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Abstract—An important issue in water quality monitoring of
rivers is to identify the river by using the time series data. Water
quality involves parameters such as pH, electrical conductivity,
dissolved oxygen, turbidity, etc. For real-time monitoring, such
data are collected using sensors from various geographical locations, in different seasons. In this work, our objective to classify
the rivers using time series of the parameters, as early as possible.
It is difficult to assign the correct label to the river if a time
series does not have any information on geographical location.
Therefore, we propose an early classification approach to classify
the rivers using time series data. We use a probabilistic classifier
to obtain the posterior class probabilities to state a tradeoff
between accuracy and earliness. A game model is developed to
find the optimal number of data points that can provide the
desired level of accuracy. We evaluate the proposed approach by
classifying the three major rivers of India using time series data.
The experimental results illustrate that the proposed approach
performs better than the existing approaches in terms of accuracy
and earliness.
Index Terms—Early classification, game theory, rivers, time
series.
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Fig. 1: Illustration of acquisition of data using mobile sensors.

I. I NTRODUCTION
Real-time monitoring of a water body using sensors is
rapidly growing day-by-day due to easier and cheaper availability of the sensors. Water body, such as rivers are usually
monitored by measuring various parameters including pH
value, dissolved oxygen, electrical conductivity, temperature,
etc. These parameters can help to identify the pollution level
of the river water. In traditional methods, the rivers are usually
monitored from the samples of water taken from discrete sites
of the river [1]. Such methods can not describe the temporal
and spatial changes in parameters of the streaming water.
Therefore, for real-time monitoring, the mobile sensors take
a sequence of measurements over a stretch of the river using
a boat at an equal sampling rate. Fig. 1 illustrates a scenario
where mobile sensors are used to acquire data and transfer
to the Cloud. This sequence of temporal measurements is
known as time series [2]. The time series consists of the
measurements of any particular parameter (e.g., pH, dissolved
oxygen, electrical conductivity, etc.).
Time Series Classification (TSC) is a supervised learning
method that predicts the class label of an unseen time series
using a given labeled dataset. It learns a mapping from time
978-1-5386-4980-0/19/$31.00 c 2019 IEEE

series to class label using labeled dataset during training. There
exists a wide range of Internet of Things (IoT) applications
of TSC that include environmental monitoring [3], health
monitoring [4], and smart agricultural [5]. Li et al. [3] identify
the chlorine concentration in the drinking water using TSC.
In [6], the authors developed a TSC approach to classify
the sleep stages based on EEG signals. Fazeen et al. [7]
classify the driver’s behavior using smartphone sensors for
safe driving.
Most of the IoT applications require the classification of
the given time series within the maximum allowable response
time. Such response time is known as the deadline of the
application. It is desirable to classify an incoming time series
as soon as possible using minimum available data points.
Traditional TSC approaches [2], [3], [6] use all the data
points to classify the time series. The time complexity of
the existing approaches is high and therefore not suitable for
IoT applications, where applications have deadline constraints.
The number of data points, that are used in the classification,
specifies how early an incoming time series is classified. Such
classification is known as early classification of time series
in the literature [8]. Earliness can only be achieved if the
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classification approach does not wait for all the data points
of an incoming time series. A time series can be classified as
accurately as possible if a classifier uses all the data points,
but such classifier does not provide any earliness and therefore
not suitable for IoT applications. It clearly indicates that there
exists a tradeoff between accuracy and earliness.
The main objective of an early classification approach is
to find Minimum Required Length (MRL) of time series for
classification while maintaining a desired level of accuracy.
Such desired level of accuracy, denoted by α , less than or
equals to unity. Ghalwash et al. [9] proposed a shapelet
based early classification for classifying the crisis in the stock
market. In [10], the authors use early classification for identifying the faults that can occur in an industrial plant. In any
running industrial process, even a small fault can lead to bigger
losses. So, the source of fault must be identified as early as
possible. In [11], an early classification approach is presented
for differentiating the wind noise from the bird’s song. This
early classification of the bird songs leads to the battery saving
of the recording device. The authors in [12] developed an early
identification system to monitor the chemical leaks using the
time series of sensory odor signals.
In this paper, we address the problem: how to predict the
label (or name) of a river using an incoming time series
of sensory data of water parameters as early as possible?
We assume that the incoming time series does not have the
information about the label or name of the river. To address
this problem, we first select one parameter from the set
parameters that can provide sufficient identifiable information
about the river. Later, we use the time series of the selected
parameter to classify the river using Gaussian Process (GP)
classifier [13]. Further, we define a game model to obtain the
optimum MRL of time series for early classification of the
rivers with desired level of accuracy α .
• Motivation and Major Contributions: To the best of our
knowledge, we are the first to address the early classification
problem for water body using game theory. We develop a game
model to estimate the MRL while maintaining the desired level
of accuracy α , using given labeled dataset. The motivation and
major contributions of this work are as follows:
• The existing approaches [14], [15] of early classification
use heuristic based algorithms for optimizing the trade-off
between accuracy and earliness while others [9], [10] do
not consider any optimization in the classification. Such
trade-off can better be modeled using game theory [16].
We propose a game theory based solution for obtaining
the MRL while maintaining the desired level of accuracy
of the classifier. The advantages of game theory as
compared to heuristic-based approaches are that the game
theory requires less time and computations.
1
• In a water-to-cloud data transmission , sensory data of the
water parameter including GPS coordinates, is transmitted to the cloud using IoT solutions. The GPS coordinates
1

