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Abstract  The main goal is to evaluate the impact of land-use changes on water resources and to predict their evolution 
during the next 30 years. The investigation of four landsat images (1975, 1992, 2000 and 2006) allows close detection of the 
landscape and shows substitution of grassland by trees, especially in higher areas. We use the LCM model with Idrisi 
software to predict land-use evolution and then the SWAT (hydrological model) to calculate the water flows under these new 
land-use conditions. The climatic conditions are kept unchanged for the predict ive phase. The results show a clear decrease of 
the flows during the simulation period (1975-2010) which is around 15%. In fact, this observation can be related to the 
encroachment on landscape of landscape caused by the rural exodus recorded in France since 1970. The reduction in volume 
could be caused by evapo-transpiration and/or rises in infilt ration generating underground circulation. 
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1. Introduction 
Most of the processes that have substantial effects on the 

environment and especially water systems are related to 
land-use change. In  the French  Jura Mountains , th is 
phenomenon is highly related to the agricu ltural activit ies in 
the area and  their reduction  over the last 30 years. The 
transition processes are therefore the results of combining 
several natural and anthropogenic factors. They contribute to 
increased erosion processes such as chemicals transfers, and 
surface runoff. The acquisition of geographical data can be 
done by using remote sensing and GIS. The data is processed 
by using raster GIS techniques and several models dedicated 
to the evaluation of changes (LCM: Land Change Modeler), 
and used in the hydrological model to predict its impacts. 
This permits the comparison of the relative evolution of land 
cover over four dates, calibrating the hydrological model and 
finally t rying to make predictions for the next 20 years. In 
France and especially in the mountainous areas (Alps, Jura,  
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Vosges), the land cover shows several changes and most of 
the mountainous areas have seen their land-use changes 
progressively over the past three decades. Despite this, 
management forecasts are often beset by risks due to the 
unpredictability of the effects of the various actions 
envisaged. Managers may be faced with a choice between 
inaction or putting an action in place which has no guarantee 
of success. 

Our study will be focus on the evaluation of the degrees of 
change by using both remote sensing and GIS techniques 
which lead to the production of several models. These results 
provide a first basis for hydrological modelling and 
acquisition of useful forecast data for management.  

This article has two objectives: firstly, to assess the degree 
of transformat ion of forest landscape and secondly, to 
evaluate its impact on the hydrological dynamics of the Ju ra 
lakes and in part icular the Hérisson watershed. It is a 
prerequisite for the transposition of treatment to the larger 
Ain watershed, which is a major challenge for the region. 
This attempt at ecological and hydrological modeling is the 
first of its kind in this reg ion. It represents an innovative 
estimation of the evolution of vegetation cover, which 
provides a promising alternative for the management of large 
watersheds under the European framework d irective. 
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In scientific  terms, the paper attempts to evaluate this 
combination by estimating the predictive accuracy of the 
analysis both concerning vegetation cover and its 
consequences on the hydrological dynamics of the area. In 
this case, it is the definit ion of the limits of these models and 
the degree of freedom of their predictions, beyond which 
their calcu lations may not be considered valid. 

2. Study Area 
The study area of 53 km² belongs to the wide basin of the 

Ain which is a sub-watershed of the Rhône watershed. The 
Herisson watershed is located in the Jura department (39), in 
the east of France, 50 km from the Swiss border. The altitude 
range varies from 500 m in Val lake to more than 750 m for 
Ilay lake (Figure 1).  

The basin belongs to the Jura Mountains, being 
distinguished by a continental climate with few oceanic 
influences. The average yearly  precip itations (rain  and snow) 
fluctuate around 2 m and the average temperature is around 
10°C. Most of the watershed surface (60%) is covered by 
trees and surrounding areas are allocated to pasture, 
agriculture and build ings. 

The site under consideration is located on the second 

plateau of the Jura which contains three plateaus modeled by 
several tectonic phases of the Jurassic and Cretaceous 
periods. Most of these are defined by regional faults oriented 
N-S which fo rm part of the Syam network. The soil types are 
mainly  brown earth for the first 15 cm followed by b rown 
clay for 40 cm, amounting to around 75% of the total area. 
Agriculture is the principle economic activ ity, especially 
milk production, forestry and timber production. 

