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ABSTRACT

This study provides a first set of analyses in order to estimate soil respiration (Rsoil) on an area of neotropical rain-
forest in Paracou field station, French Guiana, based on Rsoil and soil moisture (SM) data obtained during a field 
campaign in dry season and with automatic chambers measurements along the year. The Saga Wetness Index 
(SWI) calculated for more than 100’000 points on the whole area of interest was then used as a proxy for SM to 
allow Rsoil upscaling on this large area. We used an exponential regression to model the relationship between SWI 
and SM, and a polynomial regression for the relationship between SM and Rsoil. The mean Rsoil measurement from 
the field campaign was approximately 4.9 µmolCO2.m-2.s-1 and the average Rsoil given by the model for the whole 
area of interest was 0.93 tC.ha-1.y-1. These values are consistent with the literature, but the model developed in 
this study needs improvements in order to take into account calculation uncertainties and discern more precisely 
Rsoil temporal and spatial variability. 

 

 

INTRODUCTION  

To answer the question whether different kinds of 
ecosystems are sinks or sources of carbon (C) is 
crucial in order to characterize precisely their con-
tribution to the global C cycle. In forest ecosystems, 
three main drivers of the C budget can be consi-
dered: aboveground biomass photosynthesis and 
respiration are the most evident ones, leading in the 
first case to an oxygen (O2) release and in the second 
case to a carbon dioxide (CO2) flux from the leaves to 
the atmosphere. Soil respiration (Rsoil) is also a key 
component of the C budget in forest ecosystems and 
at the global scale, contributing to approximately 
25% of the global CO2 exchange (Raich & Potter, 
1995 ; Raich & Schlesinger, 1992). Then, the magni-
tude of CO2 emissions by Rsoil is even bigger than 
those led by deforestation (Werf et al., 2009). 

 Rsoil is mainly a consequence of plant litter, 
roots decomposition by soil microorganisms and 

roots derived respiration (Brechet et al., 2011). It is 
influenced by diverse biotic and abiotic factors (Bre-
chet et al., 2009), like plant productivity, litter 
supply, the composition of microorganisms com-
munities, temperature (Lloyd & Taylor, 1994) or soil 
physical properties. These numerous interactions 
induce high spatial variability in soil respiration 
even at small scales (Fanin et al., 2011 ; Epron, 
2006). Another key abiotic driver of Rsoil is soil mois-
ture (SM) (Adachi et al., 2005, Epron, 2006). As 
every organism needs water, low SM limits microbial 
activity, leading to low Rsoil. An increase in SM stimu-
lates microbial activity with higher Rsoil. Under 
excess in SM, CO2 production and its diffusion from 
the point of production to the surface is limited or 
not existent due to a lack in oxygen supply that 
would allow CO2 production and due to water filled 
soil pore spaces, which limit gas diffusion (Burton et 
al., 1998). Then, increasing SM no more stimulates 
Rsoil as it creates anoxic conditions unfavorable to 
the metabolism of aerobic subsurface soil microor-
ganisms. Previous work at the site of the current 
study by Um et al. (2012) has shown that Rsoil fol-
lowed an inverse parabolic trend with increasing 
SM. Following his work, the optimum in Rsoil was 
reached for low SM values near 20%. This is consis-
tent with the observations showing a stimulation of 
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Rsoil with intermediate SM while a decline in Rsoil 
occurs both in dry and saturated soils (Schwenden-
mann et al., 2003). 

SM is highly dependent on topographic posi-
tion, which involves drainage from hilltops to bot-
tomlands (Epron et al., 2006). Besides, site topogra-
phy was brought out as a factor of Rsoil variability 
(Rochette et al. 1991, Xu & Qi 2001). The Saga Wet-
ness Index (SWI), precisely based on a topographic 
information, was modeled by Um (2012) on an area 
including the footprint of the flux tower located in a 
neotropical rainforest zone in Paracou field station, 
French Guiana. Considering the relationship be-
tween SM and Rsoil, using SWI to upscale Rsoil mea-
surements made with soil chambers could be an 
efficient method. Indeed, SWI can be model on very 
large areas using satellite topographic maps, while 
direct Rsoil measurements made with soil chambers 
are spatially localized and labour intensive and thus 
not compatible with large scale studies. Moreover 
methodology regarding chamber-based measure-
ments still involves accuracy’s concerns (Davidson, 
2002).  

