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Abstract
This report presents a concept or using intelligent analysers in forecasting environmental impact
from the process and environmental measurements in mining industry. Intelligent analysers
produce informative indirect measurement by combining material from several data sources. For
online measurements, the data-driven nonlinear scaling is a compact solution, which opens
improved monitoring solutions with intelligent indices, trend indices and deviation indices. The
same analysis provides limits for the quality control of data and generalised statistical process
control. Hydrological simulation models including weather forecasts and essential parts of the
geological and geographical data in geospatial 3D models provide important information for
selecting the locations for detailed environmental monitoring. Forecasting produces new location
related variables, which can be analysed with the intelligent analysers. A large number of
measurement locations requires sampling, which increases uncertainty. Variogram is a good tool
for analysing the uncertainty of the measurement arrangement. Open data and crowdsourcing
can in principle be analysed in the same way but the location and reliability of measurement need
to be taken into account. In future, the still developing analysers for year-around online use will
become usable and in time the legislation can also adapt these methods to be acceptable for the
environmental permits. When robust and accurate operation is achieved, these measurement
devices could be placed at the critical locations in the environment. This would bring savings in
long run since the laboratory analyses are expensive and the sampling would be of much higher
rate.
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1

Introduction

Regaining the control of exceptional situations rapidly is very important in every point of view.
Environmental damages are of great concern along the public and accidents leading to the
pollution of environment is a sensitive subject. Social acceptance of mining company has to be
maintained constantly and a slight misstep in this area can turn public opinions rapidly. Real-time
information about the surrounding environment gives the advantage of a fast response in case of
the leakage. If there is a long delay before the contaminants are detected, it is time consuming and
expensive to correct this accident. Modelling and simulations can give more information for
measurement planning, damage control plan, and forecasting of water streams in and to the
surrounding environment.
The environmental impact should be controlled for entire mine lifetime and this includes
investigation done before mine starts operation, monitoring during the operation and follow-up
monitoring and treatment after mine operations cease. The acidic mine waters created from the
oxidation of sulphide minerals have the worst impact on surrounding environment. (Lottermoser,
2010) Water management, treatment and balances are the most challenging environmental risk in
mining industry. Combining data and models means investing in early warning for different risks
by addressing anomalies, requirements of different water fractions, tailing management,
accumulations of harmful substances, spills, changes in process chemistry, flooding, etc.
(Alajoutsijärvi, 2015)
Process measurements can indicate some exceptional situations which reflect on environment.
Measurement data can be informative as such but this data can be also used in monitoring
solutions for early warning when data is combined with modelling or intelligent analysers. These
environmental measurements do not necessarily need to meet the detection limits given in the
environmental permit. They can be used to create an early warning system that detects changed
situation and triggers the need for further inspections.
This report presents a concept or using intelligent analysers in forecasting environmental impact
from the process and environmental measurements. The focus is on the water. Chapter 2
summarises process and environmental measurements and uncertainties related to them.
Modelling approaches needed to build a sufficient situation awareness are discussed in Chapter
3. Environmental monitoring combines measurements and indirect measurements obtained by
modelling (Chapter 4). Multiple measurement based information is combined with expertise and
environmental regulations in decision making (Chapter 5). Concluding remarks and plans for
further research are presented in Chapter 6.
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2

Measurements

Measurements can include measurement information from external actors gained through open
data in addition to more direct sensory measurements. Environmental measurements can be used
for indicating drift or change in relatively constant water content measurements. Process
measurements can be of much more accurate nature since they are located near the process in
more controlled environment.

2.1 Measurement uncertainty
When measurements are used for decision making, determining risks, and process control, the
uncertainty of these values comes in a critical role. Environmental regulations often give limits as
time averages and in many cases, the uncertainty of the estimates is required (Paakkunainen et
al., 2007). Often the main source of uncertainty is the sampling procedure which can be evaluated
by using certain specific models addressing this error. (Ohenoja, 2015)

2.1.1 Sources of uncertainty
Joint Committee for Guides in Metrology and ISO Technical Advisory Group on Metrology
provides a guide for evaluating and expressing uncertainty in measurement (JCGM, 2008). The
guide lists following sources:
§

incomplete definition of the measurand,

§

imperfect realization of the definition of the measurand,

§

non-representative sampling — the sample measured may not represent the defined
measurand,

§

inadequate knowledge of the effects of environmental conditions on the measurement or
imperfect measurement of environmental conditions,

§

personal bias in reading analogue instruments,

§

finite instrument resolution or discrimination threshold,

§

inexact values of measurement standards and reference materials,

§

inexact values of constants and other parameters obtained from external sources and used
in the data reduction algorithm,

§

approximations and assumptions incorporated in the measurement method and
procedure,

§

variations in repeated observations of the measurand under apparently identical
conditions.