3. Methodology and Material 
To achieve our objective, several steps were necessary as 

shown in Figure 2. The first step focused on data production, 
especially landscape characterizat ion done using remote 
sensing (RS) and GIS (Geographic In formation System) 
software. The second phase was dedicated to the definition 
of the principle hydrological parameters (HRU), model 
calibrat ion and validation. The third part was an attempt to 
assess the potential impact  of land-use changes on the 
hydrological response and finally the variat ion of 
hydrological flow in several lakes. This shows that renewal 
times have increased, affecting most of the principle physical 
characteristics of the water courses. 

 
Figure 1.  Geographical location of the Herisson watershed (France) 
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Figure 2.  Principle steps of the protocol used to evaluate the impact of land-use on hydrological flows 

3.1. Remote Sensing and Land Cover Definition  

In order to study the dynamics of land-use, maps reflecting 
the status of land-use at different times are required. 

To create these maps, four images of the study zone were 
used: Landsat7 ETM+ (21/09/2006 and 21/07/2000), 
Landsat5 TM (05/08/1992), Landsat MSS (14/07/1975). 
These images in the zone under consideration were taken in 
the same season (dry season). This limits the possibility of 
errors in the classification process caused by the influence of 
seasonal factors on the changes in vegetation.  

Acquired data sets were processed and examined with 
ENVI4.5 software. After downloading from the Global Land 
Cover Facility (GLCF) and importing to ENVI, the satellite 
data were assessed for image quality. 

The ETM+, TM and MSS images did not exh ibit any 
significant radiometric noise in  the entire scene. These 
images also confirmed geometric correction by enabling 
comparison of the positions of specific points on the images 
and on the topographical map. The results showed that the 
geometric correction of the images is within acceptable 
standard (less than 1 pixel). 

Before actual image classification, the spatial resolution of 
the images had to be synchronized. The original resolution of 
the MSS image was 57 x 57 meters. To  compare this with the 
ETM+ and TM images, whose resolutions are 28.5 x 28.5 
meters, the MSS image needed re-sampling.  

The ETM+ 2006, ETM+ 2000, TM 1992 and MSS 1975 
images were classified using the Maximum Likelihood 
supervised classification, the most popular method used for 

quantitative analysis of remote sensing data (Pontius et al., 
2007). This method is based on using appropriate algorithms 
for p ixels’ classification in an image. Many algorithms are 
available for classificat ion, such as the ones based on models 
of probability distribution (Pontius et al., 2007; Perumal et 
al., 2010). According to several studies (Cetin  et al., 2004; 
Frinelle et al., 2001; Gholami et al., 2010; Akgün et al., 2004; 
Perumal et al., 2010), the Maximum Likelihood algorithm 
provided the most accurate and the most stable classification 
results. In addition, our experiments made during this study 
have again proved the above observation. The images from 
the seven predominant land-use types of the Herisson basin 
were classified in a monitored way: conifers, mixed forest, 
farm land, built-up areas, water and meadows. This was done 
by considering the spectral signatures from the training sites 
which were selected. Finally , the classificat ion of images 
was processed. With this procedure, four maps of land-use 
for 1975, 1992, 2000 and 2006 were generated. 

The validation fo r the categories was performed through 
the observations taken in the area. The purpose was to 
determine the number of observations that matched the 
classification which was undertaken, to estimate the level of 
correction. The overall accuracies of the land-use maps for 
2006, 2000, 1992 and 1975 were 86.50%, 85.67%, 88.19% 
and 85.92% respectively, and  the Kappa indices for each 
map were 0.83, 0.82, 0.83, and 0.84. 