The aim of this article is to provide a first set 
of analyses about the potential for upscaling spatial 
variations of Rsoil on large areas using the SWI as a 
proxy for actual SM and to give an estimation of Rsoil 
in the area of interest. In a first part, we have studied 
the relationship between SWI and SM measurements 
made on the field to assess the quality of the SWI as 
a proxy for SM. Then we focused on SM and Rsoil rela-
tionship to estimate the correlation between Rsoil 
and SWI. Later, we produced a map of Rsoil for the 
studied area and calculated an average Rsoil value in 
the footprint of the Guyaflux tower. Finally we have 
compared our estimate of soil respiration with net 
ecosystem exchange given by the flux tower on a 
total area of 2.89 sq. km including the tower’s foot-
print.  

 

MATERIALS AND METHODS 

 

Study site 

Paracou Field Station (Town of Sinnamary) is part of 
a neotropical rainforest, in French Guiana. The mean 
annual precipitation of the station is 2980 mm (Ba-
raloto et al., 2010) with high seasonal variability. 
Indeed, during dry season it is possible to observe 

rainfall lower than 50mm per month. On the other 
hand, values higher than 500mm per month can be 
observed during wet season (Bonal et al. 2008, Stahl 
et al. 2011). Temperature remains almost constant 
all year long, with a mean temperature value of ap-
proximately 26°C, from October 2003 to February 
2012 (Siebicke, 2012, unpublished data). The alti-
tude varies from 3 to 50m with slopes rarely exceed-
ing 50 percent (Barthès, 1991). Topography is made 
of small hills with creeks in lowlands. There is a 
significant seasonal variability regarding the num-
ber, dimensions and flow of these creeks. These 
conditions of relief and high seasonal rainfall varia-
bility made us to expect a large range of SM values 
with regards to spatial and temporal variability. 
Fieldwork was carried out in dry long season in Sep-
tember 2012. During this month no rainfall was 
observed (Météofrance Guyane 2012). The Guyaflux 
tower allowed us to obtain the Net Ecosystem Ex-
change of carbon dioxide (NEE) as calculated by the 
eddy-covariance method. In order to relate the flux 
observed by the sensors at the top of the eddy-
covariance tower, a flux footprint has been modeled 
(Siebicke 2012, unpublished) which give relative 
contributions of each area to CO2 sensed at the 
Guyaflux tower. The total area covered in this study 
includes the tower and its footprint and covers a 
surface of 1.7 per 1.7 km. 

 

Sampling campaign  

Sampling had to be done inside the foontprint area 
of the tower. The sampling was initialy planned as a 
random set of coordinates with selection of equal 
number of points per zone of the footprint. Due to 
lack of time, this goal hasn’t been entirely reached, 
and we choosed to maximize number of 
measurements at proximity of the tower. 144 SM 
measurements were taken at 36 locations using a 
Mobile moisture meter (TRIME – PICO 64 IMKO©) 
giving 4 replicates for each location. The sampling 
positions were localized using a global positioning 
system (GPS) device. Relative to soil respiration, 55 
measurements with environnmental gas monitor for 
CO2 (EGM4, PP_Systems©, version 4.12) have also 
been made at sames coordinates. For some points of 
the map, only repiration has been measured due to 
technical problems with the mobile moisture meter 
(Fig.1). 
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Fig. 1 : Guyaflux tower’s footprint, soil moisture and soil respiration 
measurements points (red points : respiration measurements, only). 
Each line refers to a 5 percent increase in the contribution on global 
respiration collected by the tower. All sampling points are located 
within the spatial limit that defines a 85% contribution to the 
turbulent fluxes observed at the tower at a height of 55 m. 

Data were collected during the day between 9 and 
17 o’clock. Field campaign last six days, all mea-
surements were punctual and don’t take into ac-
count daytime and seasonal variability. 

Soil moisture measurements 

The principle of the measurement technique of the 
mobile moisture meter used (Fig.2) is to emit a pulse 
of very high frequency (above 1 GHz) that propa-
gates along the electrodes which are pressed in the 
soil. The time taken for this pulse to be reflected 
back to its source is a function of the amount of wa-
ter present in the soil. Measurements integrate 
moisture conditions from 0 to 20 cm depth. Due to 
soil mechanical resistance to insertion of the elec-
trodes, especially dry ones, some measurements 
integrate moisture conditions for smaller depths. 
These differences have not been considered for cal-
culations. SM’s unity is volumetric water content 
which is water volume divided by total volume (%).  

 

Fig. 2 : TRIME – PICO 64 IMKO© device used for moisture mea-
surements. 

