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Abstract—The spilling of suspicious or illegal substances in
wastewater poses a serious global threat to human health.
Low-cost sensor technologies enabling wastewater continuous
monitoring are an important tool that can help face this problem.
In this paper, electrical impedance measurements on different
sensors are proposed in order to have a dataset of raw data to
be used to perform the classification of possible contaminants in
a water environment. In detail, the sensor technology is based on
a proprietary multi-sensing platform called SENSIPLUS, which
is arranged in a suitable set-up able to carry out measurements
in water for prolonged times. Sensors metalized with different
materials are jointly used to exploit sensitivity diversity to differ-
ent contaminants. An ad-hoc measurement procedure has been
designed, including data acquisition during the warm-up period,
contaminant injection, and steady-state conditions. The dataset
proposed in this paper has been acquired in different European
laboratories (Italy and Poland) and is made publicly available
for testing new data analysis or machine learning techniques
for the detection and classification of ten wastewater dangerous
“contaminants” (https://aida.unicas.it/icprchallenge2022/).

Index Terms—Wastewater, Spilling Detection, Machine Learn-
ing, Pollution Monitoring, Smart City, IoT

I. INTRODUCTION

Human settlements produce a huge amount of waste, a

considerable part of them are discarded through the sewage

network which became a collector of domestic, industrial,

and agricultural pollutants. In addition, there is the fraudulent

spilling phenomena that contribute to increase quickly the

pollutant concentration, with devastating consequences on

the environment, and with a weak probability of identifying

the criminals. As a result, the wastewater contamination, by

different types of organic and inorganic substances, represents

a hazard to public health and the environment. In the Smart

Cities framework, a lot of efforts are directed to solve these

problems by both reducing the amount of waste (for example

by adopting better behaviors) and by effetely supervising the

sewage network in order to map the wastewater collection

system and detect sources of pollution within a metropolitan

area, in order to optimize water treatment systems or identify

anomalies in wastewater, which could also indicate fraudulent

spills. Sensing technologies for water pollution monitoring

have been widely studied in the scientific literature, e.g.

see the extensive reviews in [1]–[5] for detect changes in

wastewater composition. This kind of sensors doesn’t directly

measure the pollutant concentration because, in general, the

precise identification requires laboratory instrumentations that

are not compatible with monitoring specifications in terms

of cost and simplicity. Data collected with a different type

of measurements (like conductivity, impedance, or turbidity)

are more suitable for the monitoring application. The main

disadvantage of this approach is that the data are not easy

to read due to the number of sensors or the not perfect

correlation between the sensor value and the pollutant. The

adopted methods mainly focus on the application of electrodes

of different metals [6] or covered by sensing films [7], and

optical sensors [8]. Measurements from sensors are usually

based on Electrochemical Impedance Spectroscopy (EIS) [9]–

[11], a frequency domain technique that evaluates the response

of an electrochemical cell to a low amplitude sinusoidal

perturbation. The joining of a large number of sensors, not

easy understandable data, not perfect correlation between

sensor value and pollutant could make difficult extract valuable

knowledge from measured data. Machine Learning (ML) or

Deep Learning (DL) approaches could help in this way. To

extract the information from such amount of data particularly

useful is the Machine Learning (ML) or Deep Learning (DL)

approach. In literature ML applications are reported in [12],

Artificial Neural Network and Principal Component Regres-
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sion are used to estimate nitrate concentration in groundwater,

whereas in [6] partial least square discriminant analysis is

applied to detect explosive precursors in wastewater. Also, DL

solutions have been proposed, e.g. in [13] Long Short Term

Memory (LSTM) and Convolutional Neural Network (CNN)

were adopted for detection and classification of chemicals in

seawater. As well known, training and testing ML or DL

algorithms require a considerable volume of data that are

not easy to collect due to the need to design and realize a

sensor network able to collect data in situ or in a controlled

environment with reliable and labeled data. The proposed

dataset, joined with others in literature [14] [15], helps the

growth of prevention or intervention algorithms useful for

limiting the harmful impact on the environment. With this aim,

a Pollutant Wastewater dataset (PoWds) has been acquired and

released to support computational sustainability researchers to

test their models, systems, or algorithms. PoWds include a

selection of impedance component measurements of 5 sensors

with eleven toxic substances dissolved in wastewater medium.