The complete information about the collection of river dataset is available at
www.thoreau.uchicago.edu./water body overview

are used to assign the label to the different rivers. If the
GPS coordinates get lost or not transmitted properly to the
cloud then it becomes difficult to assign the correct label
to the river. Therefore, we present an early classification
approach that can classify a river using an incoming time
series of its parameters without the GPS coordinates. The
less data transmission reduces the energy consumption
and delay of the IoT solutions.
• As the use of GPS device consumes large amount energy
in data collection [17], we only collect the sensory data of
various parameters of the rivers and propose an approach
to identify the rivers using the characteristics of streaming
water.
The rest of the paper is organized as follows: In next section,
we discuss the proposed early classification approach using
game model. Section III illustrates the experimental results on
river dataset1 and compare the proposed approach with existing approaches. Section IV concludes the paper by providing
the motivation for future research in this direction.
II. E ARLY C LASSIFICATION USING G AME T HEORY
In this section, we propose an early classification approach
for time series dataset using game theory. We assume that the
classification is performed on the Cloud at high end machines.
The dataset for early classification of the rivers are collected
by using mobile sensors. Such sensors are attached with the
boat to collect the particular parameter (e.g., pH, dissolved
oxygen, electrical conductivity, etc.). We prepared a road-map
across the rivers to ensure maximum possible data collection.
We repeated the data collection step regularly to identify the
temporal changes of the parameter. Finally, we transferred the
sensory data to the Cloud using IoT solutions for classification.
The proposed early classification approach consists training
phase and testing phase. In training phase, an early classifier
is constructed by using a GP classifier and a game model. In
testing phase, we use this built early classifier to classify an
incoming time series.
A. Training phase
The main objective of this phase is to construct an early
classifier H using a collected labeled river dataset. In this
phase, we first use GP classifier to compute the posterior
class probabilities, which are used to state the tradeoff between
earliness and accuracy. Later, we propose a two players game
model to estimate the MRL that optimizes the stated tradeoff.
Let D is a given labeled dataset which consists of N time
series and each time series has M data points. Let l denotes
the number of class labels in D and Lq represents a class
label of any time series, where 1 ≤ q ≤ l. Fig. 2 illustrates
the complete procedure of training phase.
1) GP classifier for formulating optimization problem: In
this step, we use GP classifier for estimating the MRL of
each time series as it works well in similar framework [14].
The GP is a probabilistic classifier that uses Bayes rule to
compute the posterior class probabilities for each time series
of given dataset D. The posterior probability of a time series

696

Game
Model

t : Estimated MRL
Ti ∈ D
1 βt ≥

parameters

p
P (1+gt )+p

Ti

{1, 2, · · · , t}

GP

Accuracy(A) Player 1
Earliness(E) Player 2

now(n) Action 1
Action(s) ⇒
wait(w) Action 2

Player(s) ⇒

ρi,t,1 , ..., ρi,t,l

If

yes

1

t

no

t = t+1

Fig. 2: Illustration of training phase of the proposed classifier.