 

Soil respiration measurements 

Soil respiration can be obtained with different valu-
able methods, but not any one has emerged as pre-
ferable [Pumpanen, 2004]. Difficulties can concern 
flux calculations, field manipulation, or devices ef-
fects over results. Chosen technique was closed dy-
namic chamber (Fig. 3), using infrared gas analyzer 
(IRGA). 
 
  

 
 
Fig. 3 : schema of a Closed dynamic chamber. Collars are inserted 
into the soil to ensure permeability.  

 
This technique may affect results due to col-

lar effect on the soil. Standard protocol is to put col-
lars on the soil and take measurements few days 
after, in order to limit effects of collar’s insertion 
which may change conditions in the soil. For practic-
al reasons we were not able to wait between inser-
tion and measurements. Relative to flux calculation, 
the CO2 efflux rate can be calculated from the slope 
of the CO2 concentration increase within the closed 
chamber. Indeed we suppose a constant gas flux 
inside chamber which can be translated as a linear 
regression between time and concentration, follow-
ing Fick’s first law which gives flux due to concentra-
tion.  

𝐹 =
𝑑(𝐶.𝐻)

𝑑𝑡
 

 
F : Respiration flux C : CO2 Concentration H : 
Chamber height from the soil (not constant, depends 
on manipulation conditions)  
  

H varied with the insertion depth of collar 
into the soil.  

Flux may also be given by EGM4, which does 
not take into account height variations. Moreover we 
asked ourselves about accuracy of the device’s calcu-
lation of flux. In order to account for initial stabiliza-
tion of conditions after the chamber was placed on 
the ground, we had to omit first values. 
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Fig. 4 : Temporal evolution of soil CO2 concentration in the closed 

chamber, a linear regression has been plotted for CO2 be-
tween 30 and 240 seconds.  

There is a non linear increase of concentration 
for initial measurements (Fig. 4) corresponding to 
the time lag until steady mixing is established. Our 
calculations of respiration flux involved a slope 
starting 40 seconds after measurements’ beginning.  

 

Fig. 5 : Soil respiration automatic calculation by device due to 
calculations made without initial times (-40seconds) and with 
height variations.  

Linear regression adjustment is good (ad-
justed R²= 0.835), with a slope of 1.21 (Fig. 5) and a 
slope of 1.10 for calculation with initial measure-
ments included. Automatic calculation seems to 
overestimate the associated flux, which can be 
linked, besides chamber height variability, with the 

time lag necessary before steady gas mixing. We 
decided not to use automatic calculations for respi-
ration measurements made during our field cam-
paign.  

 

Saga Wetness Index (SWI) 

The SWI defines expected wetness on an area with 
varying elevation. It takes into account the specific 

catchment area (SCAM) and the slope β : 

𝑆𝑊𝐼 = 𝑙𝑛
𝑆𝐶𝐴𝑀

𝑡𝑎𝑛𝛽
 

SWI for each point of the area of interest is 
derived from the SWI calculation made by Um 
(2012) for the same zone in Paracou. Values of SWI 
characterized by a couple of x and y coordinates 
have been used for modeling SWI in windows of 100 
x 100 m around each measurement point for better 
precision. We used the functions surf.ls() and trmat() 
of the package spatial (R Development Core Team, 
2012) for fitting SWI trend by least-squares on each 
window. This allowed us to extract modeled SWI for 
each measurement point and to compare the values 
of SWI with the wetness measurements made on the 
field. 

 

Rsoil modeling 

Rsoil modeling was carried out in two steps. First, we 
established an exponential relationship between SM 
and SWI based on our measurements. Then we used 
the polynomial regression linking SM and Rsoil devel-
oped by Um et al. (2012) for the automatic chambers 
measurements. The first exponential regression 
allowed us to calculate SM for 125316 points of the 
area of interest from SWI values modeled by the 
author above mentioned. These calculated values of 
SM were then used to estimate Rsoil for all the points 
of the area using the polynomial regression men-
tioned in the second step. We applied the function 
image() (R software) to plot a map of Rsoil. 

To summarize, SM measurements made 
during the field part of this study were used to cali-
brate the exponential model. Then, for calculating 
Rsoil on the whole area of interest, only SM and Rsoil 
data derived from automatic chambers measure-
ments were used. 
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Average Rsoil calculation 

The same methods were used to estimate average 
Rsoil on the footprint. But instead of using all the 
values of SWI available, we calculated average SWI 
for 5 classes of SWI (the breaks were : 8.4, 10.2, 11.9, 
13.6, 15.4 and 17.1). This allowed us to calculate 5 
values of average Rsoil. The average Rsoil on the foot-
print was the mean of these 5 values weighted by the 
individual contribution of each class inside the foot-
print. These contributions are function of the area 
these classes cover. Weights used were calculated by 
Siebicke (unpublished data, 2012). 