3.2. Land-use Prediction and Hydrological Modeling  

The second part of the study involves the production of a 
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scenario of land-use change and the generation of predictive 
maps for the next  30 years. For processing and prediction, 
the LCM developed by the Clark Labs (Idrisi) was used to 
analyse land-use (Eastman J.R., 2001; Eastman J.R., 2003; 
Eastman J.R., 2006). Several studies had shown the 
effectiveness and accuracy of these methods based on the 
Markov Chain and the use of regression models (Neuronal 
and logit models) (Eastman J.R., 2006; Aguejdad et al., 2008) 
to improve the predictive results and help managers 
(Oñate-Valdiv ieso., 2010). The method used for analyzing 
the changes is that proposed by Pontius et al., 2004. This 
method allows the determination of persistence, gain or the 
loss, and substitution between categories. Three pairs of 
maps (1975, 1992), (1992, 2000), and (2000, 2006) were 
used to generate the predictive maps. This phase helped us 
first to identify potential relationships between land-cover 
changes and potential exp licat ive variab les, and then to 
validate the predictive model by comparing these results 
with the maps from 2000 and 2006. A cross tabulation was 
automatically generated, and the changes that occurred 
during the three analyses of (1975, 1992), (1992, 2000) and 
(2000, 2006) were determined respectively. Only the 
comparison between 1992 and 2000 was used in this study 
and considered as a sub-model of transition. Two steps 
distinguish this part of the study: 1) the focus on the selection 
of the explanatory variables, and 2) the creation of predictive 
maps for 2015, 2020 and 2030. The calibration of the model 
was made by comparing the pred ictive maps for 2000 and 
2006 with observed maps from RS processing for the same 
dates. The statistical processing was performed by the use of 
XLStat software and the determination of the Cramer V 
coefficient, which allowed the variables with high 
explicative potential to be evaluated. Only Cramer 
coefficients higher than 0.15 were considered and included 
in the transition model (Eastman J.R., 2006; 
Oñate-Valdivieso et al, 2010). The matrix of the Cramer 
coefficients was obtained by comparing the variables. Nine 
variables were considered including: topography (DEM), 
distance from built-up areas, distance from water, distance 
from roads, distance from coniferous forest, distance from 
mixed forest in 1992, and distance from farmland. 

The spatially d istributed hydrological models are used by 
several studies for their ability to represent basin dynamics. 

So, to assess the land-use impacts on the water flow in the 
Herisson basin, the use of this kind of model seems 
appropriate to prediction of environmental change especially 
within the hydrological system (Rafael Hernandez Guzman 
et al., 2009). 

For the hydrological modeling, the SWAT (Soil Water 
Assessment Tools) model was selected and used to perform 
the simulat ion and to evaluate the flow fluctuations of lakes, 
especially of Ilay, the largest lake. Considering basin and 
sub-basin scales based on the natural limit (boundary) is one 
of the most reliable hydrological approaches to appreciate 
water movement. This method gives all informations 
necessary for understanding the heterogeneity of watersheds, 
especially the processes. The extraction o f topographical 
features (drainage network, watershed delineation and slope) 
is described in the literature (O'Callaghan et al., 1985; 
Jenson et al., 1985; Jenson et al., 1987; Jenson et al., 1988). 
Three steps are necessary: 

− Watershed delineation: GTOPO30 Dem (with 25 m 
resolution ) and Digit ized streams are used; the outlet 
corresponds to the measurement point of the DREAL. 
This step is achieved by the use of RS and GIS. Some 
errors can be made by the aggregation of areas which 
causes a drastic reduction in accuracy due to the loss of 
informat ion. The best choice is to define a s mall area that 
is relatively homogenous (HRU) in terms of soil, land use, 
topography, slope, ... 
− So il maps are issued from the combination of 

land-use/land-cover maps, the geological map, and the 
field test for soil. These land-use and soil maps are then 
used to perform the HRU units (Rafael Hernandez 
Guzman et al., 2009; Arnold et al., 1998; Arnold et al., 
2005). 
− Climate data: all data are co llected from the personal 

weather station, belonging to the research team, and from 
Météo France. The period covered is 1975-2010. 
The calibration was made with observed data concerning 

measured, locally produced parameters. Indeed, the 
simulated data is compared with both the DIREN measures 
of flow performed during the period 1975-1980 and our 
measurements of water level obtained by the installation of 
instruments (Mini Troll 300) in the four lakes. 

