SEVENTH FRAMEWORK PROGRAMME
THEME 6: Environment (including Climate Change)

Adaptive strategies to Mitigate the Impacts of Climate Change on
European Freshwater Ecosystems
Collaborative Project (large-scale integrating project)
Grant Agreement 244121
Duration: February 1st, 2010 – January 31st, 2014

Deliverable 5.5: Report on the biophysical catchmentscale modelling of Yläneenjoki –Pyhäjärvi demonstration
site
Lead contractor: Finnish Environment Institute (SYKE)
Other contractors involved:
Due date of deliverable: 48
Actual submission date: 45
Work package: 5
Contributors: Ahti Lepistö, J.Randall Etheridge, Kirsti Granlund, Niina Kotamäki, Olli
Malve, Katri Rankinen and Riku Varjopuro
Estimated person months: 42
PU
PP
RE
CO

Project co-funded by the European Commission within the Seventh Framework Programme (2007-2013)
Dissemination Level (add X to PU, PP. RE or CO)
Public
Restricted to other programme participants (including the Commission Services)
Restricted to a group specified by the consortium (including the Commission Services)
Confidential, only for members of the consortium (including the Commission Services)

X

Abstract
The Finnish demonstration site Lake Pyhäjärvi and its catchment is located in a region where
agriculture has traditionally been intensive in comparison to the rest of the country, both in terms of
number of active farms and in the importance of agriculture for the regional economy. Lake Pyhäjärvi
Lake is the largest lake in south-western Finland. It is shallow and mesotrophic with exceptionally
high fish productivity, which makes it an important lake for commercial fishing. Increased
eutrophication of the Lake Pyhäjärvi – mostly due to agriculture - has been a major concern since the
late 1980s as Cyanobacteria blooms have become more and more frequent.
The ecological response of Lake Pyhäjärvi to projected climate and land use changes has been
evaluated by chaining watershed, river and lake models. Within the model chain, the hydrological
watershed model WSFS provides boundary conditions for the INCA-P and N catchment/river models,
whilst INCA-P output serves as input data to the MyLake lake model. INCA-P and INCA-N output
together serves as input data to the Lake Load Response (LLR) model. The model chains seem to work
adequately as the results were logical throughout the chain.
Responses to total phosphorus (TP) and chlorophyll -a (chl-a) concentrations are simulated to detect
if the changes in air temperature and precipitation due to climate change will enhance algal growth in
lakes. In response, a series of measures are hypothesized to decrease algal concentrations. Reducing
nutrient loading through different management action improves the likelihood of WFD compliance
and better water quality in addition to providing a number of benefits for use of the lake such as
recreation, fishing etc. Three climate change scenarios (CC) were used together with four land-use
(LU) scenarios and mitigation measures to reduce nutrient loading. Close links were maintained
throughout between environment policy researchers and biophysical modellers / process researchers
at SYKE, as well as with stakeholders at Pyhäjärvi Institute and elsewhere in the study region.
The land-use change scenarios seem to have a more pronounced impact on the lake than climate
change scenarios. But the LU scenarios also implicitly include CC scenarios and it is possible that
land-use changes are needed to ‘catalyze’ climate change impacts. The interactions and feedback
mechanisms between these changes in the time period of 50 yrs are highly complex with numerous
changes in hydrological dynamics, snow/frost conditions in milder winters, catchment and lake
processes, cultivation practices and timings, crop types etc.
With regard to management measures, increasing winter vegetation in particular (e.g. 40%) seems to
decrease Chl-a while decreasing P fertilization seems to have less of an impact. The probability of
achieving ‘Good’ WFD status in the lake is higher if P is the target variable. With Chl-a as target
variable, probabilities are somewhat lower, with a higher chance of obtaining ‘Moderate’ class
during certain years.
The effectiveness of measures (40% increase in winter vegetation) under future climate change was
tested with more scenarios – worst and best cases with and without measures. The worst case equates
to the most adverse ecological impact in terms of ecological indicator from land cover plus climate.
The best case refers to the least adverse ecological impact, respectively. Based on the model runs the
above measure seems to be climate-proof, and even more effective under future climate. The measure
did also improved the state of the lake, both under worst and best scenarios.
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SUMMARY
Lake Pyhäjärvi and its catchment in SW Finland
The Finnish demonstration site Lake Pyhäjärvi and its catchment are in the region where agriculture
has traditionally been intensive in comparison to the rest of the country, both in terms of number of
active farms and in the importance of agriculture for regional economy. Intensity of agriculture can
be clearly seen in spatial variability of nutrient loading from agriculture, i.e. the flagship site
Yläneenjoki river basin is nationally located in the hot‐spot area.
The Pyhäjärvi Lake is the largest lake in south‐western Finland, and of high importance both
regionally and nationally. It is shallow and mesotrophic with exceptionally high fish productivity,
which makes it an important lake also for commercial fishing. Increased eutrophication of the Lake
Pyhäjärvi – mostly due to agriculture ‐ has been a major concern since the late 1980s as
Cyanobacteria blooms have become more and more frequent.
Ecological response of the lake – use of catchment‐lake model chaining
The ecological response of Lake Pyhäjärvi ‐ due to climate and land use changes – has been evaluated
by chaining watershed, river and lake models. Within the model chain, hydrological watershed model
WSFS provides boundary conditions to INCA‐P and N catchment/river models, whilst INCA‐P output
time series serve as input data to MyLake lake model. INCA‐P and INCA‐N output time series together
serve as input data to LLR model. The model chains seem to work adequately as the results were
logical throughout the model chain.
Responses to total phosphorus and chlorophyll ‐a concentrations are simulated to detect if the
changes in air temperature and precipitation due to climate change will enhance the algae growth in
lakes. In contrast, the planned changes in the mitigation measures are hypothesized to decrease the
algae concentrations. By the reductions in nutrient loading through different management actions,
the WFD compliance and better water quality might be able to reach, together with a number of
benefits for use of the lake such as recreation, fishing etc.
Three climate change scenarios are used together with four land‐use scenarios and mitigation
measures to reduce nutrient loading. When preparing the land‐use scenarios and mitigation
measures for modelling, there has been close links between environment policy researchers (WP6),
and biophysical modellers / process researchers (WP5) at SYKE, a well as with stakeholders at
Pyhäjärvi Institute and elsewhere in the study region.

Climate and land use change scenarios
For all three CC scenarios, the LLR model estimated increase for both Chl‐a (major ecological
indicator of the lake) and total P was quite similar, changing the status of the lake from Good to
slightly Moderate. The reason is most probably that for the P concentration estimates, the internal
loading affects the model results quite strongly. The P concentration and external loading
relationship is rather weak, and the changes in the external loading do not clearly show in the lake –
at least not in the shorter time periods. This affects also to the chlorophyll estimates. On the other
hand, we have quite reasonable and logical results with all used CC scenarios – which increases
confidence of the results obtained.
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Four land‐use scenarios produced logical results, when comparing intensive agriculture scenarios (1
and 2) to environmental ‘green’ scenarios (3 and 4). Intensive agriculture scenarios changed the
status of the lake from Good to clearly Moderate, while environmental scenarios (3 and 4) remained
it clearly as Good.
The response of Chl‐a to KNMI (average scenario) and Hadley scenarios (warm, dry summers) was
quite similar. For SMHI‐BCM scenario (cold, wet), Chl‐a response to all CC+LC scenarios was
smoother, lower increase for LC1 and LC2, and lower decrease for LC3‐LC4, respectively.
The land‐use change scenarios seem to have a more pronounced impact on the lake than CC
scenarios. But the LC scenarios include also CC scenarios in the background, and it is possible that
land‐use changes are needed to ‘catalyze’ climate change impacts. The interactions and feedback
mechanisms between these changes in the time period of 50 yrs are highly complex, however, with
numerous changes in hydrological dynamics, snow/frost conditions in milder winters, catchment and
lake processes, cultivation practices and timings, crop types etc.

Mitigation measures, best and worst scenarios
Particularly increase in winter vegetation (e.g. 40%) seems to decrease Chl‐a while decrease in P
fertilization seems not to have a clear impact. Probability of achieving Good status in the lake is
higher if P is the target variable. With Chl‐a as target variable, probabilities are somewhat lower, with
higher risks to obtain Moderate class during certain years. These model estimates of impacts of
mitigation measures were used further in WP6 CEA analysis.
Climate‐proof of the effectiveness of measures (40% increase in winter vegetation) was tested with
more scenarios (Step 8 in modelling procedure) – worst and best cases with and without measures.
Worst case means most adverse ecological impact in terms of ecological indicator from land cover
plus climate. Best case means least adverse ecological impact, respectively. Based on our model runs
the above measure seems to be climate‐proof, and even more effective in future climate. Measure
did improve also somewhat the state of the lake, both with worst and best scenarios.

1. INTRODUCTION
The Finnish demonstration site Lake Pyhäjärvi and its catchment are in the region where agriculture
has traditionally been intensive in comparison to the rest of the country, both in terms of number of
active farms and in the importance of agriculture for regional economy. Intensity of agriculture can
be clearly seen in spatial variability of nutrient loading from agriculture, i.e. the flagship site
Yläneenjoki river basin is nationally located in the hot‐spot area.
The Pyhäjärvi Lake is the largest lake in south‐western Finland, and of great importance both
regionally and nationally. It is shallow and mesotrophic with exceptionally high fish productivity
(Sarvala et al., 1998), which makes it an important lake also for commercial fishing. Increased
eutrophication of the Lake Pyhäjärvi – mostly due to agriculture ‐ has been a major concern since the
late 1980s as Cyanobacteria blooms have become more and more frequent.
Responses to total phosphorus and chlorophyll ‐a concentrations are simulated to detect if the
changes in air temperature and precipitation due to climate change will enhance the algae growth in
lakes. In contrast, the planned changes in the mitigation measures are hypothesized to decrease the
algae concentrations. By the reductions in nutrient loading through different management actions,
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the WFD compliance and better water quality might be able to reach, together with a number of
benefits for use of the lake such as recreation, fishing etc.
The ecological response of Lake Pyhäjärvi ‐ due to climate and land use changes – has been evaluated
by applying chained watershed, river and lake models to the system. Within the model chain,
hydrological watershed model WSFS (Watershed Simulation and Forecasting System, Finnish
Environment Institute, SYKE) provides boundary conditions to INCA‐P and INCA‐N catchment models,
whilst INCA output time series serve as input data to LLR lake model. MyLake model is used for
further understanding of the dynamics of the lake.
Three climate change scenarios are used together with four land‐use scenarios and mitigation
measures to reduce nutrient loading. When preparing the land‐use scenarios and mitigation
measures for modelling, there has been close links between environment policy researchers (WP6),
and biophysical modellers / process researchers (WP5) at SYKE, a well as with stakeholders at
Pyhäjärvi Institute and elsewhere in the study region.

2. STUDY AREA AND DATA
2.1 Study area
Lake Pyhäjärvi (154 km2) in SW Finland (Fig 1) is a highly valuable lake in terms of water supply and
recreational use, and serves as the Finnish flagship area of the REFRESH project, together with its
major catchment Yläneenjoki. Increased eutrophication of the Lake Pyhäjärvi has been a major
concern since the late 1980s as Cyanobacteria blooms have become more and more frequent.
Pyhäjärvi is a large, shallow, mesotrophic lake with a mean depth of 5.5 m and deepest point of 26m.
Two major rivers, Yläneenjoki and Pyhäjoki, discharge into Lake Pyhäjärvi. Yläneenjoki river basin is
considerably larger (233 km2) than that of Pyhäjoki river (78 km2). In addition, four main ditches
(catchment areas between 6‐20 km2), located in the nearby catchment area, flow directly into the
lake.

Fig 1. Lake Pyhäjärvi, two major catchments
Yläneenjoki and Pyhäjoki, and the nearby lake
catchment area.

River Yläneenjoki is the main river flowing into the lake at the lake's southern end. The Yläneenjoki
catchment is responsible for over 60 % of the external nutrient loading into the Lake Pyhäjärvi
(Ekholm et al. 1997).
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2.11 Climatic zones in catchments including rainfall pattern
Long‐term (1961–1990) average annual precipitation is 630 mm of which approximately 11% falls as
snow (Hyvärinen, 1999). During 2001‐2005, average annual precipitation in the Eurajoki catchment
area was 585 mm, with lowest rainfalls during March‐April and highest in the mid‐late summer. In
2002 and 2003 precipitation was exceptionally low, 203 and 233 mm year‐1, respectively.
Average discharge measured in the Yläneenjoki main channel is 2.1 m3s‐1 (Mattila et al. 2001), which
equates to an annual water yield of 242 mm (1980–1990). The highest discharges typically occur
during the spring and late autumn months, but high flows during mild winters have also occurred,
particularly during recent years. These mild winters may have a considerable impact on the annual
nutrient loading pattern: e.g. during a mild January in 2007, phosphorus load of almost 30% of the
average annual P load from the Yläneenjoki river to the lake was discharged, in contrast to the
negligible midwinter fluxes normally recorded in Finland (Koskiaho et al, 2010).
2.12 Geology and relief
The Yläneenjoki river catchment is located on the coastal plains of south‐western Finland where
landscape is very flat. Thus the landscape ranges in altitude only from 50 to 100 m a.s.l. Along the
river Yläneenjoki, slopes can be quite steep which may considerably contribute to erosion and
nutrient leaching to the river system (Mattila et al 2001) (Fig. 2).

Fig 2. Potential for erosion‐related phosphorous (tot‐P) leaching in 1995 and 2005 in river Yläneenjoki
catchment (darker green, higher potential) (Mattila et al. 2007).