There are four possible combinations of strategies given
as (n, n), (n, w), (w, n), and (w, w), where first and second
strategies are chosen by player A and E, respectively. We
first define the notations that are used in the payoff functions
as follows:
ct

T = {t1 , t2 , · · · , tM }, ∀tj ∈ R, for any Lq class label, can be
computed as


P

Lq
T


=

M P ( tj )P (L )
Y
q
Lq
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P (tj )

,

P
p
R
ht

(1)

βt
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where P (Lq ) and P (tj ) are prior and marginal probabilities
t
that can be computed using D. The likelihood term P ( Ljq )
can be obtained as

P

tj
Lq



(tj −µ)
1
e− 2σ2 , 1 ≤ j ≤ M,
=√
2πσ

(2)

where µ and σ denote the mean and standard deviation of
time series T . Let ρi,M,q and ρi,t,q denote the posterior class
probability of time series Ti ∈ D for class Lq using M and
t data points, respectively. The probabilities ρi,M,q and ρi,t,q
can be computed using Eq. 1. Now, the MRL of a time series
Ti is t, if the following inequality holds.
α × ρi,M,q ≤ ρi,t,q ,

(3)

where α denotes the desired level of accuracy. From Eq. 3, it
is obvious that the early classification involves two conflicting
objectives which should be optimized simultaneously, i.e.,
minimizing t and maximizing α . This optimization problem
can be solved using game theory.
2) Game model for solving optimization problem: In this
step, we formulate a two players game where accuracy and
earliness serve as players. Let A denotes the accuracy as
player 1 and E denotes the earliness as player 2. The goal of
player 1 is to maximize the accuracy of the prediction whereas
player 2 tries to minimize the number of data points used in
the prediction of the class label. We assume that the aim of
both players is to maximize their payoffs by choosing the best
response against the strategy chosen by opponent. Each player
can choose one of the two possible actions: now (n) and wait
(w). The action n indicates that the classifier should predict the
class label immediately whereas w indicates that the classifier
should delay the prediction, by waiting for more data points
of the time series. The game model can be define as

Delay cost to be paid by player E for not making the
prediction at time step t and delaying it to next step t + 1.
Profit for making correct prediction.
Loss incurred due to incorrect prediction.
Running cost of the sensor per unit time.
A classifier that is trained over time series dataset using
first t data points, i.e, ht : Rt → Lq , where Lq ∈
{L1 , L2 , · · · , Ll }.
Success rate of ht using cross-validation.
Probability of correct prediction at some later time step t0 > t
and t0 ≤ M .

TABLE I: Payoff matrix with players and actions.
Accuracy (A)





now (n)
wait (w)

Earliness (E)
now (n)
βt P ,
ct + (M − t)R
−βt gt P + (1 − βt )p,
ct + (M − t)R + βt P − (1 − βt )p