Table 1.  Cramer V Coefficients 

 Conifers Mixed forest Farm land Built-up areas Water Meadows 
MNT 0.355 0.2550 0.3135 0.1424 0.1978 0.2078 

Distance from rivers 0.000 0.1499 0.1517 0.0835 0.0744 0.2182 
Distance from roads 0.000 0.3472 0.1526 0.2129 0.2347 0.0971 
Distance from cities 0.000 0.4800 0.2249 0.2554 0.2407 0.1569 

Distance from farm land in 1992 0.000 0.3636 0.1215 0.4008 0.2011 0.1344 
Distance from built-up areas in 1992 0.000 0.4210 0.2113 0.3784 0.2416 0.1022 

Distance from conifers in 1992 0.000 0.4740 0.1319 0.3239 0.1517 0.0224 
Distance from water in 1992 0.000 0.1843 0.1351 0.1919 0.0740 0.5749 

Distance from mixed forest in 1992 0.000 0.1566 0.3125 0.2591 0.1425 0.1729 
 



 American Journal of Environmental Engineering 2013, 3(5): 225-235  229 
 

 

4. Results and Discussion 
4.1. Processing and Analysis of the Remote Sensing 

Results 

4.2. Defini tion of the Explicative Variables and Analysis 
of Land-use Changes 

Precip itation is one of the variables commonly used in the 
literature (Oñate-Valdiv ieso., 2010). In this case, based on 
the low ranges of altitude, the spatial variability of this 
parameter is relatively s mall and cannot be used as an 
explicative variable. This is also applies to the slope of the 
topographical structure of the site (plateau) and the reduced 
values recorded. It  can be seen from the analysis of Table 1 
that: 

− The coefficient of the distance from rivers is much 
smaller than that of the other variables, and has a much 
reduced correlation with the other six categories, 
especially with coniferous woodland, water and built-up 
areas. 
− The correlation between the six categories and 

topography is very limited even if the association between 
conifers and agriculture can be considered as acceptable 
with values of around 0.35. Distance from roads and from 
cities presents acceptable correlations with mixed  forests, 
respectively (0.34) and (0.48). 
− The highest correlation is recorded predominantly for 

coniferous woodland and topography, and for grassland 
and topography. This observation has been seen in other 
regions in France (Lake Val) and in other countries. 
The homogeneity of soils and the small surface area of the 

watershed make it impossible to use these qualitative 
variables. 

4.3. Modeling the Land-use Changes and Validation of 
the Model 

To evaluate the changes, the probability of the occurrence 
of each transition was calcu lated by using two models: the 
MLP (Neuronal networks) (Eastman J.R., 2006; Rocha et al., 
2007; Canziani et al., 2008) and Logistic regression (Judex., 
2006; Zeng et  al., 2008;  Lacono et al., 2009). These models 
are based on the explicative variables selected above and the 
observed changes evaluated from the comparison of the 
different maps generated by RS (Eastman J.R., 2006). In this 
first step, a predictive map for 2000 is created by using the 
coverage of 1975 and 1992, and the transition probability  is 
initially calcu lated using the Markov Chains (Stewart W.J., 
1994; Weng Q., 2001; Eastman J.R., 2003; Mubea et al., 
2010; Yang et al., 2011). To complete and to verify the 
probability of the transition, two other maps for 2000, 2006 
were generated with the same probabilities used previously 
(Pontius et al., 2004). 

These predictive maps are then compared to the reference 
map, made by RS in order to calculate the errors. The error 
values, calculated by comparing maps observed in 2000 and 
2006, considered as a reference, with the maps obtained by 

the application of MLP and Logistic regression, range 
between 10 and 15%. With these values, the model can be 
considered acceptable and stable. Matrix confusion was used 
to compare the reference with the predictive maps (Table 2). 
The Kappa index calculated from the reference and 
predictive maps, and a comparison of the number of pixels 
which had been correctly assigned and the total pixels of the 
image, showed the reliab ility of the classificat ion (Pontius et 
al., 2004; Falahatkar et al., 2011) . 