2.13 Soils
Silt, gravel and sand are the most common soil types near the lake (Fig. 3). In River Yläneenjoki
catchment (Fig. 1) the soil consists mainly of clay and silt in the river valley (Lepistö et al. 2008) while
river Pyhäjoki valley to the east of the lake consists mainly of sand and tills (Mattila et al. 2001).
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Fig 3. Soil types in the studied region.
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2.14 Lake, river and floodplain characteristics
The Pyhäjärvi Lake (Table 1) is shallow and mesotrophic with exceptionally high fish productivity
(Sarvala et al., 1998), which makes it an important lake also for commercial fishing. Increased
eutrophication of the Lake Pyhäjärvi has been a major concern since the late 1980s as Cyanobacteria
blooms have become more and more frequent.
Table 1: Pyhäjärvi Lake characteristics ( Ventelä et al. 2007).

lake area, km2
volume, 106m3
mean depth, m
max depth, m
turnover time, years
drainage area
(including lake), km2

155
849
5.5
26
3.2
616

The turbid river Yläneenjoki (Fig. 4, Table 2) runs into the lake in the lake's southern end. Landscape
is more variable in terms of altitude difference compared to the whole catchment area of the lake.
There are a few rapids in the river and relatively steep slopes along the main channel. The river is
characterized for WFD as "middle sized river in clay soil area". River Pyhäjoki has a WFD type "small
sized river in clay soil area". It runs to the lake from the east (Fig. 1).
Table 2: Characteristics of the two river catchments (source: HERTTA database).

Length of river, km
Catchment area, km2

River Yläneenjoki
23.15
233.03

River Pyhäjoki
13.11
77.54
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Fig 4. Turbid Yläneenjoki river at Vanhakartano dam, during spring flood. Vanhakartano is a few kilometers
upstream of the inflow of the Yläneenjoki river into Lake Pyhäjärvi.

Anthropogenic and hydromorphological influences
In the 19th century, the water level of lake Pyhäjärvi was lowered by two metres to gain more
agricultural land (Salonen and Itkonen 1992). Surface level of the lake is currently regulated with the
allowed variation of 0.58 metres. Lake Pyhäjärvi is classified as "not heavily modified" in WFD
classification, but the regulation of water level and especially the obstruction of fish migration are
mentioned as factors having negative ecological impacts, in the action plan for surface waters of
County of Satakunta (Salmi and Kipinä‐Salokannel 2010).
There is a regulation dam at the outflow of the Lake Pyhäjärvi and there are three dams along the
river Yläneenjoki. The dams in River Yläneenjoki have combined fall of 3‐4 metres. The dams form an
obstacle for fish to migrate upstream, but the river has the same classification "not heavily modified"
as the lake.

2.15 Land use in the catchment
The catchment area is rather typical landscape of the south west Finland coastal plain. It is rural area
with intensive agriculture and small settlements. Approximately one fifth of the land area (22%) is in
agriculture use. Agriculture is found especially in River Yläneenjoki catchment area, where more than
half of the agricultural land of the whole catchment is located (Figures 5 and 6 and Table 3). Built
areas that cover 7.5% of the whole area, are concentrated around the lake. Half of the catchment
area is forested, although together with other 'nature areas' they cover more than two thirds of the
land area. (SYKE HERTTA data bank, Tarvainen and Ventelä 2007.)
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Fig 5. Landcover and landuse in the whole catchment in 2006.

Table 3. Land covers in the catchments in 2000 and 2006 (sources: SYKE, Metla, MMM, MML, VRK).

Catchment nearby the
lake
River Pyhäjoki catchment
Change
Change
years
2000
2006 (%)
2000
2006 (%)
Built areas (incl. industrial
and recreational areas)
1745
1714
‐1,8
430
534
24,0
(ha)
1640
1706
4,1
1787
1856
3,9
Agriculture land (ha)
Forest and other nature
11434 11510 0,7
11562 11604 0,4
(ha)
210
133
‐36,3
81
39
‐52,0
Mires (ha)
0
0
0,0
0
0
0,0
Peat extraction (ha)

River Yläneenjoki
catchment
2000

Change
2006 (%)

1040

1246

19,8

6465

6684

3,4

10921

11048

1,2

723
145

595
231

‐17,7
59,1

Major landcover changes (in proportion) have been i) increase of built area in the two river
catchments and ii) decrease of open mire areas. Mire areas have been drained for other uses
(forestry, agriculture, building and peat extraction). However, one must notice that in absolute terms
the changes are not as dramatic, since forest and other nature areas together with agriculture land
cover almost entire areas (Figure 5). Further, all land cover classes are not included in the
comparison and there are uncertainties with distinguishing between the landcover classes, so this
comparison should be regarded as tentative.

Fig 6. Proportions of land cover in the two major catchments in 2006. (sources: SYKE, Metla, MMM, MML,
VRK)
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2.16 History of human exploitation
Lake Pyhäjärvi is in the region where agriculture has traditionally been intensive in comparison to the
whole of country, both in terms of number of active farms and in the importance of agriculture for
regional economy (Voutilainen et al. 2009). Intensity of agriculture can be clearly seen in spatial
variability of nitrogen loading from agriculture (Lepistö et al., 2006) (Fig. 7). This means that flagship
site Yläneenjoki river basin is nationally located in the hot‐spot area, where the loading from
agriculture is high.

Fig 7. Modelled variability of N export from agriculture in Finland (Lepistö et al., 2006).

2.17 Agricultural tenure and land use
Yläneenjoki catchment is the main agricultural area within the whole Pyhäjärvi catchment area (Fig.
8). Farming in the area concentrates on spring cereals with a substantial area also used for
grasslands. Root crops cover high proportion of land in the catchment nearby the lake and in River
Pyhäjoki catchment area (Table 4).

Table 4. Use of agriculture land in the three catchments. (sources: SYKE, Agency of Rural Affairs, Ministry of
Agriculture and Forestry).

Autumn
cereals (ha)
Catchment
nearby the lake 10
River Pyhäjoki 6
River
Yläneenjoki
387

%

Spring
cereals (ha)

%

Root crops
(ha)

%

Grasslands
(ha)
%

Gardens
(ha)

%

0,6 1 049
0,3 1 210

68,6 193
70,3 223

12,6 210
13,0 231

13,7 68
13,4 51

5
3

6,2 4 413

70,6 193

3,1

20,1 2

0

1 255
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Fig 8. Use of agriculture land in the Pyhäjärvi catchment area.

Information on numbers of farmed animals in the exact catchments was not acquired for this report.
The following table shows (Table 5), however, numbers of animals in municipalities, to which most of
the areas of the catchments belong. Numbers of pigs and poultry are the highest, but in terms of
nutrient emissions numbers of cattle and pigs are the most critical ones (see below).
Table 5. Numbers of animals

Municipalities
Eura 1996
2004
Oripää 1996
2004
Säkylä 1996
2004
Yläne 1996
2004

Cattle
1422
1 220
982
1 004
170
157
1323
1 295

Horses Sheeps
91
266
46
366
35
82
12
0
126
0
33
105
44
311

Pigs
8965
4 347
9912
10 430
1496
965
4593
3 661

Poultry
205271
447 616
192596
281 234
181376
15 393
34939
70 578

2.18 Forest tenure and use
A large share of the Lake Pyhäjärvi catchment is covered by managed forests. There are a high
number of small forest owners in the region, which is a typical feature of Finnish forest ownership:
60% of forested land is owned by private owners (Finnish Forest Research Institute 2009) while
nearly 20% of Finnish households own a forest holding (Horne 2004). At present, forestry is not a
significant source of nutrient emission in the region. The main environmental issue related to
forestry is that mires are drained for forestry use. For instance, almost all of the mires in River
Yläneenjoki catchment are drained (Vaarala 2008). In the three catchments, drained mires covered 6
000 hectares at the turn of the century (Mattila et al., 2001).
Even though forestry is not a significant source of nutrients, there is a risk that emissions will
increase even in the near future. A driver for the higher emissions is an increased demand for
bioenergy sources and the government support for it. To meet this demand Finland has a goal to
increase energy use of forestry debris and other biomass from the present 5 million m3 to 13,5
million m3 by 2020. One of the means to reach the goal is to take stubs from cut forests and use
those as a source of energy. This is a new and rapidly expanding practice in forestry. In 2006, this was
13

not practiced at all in south‐west Finland, but in 2009 on 13% of surface area of privately owned
forests which were cut. Nationally the respective figures are 4% in 2006 and 11% in 2009. A problem
regarding the nutrient emissions is that forest soil becomes heavily modified and the potential for
increased erosion is high. Water management experts in the studied area are concerned with this
intensified use of forests (Kirkkala pers. comm.).

2.2 Existing and new data
2.21 Existing data
The regular monitoring of water quality of the river Yläneenjoki started in the 1970s. The nutrient
load into Lake Pyhäjärvi via the river has been estimated from the (generally) fortnightly water
sampling results and daily water flow records at the Vanhakartano measuring site (Fig. 9).
Furthermore, water quality has been monitored on a monthly basis in three additional points in the
main channel in the 1990s, and in 13 tributaries flowing into the river Yläneenjoki. Flow is being
measured continuously at Vanhakartano station (Reach 4) of river Yläneenjoki. Monitoring of the
catchment has been supported by special studies and river water quality and loading campaigns in a
number of projects (e.g. Mattila et al., 2001; Lepistö et al., 2008). Detailed GIS data sets (e.g. land
use, soils, agriculture, DEM, slopes) are all available, as well as agricultural data at the farm level
scale.
According to Finnish lake typology instructions (Vuori et al 2009), Lake Pyhäjärvi is defined as “a large
lake with low humus content”. It is classified to be in a good ecological status, while the river
Yläneenjoki is in moderate condition. Based on physical and chemical indicators, the lake is classified
to be in moderate condition. The average growing season total phosphorus concentration (18.3 ug/l)
in the lake slightly exceeds the Good/Moderate threshold 18 ug/l (Table 6). Strong internal loading in
the lake plays a considerable role deteriorating the water quality of the lake.
Table 6. Descriptive statistics of total P, Chl‐a, suspended solids and phosphate in Lake Pyhäjärvi (summer
time surface samples from years 2001‐2009).

Total P (µg/l)

Mean
18.3

S.E
0.40

median
18.0

S.D
4.42

Min
9.0

Max
29.0

n
124

Chl a (µg/l)

7.1

0.33

6.4

3.33

2.3

18.5

103

SS (mg/L)

3.5

0.29

3.0

2.83

0.5

22.0

94

PO4 (µg/l)

1.4

0.10

1.0

1.06

0.5

9.0

119

Long‐term water quality monitoring of Lake Pyhäjärvi (Fig. 10) (e.g. Ekholm et al. 1997; Ventelä et al.,
2007) has been supported by additional methods to sample the spatial water quality of the lake: (i)
transect measurements from a moving boat in field campaigns; and (ii) remote sensing (MERIS)
based estimates (Koponen et al., 2008, Lepistö et al., 2010).
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Fig 9. Total P and SRP (ug/l) measured at Yläneenjoki river (Vanhakartano, Reach 4) during the baseline
period of 1981‐2010.

Fig 10. Mean total P, total N and Chl‐a concentrations and Secchi depth in Pyhäjärvi during the open water
season (May‐Oct) in 1980‐2005. Vertical lines denote 95% confidence limit (Ventelä et al., 2007).

High year‐to‐year variability in loading can be seen IN Fig. 11. Total P load varies from dry years of
2002‐2003 and 2009 (about 3 tonnes/year) to up to 12‐14 tonnes/year in wet years. SS loads vary an
order of magnitude – from about 500 tonnes/year in 2003 to about 5000 tonnes/year in wet years of
2000, 2006 and 2008. These data sets provide an excellent possibility for comparison and evaluating
of the INCA‐P model results.
Multiscale landscape patterns affecting Yläneenjoki streamwater quality were studied in REFRESH
project by Gonzales‐Inca et al (2013, submitted). Specifically, the linkage of 21 years (1990‐2011) of
water quality data with GIS‐based landscape indices at different spatial scales were studied in 16
nested agricultural sub‐watersheds of Yläneenjoki. Regression model, multivariate ordination and
variation partitioning were performed to identify key landscape factors influencing spatial water
quality variation using annual and seasonal data. The results showed that the percentages crop areas
and clay soil at watershed scale had high independent influences in spatial variation of water quality.
However, the jointly explained fraction of these landscape indices was high and seasonally varying.
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Individual linear relationships of nitrate, total nitrogen, dissolved reactive phosphorus and total
phosphorus concentration were also best explained by the percentage of crop areas at the
watershed scale, while suspended sediment concentrations were best explained by the identified
critical source areas. The reason for the dominance of crop area at the watershed scale explaining
most spatial variation of water quality components might be that the agricultural drainage system
(subsurface and ditches network) connect the majority of agricultural fields and enhance nutrient
delivering into brooks and rivers (Gonzales‐Inca et al, 2013).

Fig 11. Loading of total and SRP, and suspended solids SS to the Lake Pyhäjärvi, (baseline period 1981‐2010
for totP).

2.22 REFRESH data from the Lake Pyhäjärvi
A real‐time lake monitoring station (Fig. 12) was installed for summer seasons 2010 (May 22–Oct 13)
and 2011 (May 21‐Sept) in the south‐east part of Lake Pyhäjärvi, to study lake processes, in particular
lake mixing and its effects, and to obtain high‐resolution, high quality data (e.g. Chl‐a, blue‐green
algae pigments, turbidity) to verify the lake model results (WP3 and WP5 co‐operation). Chl‐a from
the lake monitoring station has been utilized both for i) developing remote sensing techniques and
ii) studying the temporal variability and levels of the major ecological indicator of the lake, Chl‐a, and
the factors impacting to this variability.
Further, two relatively new research methods were used to assess the spatial water quality of
Pyhäjärvi: (i) transect measurements from a moving boat; and (ii) remote sensing data based
estimates. First, a flow‐through method from a moving boat was successfully used to collect high
resolution transect water quality data from the lake over six field campaigns. The method is relatively
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accurate but costly, and its use is mostly limited to special campaigns and intensive research, but not
for long‐term monitoring. Second, remote sensing methods were used to retrieve water quality
information which was found consistent with the surface measurements from the boat (Lepistö et al,
2010).

Fig 12. The real‐time lake monitoring station was set up on 22 May 2010 in Lake Pyhäjärvi at the Finnish
demonstration site. Photo: Pia Mattila‐Lonka.