Data pre-processing is an important step in data analysis for creating usable data. Values that
deviate significantly from the observations can effect on mean and variance. Outlier detection is
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an important part of pre-processing, needed for identifying these outliers and replacing them with
more describing values. False detection should also be noted as it loses original information but
the decision in practice is about compromising between detection and false detection. (Posio et al.,
2008) Crowdsourcing and measurements with possibility to relatively large sampling error needs
several samples to be taken from the same measurement point before the measurement
information can be used in reliable decision making. Outlier detection is needed for processing
this data prior to use.

2.1.2 Uncertainty
The process measurement uncertainty can be aided with the tool capable in identifying the models
for on-line uncertainty monitoring. The tool presented in (Nikula et al., 2013) provides the fast
implementation of identified models into the database and for on-line monitoring purposes. The
outlier detection is integrated and a moving feature extraction based on generalised norms
provides estimates for uncertainty. Uncertainty can be kept in the calculations by using the
extension principle and fuzzy arithmetics (Juuso, 2014).

2.1.3 Variogram
Variogram is a fundamental tool in theory of sampling. The sampling of one dimensional data
from material stream can reveal autocorrelation between samples taken in two separate time
points. Large autocorrelation can usually be found on points close to each other. (Gy, 2004)
Estimating environmental emission measurements with variogram is studied in (Paakkunainen
et al., 2007). Theory of sampling extends the uncertainty evaluation and error avoidance to the
sampling process as well. A review of the central features of the methods related to measurement
uncertainty and sampling error estimation is presented in (Ohenoja, 2015). Also the uncertainties
in digital signal processing and virtual measurements, and the alternative methods in evaluating
those, are addressed.

2.1.4 Quality control
A sufficient data quality is needed to produce reliable results, especially, outliers should be
removed before using the measurements in modelling and monitoring. Clear outliers caused by
data collection and sensor problems are easy to remove and some exceptional values are detected
with medians and trimmed means. The quality of environmental measurements varies hugely.
The quality flagging requires more advanced methodologies: the Nordic meteorological institutes
introduced a scheme with four quality control levels (Vejen et al., 2002): QC0 is a real-time quality
control performed by the measurement devices or stations, QC1 is a real-time quality control
performed by the data acquisition system prior to storing the data, QC2 is an off-line quality
control performed by the data management system based on the stored data, and lastly, HQC is
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the final off-line quality control check performed by a human operator. Rönkkö et al. (2015)
generalised this for any kind of environmental measurement data.
Various outlier detection methods are important for creating usable data since false measurements
can change the decision making process especially when there are few data points although the
decision maker should always be made aware of the data quality aspect. Few outlier detection
methods are described in (Nikula et al., 2011; Posio et al., 2008; Talonen and Sirola, 2009). One
method presented by (Talonen and Sirola, 2009) includes six-sigma rule in the generating of
control limits recursively at every time step for each process variable. The method adapts to
changed situation and the parameter selection defines how the outliers or alarms are selected. For
asymmetrical distributions, the control limits are improved by using the nonlinear scaling
approach based on generalised norms and moments (Juuso, 2014). The parameters of the scaling
functions can be recursively updated (Juuso, 2015b).

2.2 Environmental measurements
Environmental wastewater measurements have very tight regulations when used in monitoring
applications required by legislation. Traditional, manual standard methods are favoured in the
legislation. Getting a new online measurement system to be accepted by legislation can be very
hard and take a long time. These measurements could be used instead to give more information
from the surrounding environment and to reduce the uncertainty of current situation.
Mining companies are specially interested in the measuring of heavy metals from environment
with online sensors (Table 1) (Keskimölö et al., 2014). These online sensors are under research and
development but currently there are no adequate solutions that could be used in year around
monitoring and that would fit in legislation. Current monitoring solutions include periodic
manual sampling and laboratory tests since it is the only reliable way to get year around
information on water composition within defined detection limits.
This new monitoring concept would not need the part per billion (ppb) level accuracy required
by the legislation. The key point is in the detecting trends in the measurement values. These trends
indicate the change in the previous environmental state and trigger the need for more accurate
laboratory tests. This automatic system would increase the change of early detection of leakages
and give frequent data from certain selected measurement points.
The choosing of these measurement points is critical for the successful operation of this system.
Measurements will not be representative of the overall situation if effluent streams have low effect
on the sampling point. Measurement devices are usually moderately expensive at least and
placing large amount of them in vast environment around the mine area is not sensible at the
economic point of view. The probable places for environmental accidents can be for example the
dam structures of wastewater ponds, the base structures of tailings heap and the heap leaching
piles, chemical storages, and dust-prone tailings and waste rock deposits. (Kauppila et al., 2011)
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Table 1. The requirements for online measurements of the interviewed mining companies
(Keskimölö et al., 2014).
Measured
Variable
Ni
Cu
Zn
Co
Pb
Sb
As
Al
Mn
Fe
sulphate
CN
thiocyanate
chloride
pH
conductivity
flow
solids
N
temperature
redox
P
F
ground water surface