These two maps (1992, 2000) were used to evaluate the 
areas of loss or gain for each category and to show the 
tendencies on the plateau during the period under 
consideration. This step allowed predictive maps to be 
created by using the MOLA method and by considering all 
observed changes (transition). Based on this adjustment, 
three land-use maps were generated for 2015, 2020 and 2030, 
respectively. This phase was used to appreciate the 
pertinence of the model under these new conditions. Two of 
the three generated maps were then used to simulate the 
evolution of the flows and volumes of water in the five lakes. 

4.4. Transition Sub-models 

In general, sub-models of t ransition include exp licat ive 
variables with values higher than Cramer’s V (20). The 
variables which contribute to improving the correlation 
between transition and explicat ive variables are used. Table 
2, presented below, shows the results from sub-models of 
transition, the variables integrated into these sub-models and 
the coefficients of logistic regression. This list is completed 
by the coefficient that affects exp licative variables in the 
logistic regression equation and the degree of correlation 
between the explicative variables and the transition (ROC) 
(Pontius et al., 2001). The correlation always exceeds 89%. 
All values are around zero, and this shows that the 
relationships between variables are highly influenced by the 
small size of the watershed, the modest changes in 
topography and the similarity of the climate. Despite the low 
variability of the topography, this is positively related to 
coniferous or mixed forest, which confirms that the forest 
globally covers the higher parts of the watershed. The 
transition of land-use from agricu lture to coniferous or to 
mixed forest shows a positive correlation and confirms that 
most of the agricultural areas located in the higher zones of 
the watershed have been progressively replaced by trees 
(mixed forest) and the enclosure of the landscape over recent 
years.  

In general, the pasture (grassland) has a positive 
correlation with the distance from settlements and roads. 
This is due to the fact that farmland is often close to built-up 
areas and in the downstream areas of the watershed. On the 
contrary, the transition from forest to grassland is positively 
correlated with the distance from cities and roads. Therefore, 
the accessibility to these areas promotes their continued use. 

The distance from farmland in 1992 is inversely related to 
the transition from grassland to agriculture and from mixed 
forest to coniferous woodland (≈ 0.15). On the other hand, 
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the correlation is positive between the distance from 
settlements and the transition from agriculture to build ings. 
This confirms  the extension of settlements in  recent years, 
especially in the downstream areas of the watershed, 
particularly those near to the Champagnole settlement. In the 
validation phase, the use of MLP (Mult ilayer Perceptions 
Neuronal Networks) results in a low level of RMSE error. 
The accuracy in modeling transitions is around 76% in all 
cases. 

The probability of transitions for each category of 
land-use is shown in Table 2. A high likelihood of transitions 
is observed between meadows and mixed forest (0.42). This 
shows that there is slowing down of farming activ ities in the 
watershed and the progressive landscape closure. This 
phenomenon is followed by the t ransition from the 
agricultural areas to grassland which confirms the continuity 
of the process discussed above. Several other transitions are 
seen inside the forested areas such as the substitution of 
coniferous forest for mixed  woodland in the midd le of the 
watershed. The coefficient, around 0.15, exp lains the 
predominance of timber production and a reduction in 
agricultural activ ity. Th is observation is recorded regionally 
throughout most of the Alps and Jura areas, as has been 
mentioned by many authors. 

4.5. Validation of Land-use Change Models 

The model is validated by comparing the maps built by 
both the logistic regression and neural network methods with 

the map extracted from the 2006 image (Pontius et al., 2004; 
Pontius et al., 2005). The results are included in Figure 3. 
The first observation resulting from a visual comparison of 
the predictive and reference maps obtained from the Landsat 
ETM+ image of 2006 shows that with the logistic regression 
method, similitude is very high downstream of the watershed 
and very low in upstream areas. Inversely, the difference is 
high within the map built with  the MLP method. The 
principle d ifference is registered on the built-up areas located 
close to older settlements and derives from the transition of 
the agricultural areas. 

We observe, after comparison with  field  surveys, an 
over-estimation of the areas covered by buildings in the 
higher zones and a reduction of the areas covered by 
grassland or by the agricultural use. 