3. MODEL SETUP
3.1 Models used
3.11 Chaining of WSFS – INCA‐N and INCA‐P – LLR models
Responses to total phosphorus and chlorophyll‐a concentrations were simulated to detect if the
changes in air temperature and precipitation due to climate change will enhance the algae growth in
lakes. In contrast, the planned changes in the mitigation measures are hypothesized to decrease the
algae concentrations. By the reductions in nutrient loading through different management actions,
the WFD compliance and better water quality might be able to reach, together with a number of
benefits for use of the lake such as recreation, fishing etc.
The ecological response of Lake Pyhäjärvi ‐ due to climate and land use changes – have been
evaluated by applying chained watershed, river and lake models to the system. Within the model
chain, hydrological watershed model WSFS (Watershed Simulation and Forecasting System, Finnish
Environment Institute, SYKE) provides boundary conditions to INCA‐P and INCA‐N catchment models,
whilst INCA output time series served as input data to LLR lake model. MyLake model was used for
further understanding of the dynamics of the lake (Fig. 13).
The Finnish demonstration site has been modelled at different spatial scales; a medium scale
application of INCA‐N both to the Yläneenjoki and Pyhäjoki catchments, and a full model chain
application of WSFS and INCA‐P/INCA‐N for Yläneenjoki linked to the LLR probabilistic lake model.
3.12 WSFS
Watershed Simulation and Forecasting System (WSFS) of SYKE (Vehviläinen, 1994) is an HBV‐type
semi‐distributed, operational hydrological model covering all of Finland, about 400 000 km2, divided
into about 6000 sub‐basins with areas of 50‐100 km2. The catchments are divided into small
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homogeneous sub‐basins according to elevation, land use, snow distribution and lakes according to
the classification used at SYKE (Ekholm, 1993). Each model consists of 10–100 independent sub‐
basins (50–500 km2) with simulations of areal precipitation, temperature, water equivalent of snow,
soil moisture, changes in subsurface and groundwater storage, and formation of runoff. The basic
component of a catchment model is a conceptual hydrological model which simulates runoff using
precipitation, potential evaporation and temperature as inputs.The WSFS model simulates hydrology
and water quality for all river basins in Finland (www.environment.fi/waterforecast). The model
output variables in a daily time step include HER (Hydrologically Effective Rainfall), SMD (Soil
Moisture Deficit), together with meteorological variables. These output variables were fed as input
into the INCA‐P model.

Fig 13. Catchment models WSFS, INCA‐P and INCA‐N and lake models LLR and MyLake, chained in the
application.

3.13 INCA‐P
INCA‐P is a dynamic, semi‐distributed, process‐based model which predicts discharge and
concentrations of suspended sediment, soluble reactive phosphorus (SRP) and TP concentrations in
stream water by tracking discharge and phosphorus through the soil and groundwater to the main
channel. The model also simulates the following processes: bed sediment resuspension, suspended
sediment deposition, the growth effect of phosphorus on macrophytes and epiphytes, and the
feedback of the growth on phosphorus concentrations in the stream water (Wade et al., 2007).
The INCA‐P model consists of three components:
• A land‐phase hydrological model: this calculates discharge through different pathways (direct, soil
and groundwater) and their stores. Discharge and phosphorus is controlled through this component.
• A land‐phase phosphorus model: this component deals with the various phosphorus stores in soil
and groundwater, and phosphorus transformations.
• An in‐stream phosphorus model: this component simulates the phosphorus processes operating
once it reaches the stream—dilution and transformations, as well as the concomitant algal, epiphyte
and macrophyte growth responses.
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INCA‐P is based on a mixing model approach, whereby conceptually the water (and any phosphorus
being transported) is mixed from the different land uses (up to six user‐defined classes) within each
reach and then routed along the main stream. The in‐stream model is based on the Kennet model
(Wade et al. 2001) which simulates in‐stream phosphorus and macrophyte/epiphyte dynamics
(Wade et al. 2002b). Phosphorus sources can include fertiliser, plant residue, slurry, animal waste
and wastewater. Here, a recent INCA‐P model version (v0.1.30) with erosion based P leaching and
suspended solids processes, is being used.
3.14 INCA‐N
INCA‐N is a process‐based model that uses a mass‐balance approach to track mineral nitrogen in a
watershed (Whitehead et al. 1998; Wade et al. 2002a). The model is semi‐distributed and
incorporates point sources, non‐point source, hydrology, land‐based nitrogen processes and
instream nitrogen processes to simulate the daily flow, NO3‐N and NH4‐N concentrations in
catchment streams.
The land‐based portion of the model includes two zones: the groundwater zone and the soil zone.
The model uses hydrologically effective rainfall (HER) as the input to the soil water. HER is defined as
the portion of precipitation that reaches stream channels either through surface runoff or by
groundwater discharge (Rankinen et al. 2002). The HER can be supplied for the whole catchment or
for individual subcatchments within the model. The time it takes for rainfall to make it to the stream
is driven by the base flow index (BFI), residence time constants and soil properties that lead to direct
runoff. All of the HER that does not runoff infiltrates and passes through the soil zone. The BFI
determines the portion of water that will pass through the groundwater zone after going through the
soil zone.
The land‐based nitrogen processes of mineralization, nitrification, plant uptake, denitrification and
immobilization are simulated in the model. All of these process rates are temperature and moisture
dependent. The process rates can be defined for up to six land use classes. Denitrification and
nitrification are simulated in the in‐stream portion of the model. The in‐stream process rates are
temperature dependent and can be altered between reaches. INCA‐N models transformation of
nitrogen within the catchment, as well as leaching of inorganic nitrogen. It is assumed in the model
that there is an infinite source of organic nitrogen that can be mineralized. Fertilizer applications
(NO3‐N and NH4‐N), atmospheric deposition, point sources of nitrogen and biological nitrogen
fixation are the other sources of nitrogen considered in the model.
3.15 LLR
The Lake Load Response (LLR) model (Malve 2007, Malve et al., in prep) is a steady‐state
probabilistic model that estimates maximum nutrient loads that are allowed for a good water quality.
Chlorophyll a concentration, a surrogate for algal biomass, is used as an ecological metric. LLR
consists of three component models. First, the N and P nutrient retention models (Vollenweider,
1968; Chapra, 1975) allow the calculation of the lake N and P concentrations given the loads. Then,
the hierarchical linear regression model for chlorophyll a (Malve, 2007) predicts the chlorophyll a
concentration given the calculated N and P concentrations. In contrast to the Vollenweider’s
phosphorus retention model, the LLR retention model has been further re‐parameterized by adding
an internal load term to the model. This improves the model performance and reduces the model
error especially for eutrophying lakes with considerable internal loading (such as Lake Pyhäjärvi).
In LLR, both the retention model and the targets are probabilistic (e.g. 50% probability that the target
chl‐a is at least achieved). In order to get probabilistic assessments of the in‐lake concentrations, the
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inference is done in the Bayesian modelling framework. In the Bayesian framework, the unknown
model parameters are first assigned a prior distribution, and with the help of the input data, the prior
knowledge is then updated to calculate posterior distribution. Using Bayesian inference with Markov
Chain Monte Carlo (MCMC) simulation methods, the predictions of both water quality and the model
error can be made on a statistical basis.
In the modelling chain the LLR model thus converts N and P loads from process‐based catchment
models (INCA‐N/P) into probability distributions of total P and chlorophyll‐a concentrations in the
present state and in the future, using climate and land use change scenarios.
3.16 MyLake
MyLake (Multi‐year Lake simulation model is a one‐dimensional process‐based model code (v.1.2)
for simulation of daily vertical distribution of lake water temperature and thus stratification,
evolution of seasonal lake ice and snow cover, and phosphorus‐phytoplankton dynamics (Fig. 14)
(Saloranta & Andersen, 2007). MyLake is suitable for Finnish lakes due to its ability to simulate lake
ice and snow cover. MyLake model code aims to combine good simulation capabilities with efficient
model execution time and easy application of numerical uncertainty and sensitivity analysis
techniques. Because of these issues, MyLake is suitable for fast simulations over decades and thus
predicting the impacts of climate change scenarios (Saloranta & Andersen, 2007).

Fig 14. A schematic illustration of the flows between the main
state variables in MyLake model, dissolved inorganic
phosphorus (phosphate, PD), phosphorus bound to inorganic
particles (PIP), dissolved organic phosphorus (PDO), chlorophyll
a (PChla), and suspended inorganic matter (S).

MyLake model code has a simple, vertically structured phosphorus‐phytoplankton dynamics
simulation. MyLake has two phytoplankton groups but for practical reasons we have set the other
group as zero. The one phytoplankton group is modelled with two state variables. The first is
phytoplankton biomass (PChla) measured as chlorophyll a. In the model PChla attenuates light and is
subject to sinking losses. The second state variable is dissolved inorganic phosphorus (phosphate, PD).
The concentration of total phosphorus in the model is formed with the different phosphorus
components i.e the sum of chlorophyll a, phosphate, dissolved organic phosphorus (PDO) and
phosphorus bound to inorganic particles (PIP) (Ptot=PD+PIP+PDO+PChla). A detailed model code
description with technical details and equations is given in Saloranta & Andersen (2007).
In the model chaining the phosphorus fractions produced by INCA‐P (chapter 3.13) were given as
input values to MyLake. Inflow concentrations of TP and PP from INCA‐P were used as such in
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MyLake (TP and PIP). The dissolved inorganic phosphorus that INCA‐P produces (TDP) was
transformed to organic phosphorus (PDO) for MyLake. As the proportion of river‐transported P in
dissolved form is about 25 % (Ekholm et al, 1997) and the proportion of the inorganic phosphorus is
23 %, the dissolved organic phosphorus for MyLake is PDO =0.02*TDP. In the MyLake output the total
phosphorus is PTOT = PD + PIP+ PDO+ PChla.

3.2 Model calibration and testing
To support this chaining, also INCA‐N was calibrated (3.23), together with sensitivity and uncertainty
analysis (chapter 3.32, 4.21), but the major focus in this report is in the WSFS – INCA‐P – LLR –model
chain because P is the most important limiting nutrient for phytoplankton biomass in Lake Pyhäjärvi.
3.21 Manual calibration ‐ INCA‐P
Model calibration was done manually to gain an understanding of model behaviour. Iterative
calibration between the flow and biogeochemical components of process‐based models tends to
lead to better model performance when judged using goodness of fit criteria. First, INCA‐P was
calibrated for the 6‐year period 2003‐2008. Fig. 15 shows flow, total P and suspended sediments for
the period.

Fig 15. Baseline calibration of flow, total P and suspended sediments for the period 2003‐2008.

Calibration of flow was quite good (R2=0.56) and of total P also quite reasonable: INCA‐P simulates
well the phosphorus dynamics and levels but some peaks are a bit overestimated. Average simulated
(2003‐2008) total P concentration was 80 ug/l, a bit lower than measured average of 116 ug/l. The
model is relatively successful with SS as well, most of the random SS peaks are simulated adequately
but R2 was low, 0.033. Average simulated SS concentration was 19 mg/l vs. measured average of 30
mg/l. (parameter file: Ylaneenjoki P_INCA1_11_030412_KRSitges_5reach.par).
3.22 Model testing ‐ Split‐sample testing of INCA‐P calibration
The observed flow and water quality datasets were split in terms of time period (split‐in‐time). The
model calibration and testing was done by two modellers. The calibration was first done for the 6‐
year period (2003‐2008) by a first modeller. The first modeller calibrated the model for the above 6‐
yr period, and provided then both the results and the calibrated parameter set to the second
modeller.
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The second modeller ran the model with the 30‐year baseline period of 1981‐2010. With the first
calibrated parameter set, INCA‐P crashed with floating point errors, probable problems with too
much accumulation to certain storages etc., and some parameters had to be re‐calibrated. With this
re‐calibration, adequate results for the 30‐year period were detected (Fig 16):

Fig 16. Flow, total P and SRP for the 30‐year baseline period 1981‐2010.

By visual inspection of the fit, concentration levels for both TP and SRP are reasonable, but the model
fails to simulate e.g. the highest observed SRP concentrations. Note that model input data is from a
bias‐corrected scenario, which means that year‐to‐year simulated flow and concentration peaks
include randomness. The modelled concentration levels should be close to observed levels, they are
somewhat lower, however. Average simulated (1981‐2010) total P concentration was 78 ug/l/ vs.
measured average of 112 ug/l. Measurements are focused in spring and autumn high low periods,
and total P correlates positively strongly with flow, this fact explains at least part of the difference.
Average simulated SRP concentration was 19 ug/l versus measured average of 14 ug/l. Sensitivity of
INCA‐P calibration using PEST software and comparison to empirical P model and soil data are
discussed in chapter 4.22.
3.23 Manual calibration ‐ INCA‐N
The Integrated Catchment model for Nitrogen (INCA‐N) was applied to the catchments of the River
Yläneenjoki and the River Pyhäjoki, in order to improve the estimations of nitrogen load reaching the
Lake Pyhäjärvi (Etheridge et al., 2010). The model was calibrated for flow, nitrate concentrations, and
ammonium concentrations for each catchment for the years 2003‐2008 (Table 7). The simulated
hydrograph was similar to the observed hydrograph in each catchment with the major difference
being the flow peaks were lower in the simulated results (R2=0.71‐0.72). The dynamics of nitrate
concentrations were reasonably represented in each catchment, but the extreme observed values in
summer and winter were not reproduced in the simulations (R2=0.37‐0.46) (Fig 17). The simulated
ammonium concentrations followed the seasonal trends of the observed data based on visual
inspection, but statistically were not as good as the flow or nitrate calibrations (R2=0.20‐0.25). In the
Yläneenjoki catchment, the simulated ammonium concentrations were much lower than the
observed concentrations in the summer (Fig 17). For the Pyhäjoki catchment, the simulated spring
and winter peaks in ammonium were higher than the observed data in all years except 2003. The
22

results support the need for accurate inputs to the model, especially fertilizer application rates. The
calibrations also showed that continuous nutrient monitoring data is beneficial for producing
accurate watershed models (Etheridge et al., 2010).

Fig 17. NO3‐N and NH4‐N simulated and observed concentrations during 2003‐2008 at Yläneenjoki river.

Table 7: Input parameters for the INCA‐N simulation of the Yläneenjoki catchment.

