimation can be implemented in CRFE. This study adopts
Linear-chain model, one of the simplest CRF model.

Given an input data @ = (21, 2, ...,27) whose length
is T, conditional probability of y = (y1,¥y2,...,yr) is
modeled as follows:

1 T
P(ytvyt—1|w) = 7GXP (Zz)\kfk(waytvyt—l)> (6)
T t=1 k



where fi,(x,y:,y:—1) denotes a feature function that asso-
ciates input data, ¢-th and (¢ — 1)-th output labels, Ay is
a weight parameter of feature function fy(x, s, y1—1), and
Zg is a regularization term that ensures } ,, P(y|z) = 1.
The feature function fj, gives features of input data to a
classifier, and depends on input x, labels y; and y,_; as
follows:

fe(®,ye,y-1) = {gk

where ¢y, is a real number called feature value, which is a
constant determined according to f;. Feature functions are
designed to associate attributes of the target dataset and a
possible labels of y; and y;—1.

In training phase, CRF calculates A\ by maximum like-
lihood estimation from training data D = {(z(® y®)}N
in which input data & and output label y are paired. When
classifying unknown input data @, output labels yoq+ can be
determined by maximizing the following objective function
L(D):

if condition = true
otherwise

(7

)\2
L(D) = Zlog P(yt, ys—1lx) — Z ﬁ ®)
5 k

where the second term is a regularization term used to
prevent overfitting. Weight parameters )\, are obtained by
solving the above optimization problem using a steepest
descent method.

When classifying unknown input data x, output labels
Yout can be determined by solving the following maximiza-
tion problem:

Yout = argmax P(y|x) 9)
y

3.3. Feature function design using decision tree
learning

The proposed method identifies the QC flag by machine
learning from observed profile of Argo. With the QC flag,
we assign 1 (correct), 2 (probably correct), 3 (probably
incorrect), or 4 (incorrect). However, since labels 2 and 3
include ambiguity, we consider 2 as 1, and 3 as 4 to model
the problem as binary classification.

In this paper, we consider salinity QC flags as iden-
tification target, and try to detect all types of observation
errors except ones marked label 9 (missing value), whereas
previous work [8], [9] detects four errors: density inversion
(positive and negative), equivalence error, outlier, and offset.
The error types that were not handled in previous work have
ambiguity tendency, making it difficult to manually design
feature functions. Therefore, technique to design feature
functions is mandatory to cope with all types of observation
errors.

Decision tree is a kind of classification and regression
models, and classify a class belonging an input or predict a
value of one numerical variable. A decision tree has a root
node that is a starting point of reasoning, non-terminal nodes
(including the root node) that have outgoing edges to split

data entries according to a value of the attribute associated
with the node, and terminal nodes representing reasoning
results, i.e., class labels (classification) or estimated values
(regression). A route to a terminal node consisting of a set
of non-terminal nodes represents a feature set of the class of
the terminal node; i.e., the same number of feature functions
as the number of terminal nodes are designed.

Constructing a decision tree for classification is per-
formed by recursively selecting an explanatory variable that
divides learning data most finely. Gini impurity is one of
widely used index and defined as follows:

Iy =1—{P(cilv=a1)® + P(colv = a2)?} (10)

where P(ci1|v = a1) and P(ci1lv = ay) are occurrence
probabilities of groups that have ¢; and cy of an objective
variable when they have values a; and as of explanatory
variable v. Evaluation of split condition is based on the
change on I, between before and after the split. The ex-
planatory variable with the lowest I, value is selected as
variable at the current non-terminal node.

4. Evaluation

4.1. Experimental setting

To verify the effectiveness of the proposed method, ex-
periments were conducted using the data observed in North
Pacific Ocean area and maintained through QC in Japan that
comprises 8,223 profiles. The profiles involved all kind of
observation errors related to salinity except errors with label
9 that represents missing value, whereas previous work [9]
tested four types of errors. The experiments were performed
in 10-fold cross validation manner, and, while testing, we
added the same amount of normal profiles without any
observation errors as error profiles for test. In other words,
7,401 items of learning data, 1,644 items of prediction
data (including profiles with observation errors: 822, normal
profiles: 822). Although 10 experiments were performed
while replacing with prediction data, this paper shows one
of 10 holds because of no significant difference among 10
results.