The confusion matrix between the maps which are 
predicted with Logistic regression and reference extracted 
from the 2006 Landsat ETM+ image is presented below. The 
first observation is the large number of pixels which show a 
correspondence between the thematic types of the two maps. 
On the contrary, several pixels (3505), observed as 
coniferous in the 2006 image, were classified  as Mixed 
Forest in the predict ive map (RegLog). On the other hand, 
around 1000 pixels belong to the grassland type in RegLog 
map while they are classified as coniferous in 2006 image. 
The global reliability calculated from the confusion matrix is 
shown in Table 3 and Table 4. 

Table 2.  Transition probability between the land-use categories (2006) 

 Conifers Mixed forest Farm-land Built-up areas Water Meadows 
Conifers 0.7896 0.1781 0.0073 0.0047 0.0133 0.007 

Mixed forest 0.1525 0.7582 0.021 0.0077 0.002 0.0586 
Farm-land 0.013 0.2016 0.5912 0.1311 0.004 0.059 

Built-up areas 0.0167 0.1446 0.1981 0.5749 0.0022 0.0636 
Water 0.0059 0.0884 0.0027 0.0035 0.8744 0.0251 

Meadows 0.0013 0.4211 0.2831 0.0615 0.0034 0.2297 

   
a) Land-use prediction to 2006 (RegLog)                    b) Land-use prediction to 2006(MLP) 
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Reference maps: Land-use map extracted from image in 2006 

Figure 3.  Comparison between the reference map and maps predicted with (a) Logistic Regression and (b) Neural Network MLP 

Table 3.  Confusion matrix between the map extracted from 2006 image and the one created with neural networks (MLP) 

2006 Map (reference) 
 Co MF FL B W M Total Com. error 

Co 11903 4412 156 135 79 79 16764 29 
MF 3273 20941 2700 1187 132 927 29160 28.19 
FL 174 2310 4923 706 14 342 8469 41.87 
B 127 745 2357 1903 5 40 5177 63.24 
W 83 52 36 8 2385 9 2573 7.31 
M 198 2094 755 343 31 195 3616 94.61 

Total 15758 30554 10927 4282 2646 1592 206850  
Om. error 24.46 31.46 54.95 55.56 9.86 87.75   

(Conifers: Co; Mixed forest: MF; Farm land: FL; Built-up areas: B; Water: W; Meadows: M) 

A similar observation was obtained from the mixed forest where around 3000 pixels observed in the 2006 reference image 
were modeled as coniferous and 2000 p ixels as agriculture or g rassland areas. 

The commission errors reach 61% for the built-up areas whilst the omission errors are 41% for agriculture.  

Table 4.  Confusion matrix between the map extracted from the 2006 image and the one created by RegLog 

Map of 2006 (reference) 
  Co  MF FL  B  W M Total  Com. error 

Co  10690  3862 69  50  30 40 14741  27.48 
MF  3505  20648 1526  1186  149 591 27605  25.2 
FL  234  2465 7215  1498  35 258 11705  38.36 
B  86  486 1656  1256  9 33 3526  64.38 
W  1039  467 76  57  2360 17 4016  41.24 
M  204  2626 385  235  63 653 4166  84.33 

Total  15758  30554 10927  4282  2646 1592 206850   
Om.error  32.16  32.42 33.97  70.67  10.81 58.98    

(Conifers: Co; Mixed forest: MF; Farm land: FL; Built-up areas: B; Water: W; Meadows: M) 
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The Kappa index values generated with Logistic 
regression and Neuronal Network are shown in Table 5. The 
global reliab ility of the two maps is very similar: 88.71% for 
the map  generated with logistic  regression and 88.64% for 
the map created with MLP. On the contrary, the low 
proximity of kappa values gives a slight advantage to MLP 
(0.87). Finally, both can be used. 

Table 5.  Validation parameters between reference and predictive maps 
created with RegLog method 

 2006-MLP 2006-RegLog 
Global Reliability (%) 88.64 88.71 

Kappa 0.87 0.84 

In general, Logistic  Regression shows fewer omission 
errors than MLP, except for grassland where the difference is 
around 41 while it is equal to 7 for the MLP. The small 
differences between the values observed in two methods 
show that both methods can be used for prediction. If we 
accept the level of reliability, we assume that logistic 
regression would give better results when used to create a 
model of land-use for 2010 and 2020. 