23

The improved calibrations of the Yläneenjoki catchment (this present calibration as compared with
earlier calibration by Granlund et al. (2008) would not have been possible without the continuous
nitrate data that was available for two periods in 2007. The usefulness of this small amount of data
shows the need for continuous monitoring for the development and calibration of models that
produce continuous results. Continuous monitoring of ammonium would improve the understanding
of processes that alter ammonium concentrations and improve the ability to model these processes
(Etheridge et al., 2010).
The comparison of the Yläneenjoki and Pyhäjoki catchments shows how heterogeneous the Finnish
landscape is and the need for accurate data describing the geology of the catchments for modeling.
Although the Yläneenjoki and Pyhäjoki catchments are adjacent to each other, their hydrology is
significantly different due the large influence of groundwater in the Pyhäjoki catchment. The
differences in hydrology also influenced the transport/transformations of nitrogen in the catchment.
In addition, soft data was used to reduce uncertainty in the calibration and validation of the INCA‐N
model at Yläneenjoki catchment (Etheridge et al., 2013), discussed more in detail in chapter 4.21.

3.24 Setup of LLR model
In order to get probabilistic assessments of the P and chlorophyll a concentrations in the Lake
Pyhäjärvi, the Yläneenjoki INCA‐P and INCA‐N loads were taken as inputs to the LLR model. The
nutrient retention model fit for the baseline N and P data are evaluated.
Data
As input data the LLR model requires the time series of total phosphorus and nitrogen loadings
together with the in‐lake total phosphorus and nitrogen concentrations and outflow. If there are
concentration values from different parts of the lake, those from the main basin are used, and if
samples are taken from different depths of the basin, the volume weighted average should be
calculated. Further, loading values and outflow values need to be averaged over the lake’s retention
time (rounded up to whole years). Besides input data, LLR uses basic information about the lake:
volume, mean depth and lake type.
For Lake Pyhäjärvi, the observed nutrient loading and concentration data from 1980‐2005 were used
(Table 8). As the retention time of Lake Pyhäjärvi is over 3 years, the input data for the model were
averaged to 4 years.
Table 8. Input data for LLR retention model setup and calibration: 4‐year averaged values of N and P loadings
(1980‐2005), concentrations and outflow.

N loading
(kg d‐1)
763
852
1037
778
917
902

P loading
(kg d‐1)
46
44
46
37
40
37

N concentration
(µg l‐1)
423
461
487
468
467
476

P concentration
(µg l‐1)
16
15
18
19
19
21

Outflow
(m3 s‐1)
6
6
5
5
5
4
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The internal loading is considered as a random variable, and for MCMC runs the starting value of the
summer time internal loading for Lake Pyhäjärvi was set to 0.105 g/m2/a (Nürnberg, 2012), which is
almost as much as the summer time external loading to the lake.

Model fit /baseline period
The LLR retention models for P and concentrations were fitted to the input data. The convergence of
both models was good and the amount of accepted MCMC runs was 87 % (P model) and 71 % (N
model). In the P model fit, the effect of internal loading is obvious and the observed P relationship
between the P loading and P concentration seems to be negative (Fig 18 on left, black dots). The LLR
model’s internal loading parameterization does flatten the loading‐concentration relationship in the
Vollenweider model but not enough for these data (circles). The N retention model results show that
all the observed values are inside the 90 % confidence interval and the model reproduces the
concentration‐loading relationship quite well (Fig 18 on right).
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Concentration estimate as a function of external loading

Concentration estimate as a function of external loading
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Fig 18. P and N model fits and extrapolated concentration estimates by LLR model.

In order to estimate the lake’s chlorophyll a concentration in the present state with the given
nutrient loadings, the estimated median total phosphorus and nitrogen concentrations were
substituted to the chlorophyll a model equation. With the observed P and N loadings, the
chlorophyll‐ a median estimate is 6.97 µg/l, which denotes the Lake Pyhäjärvi to be in the boundary
of good and moderate status classes. The most probable class according to LLR results is slightly
above the level, i.e. Moderate (51 %, Fig 19) but the official classification for Lake Pyhäjärvi’s
chlorophyll a is defined as Good (median value 7 ug/l).
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Chl-a probability distribution with the observed nutrient loadings
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Fig. 19. Chlorophyll‐a probability distribution in Lake Pyhäjärvi with observed P and N loadings. The
confidence of class estimates are shown with different colours.

By changing the P and N loading values in the model, we can use this calibration as a basis for the
scenario analysis. The results are shown in chapter 4.12.
3.25 Manual calibration and sensitivity analysis ‐ MyLake model
Data
Required information needed for setting up the MyLake application for Lake Pyhäjärvi include
meteorological variables, lake morphometry and initial profiles, and model parameter values. For
evaluating the model results, the observed surface layer lake concentrations of total phosphorus,
chlorophyll a, suspended solids and phosphate are required. The meteorological forcing data used in
setting up a MyLake model application includes air temperature, relative humidity, air pressure, wind
speed, and precipitation. Daily or sub‐daily meteorological observations were obtained from a
nearby station (Finnish Meteorological Institute, FMI) in 2000‐2009.
In the first setup, monthly mean time series of total P, dissolved inorganic P and suspended solids
concentrations in the inflowing water were obtained from local authorities. Daily time series of water
inflow from river Pyhäjoki and river Yläneenjoki, were obtained from HERTTA database (SYKE). The
nutrient transport from these rivers was multiplied by 1.22 in order to also account for the loads
from the nearby catchment areas, and for deposition into the lake surface area. The concentration of
dissolved organic phosphorus was unknown and it was set to be 2 percent of total phosphorus. The
inflow of chlorophyll a was assumed to be very small (0.1 ug/l). All the sub‐daily time series were
integrated to daily values.
Initial values
The definition of the initial lake concentration profiles of total phosphorus and chlorophyll a were
based on the springtime observations available from the HERTTA database (SYKE). For suspended
inorganic matter and dissolved organic phosphorus, homogeneous initial profiles were defined. The
initial profile of sediment bulk concentration of total phosphorus was slightly increased based on the
knowledge of heavy internal loading in the lake.

Calibration and sensitivity analysis
The thermodynamic part of the model for Lake Pyhäjärvi has been previously calibrated against lake
temperature observations (Fig. 20) in the WISER project (Malve et al, 2009, WISER deliverable 5.2‐1).
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The observations of temperature profiles were taken in the deepest part of Lake Pyhäjärvi in 2001‐
2003 and 2005‐2009. The calibration was done manually by using the parameter for the wind
sheltering effect, i.e. effect of surrounding terrain on sheltering a water body from winds observed at
a meteorological station that may be located at a distance from the water body. The wind sheltering
affects the wind induced vertical mixing of the lake in the open water period and thus the degree of
temperature stratification.
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Fig 20. Model results of calibration period (2005‐2009) and validation period (2001‐2004) for water
temperature at depths 0‐1 m, 9‐10 m and 19‐20 m. Blue line denotes the model simulation and red marks are
observed temperatures [°C].

The calibration of total phosphorus and chlorophyll a was done by utilizing the results of the
sensitivity analysis. The model’s sensitivity to changes in the parameters was applied to MyLake
model by using the Extended FAST sensitivity analysis (Fourier Amplitude Sensitivity Test) in the way
that it has been done in Saloranta & Andersen (2007) (see details). The model was run from May
2003 to September 2004 and the total number of model runs was 10 000, with 13 parameters. The
parameters sensitivity was monitored to total phosphorus, dissolved inorganic phosphorus,
chlorophyll a and suspended solids. The mean values in the surface layer (0‐2 m) were used.
The most influential parameters for total P and chlorophyll a based on the sensitivity indices of the
analysis turned out to be the resuspension rate and phytoplankton growth rate (Fig 21). Also growth
and loss rates of phytoplankton play a role.
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Fig 21. The sensitivity analysis results for total P and Chl‐a. Only the most influential parameters are shown:
specific growth rate of phytoplankton at 20°C (µ’(20)) , loss rate at 20°C m(20), settling velocity for Chl‐a
(wchla), particle resuspension mass transfer coefficient in epilimnion (Ures_epi ) and scaling factor for inflow
concentration of total P (TPIN_scaling).

The manual calibration of the chlorophyll a and total phosphorus was done based on the results of
the sensitivity analysis by changing the most influential parameters. The model calibration period
was 2005‐2009 and the validation period 2001‐2004. The parameter values used in the calibration
are shown in Table 9.
Table 9. Calibrated parameter values for Lake Pyhäjärvi. Only the values that have been changed are shown.

Wstr

Wind sheltering coefficient

0.7

‐

Ures_epi

Resuspension rate of dry sediment particles in epilimnion

9.1∙10−7

m d−1

wS

Settling speed of inorganic sediment particles

0.8

m d−1

wChla

Settling speed of phytoplankton

0.1

m d−1

m(20)

Remineralisation rate of phytoplankton in 20 °C

0.01

d−1

μ(20)

Growth rate of phytoplankton in 20 °C

0.6

d−1

The results of phosphorus‐phytoplankton model calibration are shown in Figure 22. In addition to
visual inspection of the fit of the simulated data to that observed, two goodness of fit criteria are
used, R2 and Root Mean Squared Error (RMSE). The results show that the model reproduced the
average levels in total phosphorus rather well. The chlorophyll a levels were slightly overestimated as
the observed growing season mean is 7.1 ug/l and the modelled mean is 9.9 ug/l. R2 and RMSE for
phosphorus are 0.9 and 5.9 and for chlorophyll a 0.53 and 5.4. When calibrating suspended solids the
settling speed of inorganic sediment particles was increased as we know from previous studies
(Malve et al. 1994) that it is approximately 0.8 m d−1 in Lake Pyhäjärvi. The average level and annual
changes in suspended solids seem to be simulated quite well.
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Fig 22. Model results of calibration period (2005‐2009) and validation period (2001‐2004) for total
phosphorus, chlorophyll a and suspended solids concentrations in surface layer (0‐2 m). Blue line denotes
the model simulation and red marks are concentrations.

It seems that MyLake does not simulate the phytoplankton‐phosphorus dynamics adequately in the
late summer. Even though the spring peak in Chl‐a is shown well in the model results, the decline in
the mid‐summer and the new increase in late summer are not being totally detected by the model,
partly due to internal loading. Improving the model performance could be further tested by using
high‐resolution data and thus calibrating the model against daily or weekly observations instead of
monthly means. On the other hand, it should be remembered that MyLake is 1‐d model applied here
to a large lake. The model has a very simple phytoplankton‐phosphorus model code and thus the
model results cannot be completely accurate.

3.3 Sensitivity and uncertainty analysis
3.31 Auto calibration of MyLake model
The MyLake model calibration was first done manually using visual inspection, different goodness of
fit criteria, and FAST sensitivity analysis described earlier in 3.25. However, as MyLake model is well‐
suited for automatic calibration routines and uncertainty analysis, they were tested for Lake
Pyhäjärvi application. The automatic calibration was tested with two different methods: i) basic
MCMC calibration (Saloranta & Andersen, 2007) and ii) MCMC‐DREAM (Vrught et al. 2008 and 2009).
The first method is the MCMC code that is originally developed for MyLake model calibration. The
second, and more sophisticated method, is suitable especially for model chaining applications.
The work for automatic calibration was started for Lake Pyhäjärvi the same way as in Norway, using
the Bayesian inference scheme with MCMC‐DREAM. The MCMC‐DREAM algorithm for the
thermodynamic part of the model for Lake Pyhäjärvi has been set up and initially tested. The
calibration was tested by using three physical parameters: wind mixing coefficient, vertical diffusion
coefficient and the minimum possible stability frequency against temperature observation alone. The
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calibration period was open water season in 2002. The results of the sensitivity analysis were used in
order to get good initial values for the MCMC‐DREAM chains.
To show the progress of the auto calibration, the MCMC‐DREAM chains produced for the three
parameters in Lake Pyhäjärvi model application are shown in Figure 23.
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Fig. 23. The MCMC‐DREAM algorithm and MyLake calibration tested by using three physical parameters:
wind mixing coefficient, vertical diffusion coefficient and the minimum possible stability frequency
against temperature observation, Lake Pyhäjärvi, 2002.

Based on our experience, setting up the MCMC DREAM runs turned out to be quite challenging and
time‐consuming. Although after the technical and the initial requirements are carefully carried out,
running of the automatic calibration scheme will be straightforward.
In order to get the uncertainty assessment for the indicator variables, the basic MCMC method was
implemented from Saloranta’s earlier studies (Saloranta et al. 2007, Saloranta et al. 2009). The model
was calibrated against monthly mean values of total phosphorus (TP), suspended solids (SS) and
chlorophyll (chl‐a). The calibration parameters (Table 10) were the same as used in the sensitivity
analysis: scaling factors of inflow, resuspension rate for SS, settling speed for SS and phytoplankton,
growth and mortality rates for phytoplankton. The prior distributions for all the parameters were set
to be uninformative and flat. Figure 24 shows the calibration results of MyLake MCMC runs in Lake
Pyhäjärvi for years 2001‐2009.
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Fig. 24. The initial results of MCMC model runs for Lake Pyhäjärvi. The model was calibrated against monthly
mean values of TP, Chla and SS for years 2001‐2009. The red marks are observed concentrations, the bold
blue shows median modelled concentrations and the thin blue lines 95 % credible intervals of the modelled
concentrations.
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These two auto calibration methods are useful addition to single model application as well as to
model chaining studies. The uncertainty assessment and the simultaneous parameter investigation
that auto calibration methods bring to modeling procedure, are no doubt a great benefit. Setting of
the starting values and the prior distributions ‐ as well as modifications of the model code ‐ need
careful consideration and profound understanding of these methods. For Lake Pyhäjärvi and other
lakes, these methods will be further examined in future projects.

Table 10. Calibrated parameter values for Lake Pyhäjärvi. Only the values that have been changed are
shown.