Each pollutant is measured ten times in order to evaluate also

the measurement repeatability and allows the training and test

of the algorithms.

Similar datasets collected with the same sensor platform has

been used in different papers [16]–[24].

In section II the measuring setup is described, the acquired

dataset with a focus on experiment structure is reported in

section III. In Sections IV and V, there are the guidelines for

correctly dividing the dataset into training-dataset and test-

dataset, and for correctly evaluating the algorithms perfor-

mance. In section VI some conclusions are drawn.

II. SETUP

The system architecture of the acquisition system is com-

posed of two layers:

(i) a sensing layer based on the SENSIPLUS chip (cus-

tomized in a commercial solution called Smart Cable Water

– SCW) with different interdigitated electrodes metalized

through different materials. SENSIPLUS is a proprietary tech-

nology of Sensichips developed in collaboration with Prof.

Paolo Bruschi team of the University of Pisa.

(ii) a data collection and communication layer with both

hardware and software components.

A. Smart Cable Water

The SCW is based on a proprietary multi-sensor micro-

system able to monitor the presence of toxic chemicals (TICs),

pollutants, hydrocarbons, and organics in water. At the core of

SCW there is SENSIPLUS (a chip of size 1.5 × 1.5 mm and

1.5 mW), the Sensichips micro-sensor platform (see fig. 1) that

can interrogate on-chip and off-chip sensors with its versatile

and accurate Electrical Impedance Spectrometer (EIS) and

Potentiostat.

Analytics performed with EIS allows exploiting RedOx dy-

namics of catalytic noble metals to aid chemical discrimination

plus measurement of conductivity and permittivity spectra.

Fig. 1: Smart Cable Water.

Fig. 2: Measurement setup

The SCW can be flooded in water since the measuring part

is protected by a transparent acrylic resin. The SCW board

includes several sensors, on the front face there are five small

(estimated surface 9.95 mm2 each) Interdigitate Electrodes

(IDEs) made of Copper and metalized with Gold, Copper

(oxide), Nickel, Silver, Palladium. Back board has only one

big (estimate surface 19.61 mm2 ) IDE still copper-based and

metalized with metal platinum.

Measures are performed with five of the six SCW’s IDEs:

Gold, Platinum, Copper, Nickel, Silver. For the first two

sensing elements, two frequencies are evaluated: 78125 Hz,

and 200 Hz. For the other IDEs, only one frequency (200 Hz)

is measured. Measure two different frequencies allow the eval-

uation of diverse effects, because the interaction between the

pollutant and the sensors depends on the stimulus frequency.

B. Measurement setup

The measurement setup, illustrated in 2, is composed of

the measurement chain (SCW, Micro Control Unit, PC), a

magnetic stirrer, 300 ml beaker in which is injected the analyte.
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A magnetic stirrer equipped with a 25 mm anchor simulates

the water movement: all measurements are performed under

the same water stirring conditions. Anchor rotation is set to

50 rpm. At this speed, 100 ml of water does not incorporate

air bubbles, which causes noisy measurement, but the water

movement still emulates the sewage working conditions. In

order to have any measure independent from the others,

between each measure, cleaning beaker anchor and sensors is

fundamental. All equipments have been cleaned with soap and

freshwater, sometimes the beaker requires a hard cleaning with

concentrated 95% sulphuric acid to remove the wastewater

residues.

C. Adopted sensors

Each acquired sample contains an array of 12 values pro-

portional to resistance and capacitance of the IDEs, evaluated

at two distinct stimulus frequencies (200 Hz and 78 kHz) so

as to exploit different sensor frequencies responses.

At the lower frequency, we measured resistance and ca-

pacitance with five IDEs (Platinum, Gold, Silver, Nickel, and

Copper), whereas at the higher frequency we measured only

resistance with Gold and Platinum IDEs. These frequencies

have been chosen by considering the Randles equivalent circuit

for the IDE electrodes immersed in wastewater.

III. DATASET

All acquisitions were made between 2019 and 2021 with

different sensors and in two different laboratories (Polish,

Italian) and are available in [25].

The dataset contains measures obtained on 10 substances

plus the background (the wastewater – WW):

The measurement protocol has been divided into two steps:

• the first 600 samples are acquired in warm-up mode, in

this period of time sensors are exposed to WW only;

• the next 1000 samples are acquired after analyte injection.