Talvivaara
Sotkamo
x
x
x
x
x

x
x

x
x
x
x
x
x
x

x

FQM
Kevitsa
Mining
x
x

AgnicoEagle
Kittilä
x

x
x

x

x

x
x
x

x
x
x
x
x
x
x
x
x
x
x
x
x

Sotkamo
Silver

Yara
Finland
Siilinjärvi

x

x
x

x
x
x
x
x
x
x
x

x
x

x

x

x

x
x
x
x

x
x

x
x
x
x
x
x
x
x
x
x

2.2.1 Flow, conductivity and pH
EHP-Tekniikka has developed a measurement well for arctic conditions: the well is capable in the
housing of online monitoring devices for year around environmental measurements for
monitoring solutions. Capacities of these wells are between 60 l/s to 1100 l/s. (EHP-Tekniikka,
2014) These wells could act as a base for year around online heavy metal detectors in addition to
solids, flow, pH, and conductivity measurements. They are used for example in percolation water
ducts, storm water tanks, and in monitoring of flows into the surface absorption fields.
Knowing the mineralogy of mine area can bring additional benefits in form of estimating mineral
compositions. When minerals at the waste rock piles and surrounding areas and the effect of
organic material is known, the estimation of mineral composition can be aided with pH
measurements. After knowing mineralogy, hyperspectral imaging can be used to map acid mine
drainage to some extent. (Kopačková, 2014)
Flow measurements can be done simply with Venturi principle where the flow rate is a result
from water level change when there is an obstacle in flow path. Measurement can also be done
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with electromagnetic sensors. Conductivity measurements are used to indicate some change in
fluid composition. This change can be used to trigger some further studies of new situation. In
order to get comparable results, the sensors needs to have a cleaning system preventing excessive
fouling. (Vanrolleghem and Lee, 2003)

2.2.2 Heavy metals
Fixed measurement conditions are hard to obtain in the field measurements. Costs related to
calibration, maintenance, and reagent stability makes current measurement systems impractical
to be used in online field measurements. Sensors need to provide robust operation at all times and
this goal can be brought closer to realization by using automatic calibration, cleaning systems,
sensor state detection, and reliable sample preparation (Vanrolleghem and Lee, 2003). (Keskimölö
et al., 2014)
Some interesting new techniques for heavy metal detection are the electro-chemical voltammetric
sensors, potentiometric sensors and biosensors, and laser-induced breakdown spectroscopy
(LIBS) (Keskimölö et al., 2014; MoniMineWater report, 2011). Data processing algorithms can be
used in the improving of measurement accuracy with the voltammetric voltage scan performed
with a low number of measurement points (Pereira and Salgado, 2015).