Based on this conclusion and to predict the evolution of 
land-use, two maps were created respectively for 2010 and 
2020. These maps are shown in figures 4a and 4b. Several 
changes can be observed, especially in the south around 
Bonlieu Lake where most of the mixed forest disappears in 
favor of coniferous woodland. 

In the downstream area, we can observe the extension of 
urban areas, particularly areas located around the 
Champagnole settlement and in the Ain valley. The increase 
in forested areas on the upstream sites, especially around the 
lakes has an intense effect on the hydrological response and 
may  reduce water flow. The monthly measurement of water 
levels since 2003 shows several fluctuations of the water 
flow but no overall trend has been recorded. Hydrological 
modeling by apply ing the SWAT model on the land-cover 

extracted (with RS) and predicted (with Logistic Regression) 
helps us to evaluate the potential modification o f the 
hydrological response and the disturbance of the overall 
dynamic of the watershed. 

5. The Impact of Predicted Land-use 
Changes on Water Storage in the Ilay 
Lake 

The principle aim of th is step is to evaluate the impact of 
land-use change on the water flow and more widely the 
potential decrease of water volume over the next 30 years. 
The predictive land-use maps obtained using the LCM model 
allow the potential impact on water quantities to be evaluated. 
The simulations were made in two steps: 

− The first step focuses on the use of current parameters 
(climate and land-use) to simulate the water flow within 
the watershed. The period considered in  this step goes 
from 1975 to 2010. The comparison of the daily simulated 
data with the observed data and the calculation of the Nash 
coefficient (0.90) confirms the calibration of the model.  
The result shows a relative decrease of water flow, 
particularly during the period between 1987 and 1991, 
known as a dry period. The latter period is confirmed by 
many studies, see for example the case of the river Rhône 
(DIREN Rhône-Alpes., 2001) 
− The use of predicted land-use for the same period 

shows a relative decrease in the volumes estimated by 
10-15 % (Figure 5). The daily volumes can be considered 
stable and no trend is registered. 
The calculation of the year-on-year variability in volumes 

shows a clear trend during this period and confirms the 
decrease and the impact of land-use change as illustrated in 
figure 6. 

 
2010                              2020 

Figure 4.  Predictive maps for 2010 and 2020 built  for Herisson basin 
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Figure 5.  Water volume comparison between land-use  in 2006 and 2020 

 
Figure 6.  Annual decrease of water flow for Ilay Lake 

This deficit can be exp lained by: 
− A high interception of precipitation and/or 

evapo-transpiration, 
− An increase of infiltration favored by tree density 

which is more than 70% of the watershed area throughout 
the next 30 years. 

6. Conclusions 
The question of the impact of land-use changes on limnic 

systems, and more widely on whole ecosystems, has been of 

particular importance over the past thirty years, marked by 
signs of global warming and the mass exodus of farmers. 

The Jura Mountains and especially the lakes translate the 
modification experienced by the evolution of the land-use 
during the last 30 years (from the middle of the 70s). This 
phenomenon is principally related to the progressive closure 
of the landscape. These spaces have been replaced by trees, 
coniferous and mixed forest. There are changes in most of 
the categories especially that related to mixed forests with an 
increase in their surface area, followed by a lesser increase in 
that of coniferous woodland. The agricultural surface area 
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has been drastically reduced, benefitting pasture and urban 
areas which are common in the Jura and throughout rural 
regions in France. The exodus of farmers recorded over the 
last 30 years is followed by the closure of wide areas 
especially in the h igher parts of the watershed. The output 
flow is dependent principally  on land-use change and 
secondarily on ext raction for domestic consumption. 
However, this second factor is relat ively unimportant.  

The main results show a clear change in land-use which is 
accompanied by a trend towards lower levels of lakes, hence 
a decrease in water volume of the order of 15%. This deficit 
may be due to the combined effect of evapo-transpiration 
and the interception of precipitation by forests. For this, the 
reintroduction of agricu ltural act ivities cannot be the only 
solution because of political and economic policy guidelines 
in France. However, it is important to perform regular 
maintenance in these areas in order to min imize the p rocess 
of natural reforestation. 
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