Ures_epi

Resuspension rate of dry sediment particles in epilimnion

9.1∙10−7

m d−1

wS

Settling speed of inorganic sediment particles

0.8

m d−1

wChla

Settling speed of phytoplankton

0.1

m d−1

m(20)

Remineralisation rate of phytoplankton in 20 °C

0.01

d−1

μ(20)

Growth rate of phytoplankton in 20 °C

0.6

d−1

3.32 Sensitivity and uncertainty analysis of INCA‐N at Mustajoki and Savijoki catchments
The semi‐distributed, dynamic INCA‐N model was used to simulate the behaviour of dissolved
inorganic nitrogen (DIN) in two Finnish research catchments. Parameter sensitivity and model
structural uncertainty were analysed using generalized sensitivity analysis. The Mustajoki catchment
is a forested upstream catchment, while the Savijoki catchment represents intensively cultivated
lowlands. In general, there were more influential parameters in Savijoki than Mustajoki. Model
results were sensitive to N‐transformation rates, vegetation dynamics, and soil and river hydrology.
Values of the sensitive parameters were based on long‐term measurements covering both warm and
cold years. The highest measured DIN concentrations fell between minimum and maximum values
estimated during the uncertainty analysis (Fig. 25). The lowest measured concentrations fell outside
these bounds, suggesting that some retention processes may be missing from the current model
structure. The lowest concentrations occurred mainly during low flow periods; so effects on total
loads were small (Rankinen et al, 2013).
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Fig. 25. Measured and simulated NO3‐N concentrations with simulated maximum and minimum uncertainty
bounds for the a) Mustajoki and b) Savijoki catchment (Rankinen et al, 2013).

3.4 Scenario analysis
3.41 Climate scenarios
The output from three Global Circulation Model‐Regional Climate Model combinations derived
during the ENSEMBLES project has used: ECHAM5‐KNMI, HadRM3P‐HadCM3Q0 and SMHIRCA‐BCM.
ECHAM5‐KNMI was chosen because it performed the best during ENSEMBLES climate modelling
testing and the modelled projections are close to the ENSEMBLES average. HadRM3P‐HadCM3Q0
represents one extreme in the ensemble producing warm, dry summers in comparison with other
combinations whilst SMHIRCA‐BCM represents the other extreme, being relatively cold and wet. The
A1B emission scenario will be used since this was used in ENSEMBLES. By 2050‐2060, there is little
deviation in climate model output due to emission scenario, hence using a single scenario is
acceptable.
The baseline period for the catchment flow and water chemistry modelling is 1981‐2010 and the
scenario period, 2031‐2060. In the Description of Work it is unclear if the project is projecting to
2050 or 50 years hence (to 2060). Using the period 2031‐2060 covers both 2050 and 2060. The
modelled outcomes for the scenario period, 2031 and 2060, will be compared with the baseline
period, 1981‐2010.
Bias correction & comparison between two correction methods ‐ Hydrological impacts of predicted
climate change
Hydrological input to INCA models is calculated by the operational WSFS watershed system, first
using ECHAM5‐KNMI scenario and comparing two bias‐correction methods. Transient climate
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change scenarios for periods 1981‐2010 and 2031‐2060 were derived from ECHAM5‐KNMI regional
climate model. Two bias‐correction methods were applied: in Method1 monthly mean precipitation
was corrected (P=a*P^b), while in Method 2 also temperature was corrected. These data sets were
used as input to the WSFS.
Next, the INCA models were applied to analyse hydrological model response to changing climate
conditions. Long‐term observed discharge data was available in one of the sub‐for comparison.
Figure 26a shows the simulated vs. observed discharge for period 1981‐2010 at Vanhakartano
monitoring site (outlet of Reach 4). Both correction methods reproduced the overall hydrological
regime but the discharge during winter months (Jan‐Mar) was slightly overestimated and the
snowmelt induced peak discharge in April underestimated, compared to observed values. During
July‐October, Method 2 seemed to underestimate discharge. This difference in discharge between
the two Methods was also seen in future (period 2030‐2061): Method 2 resulted in lower discharge
during the latter half of the year (Fig. 26b). The hydrological regime in winter was strongly influenced
by the change in snow cover: the average snow water equivalent clearly decreased during winter
months (Fig. 26c).
Method 2 provided model crashes in INCA‐P, probably because some of very extreme summer daily
values were overestimated as compared with observations. Particularly Fig 26c shows that the
differences in SWE between methods 1 and 2 were quite minor. For further work, scenarios based
on Method 1 were chosen, except for HadRM3P‐HadCM3Q0 and SMHIRCA‐BCM where also
temperature was corrected due to errors in non‐corrected, raw scenario data.

Fig. 26a. Simulated vs. observed mean discharge for the baseline period 1981‐2010 at Vanhakartano
monitoring site, with two bias correction methods (M1 and M2).

Fig. 26b. Simulated mean discharge in 2031‐2060 at Vanhakartano monitoring site, with two bias correction
methods (M1 and M2
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Fig. 26c. Simulated mean snow water equivalent (SWE) at sub‐catchment number 4, with two bias correction
methods (M1 and M2).

3.42 Land use scenarios
Future land cover was generated for the model scenarios through a local interpretation of the four
storylines (global‐local, economic‐sustainable) as outlined in the Special Report on Emissions
Scenarios. An example was presented in the Antalya meeting for the Yläneenjoki catchment. To help
interpret the likely future land cover, this was done in conjunction with colleagues from WP6 and
stakeholders. Figure 27 shows the possible land‐use storylines and details of the scenarios for the
INCA‐P model.

1 Baseline 1981‐2010
2 Future climate 2031‐2060
3 Future climate + Land‐use change 1
No subsidies, Effective agriculture, increase of oil crops by 25%
4 Future climate + Land‐use change 2
Domestic markets, 10% of forests to arable land, increased winter cereals (55% of arable
land)
5 Future climate + Land‐use change 3
Environmental farming, increase of vegetation cover during winter‐time by up to 100%
6 Future climate + Land‐use change 4
Nature conservation, change of 20% of arable land to forests
Figure 27. Land‐use storylines and details of the four land‐use scenarios obtained for the Yläneenjoki
catchment.
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3.43 Nitrogen deposition scenarios
REFRESH Nitrogen scenarios were taken into account for INCA‐N. For the INCA‐P, deposition of
phosphorus is negligible and long‐term changes in local scale processes which deposit P from fields
into the lake are not expected.
3.44 Water use scenarios
The water use scenarios have been derived for each catchment based on expert knowledge of
modellers, socio‐economists (in WP6) and stakeholders, to be checked for consistency with those
from the SCENES project, but given that SCENES was working at the European scale it is not expected
that the scenarios will be consistent between scales though a good reason for the deviation is
required. It is expected that there will be a relationship between the water‐ and land‐use scenarios.
The changes in water use are expected to be minor in Finnish case study, however. Irrigation within
normal crops in Finnish conditions is negligible in large catchment scales, and it will most probably be
negligible also in the future.
In summary, 15 scenarios (+ mitigation measures) are based on the climate simulator output. These
are:
 Three CC scenarios, ECHAM5‐KNMI, HadRM3P‐HadCM3Q0 and SMHIRCA‐BCM
 Four scenarios considering different land cover, deposition and water usage conditions and
the climate
 Mitigation measure scenarios with and without CC scenario, linked to the WP6 work. In
Finnish case, we simulate the impacts of increased winter vegetation cover and impacts of
reduced fertilization levels.
3.45 Mitigation measures
Based on expert knowledge, discussions with stakeholders and WP5‐WP6 co‐operation, increased
vegetation cover during winter‐time and decreased use of fertilizers were assumed to be of
importance, possible to model with INCA models, and of having capacity to potentially reduce P
loading from agricultural areas to the lake. These measures were modelled by INCA‐P, to test their
impact on phosphorus loads from the catchment, using the basic scenarios below:
1.
2.
3.
4.

Baseline 1981‐2010
Vegetation 40% increase
Vegetation 70% increase
Fertilizer 100% decrease

WP6 focused in its cost‐effectiveness analysis on these same mitigation approaches. The cost‐
effectiveness analysis studied also differences between combinations of alternative farming practices
that increase winter‐time vegetation coverage. The alternatives studied by WP6 were 1) change from
spring cereals (rye and wheat) to autumn cereals (rye and wheat); 2) change from ploughing to direct
sowing; and 3) set‐aside fields (i.e. nature management fields). Effects of the alternatives and their
combinations on phosphorous discharges from fields were modelled with INCA‐P by SYKE’s WP5
team. Those results are reported in the WP6 deliverable 6.14 (Varjopuro et al., 2013).
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4. RESULTS AND DISCUSSION
4.1 Scenario analysis results
Setup of the models was reported in chapter 3, uncertainty analysis of INCA‐N model (4.21), and
MyLake results are discussed in 4.3. Scenario analysis results are reported in this chapter 4.3, with
mitigation measures in 4.13 and 4.14.
4.11 INCA‐P and INCA‐N scenario outputs to the lake models
Table 11 shows average simulated values of baseline and five scenarios at the Reach 4 (Vanhakartano
measurement site). Scenarios are detailed in chapter 3.41 and 3.42.
Total P concentrations are simulated to increase due to three CC scenarios (‐5 ‐ +10%), due to land‐
use scenarios 1 and 2 (+11‐ +30%), and to decrease according to ‘green’ land‐use scenarios 3 and 4
(‐5 ‐ ‐31%). Suspended solid concentrations are simulated to stay stable or decrease (‐ 4‐ ‐18%) from
baseline to CC scenario. Decrease of SS concentrations from baseline to ECHAM5‐KNMI CC scenario
was unexpected (Table 11).
Table 11. Simulated average concentrations of three baseline and fifteen scenarios at the Reach 4.

Simulated average concentrations
of three baseline and fifteen
scenarios at the Reach 4.
1 Baseline 1981‐2010 ECHAM5‐KNMI
2 Future climate 2031‐2060 ECHAM5‐KNMI
3 Future climate ECHAM5‐KNMI + LC1
4 Future climate ECHAM5‐KNMI + LC2
5 Future climate ECHAM5‐KNMI + LC3
6 Future climate ECHAM5‐KNMI + LC4
7 Baseline 1981‐2010 SMHI‐BCM
8 Future climate 2031‐2060 SMHI‐BCM
9 Future climate SMHI‐BCM + LC1
10 Future climate SMHI‐BCM +LC2
11 Future climate SMHI‐BCM +LC3
12 Future climate SMHI‐BCM +LC4
13 Baseline 1981‐2010 Hada1b
14 Future climate 2031‐2060 Hada1b
15 Future climate Hada1b + LC1
16 Future climate Hada1b + LC2
17 Future climate Hada1b + LC3
18 Future climate Hada1b + LC4

Flow

totP
2,30
2,22
2,22
2,22
2,21
2,22
2,18
2,32
2,32
2,32
2,31
2,31
2,23
2,28
2,28
2,28
2,28
2,28

SRP
77,6
85,4
100,5
98,2
61,1
73,4
73,7
79,1
89,5
87,7
58,3
66,5
86,1
82,2
95,7
95,3
59,3
70,1

SS
19,2
18,4
17,2
17,2
18,2
19,5
22,2
19,2
18,0
18,0
18,9
20,3
21,2
18,1
16,9
16,9
17,9
19,2

18,5
15,2
15,1
16,0
14,4
14,6
17,5
17,6
18,1
19,7
14,2
16,8
18,2
17,4
17,8
18,9
16,6
16,6

Average loads simulated by the same 15 scenarios, together with mitigation measures, are given in
Table 12. The INCA‐P provides very reasonable, a slightly underestimating simulation of average load
of SS (13300‐14500 kg/km2/yr) vs. observed average load of 17700 kg/km2/yr in the baseline period
36

of 1981‐2010 (Table 12). For the SRP, the differences are very small: 7.0‐7.4 vs. observed 7.7
kg/km2/yr. Table 12 shows the loads delivering to the Lake Pyhäjärvi (reach 5; 233 km2) which is
lower in the catchment than the observation station (Reach 4; 197 km2). Observed loads from Reach
4 were scaled to Reach 5, multiplying them with catchment area ratio, 233/197.
For total P, model slightly over‐estimated the average load, 61‐71 vs. average observed load of 47
kg/km2/yr. On the contrary, model simulated concentrations were – on average –somewhat lower
than the measured ones. The main reason is probably that the model over‐estimates flow to some
extent. Baseline average flow was 2.58‐2.72 m3s‐1, as compared with observed flow of 2.35 m3s‐1
(Table 12). It is also obvious that relationship between flow and total P is positive and non‐linear.
The simulated P time‐series seems to be somewhat too peaky, some of the peaks are overestimated,
and some of the base flow periods underestimated.
Increase of total P loading in future climate (2.3‐10%), together with intensive agriculture (Land‐use
changes 1 and 2) (23‐32%) is very logical, as well as decrease by more ‘green’ scenarios 3 and 4 (10‐
25%) (Table 12, Fig. 28). For SS loading, there is clearly higher variability to responses between
different CC and land use scenarios than with total P (Table 12, Fig. 29).
Table 12. Average loads at Yläneenjoki (reach 5) to Lake Pyhäjärvi simulated by the same scenarios,
together with mitigation measures.
m3/s
kg/km2/a kg/km2/a kg/km2/a
AVERAGE LOADS Reach
5
Flow
totP
SRP
SS
1 Baseline 1981‐2010 ECHAM5‐KNMI
2,72
70,6
7,4
14457
2 Future climate 2031‐2060 ECHMA5‐KNMI
2,63
76,3
7,1
8245
3 Future climate ECHAM5‐KNMI + LC1
2,63
92,9
6,5
9792
4 Future climate ECHAM5‐KNMI + LC2
2,63
92,3
6,5
9792
5 Future climate ECHAM5‐KNMI + LC3
2,62
57,1
7,0
7394
6 Future climate ECHAM5‐KNMI + LC4
2,62
63,4
7,5
7262
Measure Fertilization 100% decr
2,72
70,5
7,3
14457
Measure Vegetation cover 40% incr
2,72
61,7
7,4
14078
Measure Vegetation cover 70% incr
2,72
55,2
7,4
13567
Present loads based on obs data ‐1981‐2010
2,35
46,5
7,7
17700
7 Baseline 1981‐2010 SMHI‐BCM
2,58
62,8
7,0
13324
8 Future climate 2031‐2060 SMHI‐BCM
2,75
69,3
7,5
12066
9 Future climate SMHI‐BCM + LC1
2,75
77,3
6,9
13347
10 Future climate SMHI‐BCM + LC2
2,75
77,9
6,9
16422
11 Future climate SMHI‐BCM + LC3
2,74
54,0
7,4
7113
12 Future climate SMHI‐BCM + LC4
2,74
53,7
7,9
11325
13 Baseline 1981‐2010 Hada1b
2,65
61,3
7,2
13481
14 Future climate 2031‐2060 Hada1b
2,71
62,7
7,3
12732
15 Future climate Hada1b + LC1
2,71
75,7
6,7
12965
16 Future climate Hada1b + LC2
2,71
76,5
6,7
15558
17 Future climate Hada1b + LC3
2,70
46,1
7,2
12225
18 Future climate Hada1b + LC4
2,71
52,2
7,7
11125

37

Fig. 28. INCA‐P simulated total P fluxes (kg/km2/yr) at Yläneenjoki (reach 5). Three baseline scenarios 1981‐
2010 and fifteen scenarios (CC and Land‐use change scenarios 1 to 4) for 2031‐2060. Three mitigation
measures are also shown.
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Fig. 29. INCA‐P simulated Suspended solid (SS) fluxes (kg/km2/yr) at Yläneenjoki (reach 5). Three baseline
scenarios 1981‐2010 and fifteen scenarios (CC and Land‐use change scenarios 1 to 4) for 2031‐2060. Three
mitigation measures are also shown.