2.2.3 Sulphate
Sulphate discharges needs to be controlled especially in freshwater areas. Sulphate can form
sulfuric acid and hydrogen sulfide which has effects on the water quality. Mines with sulphidic
ores have to monitor Sulphur compounds as specified in their environmental permit. Sulphur is
currently monitored by the indirect online measurements of pH, flow rate, and conductivity but
the new arising technologies are promising. Rautiainen (2014) studied different technologies for
measuring sulphates from mine waters and mine waste waters and evaluated the suitability,
reliability, and functionality of these technologies for online use. Studied technologies were
titration technology by Metso, capillary electrophoresis by Cemis-Oulu, commercial Raman
spectroscopy, and Sulfate Vacu-vials® test kit which is a commercial product. Study concluded
that the best technology was Capillary Electroforesis by Cemis-Oulu and the second best results
were achieved with sulphates test kits when the sulphates amount was over 500 mg/l. When
sulphates amount was below 500 mg/l the second best results were achieved with titration. Raman
spectroscopy could not be included because the samples were not comparable. These devices
should be tested for around the year at the on-site measurement point to get better understanding
if they can be operated at any weather condition.
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2.2.4 Crowdsourcing
Crowdsourcing has been in a great upswing in last few years in various fields. Crowdsourcing
utilises the group of volunteers in certain limited area of interest to, for example, gather
information. It uses a large group of people that has certain common interest rather than
employees or suppliers to achieve the goal. Each contributor completes a small task and these
tasks together accumulate to a greater result. Crowdsourcing could be used for monitoring the
current state of the surrounding waters around the mining site and it would give additional
information of water quality and therefore increase the certainty and speed of contaminant
detection.
PHD Nordic, founded in 2010, created the rapid measurement system for monitoring water
quality utilising crowdsourcing. This measurement system can currently measure pH/Fe,
sulphate, and arsenic concentrations and has also uses in healthcare applications. Upcoming
measurements include manganese, chromium, cyanide, nitrogen, and phosphate. System uses
small indicator chips (PHD Sense pad) for collecting samples and smartphone is used for taking
the picture of the pad and conducting the automatic analysis of the picture. Pad is partly
submerged in sample fluid and the colour response is recorded with the camera of smartphone.
Test results are then send to a centralised server for presenting data online. (Rautiainen, 2015)

2.3 Development needs
Infrequent laboratory analyses are not sufficient for hazard prevention. However, reliable and
operative online measurements are not available at the moment: the definition limits are too hard,
the measuring devices need to be cleaned and maintained frequently, there are malfunctions
relatively often, and the rough winter conditions in the mines set very high demands for the
measuring devices. Online heavy metal detectors or analysers especially in the multimetal mines.
Reliable field meters would also have use in measuring phosphorous, nitrogen, sulphate, fluorite,
conductivity and solids in the water. Online measurements provide a high potential, but their
accuracy and reliability should be approved by the environmental authorities. (Tornberg, 2015).
Measurement technology needs to be combined with automation.
Image processing is a potential online measurement technique for particle size from process streams.
A colour camera could give even more possibilities to recognise different mineral types. Dilution
with water is needed to reduce overlapping particles in images. The sample handling needs to be
carefully designed for every measurement point. (Moilanen, 2015).
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3

Modelling

Ground models are important for estimating the environmental impacts of the mine. Hydrological
models built on them form the basis of forecasting environmental impacts. Weather conditions
need to be taken into account already in planning and weather forecasting is needed to avoid
problems caused by drastic changes. Models are essential in what if analyses throughout the
whole life cycle of the mine.

3.1 Ground models
Modelling increases the information value of regular measurements by revealing their impact on
some other point in time and/or space. Ground models (Figure 1) reveal the flow paths of water
streams and can aid in deciding the locations for measurement points or the placement of
measurement devices. These ground models can act as a basis for effective damage control when
used together with flow simulation. It is also important to know ground water flow paths and
critical areas for contaminant leakages. Sensor technologies include optical imaging,
photogrammetry, laser scanning, hyperspectral imaging and thermal imaging and the monitoring
integrates satellites, airborne, UAV and terrestrial technologies (Honkavaara et al., 2015).

Figure 1. Watershed management. Main watersheds are marked with red colour and standard
basins with yellow colour (Keskimölö et al., 2014).
In the photogrammetry, orthoimages are formed over the whole mine site by adjusting the image
blocks. Careful flight planning the photo shooting and arranging visible terrain signals are
important in the preparation phase (Ruokokoski, 2015).
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3.2 Hydrological modelling
Hydrological modelling can be used for mapping water level with the effect of several variables.
These models raise the understanding about local hydrology and make a basis for forecasting
changes in water balances. The model can include variables like precipitation, evapotranspiration,
lake evaporation, snow, soil moisture, surface/sub-surface/ground water flow and storage, runoff,
discharges, and water levels of rivers and lakes. (Juntunen, 2015a, 2015b)
Process measurements indicate the state of the minerals processing. Unexpected values describe
some change in the process state and can indicate changes in the composition of process waters
streaming to tailings pool. These process measurements can be used in simulation and modelling
to get estimates for the water composition in surrounding environment with some delay.