 

RESULTS 

Soil respiration measurements 

Rsoil measurements show high variability (Fig. 6), 
ranging from less than 1 to more than 15 
µmolCO2.m-2.s-1 with a standard deviation of 2.34 
µmolCO2.m-2.s-1 (Tab. 1). However, more than 75% of 
Rsoil measurements were between 3 and 
7µmolCO2.m-2.s-1. Highest values seem unusual re-
garding measured Rsoil density and the absence of 
intermediate values in the 9 – 15 µmolCO2.m-2.s-1 

range. 

 

 
 
Figure 6: Distribution of Soil respiration observations (55 samples) 

per classes of 1µmolCO2.m-2.s-1  
 

 
Tab 1 : Basic statistics on Rsoil measurements 

 
 

Soil moisture measurements 

High variability in SM values was observed, ranging 
from less than 6.65% to more than 77.84% (Tab. 2). 
Around 80% of SM measurements are lower than 
25% and no intermediate values (between 30 and 
50%) were observed (Fig. 7). Some SM values reach 
very high level near 80%. 

 
Figure 7 : Density of Soil Moisture observations (36 values) per 

classes of 2% 

 
Tab 2 : Basic statistics on Soil Moisture measurements 

 

Thanks to the various SM measurements 
made at each location, we could focus on the distri-
bution of its variability (Fig. 8).  

 

Fig. 8 : Soil moisture standard deviation against SM associated 
values showing a linear increasing relationship of variability for 
increasing levels of SM 

Soil respiration measurements [µmolCO2.m-2.s-1]
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SM variability increased with increasing SM 
values. For small classes of SM, an increasing linear 
trend is observable between SM measurements va-
riability and its mean value. For highest SM (50% 
and more), standard deviations get consequently 
higher.  

Comparing SWI with actual moisture values 

Comparing SWI modeled with actual moisture val-
ues measured in the field has allowed us to assess 
the quality of the SWI as a proxy for actual moisture. 

Plotting SWI against actual moisture mea-
surements (Fig. 9) shows no simple relation be-
tween SWI and SM. Rather, two groups of data can 
be distinguished : for SWI values ranging from 9 to 
approximately 14.5, actual moisture measurements 
vary between 6.6 and 24.8%, with no intragroup 
trend. For SWI values higher than 12.7, 6 points 
show very high moisture values from 51.1 to 77.8%. 
We observed a superposition of the two groups for 
SWI values between 12.7 and approx. 14.5. In this 
range of SWI, moisture is very variable and for a 
same level of SWI, moisture can vary from values of 
approximately 10% to values near 80%. 

An exponential regression was used to mod-
el the relationship between SWI and measured SM. 
This regression is statistically significant (p-value = 
1.049e-05) and has an adjusted R² of 0.42. The func-
tion used has the form: 

𝑆𝑀 = 1.342. 101 + 1.301.105  × 𝑒𝑥𝑝𝑆𝑊𝐼  

 

Fig. 9 - Correspondence between measured moisture and 
modeled SWI values. Two groups of data can be observed : 
one group of low moisture for a big range of SWI and a 
second group of very high moisture value s for high SWI.The 
blue dotted curve represents the exponential regression 
used to model the relationship between SWI and soil moi s-
ture. 

 

Correlation between SM and Rsoil 

No clear trend can be observed regarding the rela-
tionship between Rsoil and SM measurements (fig. 10, 
blue points). A comparison with the measurements 
made automatically by chambers within the Guyaf-
lux frame (Siebicke, 2012, unpublished data) (fig. 10, 
small black points, with the 2nd degree polynomial 
trend observed by Um (2012) in red, p-value < 2.2e-
16, Adj. R² = 0.10) confirms that our measurements 
of SM and Rsoil are comparable in magnitude with 
those automatic measurements : Rsoil values higher 
than 15 µmolCO2.m-2.s-1 were also observed using 
the automatic chambers mentioned above, so as Rsoil 
process occurring for SM values near 60% (much 
higher than predicted by the polynomial model). 
This polynomial regression has the form : 

𝑅𝑠𝑜𝑖𝑙 =  3.135.10−1 + (3.662.10−1  × 𝑆𝑀) −

(9.252.10−3 × 𝑆𝑀2) 

 

Fig. 10 –  Relationship between soil moisture and soil resp i-
ration given by automatic measurements (small black 
points) and by the measurements made during the field 
campaign of this study (blue points). The red line 
represents the polynomial regression modeled by Um 
(2012) (p-value < 2.2e-16, Adj. R² = 0.10), and the green 
points the predictions for our values based on a polynomial 
regression of the same type (ns, Adj. R² = 0.09).  