Total N loads were estimated from INCA‐N scenarios for inorganic N loads using a scaling factor, to
be further taken into input values in LLR model (Chapter 4.12). Baseline inorganic N load (ECHAM5‐
KNMI scenario) was 1100 kg/km2/yr i.e. somewhat overestimating observed load. Simulated CC load
was 1010 kg/km2/yr, LC1+LC2 1440‐1470 kg/km2/yr, and LC3+LC4 670‐900 kg/km2/yr, respectively.

4.12 LLR model results
The LLR model was used to produce a target load matrix (N x P loads) which will estimate the loads
required to produce a given water quality, defined in terms of chlorophyll‐a, for a given lake.
INCA‐P and INCA‐N modelled loads were taken as input to LLR, for baseline, CC and LC1‐LC4
scenarios, separately for each of three CC scenarios.
For the LLR scenario runs, the Yläneenjoki INCA‐P and INCA‐N loadings were multiplied by 1.45 in
order to add the loads from the nearby catchment area and the deposition into the lake surface area
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(Ventelä et al., 2007). As the total nutrient load values modelled with INCA were somewhat larger
than the observed loadings from Yläneenjoki, the INCA‐P and N baseline values were scaled to match
the observed loading level. All the INCA‐N values (ECHAM5‐KNMI) were multiplied with 0.6 and INCA‐
P values were multiplied either with 0.66 (ECHAM5‐KNMI), 0.75 (Hada1b) or 0.73 (SMHI‐BCM).
Accordingly, the loadings and further the LLR modelling results are comparable with each other, and
the baseline is the observed level, and it is also same for all the used scenarios.
Figure 30 shows water ecological response (Chl‐a) as a function of incoming INCA‐P and –N loads
(ECHAM5‐KNMI CC scenario + LC scenarios). It would not be possible to achieve Good status of the
lake (WFD limit of chl‐a 7 ug/l, red line) with the intensive agriculture scenarios 1 and 2, the lake
would clearly be in Moderate state in most years. With the ‘green environment’ scenarios 3 and 4,
the chl‐a concentration would reach Good level in average. Changing climate would slightly increase
the reduction need of the nutrient loadings.

Fig. 30. LLR‐model estimate for chlorophyll‐a concentration in Lake Pyhäjärvi as a function of phosphorus and
nitrogen loading (g/m2/a) to the lake as modelled by INCA‐P and INCA‐N. Baseline, CC (ECHAM KNMI) and
CC+LC1, CC+LC2, CC+LC3 and CC+LC4 scenarios are shown. The red curve (Good/Mod 7, solid) shows P/N
load combinations at which the Chl‐ a concentration will stay at good water quality (Good/Moderate, chl‐a 7
‐1
/ug l ) with 50 % probability.

The confidence of the WFD compliance with different land use change scenarios differ in the future
climate (ECHAM5‐KNMI). According to LLR model results, the probability of achieving good status
(Chl‐a as indicator) in the baseline is 49 % and in the future climate the probability is lower (37 %).
With the ‘green’ land‐use change scenarios (LC3 and LC4) the compliance would most probably be
reached. With land‐use change scenario 3, 84 % of the modelled chl‐a would be below the
good/moderate limit and with scenario 4, 73 % respectively (Fig 31).
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Fig 31. The probabilities to reach a certain water quality status in the Lake Pyhäjärvi, with chl‐a used as an
indicator. Baseline, CC ECHAM5‐KNMI + four land‐use scenarios LC1 to LC4 are given.

Further, LLR model was used to estimate chlorophyll‐a concentration in Lake Pyhäjärvi as a function
of phosphorus (ECHAM5‐KNMI, Hada1b, SHMI‐BCM) and nitrogen loading (g/m2/a) (KNMI) to the
lake as modelled by INCA‐P and INCA‐N, for baseline, three CC scenarios (ECHAM5‐KNMI, Hada1b,
SMHI‐BCM) and corresponding CC+LC1, CC+LC2, CC+LC3 and CC+LC4 scenarios (Fig. 32). The
response of Chl‐a to KNMI (average scenario) and Hadley scenarios (warm, dry summers) was quite
similar. For SMHI‐BCM scenario (cold, wet), Chl‐a response for all CC+LC scenarios was much
smoother, lower increase for LC1 and LC2, and lower decrease for LC3‐LC4, respectively (Fig. 32).
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Fig. 32 LLR‐model estimate for chlorophyll‐a concentration in Lake Pyhäjärvi as a function of phosphorus
(KNMI, Hada1b, SHHI‐BCM) and nitrogen loading (g/m2/a) (KNMI) to the lake as modelled by INCA‐P and
INCA‐N. Baseline, three CC scenarios (ECHAM KNMI, Hada1b, SMHI‐BCM) and corresponding CC+LC1,
CC+LC2, CC+LC3 and CC+LC4 scenarios are shown. The dashed red line shows Good/Moderate target limit of
WFD, 7 ug/l).

Figure 33 shows corresponding responses for total P concentration as Fig 32 for Chl‐a. For the most
part, responses are similar to the responses for chlorophyll‐a.
Somewhat surprisingly, for all three CC scenarios, the estimated increase for both Chl‐a and P was
quite similar (Fig 32 and 33). The most likely reason is that for the P concentration estimates, the
internal loading affects the model results quite strongly. The P concentration and external loading
relationship is rather weak, and the changes in the external loading do not clearly show in the lake –
at least not in the shorter time periods. This also affects the chlorophyll estimates. On the other
hand, we have reasonable and logical results with all used CC scenarios – which increases confidence
of the results obtained.
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Fig. 33. LLR‐model estimate for total P concentration in Lake Pyhäjärvi as a function of phosphorus (KNMI,
Hada1b, SHHI‐BCM) to the lake as modelled by INCA‐P. Baseline, three CC scenarios (ECHAM KNMI, Hada1b,
SMHI‐BCM) and corresponding CC+LC1, CC+LC2, CC+LC3 and CC+LC4 scenarios are shown. The dashed red
line shows Good/Moderate target limit of WFD, 18 ug/l).

4.13 Mitigation measures run by INCA‐P and LLR
The used mitigation measures were given in chapter 3.45. An increase in the winter vegetation cover
in arable land seems to effectively decrease total P concentration of the Yläneenjoki river (Figure 34).
About 80 % of winter vegetation cover (present of 25% + 55% of increase) was simulated to be
enough to decrease average P concentration in the river to the WFD target level of 60 ug/l.

Fig 34. Decrease of INCA‐P simulated totP concentration (1981‐2010 averages) together with increasing
winter vegetation cover. Note that present level of winter vegetation cover is 25%.

43

But the focus in this exercise was on the lake: a 40% increase in the winter vegetation cover would
decrease P loads to the Lake Pyhäjärvi from 70.5 to 61.7 kg/km2/year i.e. 13%, while a 70 % increase
would decrease P loads 22%, respectively (Table 12).
These measures were further taken into the LLR model, to simulate their effectiveness in the lake
itself. Figure 35 shows estimated daily total P and Chl‐a concentrations as cumulative distributions in
Lake Pyhäjärvi and Figure 36 the estimated Chl‐a concentrations as Box and whisker plots,
respectively.
Particularly increase in winter vegetation seems to decrease Chl‐a while decrease in P fertilizations
seems not to have an impact.
Probability of achieving Good status is higher if P is the target variable (Fig. 35a). With Chl‐a as target
variable, probabilities are somewhat lower, with higher risks to obtain Moderate status during
certain years (Fig. 35b, Fig. 36). These model estimates were used further in WP6 CEA analysis
(Varjopuro et al, 2013; REFRESH Deliverable 6.14).

Figure 35ab. Estimated daily total P and Chl‐a concentrations as cumulative distributions in Lake Pyhäjärvi.
Baseline, with mitigation measures 40 and 70% winter vegetation increase, and 100% P fertilizer decrease
are shown.
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Fig. 36. LLR estimated Chl‐a concentrations in Lake Pyhäjärvi. Baseline, with mitigation measures 40 and 70%
winter vegetation increase, and 100% P fertilizer decrease are shown.

4.14 Best and worst case scenarios – climate‐proofing of scenarios and measures
Climate‐proof of the effectiveness of measure ‐ 40% increase in winter vegetation ‐ was tested with
more scenarios. These scenarios included worst and best cases with and without measures (Step 8 in
modelling procedure). Worst case means most adverse ecological impact in terms of ecological
indicator from land cover plus climate. Best case means least adverse ecological impact, respectively.
Baseline SMHI‐BCM + measure
Future climate (ECHAM5‐KNMI) + measure
Worst case [CC KNMI + LC1] + measure
Best case [CC SMHI‐BCM + LC4] + measure
Winter vegetation measure (40% increase) increased the probability that the lake will stay in Good
status (Chl‐a would decrease from 6.7 to 6.5 ug/l) (Table 13 and Fig. 37). We can also notice that this
measure would improve the status of the lake from Moderate to Good status in future climate
situation (Chl‐a would decrease from 7.3 to 6.2 ug/l), so based on our model runs it seems to be
climate‐proof (Table 13 and Fig. 37), and even more effective in future climate.
Of our scenarios, the worst case is with CC scenario KNMI + LC1, obtaining a median Chl‐a
concentration of 9.4 ug/l (Figure 32, Table 13), i.e. giving the Moderate status for the lake. The best
case is with CC scenario SMHI‐BCM + LC4 land‐use scenario, with a median Chl‐a of 6.1 ug/l (Fig 32,
Table 13), i.e. reaching the Good status. (Land use change 3 scenarios could not be used in this
comparison, because they include 100% increase in winter vegetation cover, i.e. the same approach
as with mitigation measures).
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With Worst case scenario (lake in Moderate status), we tested if the most effective measure (40%
increase in winter vegetation) would make the status of the lake better. It was modeled to decrease
median Chl‐a from 9.4 to 7.4 ug/l (Table 13, Fig. 37) but the state of the lake would remain as
Moderate.
With Best case scenario (lake in Good status), we tested if the most effective measure (40% increase
in winter vegetation) would make the status of the lake even better. Median chl‐a was modeled to
decrease from 6.1 to 5.9 ug/l (Table 13, Fig. 37) and the state of the lake would clearly remain as
Good.
Table 13. Statistics of the LLR‐model estimates for Chl‐a concentration in Lake Pyhäjärvi as a function of
phosphorus and nitrogen to the lake as modelled by INCA‐P and INCA‐N. Baseline, measure of 40% increase
in winter vegetation, climate change with and without measure, as well as best and worst case with and
without measure are shown.
Baseline 1981‐2010 SMHI‐BCM
Measure 40% incr. in winter vegetation
Future climate CC KNMI
Future climate CC KNMI + measure
Worst case CC KNMI + LC1
Worst case CC KNMI+LC1+measure
Best case CC SMHI‐BCM+LC4
Best case CC SMHI‐BCM+LC4+measure

Min
4.0
3.9
4.4
3.7
4.3
4.4
3.7
3.4

1st quartile
6.1
5.8
6.6
5.5
8.0
6.6
5.5
5.2

Median
6.7
6.5
7.3
6.2
9.4
7.4
6.1
5.9

Mean
6.8
6.5
7.4
6.3
9.5
7.4
6.2
5.9

3rd quartile
7.5
7.2
8.1
6.9
10.7
8.1
6.8
6.5

Max
12.5
12.6
12.2
12.7
20.2
12.3
10.9
13.0

Chlorophyll-a concentration ug/l

15

10

5

Best case
C SMHI-BCM+LC4+measure

Best case
CC SMHI-BCM+LC4

Worst case
CC KNMI+LC1+measure

Worst case
CC KNMI + LC1

Future climate
CC KNMI + measure

Future climate
CC KNMI

Measure 40% incr.
in winter vegetation

Baseline 1981-2010
SMHI-BCM

0

Fig. 37. LLR‐model estimate for chlorophyll‐a concentration in Lake Pyhäjärvi as a function of phosphorus and
nitrogen to the lake as modelled by INCA‐P and INCA‐N. Baseline, measure, climate change with and without
measure as well as best and worst case with and without measure are shown. The dashed red line shows
Good/Moderate target limit of WFD, 7 ug/l).
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For the total P concentrations, the results are rather similar to chlorophyll‐a results (Table 14 and
Figure 38). As the climate change would increase the median P concentration from 17.5 ug/l to 19.9
ug/l, the measure in the changing climate would reduce the P concentration under the
Good/Moderate limit, to 15.4 ug/l. In the best case the P concentration would be even lower, 13.9
ug/l. With the worst case scenario, without the measures, the P concentration would be 24 ug/l and
thus the lake would be in Moderate class in average.
Table 14. Statistics of the LLR‐model estimates for total P concentration in Lake Pyhäjärvi as a function of
phosphorus to the lake as modelled by INCA‐P. Baseline, measure of 40% increase in winter vegetation,
climate change with and without measure, as well as best and worst case with and without measure are
shown.