wait (w)
0,
−∞
gt P ,
−ct

Next, we define payoff functions for both the players for each
combination of strategies, which are illustrated in Table I. The
cell on top left represents that if A and E both decide strategy
n using t data points then A achieves a payoff of βt P and E
gets a payoff of (M − t)R + ct . Here, E saves M − t number
of data points, which will reduce the running cost (M − t)R
of the sensor. In addition, a delay cost ct will also be added as
the payoff of player E. Thus, the total payoff of E becomes
(M − t)R + ct . If A chooses n and E chooses w using t
data points then the payoff achieved by the player A is 0,
which indicates that there will be no substantial betterment in
prediction accuracy at later step. The decision of E to wait
for more data points does not make any sense if the desired
level of accuracy is already achieved. So, this decision will
incur very high penalty on E, which is indicate by −∞ as the
payoff of E.
In Table I, the bottom left cell represents the case where A
selects strategy w and E selects n. In this case, A achieves
the payoff −βt gt P + (1 − βt )p and E gets the payoff c(t) +
(M − t)R + βt P − (1 − βt )p. If βt is high then E has more
chance for making correct prediction but, strategy A to wait
seems useless for early classification which will incur more
penalty on A as −βt gt P . The term (1 − βt ) indicates that if
classifier ht has poor success rate then decision of player A is
dominating. Thus, a profit of (1−βt )p will be added in payoff
of A. In the payoff of E, first two terms are already explained.
Now, last term (1 − βt )p is a penalty incurred for making late
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decision. At last, we explain the last combination of strategies
where player A and E both select the same strategy w. Here,
player A will get benefited as the accuracy of prediction gets
better as the number of data points increases. So, the payoff
of A is gt P . Now, payoff of E is −ct , which indicates the
penalty of delay cost ct for not making decision using t data
points.
Definition 1. The best response of player i upon selecting any
strategy sj by the player j, is a strategy s∗i ∈ Si (where Si
is the set of strategies of player i), that satisfies the following
condition:
payoffi (s∗i , sj ) ≥ payoffi (si , sj ),
where si ∈ Si and sj ∈ Sj .
• Selection of best response: Here, we determine the best
response for each player against the strategies chosen by other
player. For determining the best response of the player A, we
need to identify the strategies (i.e., n or w) selected by player
E and vice-versa. Let uA and uE denote the utility of player A
and E, respectively. The process of determining best responses
of both players will form following cases:
• (n, n): If A fixes its strategy as n then E can take either n
or w, which is given as
uE (n, n) ≥ uE (n, w),
ct + (M − t)R ≥ −∞.

(4)

(5)

• (n, w): When player A fixes its strategy as n,
uE (n, w) ≥ uE (n, n),
−∞ ≥ ct + (M − t)R.

If player E decides to take strategy n, we get
p
.
βt ≤
P (1 + gt ) + p

In this phase, we predict the class label of an incoming
time series using the built early classifier H while maintaining
the desired level of accuracy α . Let T 0 is an incoming time
series which is to be classified and t0 is the number of arrived
data points. Now, the objective of the classifier H is to check
whether t0 data points of T 0 are sufficient for prediction or not.
If the arrived data points of T 0 are equal to the estimated MRL
then class label (i.e., Lq ) of the incoming time series T 0 can
be predicted using GP classifier, else the early classifier will
wait for more data points. The block diagram of the complete
procedure of testing phase is shown in Fig. 3.

(6)

(7)

H
t

T

(9)

• (w, w): Similar to above cases, when A fixes its strategy w,
we get

′

{1, 2, · · · , t′ }

′

If

(t = t)
no

wait for
more data

yes

ht
t′ :

′

{t , Lq }

MRL

Lq :

Predi ted

T ′:

In oming time series

lass label

Fig. 3: Illustration of testing phase of the proposed classifier.

(8)

From Eq. 7 and Eq. 8, we obtain an expression for βt as
p − (2ct + (M − t))R
p
≤ βt ≤
.
P +p
P (1 + gt ) + p

(10)

Further, when E fixes its strategy w, we get gt P > 0, which
is always true.
From the above four cases, we observe that the success rate
βt is highest at (n, n) among all the cases, which is always
desirable. We therefore conclude that the best response of both
the players can be achieved at (n, n). At this end, the value
p
will be the MRL of the
of t that satisfies βt = P (1+g
t )+p
considered time series.
Once we obtain the MRL for each time series of dataset
D, we compute a class representative MRL for all the class
labels. Let Aq is an array of the obtained MRL of the time
series that belong to class label Lq , where 1 ≤ q ≤ l. We
calculate the Inter Quartile Range (IQR) as Q3 − Q1 , where
Q1 and Q3 denote the 25 and 75 percentile of Aq , respectively.
Now, we remove the MRLs from Aq that lie outside the range
from Q1 − 1.5 × IQR to Q3 + 1.5 × IQR. Later, we take
maximum value of MRL in Aq as the representative MRL for
class Lq . Finally, an early classifier H is build that consists
of l classifiers using the class representative MRL.