3.3 Scenarios
The modelling of the possible scenarios with the contaminated water streams brings new
information on the possible adverse events and helps the planning of actions after the closing of
mining operations. Modelling and simulations can bring the new information on the severity and
probability of some selected scenarios. Geochemical mapping, enrichment factor computing, and
explanatory data analysis for determining the geochemical background are useful statistical tools
for monitoring soil contaminations (Khalil et al., 2013). Use of 3D model of mine voids with a
numerical ground water model estimates the mine dewatering and post-closure flooding rates
(Witthüser et al., 2015). Chaudhari et al. (2013) used variably saturated 2-D flow and transport
model to study polluting of ground water through seepage.

3.4 Weather
Weather forecasting can be important for long rainy periods when there can be a risk for overflow
or some other incident depending on mine in question. The weather is forecasted with several
scenarios each having its own probability and this is useful for the decision makers since it helps
them in the estimating of the risks involved in their operations with certain probability. (Koistinen
et al., 2015)

3.5 Lifecycle
When mine is closed, the environmental contamination risk does not disappear and the waters
require constant monitoring and treatment for years. The risk is in the waters in the storage areas
and quarry. Sulphidic ore can create acidic streams for years after the closing of mine if the
oxidation reaction cannot be controlled at the quarry and side rock storage. When the quarry is
filled with water, the minerals attached to mine walls can reach the ground water through the
cracks or as an overflow to the surface waters. (Kauppila et al., 2011)
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4

Environmental monitoring

Measurements from the mine area and the environment are enhanced with models whose results
are used together with measurements in the environmental monitoring (Figure 2). Online
alternatives are introduced for the environmental measurements, but the manual sampling is the
main way of operation. Open data and crowdsourcing provide useful new information. The
modelling has strong effect on selecting the sampling practices and locations of the environmental
measurements. Intelligent analysers are new compact solutions for environmental monitoring.
Domain expertise and environmental regulations should be taken into account to provide material
for decision making and control.

Figure 2. Environmental monitoring concept.

4.1 Model-based forecasting
The effect of the water composition at the mine site and especially changes in it can be evaluated
through numerical modelling and simulation. Scenarios acquired through this modelling can be
connected to geographical models and the effects on surrounding environment can be that way
evaluated more accurately. The measurement values of heavy metals or sulphur can be of more
precise nature when they are measured closer to the process itself since they can be located in
more controlled environment than if they would be located in streams outside in the nature. If the
behaviour of certain stream with the composition is known, or at least estimated relatively well,
the changes in composition can be mapped and pinpointed. Models should be validated with
reliable sampling and reference tests for gaining trust in their use.
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4.2 Reliable crowdsourcing
Crowdsourcing, measurements not reliable enough to be used as a basis for the environmental
permit, and modelling can be used to bring additional value through the early warning system
for environmental contamination. Open data like weather information or geological information
can specify these models further and reveal critical points or situations. Slowly developing trends
are revealed in long term monitoring campaigns. The original water compositions of the mine
area should be measured prior to the starting of mining operations for determining the true effect
of mining operations to the surrounding environment. The reference point should be measured
from several different key locations determined with geographical and hydrological models.
Multivariate analysis can aid in the determining of most suitable variables for the modelling.
Data gathered through crowdsourcing needs to be pre-processed before it can be used in decision
making or presented publicly. Values that are publicly presented without relevant information
about their reliability can have great socio-economical effect and it is usually economically costly
in addition to loss of reputation. When used in a correct manner these values provide the real time
indication of water status and can alert if there is action needed.

4.3 Weather forecasts
Water quantities can be monitored through information connected with modelling. Weather
information connected to flow models increases the knowledge about the future water balances.
This balance modelling can alert about upcoming exceptional situation where certain limits would
exceed. Flooding scenarios should be modelled comprehensively for their great environmental
effect. Early warning systems and the sufficient plan for damage control help in mitigating most
of the unplanned events considering uncommon water balances.

4.4 Intelligent analysers
Meanings of the levels are calculated by using scaling functions which are mappings from the
operation area to the linguistic values represented inside a real-valued interval [-2, 2] (Juuso,
2004). The monotonous increase of the functions is achieved by using constraints for the
parameters. The corner points and the centre point are normally defined from data by using
generalised norms and moments (Juuso, 2014). Outlier detection is integrated and the parameters
can be recursively updated (Juuso, 2015b).
Knowledge-based information includes linguistic terms, e.g. {very low, low, normal, high, very
high} or {fast decrease, decrease, constant, increase, fast increase} correspond the levels {-2, -1, 0,
1, 2} in Figure 3. Different shapes of membership definitions result different sets of default
membership functions. The linguistic data can be understood as scaled values in the range [-2, 2].
The linguistic information given by humans results fuzzy numbers, which may contain vagueness
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and uncertainty. To take this into account, the membership functions are made sharper or wider
with modifiers ‘extremely’, ‘very’, ‘more or less’ and ‘roughly’. The powering modifier should
reflect the reliability of the piece of information, or of the source of information. Several linguistic
terms can be combined or further modified with ‘and’, ‘or’ and ‘not’. (Juuso, 2012)