In this way, each acquisition contains 1,600 samples where

the first 600 samples are measured in WW and the remaining

1000 samples are measured with the analyte mixed to WW. We

can observe that obviously in the case of the 10 acquisitions

of WW no substance has been injected during the entire

acquisition and so all the 1600 samples are measured in only

WW.

The acquisition of each sample requires about 1.6 seconds

and consequently, each cycle is about 40 minutes long. The

dataset consists of 10 data acquisitions for each of the 11

substances (10 pollutants plus WW) carried out with the

measurement protocol previously described.

In the Figure 3 is reported an example of the signals mea-

sured for different substances (ACETONE, HYDROCHLORI-

CACID – HCL, etc.), for different frequencies (200Hz, 78kHz)

in the case of PLATINUM IDE. The step in the middle of

each acquisition corresponds to the injection of the substance.

Let’s make some observations about the temporal trend of the

measurements:

• often, the value of the baseline (the starting point of

the curve) changes between different acquisitions: this

phenomenon is partially related to poisoning, aging, and

to the differences in sensors;

• the shape of the curves after the injection time could be

very different among different experiments;

• the curve should not be interpreted as a “time series”,

because the slope after the injection and in general its

shape, is strongly related to the speed of the injection of

the substance that in the real scenario could have huge

variability.

IV. TRAINING AND TEST

For each substance, 9 acquisitions have been added to the

training set and 1 has been added to the test set. The following

table report the number of samples for each substance in the

training and the test set:
In particular, for wastewater, in the training set there are:

• 600 samples coming from warm-up phase, for each of

the 10 pollutants and for each of the 9 acquisitions (for

a total of 54000 samples);

• 1600 samples coming from 9 acquisitions made only in

wastewater (for a total of 14400 samples);

while in the test set there are:

• 600 samples coming from warm-up for each of the 10

substances and from 1 acquisition (for a total of 6000

samples);

• 1600 samples coming from 1 acquisition made only in

wastewater.

Each acquisition is contained in a .csv file

named as follow: 1 Experiment 19-11-2019 16-

15 GLOBAL L1 7N6 SWW ACETICACID 1 ADC.csv

In particular the name contains:

• The number of the experiment: 1 Experiment

• Date and hour of the acquisition: 19-11-2019 16-15

• Id of the adopted sensor: L1 7N6

• Substance: ACETICACID (this name will not be present

in the test set!)

• Data type: ADC −→ Analog to Digital Converter values

while the data column follows the structure showed in the

”Feature name” columns reported in the Table I. For what

concern the data organization, training data are stored in a

folder that contains a sub-folder for each substance. Each sub-

folder contains 9 files, one for each acquisition (see Figure 4

for more details).

The test data, as well as training data, are stored into a folder

that contains a sub-folder for each substance, while each sub-

folder contains only 1 file (a single acquisition) (see Figure 5

for more details).
As shown in Figure 6 each row of the .csv file, represents

a sample containing a value for all the features (as reported

in Table 2). Each column represents the trend over time of

the single feature. Please remember that the first 600 rows are

measured in only wastewater, while the remaining 1000 sam-

ples are measured with the current substance (ACEDICACID

in this example, as reported in the filename). The total number

of rows for each file is equal to 1600 and the substance has

been injected at the sample 600.
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TABLE I: Selected features (sensors)

IDE Frequency of Acqusition Physical values Feature name
1 PLATINUM 78kHz RESISTANCE OFFCHIP PLATINUM 78kHz RESISTANCE
2 GOLD 78kHz RESISTANCE OFFCHIP GOLD 78kHz RESISTANCE
3 PLATINUM 200Hz RESISTANCE OFFCHIP PLATINUM 200Hz RESISTANCE
4 PLATINUM 200Hz CAPACITANCE OFFCHIP PLATINUM 200Hz CAPACITANCE
5 GOLD 200Hz RESISTANCE OFFCHIP GOLD 200Hz RESISTANCE
6 GOLD 200Hz CAPACITANCE OFFCHIP GOLD 200Hz CAPACITANCE
7 COPPER 200Hz RESISTANCE OFFCHIP COPPER 200Hz RESISTANCE
8 COPPER 200Hz CAPACITANCE OFFCHIP COPPER 200Hz CAPACITANCE
9 SILVER 200Hz RESISTANCE OFFCHIP SILVER 200Hz RESISTANCE
10 SILVER 200Hz CAPACITANCE OFFCHIP SILVER 200Hz CAPACITANCE
11 NICKEL 200Hz RESISTANCE OFFCHIP NICKEL 200Hz RESISTANCE
12 NICKEL 200Hz CAPACITANCE OFFCHIP NICKEL 200Hz CAPACITANCE