Baseline 1981‐2010 SMHI‐BCM
Measure 40% incr. in winter vegetation
Future climate CC KNMI
Future climate CC KNMI + measure
Worst case CC KNMI + LC1
Worst case CC KNMI+LC1+measure
Best case CC SMHI‐BCM+LC4
Best case CC SMHI‐BCM+LC4+measure

Min
14.2
13.1
16.5
12.1
20.3
16.8
12.5
10.6

1st quartile
16.8
15.7
19.2
14.8
23.2
19.4
15.1
13.2

Median
17.5
16.4
19.9
15.4
24.0
20.1
15.8
13.9

Mean
17.5
16.4
19.9
15.4
23.9
20.1
15.8
13.9

3rd quartile
18.2
17.1
20.6
16.1
24.6
20.8
16.5
14.6

Max
20.7
19.6
23.1
18.7
27.3
23.3
19.0
17.2

30

TotP concentration ug/l

25

20

15

10

5

Best case
CC SMHI-BCM+LC4+measure

Best case
CC SMHI-BCM+LC4

Worst case
CC KNMI+LC1+measure

Worst case
CC KNMI + LC1

Future climate
CC KNMI + measure

Future climate
CC KNMI

Measure 40% incr.
in winter vegetation

Baseline 1981-2010
SMHI-BCM

0

Fig. 38. LLR‐model estimate for total P concentration in Lake Pyhäjärvi as a function of phosphorus to the
lake as modelled by INCA‐P. Baseline, measure, climate change with and without measure, as well as best
and worst case with and without measure are shown. The dashed red line shows Good/Moderate target
limit of WFD, 18 ug/l).
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Combined table of all the scenarios above (chapters 4.11‐4.14) modelled by WSFS ‐ INCA ‐ LLR model
chain, including river concentrations and loads and average concentrations in the lake, together with
WFD classes for both river and lake, is given in Appendix 1.
4.15 MyLake results
To deal with structural uncertainty, multiple model applications were performed, using both MyLake
and LLR lake models. These models were used to study responses of lake to changes in nutrient
loading and to detect the key ecological indicators and their responses in changing lake ecosystems.
MyLake model runs were done with the calibrated model, together with sensitivity analysis (chapter
3.25) using INCA‐P model outputs of discharge and daily concentrations of total phosphorus and
suspended matter. The calibration was done using observed inflow data. Therefore in MyLake runs
where INCA‐P output has been used, the scaling factor of inflow concentrations was set to 1.47 in
order to account for the inflow from river Pyhäjoki and nearby catchment areas of the lake.
Figure 39 shows simulated Chl‐a concentrations in future climate as compared with baseline of 1981‐
2010, and Fig. 40 gives monthly variability of simulations for CC (scenario ECHAM5‐KNMI) and the
land‐use scenarios. As expected, the chlorophyll a concentration in the Lake Pyhäjärvi will increase in
the future climate (Fig. 39). Both the spring and late summer peaks of the phytoplankton abundance
seem to get stronger. Comparing the land use change scenarios, the MyLake results are well in
accordance with the LLR‐results: the green land use change scenarios (LC3 and LC4) produce the
lowest chlorophyll a concentrations and with the scenarios LC1 and LC2 the chlorophyll a
concentration increases. Figure 41 show impact of mitigation measures on dynamics of Chl‐a in the
baseline period of 1981‐2010.

Fig 39. Daily chlorophyll a concentrations in Lake Pyhäjärvi simulated with MyLake using INCA‐P outputs –
Future climate (ECHAM5‐KNMI) as compared with baseline.
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Fig 40. Monthly mean concentrations of chlorophyll a in Lake Pyhäjärvi simulated with MyLake using INCA‐P
baseline output and INCA‐P outputs with different future outcomes.

Fig 41. Daily chlorophyll a concentrations in Lake Pyhäjärvi simulated with MyLake using INCA‐P baseline
output and INCA‐P outputs with different mitigation measures. Red dashed line denotes Good/Moderate
class limit of chlorophyll a.

4.2 Sensitivity and uncertainty analysis
4.21 Reducing uncertainty in INCA‐N using soft data
The uncertainty analysis extends the global sensitivity analysis, by running the acceptable ‘global
sensitivity analysis’ parameter sets again, and recording the simulated values. These results will be
statistically aggregated to draw the band of uncertainty around the calibrated model results. This
uncertainty should be compared with the simulation results of the ‘robustness analysis’. This
uncertainty analysis was done for INCA‐N simulated flow and streamwater nitrogen concentrations
(Fig. 42).
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Fig. 42. Uncertainty analysis for INCA‐N simulated flow and streamwater nitrogen concentrations, period
2003‐2008 (Etheridge, unpublished).

Calibration of catchment scale models to observed conditions can be difficult due to parameter
uncertainty and the heterogeneity of catchment processes. Soft data, i.e. knowledge of processes
gained through experimentation, has been suggested as one method of reducing uncertainty and
producing a more accurate model of the processes that occur in a catchment. The INCA‐N model was
calibrated and validated for the Yläneenjoki catchment in south‐western Finland by incorporating
soft data. Data from literature, producer interviews, and monitoring databases were used in the
calibration procedure to produce a model that was a more accurate representation of the processes
occurring in the catchment (Fig. 43). The calibration for 2003‐2008 produced an adequate model of
the in‐stream nitrate concentrations (R2=0.45, NS=0.42). However, model validation using data from
1997‐2002 showed the simulated in‐stream nitrate concentrations were above the observed
concentrations throughout the entire period (R2=0.34, NS<0). These results show that soft data can
be used to constrain model parameters resulting in a more accurate model of the catchment, but
does not guarantee the best validation results as the simulated processes may not occur at the same
time and rate as they did in the catchment (Etheridge et al, 2013).
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A) Start
Run INCA-N

Adjust nitrogen
transformation rates

B) Are the nitrogen
process rates within
the expected range?

No

Add the missing sink
or source of nitrogen

Yes
C) Are the soil and
groundwater NO3-N
and NH4-N
concentrations
reasonable?

No

Adjust initial
groundwater
concentration or
appropriate process
rate

Yes
D) Do the in-stream
NO3-N and NH4-N
concentrations
follow the trend of
the observed values?

No

F) Is a source or sink
of nitrogen missing
from the model?
No

Yes

Yes

See Note below

Run INCA-N
E) Are the results a
visually good fit and
the R2 and NS values
acceptable?
Yes
Calibration complete

No

Adjust in-stream
nitrogen parameters
Note: Evaluate all model parameters, available
data, and the flow calibration. Either continue the
calibration with the understanding that the result
is the best calibration possible with the available
data or collect more data to improve the
calibration.

Figure 43. Calibration procedure for the nitrogen portion of the INCA‐N model using soft data (Etheridge et
al, 2013).
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4.22 Sensitivity of INCA‐P calibration using PEST software
4.221 Calibration strategy
The Model Independent Parameter Estimation System (PEST) (Doherty and Johnston 2003)) was used
to make an automatic multi element and multi‐site calibration, and to make a parameter sensitivity
analysis. The starting point for the automatic calibration was the stem‐only manual calibration using
the INCA‐P model version 0.1.30 (chapter 3.21), which was used in climate and land‐use scenario
runs and in the mitigation measure runs. In the manual calibration, GIS (Geographical Information
System ) maps of Digital Elevation Model, Corine 2006 land use and soil profile data in 25*25 m grids
were used. In this calibration, the nine sub‐basins of Yläneenjoki catchment (Ekholm 1993) were
aggregated into five sub basins around the main branch of the river.
In the automatic calibration here, the branching version 1.0.2 of the INCA was used. The catchment
was divided into nine sub basins according to the above river basin division (Ekholm 1993) including
the hierarchy between the basins. The river was divided into 3 sections according to the river width
of GIS map (Joki250). These sections have the same parameter values for suspended sediment
processes. The section A (width >20 m) covers sub catchment 34.041 and 34.042, the section B
(width 5‐20 m) sub catchments 34.043 and 34.044, and the section C sub catchment 34.045, 34.046,
34.047, 34.048 and 34.049 (< 5 m). In the river the total length of reaches representing that width
was included.
The Yläneenjoki catchment was divided into two parts according to the erosion sensitivity map
(Figure 44) calculated by applied USLE (Universal Soil Loss Equation) (Räsänen 2010). The erosion
sensitive area A covers sub‐catchments 34.041, 34.042, 34.043 and 34.046. The area B covers sub‐
catchments 34.044, 34.045, 34.047, 34.048 and 34.049 where soil types are less prone to erosion and
fields are not directly connected to water courses (Figure 45). These two areas have different
parameter values for erosion and transport capacity processes. 40% of the field area was located in
area B.
In the automatic PEST calibration, three groups of parameters were used: i) Parameters whose values
were known, like catchment area and areal percentages of different crops belonged to the first
group. These values were not allowed to change. ii) the second group included relatively well known
parameters whose values were allowed to change in narrow and known limits. iii) the third group
included parameters whose values were not known. They were allowed to change in large limits.
The INCA‐P model was calibrated against daily observations of discharge and monthly to biweekly
observations of suspended sediments, dissolved P and total P observations at the Vanhakartano
water quality monitoring station (34.042). In addition there were available short seasons of
automated discharge and suspended sediment measurements in the sub‐catchment Peräsuonoja
(34.048). Calibration period was 2003‐2008 and validation period 2009‐2011.
In the river water, 71% of total P was in particulate form and rest in dissolved form, mainly as soluble
reactive phosphorus which was assumed to be directly available for algae. Thus in PEST calibration all
observations and elements (discharge, suspended sediments, phosphorus forms) got equal weights.
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Figure 44. Erosion sensitivity map, and sub catchment divisions of the Yläneenjoki catchment.

Figure 45. Relative erosion sensitivity (K‐value) of the fields in different sub catchments.

4.222 Calibration results
Automatic calibration improved both timing and volume of simulated discharge (Table 15). Manual
calibration underestimated discharge especially in low‐flow periods (Figure 46). Both manual and
automatic calibration failed to explain discharge in period 2009‐2011. Main reason for that was two
winter periods (2010 and 2011) when hydrological WSFS model produced runoff due to precipitation
event and temperature just above zero degrees. These runoff peaks were not observed in the river.
Suspended sediments and phosphorus simulations did not improve much, and goodness of fit values
remained clearly lower than those for discharge (Table 16). Manual calibration underestimated
suspended sediments concentrations and did not show the seasonality in which summer
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concentrations were in general lower than concentrations in other seasons. Automatic calibration
produced higher concentrations and overestimations, somehow repeated seasonality (Figure 47). In
total P simulations, the difference between manual and automatic calibrations and measurements
were smaller though in manual calibration autumn concentrations were underestimated. In manual
calibration SRP concentrations were overestimated without any seasonality but automatic calibration
produced correct level and seasonal pattern and higher R2 value for the validation period.
a)

b)

Figure 46. Modelled and measured discharge by a) manual, and b) automatic calibration.

Table 15. Goodness of fit‐values for discharge for INCA‐P manual and automatic calibration.
Calibration
R2
N‐S
Log (N‐S)
RMSD
Normalized
RMSD
Manual
Discharge,
0.564
0.564
0.76
1.725
0.998
calibration
Discharge,
0.277
0.074
0.149
3.248
‐0.101
validation
Automatic
Discharge,
0.721
0.472
0.256
2.372
0.715
calibration
Discharge,
0.28
‐0.459
0.325
3.591
1.207
validation

Bias

3.745
‐0.340

‐0.431
0.043
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Table 16. Goodness of fit values of concentrations for INCA‐P manual and automatic calibration.
RMSD
Normalized RMSD
Bias
Calibration
R2
Manual; calibration
Suspended sediments 0.033
26.573
249.473
19.742
Total P
0.008
0.094
1.206
‐0.038
TDP
0.000
0.035
1.189
0.026
Manual; validation
Suspended sediments 0.001
22.336
1.197
‐6.945
Total P
0.011
0.085
0.081
‐0.026
TDP
0.016
0.033
0.018
0.028
Automatic; calibration
Suspended sediments 0.015
0.085
1.070
‐0.030
Total P
0.012
0.084
1.071
‐0.035
TDP
0.000
0.048
1
‐0.034
Automatic; validation
Suspended sediments 0.016
32.825
1.314
23.120
Total P
0.051
0.056
1.172
‐0.033
TDP
0.075
0.018
1.2
0

Figure 47. Seasonality of measured and simulated concentrations according to manual calibration and
automatic calibration. a) suspended sediments (SS), b) particulate phosphorus (PP) c) total phosphorus (TP)
and c) total dissolved phosphorus (TDP).
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4.223 Comparison to empirical P model and soil data
The simulated influence of P balance on labile P pool was compared with the results of an empirical
model. Labile P pool corresponds to easily soluble P pool from soluble P leaching occurs. Soil‐test P
value is indicator of that pool. The empirical model (Ekholm et al., 1999) relates the P surplus (or
deficit) in a farm to the edge‐of‐field losses of algal‐available P. Based on long‐term fertilizer trials,
the model first estimates the change in soil‐test P of top soil with the aid of the soil‐surface balance
of P. Soil‐test P is then used to approximate the concentration of dissolved reactive P in surface
runoff and drainage flow, as adjusted for different P application types.
In comparison the average soil test P value (12.5 mg/l) of the main crop was used. P deficit and
surplus was calculated as fertilization minus crop uptake. INCA‐P gave similar results (Fig. 48) but was
in general more conservative than the empirical model which gave decrease in labile P even in
positive P balances.
In addition, the calibrated equilibrium coefficients were compared to measured equilibrium
coefficients in corresponding laboratory experiments. Main soil types in the Yläneenjoki catchment
are clay (Eutric Cambisol 2, Vertic Cambisol) and till and rock (Lithic Leptosol 1, Haplic Podzol 1,2), but
also some organic soil types (Fibric/Terric Histosol 1) (Lilja, et al. 2006). Equilibrium concentrations in
agricultural areas were close to what (Peltovuori, et al. 2002) measured in relatively coarse
structured agricultural soils (Fig. 49a) and in forest soils close to what (Väänänen 2008) measured in
Podzol soils in Myrtillus type forests. Further, equilibrium concentrations in sediments and in water
were in line with measurements of (Koski‐Vähälä 2001).

Figure 48. The effect of P deficit or surplus on soil‐test P values.
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Figure 49. INCA‐P simulated and measured P equilibriums in laboratory (see References in the text).