The above condition will never be true as ct +(M −t)R > 0.
In early classification, if desired level of accuracy is achieved
then waiting for more data points is never advisable. Hence,
this case can be discarded from best responses.
• (w, n): If A fixes its strategy as w, we get
p − (2ct + (M − t))R
βt ≥
.
P +p

p − (2ct + (M − t)R)
.
P +p

B. Testing phase

Similarly, when E fixes its strategy n then A can have
two possible strategies n or w, which will hold following
condition:
uA (n, n) ≥ uA (w, n),
p
.
βt ≥
P (1 + gt ) + p

βt ≤

III. E ARLY C LASSIFICATION OF R IVERS AND R ESULTS
In this section, we evaluate the proposed approach by
classifying the major rivers of India using time series data.
We first explain the river dataset and the use this dataset to
predict the class label of an incoming time series of water
parameter. Finally, we compare the proposed approach with
existing approaches [14], [15].
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pH Values

A. River dataset
This dataset is created to monitor the water pollution in
major rivers of India that include Yamuna, Godavari, and
Ganges. The objective is to study the impact of water pollution
on health of people who live near the coasts of the rivers.
The major causes for the pollution are agricultural wastes,
industrial water drainage, and anthropogenic activities. The
parameters, that are considered to measure the water quality,
are temperature, pH, Electrical Conductivity (EC), Dissolved
Oxygen (DO), total dissolved solid, turbidity, ammonia, and
etc. Water quality data is collected using a boat which is
attached with sensor. Hanna multiparameter HI-9829 sensor
is used to take the time series measurements on a predefined
route of the river. The data that is obtained from the water
immersed sensor probe, is recorded on a hand held device. For
each river, many boat rides are executed to collect temporal
and spatial data for above mentioned parameters at different
locations across the river, in different seasons. This data is
later uploaded to a cloud server. Table II summarizes the river
dataset. In this work, we use this dataset to build a classifier
that can predict a label of an incoming time series of the river.

Yamuna
Godavari
Ganges

Delhi
Rajahmundry, Narsapur
Kolkata, Varanasi, Prayagraj

Length of
time series
368−12140
459−13625
285 − 1262

Yamuna

0

50

Godavari

100

Ganges

150

200

250

300

Electrical Conductivity
(µS /cm)

Length of Time Series

(a) pH value of water.
3
2
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0
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−3
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(b) EC value of water.
2
1
0
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−2
−3
−4

Yamuna

0

50

Godavari

100
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Length of Time Series

(c) DO value of water.
Turbidity (ppm)

Yamuna

TABLE II: Summary of river dataset.
Locations

2
1
0
−1
−2
−3
−4

Godavari

Ganges

4
2
0
−2
−4

0

50

100

150

200

250

300

Length of Time Series

Number of
time series
21
136
30

(d) Turbidity value of water.

Fig. 4: Illustration of mean time series of the four parameters
(pH, EC, DO, and Turbidity) for Yamuna, Godavari, and
Ganges rivers.

B. Selection of most identifiable parameter
parameter gt and βt are learned from the training dataset.
We consider two evaluation metrics: accuracy and earliness.
Accuracy is computed as the ratio of correctly predicted to
total number of time series in the testing dataset. Finally, we
compute the earliness as
Earliness(%) =

C. Experimental Results
We evaluate the proposed early classification approach using
only pH time series. Let D denotes the dataset that consists of
only pH time series of the rivers. It consists of 187 time series
and each time series has 285 data points, i.e., N = 187 and
M = 285. We split the dataset D into training and testing
dataset with 70% and 30% time series, respectively. Now,
we set the parameters for game model considering that the
classification task is moderately important, as profit P = 3,
penalty p = 3, and running cost of sensor per unit time R = 3.
The delay cost ct is taken as quadratic function of t, where t
is the time step at which the decision is being made. Further,

M −t
× 100.
M

(11)

where t denotes the MRL of time series.