TABLE II: Details of chemical composition of substances

Substances Brief description
1 WASTEWATER Real domestic sewage pH = 7.4, conductivity = 1.341 mS
2 ACETICACID CH3COOH
3 ACETONE C3H6O
4 AMMONIA NH3

5 ETHANOL C2H5OH
6 FORMICACID CH2O2

7 HYDROCHLORICACID HCl
8 HYDROGENPEROXIDE H2O2

9 PHOSPHORICACID H3PO4

10 SODIUM HYPOCHLORITE NaClO
11 SULPHURICACID H2SO4

TABLE III: Number of samples per substances

Substances Samples in training set Samples in test set
1 WASTEWATER 68400 (600 ∗ 10 ∗ 9 + 1600 ∗ 9) 7600 (600 ∗ 10 ∗ 1 + 1600 ∗ 1)
2 ACETICACID 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
3 ACETONE 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
4 AMMONIA 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
5 ETHANOL 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
6 FORMICACID 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
7 HYDROCHLORICACID 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
8 HYDROGENPEROXIDE 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
9 PHOSPHORICACID 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
10 SODIUM HYPOCHLORITE 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)
11 SULPHURICACID 9000 (1000 ∗ 9) 1000 (1000 ∗ 1)

Total samples 158400 17600

V. EVALUATION

The proposed dataset represents a multi-class classification

problem and challenges the machine learning researcher com-

munity. The suggested performance measure of the obtained

results is the Matthews Correlation Coefficient MCC for multi-

classification (also called Rk statistic) that should be of course

evaluated on the test-set.

Starting from these definitions:

• True positive (TP) – The number of correctly identified
samples. The number of samples measured in presence

of one of the 10 substances of interest.

• True negative (TN) – The number of correctly identified
negative samples, i.e., samples measured in wastewater.

• False positive (FP) – The number of wrongly identified
samples, i.e., a commonly called a “false alarm”. The

number of samples classified as one of the 10 substances

of interest but measured in wastewater.

• False negative (FN) – The number of wrongly identified
negative samples. The number of sample classified as

wastewater but measured in presence of some of the 10

substances of interest.

The MCC is:

MCC =
TP ∗ TN − FP ∗ FN

√
(TP + FP )(TP + FN)(TN + FP )(TN + FN)

VI. CONCLUSIONS

This paper presents a new dataset for detecting illegal or

suspicious spilling in wastewater through low-cost real-time

sensors. The dataset, collected in two different laboratories in

Europe, is available for download at the following URL [25]

and available for free for research. It is important to notice

that water quality usually is monitored by laboratory analyses,

performed by experienced professionals who use complex and

expensive tools. With this kind of approache, due to the costs
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Fig. 3: Example of acquired signals.

Fig. 4: File System for training.

and the time necessary for the water quality analysis, it is

pretty difficult to prevent environmental disasters.

In order to improve the efficiency of the prevention activity

it’s needed an effective and reactive water analysis through

a large number of distributed measurement systems. In this

context, low-cost microsensors capable to combine a good

measurement accuracy as well as good reliability, represent

Fig. 5: File System for test.

one of the best solution. From the major benefit of this kind

of systems, there is the possibility to use the paradigm of

the Internet of Things (IoT) and consequently the application

of the Artificial Intelligence (AI) techniques to analyze and

exploit the information contained in the generated data.

In this sense the system presented in this work, perfectly

meets the requirements that a low-cost microsensor system

should have in order to build an effective and reactive dis-

tributed measurement system. Finally one of the main aim
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Fig. 6: An example of CSV file for training.

of the presented dataset is to improve the benefit, in terms

of accuracy and reliability, of the application of the Artificial

Intelligence techniques in the field of water quality analysis.
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