Figure 3. Feasible range, membership definitions and membership functions (Juuso, 2004).
A compact solution for the trend analysis is presented in (Juuso, 2011). Intelligent trend indices
are calculated from the scaled values as the difference of the means obtained for a short and a long
time period, respectively. A positive index value means an increasing behaviour, a negative value
a decreasing behaviour and zero a constant situation. Triangular episodes are detected by
combining these with the change of the trend index: negative values mean concave downward
and positive concave upward. The trend index and the change of it are both in the range [-2, 2],
and their sum produces an informative index, whose values indicate
-

drastic changes upward and downward when the sum goes toward 2 and -2, respectively,

-

the increase or decrease is stopped when the sum goes towards zero, and

-

zero means constant.
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Severity of the situation is evaluated by a deviation index, which the average of three indices: the
trend index, the change of the trend index and the linguistic level of the variable. A high positive
index means a very high variable value, which is increasing very fast. Correspondingly, an index
going towards -2 means a very low variable, which is decreasing very fast. The trend analysis is
tuned for the case by selecting the windows and the weight factors for the trend index and the
change of it. Thresholds for the zero are constant.
Statistical process control (SPC) is based on continuously analysing and reducing variation in
manufacturing processes (Oakland, 2008). Focus is on early detection and various control charts
have been developed and widely used for that: Shewhart started already in the 1920s. Standard
control charts are often based on normal distributions, but non-Gaussian data need to be analysed
in many cases. The generalised statistical process control (GSPC) expands the SPC from Gaussian
to non-Gaussian datasets by using the nonlinear scaling. The analysis methods are suitable for a
large set of statistical distributions (Juuso 2015a). Process, environmental, open and
crowdsourcing data, knowledge-based indices and trend indices obtained for any of them can be
analysed in the similar way.
Intelligent indices can be used in developing dynamic forecasting models (Juuso, 2015b): the
model equations are linear since the nonlinearities are handled with the scaling functions, whose
parameters can be recursively updated.
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5

Decision making and control

Decision making is based on the situation awareness which is built by combining measurements
from different data sources with domain expertise by using intelligent analysers (Figure 2).
Geographical, geological and hydrological models are used in producing calculated variables for
this analysis. Trend analysis is useful for detecting slow changes. Generalised statistical process
control (GSPC) are beneficial in automatic monitoring. The intelligent analysers are aimed for the
early detection of changes in operating conditions, especially anomalies. Warnings and alarms are
generated from very low and very linguistic values (Figure 3). Environmental regulations are used
in assessing the limits.
Advisory systems can be built directly from the decision making to support high-level control and
risk analysis (Juuso and Koistinen, 2015). Intelligent analysers also provide new measurements
for the process control. The adaptation part based on the situation awareness expands the control
as an automatic part of the decision making.
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6

Summary

Intelligent analysers produce informative indirect measurement by combining material from
several data sources. For online measurements, the data-driven nonlinear scaling is a compact
solution, which opens improved monitoring solutions with intelligent indices, trend indices and
deviation indices. The same analysis provides limits for the quality control of data and generalised
statistical process control. The outlier detection is integrated and moving feature extraction is
based on generalised norms provides estimates for uncertainty.
Hydrological simulation models including weather forecasts and essential parts of the geological
and geographical data in geospatial 3D models provide important information for selecting the
locations for detailed environmental monitoring. Forecasting produces new location related
variables, which can be analysed with the intelligent analysers. A large number of measurement
locations requires sampling, which increases uncertainty. Variogram is a good tool for analysing
the uncertainty of the measurement arrangement.
Open data and crowdsourcing can in principle be analysed in the same way but the measurement
location and reliability of measurement practice need to be taken into account.
In future, the still developing analysers for year-around online use will become usable and in time
the legislation can also adapt these methods to be acceptable for the validation in environmental
permits. When robust and accurate operation is achieved, these measurement devices could be
placed at the critical locations in the environment. This would bring savings in long run since the
laboratory analyses are expensive and the sampling would be of much higher rate.
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