The prediction for our measurements are al-
so presented (fig. 10, green “+”), based on a 2nd de-
gree polynomial model as for fitting the red curve on 
the automatic measurements. Results of this predic-
tion (not significant, Adj. R² = 0.09) vary significantly 
from the model fitting the automatic measurements 
values. The optimum SM is higher, and the maximum 
SM value for which Rsoil is observed is two times 
bigger than for these previous results. 

Correlation between SWI and Rsoil 

The exponential relationship observed between 
measured SM and SWI and the polynomial relation-
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ship observed by Um et al. (2012) between SM and 
Rsoil were used to calculate Rsoil for all the study site 
and create a map of Rsoil for this area (Fig. 11). 

 

Fig. 11- Map of soil respiration on the 1.7 per 1.7 km study 
area as calculated by the model described in this current 
study. Units are µmolCO 2.m -2.s -1.  Blank zones are places for 
which soil respiration is  0 µmolCO2.m-2.s-1. 

 The higher modeled values of Rsoil are close 
to 4 µmolCO2.m-2.s-1 which is low compared to some 
measured values of Rsoil which reached 15 to 20 
µmolCO2.m-2.s-1. Most of the area of interest is cha-
racterized by Rsoil values between 3 and 4 
µmolCO2.m-2.s-1. The blank part also represents a 
large area with no Rsoil. Intermediate values of Rsoil 
are only present in a thin border limiting the 2 zones 
of higher versus no Rsoil presented above. These 
observations are confirmed by the bimodal density 
of Rsoil (Fig. 12). 

 

Fig. 12 –  Density of Rsoil values calculated by the model.  
This distribution is bimodal with values of 0 or around 4 
µmolCO2.m -2.s -1.  

 Calculating Rsoil along a gradient of SWI al-
lowed us to explain the pattern observed in Fig. 13 
and X. Calculated Rsoil values remain almost constant 
for SWI ranging from 7 to 16. Rsoil suddenly decreas-
es for SWI higher than approximately 16 (Fig. 13). 

Rsoil values of 0 µmolCO2.m-2.s-1 have been set to 
avoid inconsistent negative Rsoil. 

 

Fig. 13- Evolution of soil respiration calculated by the 
model for increasing SWI. For SWI values between 8 and 
15, soil respiration remains almost constant but decreases 
suddenly for higher SWI.  

Average Rsoil value in the footprint of the Guyaf-
lux tower 

Finally, the exponential and polynomial relation-
ships mentioned above were used to estimate aver-
age Rsoil value in the footprint of the Guyaflux tower. 
We calculated an average Rsoil value of 3.11 
µmolCO2.m-2.s-1 (approximately 492.6 mgCO2.m-2.h-

1). In terms of C, this corresponds to approximately 
0.85 µmolC.m-2.s-1 (i.e. 0.93 tC.ha-1.y-1). 

 

DISCUSSION 

Measured and modeled Rsoil values 

Mean Rsoil rate (4.9 µmolCO2.m-2.s-1) measured on the 
field in dry season is similar to those observed in the 
same site by Buchmann et al. (1997) during the 
same period (4.7 μmolCO2.m−2.s−1), but higher than 
reported by Janssens et al. (1998) during the rainy 
season (2.3 μmolCO2.m−2.s−1). 

Average Rsoil value calculated from the mod-
el presented in this study is also consistent with the 
literature. This Rsoil value of approximately 3.11 
µmolCO2.m-2.s-1 is in the same range of values than 
the 4.85 ± 2.08 µmolCO2.m-2.s-1 measured in a prima-
ry forest in Malaysia (Adachi et al., 2005) or the 5.5 ± 
1.6 µmolCO2.m-2.s-1 observed in a Brazilian rainforest 
(Meir et al., 1996). Converted to tC.ha-1.y-1, this Rsoil 

value of 0.93 tC.ha-1.y-1 is high compared to the 1.6 
tC.ha-1.y-1 net CO2 flux from the atmosphere to the 

Soil respiration (µmolC02.m
-2
.s

-1
) 
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global forest-soil ecosystem given by the Guyaflux 
tower (Bonal et al., 2008). 