4.224 Sensitivity analysis
In calibration the most sensitive parameters were those that define flow erosion and transport
capacity in those lower (area A) catchments, which in USLE analysis showed high vulnerability to
erosion. On the other hand, soil processes did not show any influence in upper catchments (Area B;
34.045, 34.046, 34.047, 34.048). Further, parameters defining particle entrainment in river bottom
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especially in upper reaches (river width < 5m) played a role in calibration. In general, P process
parameters showed lower sensitivity than erosion and sediment transport parameters. In calibration
the most sensitive P equilibrium parameters was connected to forest soil and river water processes
(Figure 50).

a)

b)

c)

Figure 50. The most sensitive parameters found in INCA‐P calibration procedure.
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5 CONCLUSIONS
The Pyhäjärvi Lake is the largest lake in south‐western Finland, and of high importance both
regionally and nationally. It is shallow and mesotrophic with exceptionally high fish productivity,
which makes it an important lake also for commercial fishing. Increased eutrophication of the Lake
Pyhäjärvi – mostly due to agriculture ‐ has been a major concern since the late 1980s as
Cyanobacteria blooms have become more and more frequent.
The ecological response of Lake Pyhäjärvi ‐ due to climate and land use changes – has been evaluated
by chaining watershed, river and lake models. Within the model chain, hydrological watershed model
WSFS provides boundary conditions to INCA‐P and N catchment/river models, whilst INCA‐P output
time series serve as input data to MyLake lake model. INCA‐P and INCA‐N output time series together
serve as input data to LLR model. The model chains seem to work adequately as the results were
logical throughout the model chain.
Climate and land use change scenarios
For all three CC scenarios, the LLR model estimated increase for both Chl‐a (major ecological
indicator of the lake) and total P was quite similar, changing the status of the lake from Good to
slightly Moderate. The reason is most probably that for the P concentration estimates, the internal
loading affects the model results quite strongly. The P concentration and external loading
relationship is rather weak, and the changes in the external loading do not clearly show in the lake –
at least not in the shorter time periods. This affects also to the chlorophyll estimates. On the other
hand, we have quite reasonable and logical results with all used CC scenarios – which increases
confidence of the results obtained.
Four land‐use scenarios produced logical results, when comparing intensive agriculture scenarios (1
and 2) to environmental ‘green’ scenarios (3 and 4). Intensive agriculture scenarios changed the
status of the lake from Good to clearly Moderate, while environmental scenarios (3 and 4) remained
it clearly as Good.
The response of Chl‐a to KNMI (average scenario) and Hadley scenarios (warm, dry summers) was
quite similar. For SMHI‐BCM scenario (cold, wet), Chl‐a response to all CC+LC scenarios was
smoother, lower increase for LC1 and LC2, and lower decrease for LC3‐LC4, respectively.
The land‐use change scenarios seem to have a more pronounced impact on the lake than CC
scenarios. But the LC scenarios include also CC scenarios in the background, and it is possible that
land‐use changes are needed to ‘catalyze’ climate change impacts. The interactions and feedback
mechanisms between these changes in the time period of 50 yrs are highly complex, however, with
numerous changes in hydrological dynamics, snow/frost conditions in milder winters, catchment and
lake processes, cultivation practices and timings, crop types etc.
Mitigation measures, best and worst scenarios
Particularly increase in winter vegetation (e.g. 40%) seems to decrease Chl‐a while decrease in P
fertilization seems not to have a clear impact. Probability of achieving Good status in the lake is
higher if P is the target variable. With Chl‐a as target variable, probabilities are somewhat lower, with
higher risks to obtain Moderate class during certain years. These model estimates of impacts of
mitigation measures were used further in WP6 CEA analysis.
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Climate‐proof of the effectiveness of measures (40% increase in winter vegetation) was tested with
more scenarios (Step 8 in modelling procedure) – worst and best cases with and without measures.
Worst case means most adverse ecological impact in terms of ecological indicator from land cover
plus climate. Best case means least adverse ecological impact, respectively. Based on our model runs
the above measure seems to be climate‐proof, and even more effective in future climate. Measure
did improve also somewhat the state of the lake, both with worst and best scenarios.
Models and methodology
To deal with structural uncertainty, multiple model applications were performed, using both MyLake
and LLR lake models. These models were used to study responses of lake to changes in nutrient
loading and to detect the key ecological indicators and their responses in changing lake ecosystems.
Use of the probabilistic lake model LLR gave us more insight into the confidence of the model
results. Using not only one single value of the modelled concentrations but the whole probability
distribution, the risk in the decision making can be better accounted. For a lake like Pyhäjärvi which is
constantly in the boundary limit ‐ between good and moderate status ‐ it is worthwhile to know how
certain is the confidence of staying under the good limit. LLR is a simple model that uses average
growing season concentrations. With these multiple long scenario runs, a simple model is often a
good choice for screening the impacts of changing inputs.
MyLake – process based model is also a useful tool to predict the impacts of future scenarios.
Although it seems that the model does not simulate the phytoplankton‐phosphorus dynamics
adequately in the late summer, the spring peak in Chl‐a is shown well in the model results. The
decline in the mid‐summer and the new increase in late summer are not being totally simulated by
the model, partly due to internal loading. Improving the model performance could be further tested
by using high‐resolution data and thus calibrating the model against daily or weekly observations
instead of monthly means. On the other hand, it should be remembered that MyLake is 1‐d model
applied here to a large lake, and the model has a simple phytoplankton‐phosphorus model code.
An advantage of MyLake is the possibility to use auto calibration methods. Two methods were
tested, basic MCMC calibration and MCMC‐DREAM, which are useful additions to single model
application as well as to model chaining studies. The uncertainty assessment and the simultaneous
parameter investigation that auto calibration methods bring to modeling procedure, are no doubt a
great benefit. Setting of the starting values and the prior distributions, as well as modifications of the
model code, need careful consideration and profound understanding of these methods. For Lake
Pyhäjärvi and other lakes, these methods and lake models will be further examined in future
projects.
Sensitivity and uncertainty analysis by INCA‐N model. The uncertainty analysis extends the global
sensitivity analysis, by running the acceptable ‘global sensitivity analysis’ parameter sets again, and
recording the simulated values. These results will be statistically aggregated to draw the band of
uncertainty around the calibrated model results. In order to get a better insight into the behaviour
of INCA‐N model, parameter sensitivity and model structural uncertainty were also analysed using
generalized sensitivity analysis in Mustajoki forested catchment and in Savijoki agricultural
catchment which represents intensively cultivated lowlands.
Calibration of catchment scale models to observed conditions can be difficult due to parameter
uncertainty and the heterogeneity of catchment processes. Soft data, i.e. knowledge of processes
gained through experimentation, has been suggested as one method of reducing uncertainty and
producing a more accurate model of the processes that occur in a catchment. The results from
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Yläneenjoki catchment show that soft data can be used to constrain model parameters resulting in a
more accurate model of the catchment, but does not guarantee the best validation results as the
simulated processes may not occur at the same time and rate as they did in the catchment.
Sensitivity and uncertainty analysis by INCA‐P model. The INCA‐P model was able to reproduce
measured level and seasonality of suspended sediments and P fractions at the outlet of the
catchment. Automatic calibration improved timing and volume of simulated discharge. Simulated
total P concentrations by manual calibration did not considerably improve in automatic calibration,
goodness of fit –values remained rather low. Automatic calibration was better than manual
calibration with dissolved phosphorus and particulate phosphorus seasonal dynamics.
Sensitivity and uncertainty analysis provided important information about relative importance of
processes affecting P fluxes and about calibration of the INCA‐P model. Applied USLE analysis showed
that sub‐catchments along the river are more prone to erosion than those in upper reaches where
40% of fields are located. Sensitivity analysis showed that parameters defining soil erosion had high
influence on lower sub catchments but not in upper ones where most influential parameters were
those defining suspended sediment processes in the river. Phosphorus concentrations depended
mainly on equilibrium equations in forests and river water. In calibration process, emphasis should
be paid in flow transport routes and mechanisms. High relevance of riverine processes revealed a
potential issue in the model structure. In the model, P absorption to sediment has no limiting factor
while in reality sediment is not a sink in anoxic conditions.
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Appendix 1 Combined table of all scenarios by WSFS ‐ INCA‐P ‐ LLR model chain, including river
concentrations and loads and average concentrations in the lake, together with WFD classes for both river
and lake.
totP<60 Good
INCA‐P

INCA‐P

LLR

River concentrations

River loads

totP

totP

SRP

ug/l

ug/l

SRP

kg/km2/a

kg/km2/a

totP<18 Good Chl‐a<7 Good

totP<100 Moder

Lake concentrations

WFD class

WFD class

Chl‐a

River

Lake

Chemical

Chemical

tot P

ug/l

ug/l

Ecological

1 Baseline 1981‐2010 ECHAM5‐KNMI

77,6

19,2

70,6

7,4

6,8

17,5 Moderate

Good

Good

2 Future climate 2031‐2060 ECHAM5‐KNMI

85,4

18,4

76,3

7,1

7,4

19,9 Moderate

Moderate

Moderate
Moderate

3 Future climate ECHAM5‐KNMI + LC1

100,5

17,2

92,9

6,5

9,5

24,0 Poor

Moderate

4 Future climate ECHAM5‐KNMI + LC2

98,2

17,2

92,3

6,5

9,5

23,4 Moderate

Moderate

Moderate

5 Future climate ECHAM5‐KNMI + LC3

61,1

18,2

57,1

7,0

5,6

15,1 Moderate

Good

Good

6 Future climate ECHAM5‐KNMI + LC4

73,4

19,5

63,4

7,5

6,4

16,6 Moderate

Good

Good

7 Baseline 1981‐2010 SMHI‐BCM

73,7

22,2

62,8

7,0

6,8

17,5 Moderate

Good

Good

8 Future climate 2031‐2060 SMHI‐BCM

79,1

19,2

69,3

7,5

7,4

19,8 Moderate

Moderate

Moderate

9 Future climate SMHI‐BCM + LC1

89,5

18,0

77,3

6,9

9,0

22,0 Moderate

Moderate

Moderate

10 Future climate SMHI‐BCM + LC2

87,7

18,0

77,9

6,9

9,0

21,7 Moderate

Moderate

Moderate

11 Future climate SMHI‐BCM + LC3

58,3

18,9

54,0

7,4

5,8

15,6 Good

Good

Good

12 Future climate SMHI‐BCM + LC4

66,5

20,3

53,7

7,9

6,2

15,8 Moderate

Good

Good

13 Baseline 1981‐2010 Hada1b

86,1

21,2

61,3

7,2

6,8

17,5 Moderate

Good

Good

14 Future climate 2031‐2060 Hada1b

82,2

18,1

62,7

7,3

7,3

19,5 Moderate

Moderate

Moderate

15 Future climate Hada1b + LC1

95,7

16,9

75,7

6,7

9,4

23,5 Moderate

Moderate

Moderate

16 Future climate Hada1b + LC2

95,3

16,9

76,5

6,7

9,5

23,6 Moderate

Moderate

Moderate

17 Future climate Hada1b + LC3

59,3

17,9

46,1

7,2

5,5

14,7 Good

Good

Good

18 Future climate Hada1b + LC4

70,1

19,2

52,2

7,7

6,3

16,4 Moderate

Good

Good

1 Baseline 1981‐2010 ECHAM5‐KNMI

77,6

19,2

70,6

7,4

6,8

17,5 Moderate

Good

Good

Measure 40% incr in winter vegetation

65,1

19,3

61,7

7,4

6,5

16,4 Moderate

Good

Good

2 Future climate CC KNMI

85,4

18,4

76,3

7,1

7,4

19,9 Moderate

Moderate

Moderate

Future climate CC KNMI + measure 40%
3 Worst case CC KNMI + LC1

67,2

18,5

58,6

7,1

6,3

15,4 Moderate

Good

Good

100,5

17,2

92,9

6,5

9,5

24,0 Poor

Moderate

Moderate

Worst case CC KNMI + LC1 + measure 40%

81,8

17,3

76,9

6,5

7,4

20,1 Moderate

Moderate

Moderate

12 Best case CC SMHI‐BCM + LC4

66,5

20,3

53,7

7,9

6,2

15,8 Moderate

Good

Good

Best case CC SMHI‐BCM + LC4+measure 40%

57,0

20,4

48,1

7,9

5,9

13,9 Good

Good

Good

Measure Fertilization 100% decr

77,6

19,2

70,5

7,3

7,0

18,6 Moderate

Good

Moderate

Measure Vegetation cover 40% incr

65,1

19,3

61,7

7,4

6,5

16,4 Moderate

Good

Good

Measure Vegetation cover 70% incr

55,5

19,4

55,2

7,4

6,1

14,8 Good

Good

Good
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Appendix 2. The REFRESH Common Modelling Framework

The REFRESH Common Modelling Framework

The template for reporting the application of the REFRESH Common Modelling Framework at each
of the eight demonstration sites. The intention is that this template will also serve as a check‐list for
the model applications. 1Manual calibration is the minimum requirement.2A Sensitivity analysis is not
required for INCA‐N as this has been done before.
Task
1

Description
Model setup

Date completed

1.1
1.2
1.3

Model input data collated
Model geometry defined
Observations for testing collated

x
x
x

2

Calibration

2.1
2.2

Manual calibration
1
Auto‐calibration

2.3

Inverse modelling1

3

Testing

3.1
3.2

Split sample test done
Calibration and test performance assessed objectively

4

Sensitivity and robustness testing

4.1

Sensitivity analysis2

x
chapter 3.31
(MCMC‐MyLake)

x
x

done in MyLake
calibration (chapter
3.25, FAST‐MyLake),
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in 3.31 (MCMC‐
MyLake) and 3.32
(INCA‐N), 4.22
(INCA‐P)
4.2

Robustness analysis

5

Uncertainty analysis

done in INCA‐N
calibration (chapter
4.21)

6

Scenario analysis

x

6.1
6.2

ECHAM5‐KNMI climate scenario
ECHAM5‐KNMI climate plus four land cover/N deposition/water
use scenarios
HadRM3‐HadCM3Q0 climate scenario
HadRM3‐HadCM3Q0 climate plus four land cover/N
deposition/water use scenarios
SMHIRCA‐BCM climate scenario
SMHIRCA‐BCM climate plus four land cover/N deposition/water
use scenarios

x
x

6.3
6.4
6.5
6.6

x
x
x
x
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