In this experiment, we test the labeling of QC flags for
observation value of salinity. As evaluation criteria, this pa-
per focuses on the numbers of observation layers involving
overlooked error and misdetection, respectively; we consider
for layers including observation errors; T'P is the number
of layers in which errors were able to be correctly detected,
and F'N as the number of layers in which errors could not
be detected. For the normal layers, T'N is the number of
layers that correctly detected no errors (correctly regarded
as normal layers), and F'P as the number of layers in which
errors were mistakenly labeled as flag 4.

4.2. Feature function design using decision tree
learning

Feature functions in the proposed method were designed
using decision tree learning with the learning profile as
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Figure 10. Decision tree obtained in the experiment.

described in Sec. 3.3 In this experiment, Classification And
Regression Trees (CART) [12] is used and produced the tree
shown in Fig. 10. In the figure, PSAL;, TEM P;, PDEN;
denotes salinity, water temperature, and density at observa-
tion layer t. PDEN,, ., denotes the maximum density until
(t — 1)-th layer, and PS AL,y indicate averaged salinity
value over the whole profile.

Then, feature functions shown in Table 3 were obtained
by combining all conditions of nodes from root to terminal
nodes. f1 is the only feature function that is manually
designed to work as a default rule corresponding to valid
observation values.

4.3. QC label assignment performance

The proposed method using the designed feature func-
tions (CRFpr) as described in Sec. 4.2 was compared with
RQC and previous method [9] using manually designed
feature functions with SVM (CRF,,,) shown in Table 4.
CREF used in this experiment was Linear-chain model. The
learning of weight values was iterated until the sum of
updated value became less than 10710, Point-wise labeling
methods with the automatically designed feature functions
(PWpt) and manually designed ones with SVM (PW,,,.1,)
were also compared. In point-wise labeling methods, an
error label is assigned when at least one of feature conditions
except f1 was satisfied. The point-wise labeling method with
the automatically designed feature functions corresponds to
a method directly using the decision tree shown in Fig. 10.

Table 4 shows the manually designed feature func-
tions [9]. The features were designed to detect four errors:
density inversion (positive and negative), equivalence error,
outlier, and offset. f5 and fs had SVM classifier as discrim-
inant functions whose input was pressure value and density
inversion width. In addition, data in World Ocean Atlas
2005 was used to detect offset errors in f7, fs, and fo;

PSALEWOA) and J(PSAL,EWOA)) denote average WOA
observation data at depth ¢ and its standard deviation.
Table 5 shows the comparison results on QC label
assignment accuracy. CRFpr and PWpp found various
types of observation errors, whereas CRF ., and PWy .,

overlooked many errors. In particular, the recall rate of
CRFpr outperformed that of RQC whereas the precision
rate were almost competitive. Comparison between CRFpt
and PWp revealed that the necessity of sequential labeling
for detecting errors across more than one layers.

4.4. Discussion

Although the proposed method outperformed other
methods for the dataset involving all types of observation
errors, the performance of the proposed method for cer-
tain types of errors focused in previous work [8], [9] was
deteriorated. Table 6 shows the results only for the four
types of errors marked in Table 1. The proposed method
CRFpr was worse than not only CRF .., but PWpr. This
is because density inversion and equivalence errors occur at
one or a few layers and CRFpr prioritized other types of
errors occurring across greater number of layers. Techniques
coping with data imbalanceness such as adaptive tuning of
feature values or under/over sampling would increase the
accuracy of the proposed method.

5. Conclusions

This paper proposed a method to assign QC labels to
the ocean observation data. The proposed method uses DT
learning for feature function design and CRF to sequential
labeling. The experimental results showed that the proposed
method found all types of observation errors with automati-
cally designed feature functions, whereas the previous work
focused only on certain types of errors and requires manual
feature selection according to interview to technicians. In
particular, the proposed method significantly outperforms
the existing system RQC from the viewpoint of recall rate.

As future work, we plan to apply the proposed method
to data observed at other sea area, and to introduce some
techniques to manage imbalanceness between error types.
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