One limitation of the current study is not to 
give any value concerning Rsoil uncertainties which 
could be high regarding the low R² of the two re-
gression models used and the increasing variance of 
SM measurements for high moisture levels. 

Concerning SM variability, one hypothesis 
could be differences in soil drainage more pro-
nounced in places where SM is high enough to un-
derscore it. 

 

Integration of SM seasonal variability 

SM measurements made during the field campaign 
of this study were used to calibrate the exponential 
model linking SM and SWI. Then, for calculating Rsoil 
on the whole area of interest, only SM and Rsoil data 
derived from automatic chambers measurements 
were used. 

These two sets of data correspond to differ-
ent meteorological situations. The first one is com-
posed of measurements made during the dry season, 
while the second one was recorded along the years 
and is representative of seasonal SM and Rsoil varia-
bility. Thus combining models calibrated with data 
recorded under different conditions may lead to 
some errors in the global model predictions. 

SM varies along the year, increasing in wet 
seasons and decreasing in dry ones, contrary to the 
SWI which remains constant all year long. SWI for 
one location is related with the expected SM for this 
location. But during especially dry seasons, even 
zones which are supposed to be wet because of to-
pography and their geographical situation can be 
dry. Thus, in order to take into account this variabili-
ty without changing the SWI (which is interesting 
precisely because it is constant), we propose a theo-
retical model which implies a seasonal variability of 
the relationship between SWI and SM (Fig. 14): 

-during dry season, areas of low SWI are 
dry, as well as areas of intermediate to quite high 
SWI, while places of very high SWI as lowlands re-
mains humid. Without rain event, in the absence of 
water flow from top of hills to lowlands, steep area 
may have similar humidity values to those on hill-
tops. This case is represented by the exponential 
model used in the current study (Fig. 14, a));  

-when the weather gets more humid, 
areas of intermediate SWI show increasing SM val-

ues, while locations of low SWI are still dry in condi-
tions of good drainage. This could imply a lineariza-
tion trend of the relationship between SWI and SM 
(Fig. 14, b)); 

-during wet season or very high rainfall 
periods, only sites situated on hilltops or on very 
steep slopes would remain quite dry. This would 
imply that the function linking SWI and SM is asymp-
totic and saturates for low SWI (Fig. 14, c)). 

 

Fig. 14 –  Theoretical schema representing the evolution of 
the relationship between SWI and soil moisture from dry 
season (a) to intermediate (b) and wet season (c). 

 

Sensitivity of the model 

As shown by the map (Fig. 11), the model used in 
this study only allows Rsoil values around 0 and 3-4 
µmolCO2.m-2.s-1. This statement is confirmed by the 
distribution of calculated Rsoil values (Fig. 12) and by 
the evolution of Rsoil values along a gradient of SWI 
(Fig. 13). 

 For low to intermediate SWI, the increasing 
trend of the polynomial regression is balanced by 
the low values of the exponential regression. On the 
other hand, when the exponential model start to 
increase, it is balanced by the decreasing polynomial 
model for SM values higher than the optimum. And 
when the slope of the exponential regression gets 
very high, values given by the polynomial model 
(which were set to zero for high SM to avoid nega-
tive Rsoil values) annulthe total value. This explain 
why the model cannot show high values of Rsoil as 
observed in the field. Taking into account the varia-
bility of the relationship between SWI and SM and 
the variance unexplained by each model would allow 
a better characterization of places of high Rsoil. 
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CONCLUSION 

We used a model for calculating Rsoil values based on 
SM and SWI values. This allowed us to estimate a 
0.93 tC.ha-1.y-1 Rsoil rate for the area of interest, al-
though uncertainties and temporal variability are 
still to evaluate. 

The relevance to establish relationship be-
tween site topography and Rsoil through successively 
SM and SWI is highly questionable due to low R 
squared of model and high variability of data. Even 
with a small set of observations, SM against Rsoil 
trend could be interpreted with inverse parabolic 
model, which could translate the necessary access to 
water for microorganisms activity in the increasing 
part of the model and the increasing lack of oxygen 
with SM in the decreasing part. It is advisable to 
conclude with a model which can matched with 
some biological theories, but discerning temporal 
and spatial variability and their components is ne-
cessary to produce precise estimate of Rsoil. 
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