Accuracy (%)

In this step, our objective to find the most identifiable parameter among all the parameters. As the data is not available
for some of the parameters for all the rivers, we consider
the only following parameters pH, EC, DO, and Turbidity,
in our experiment. Fig. 4 illustrates the mean time series of
the considered four parameters for three rivers (i.e, Yamuna,
Godavari, and Ganges). Here, we consider the shortest time
series (i.e., 285 data points) from each river. It can be clearly
seen from part (a) and (c) of Fig. 4, that the time series of
pH and DO parameters contain most distinguishing patterns
for river identification. Moreover, pH time series has the river
identifiable pattterns earlier than DO. Therefore, we select pH
time series to evaluate the proposed approach.
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40
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0

100
95
90
85
70 75 80 85 90
0
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50
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70

80
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100

Length of Time Series (%)

Fig. 5: Illustration of tradeoff between accuracy and earliness
along the progress of the time series of pH parameter.
We first evaluate the proposed approach along the progress
of time series with an interval of 5%. Fig. 5 demonstrates
the obtained graph of tradeoff between accuracy and earliness
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using pH time series testing data. It is clear from the graph that
initially the accuracy increases very fast and reaches to around
88% using only 70% of the time series. Later, the accuracy
changes marginally by using the remaining data points (i.e.,
70% to 100%), as shown by grey ellipse in Fig. 5. It indicates
that early decision can be made without waiting for full length
time series with a small compromise of accuracy.
In addition, we also present the confusion matrix at desired
level of accuracy α = 0.8 and α = 0.9, as shown in Table III.
It can be clearly observe from the table that the proposed
approach is able to achieve desired level of accuracy for
Yamuna and Godavari rivers at both α = 0.8 and α = 0.9.
TABLE III: Confusion matrix of the proposed approach.
Rivers
Accuracy

Yamuna
82.20%

α = 0.8
Godavari
83.40%

Ganges
76.50%

Yamuna
88.15%

α = 0.9
Godavari
90.15%

Ganges
85.10%

Finally, we compare the proposed approach with two existing
approaches including ECDIRE [14] and Optimizing Accuracy
and Earliness (OAE) [15]. Table IV illustrates the comparison results on accuracy and earliness. It is clear from the
results that the proposed approach outperforms the existing
approaches on both the metrics. ECDIRE performs better
than OAE on accuracy but worse on earliness. As OAE uses
a heuristic based optimization algorithm, it provides better
earliness than ECDIRE. The proposed approach is able to
classify the rivers at the desired level of accuracy with a
marginal difference of (90% − 87.80%) = 2.20% at α = 0.9,
and with the maximum earliness (i.e., 39.35%) at α = 0.8.
TABLE IV: Comparison of the proposed approach with existing approaches on accuracy and earliness.
ECDIRE
OAE
Proposed

α = 0.8
Accuracy (%) Earliness (%)
67.65
20.60
65.55
25.50
80.70
39.35

α = 0.9
Accuracy (%)
Earliness (%)
70.30
15.45
68.65
22.30
87.80
32.60

IV. C ONCLUSION
In this paper, we propose a Game theory based early
classification approach to classify the rivers, by using only
sensory data of water parameters. Such classification of rivers
is required when time series are unlabeled or not tagged with
GPS coordinates. We employ a Gaussian Process classifier to
obtain the posterior class probabilities using the river dataset.
The main objective of the early classification approach is to
find the minimum number of data points that can correctly
classify an incoming time series with a small compromise
of accuracy. It clearly indicates that there exists a tradeoff
between accuracy and earliness. We, therefore, build a game
model to optimize this tradeoff.
The experimental results showed that the proposed approach is able the classify the rivers as early as possible.
The confusion matrix illustrated the highest accuracy for
Godavari river. Finally, the comparison table showed that the
proposed approach gains on accuracy and earliness over the

existing approaches. This work motivates the further research
on identification of the pollution sources across the river using
only the time series data of various parameters. We believe that
the proposed classification approach can also be used in other
IoT applications.
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