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Abstract—As reconstruction techniques generating images in 
electrical impedance tomography (EIT) are sensitive to noise, 
small errors on measured data can result into large errors in 
final images. In order to optimize the signal acquisition from 
any region, measurement should possess highest sensitivity and 
selectivity in that region. This study was conducted to estimate 
measurement properties of various generally applied 
measurement schemes in EIT. Computer models were utilized 
in simulating the sensitivity distributions of neighboring, cross, 
opposite and adaptive methods. Highest sensitivities were 
obtained with the cross and opposite methods, whereas 
neighboring was the least sensitive, when investigating a single 
measurement. Maximum proportional selectivities in the centre 
of a 2D model were 100, 94, 88 and 62 %, respectively, as 
compared between the neighboring, cross, opposite and 
adaptive methods. In 3D, the corresponding values were 100, 
55, 50 and 7.6 %. Adaptive method is flexible in current 
injection, yet trigonometric injection was used for simplicity, 
explaining the poor performance. Regions of negative 
sensitivity were detected, which may complicate the 
reconstruction. Nevertheless, studying sensitivity distributions 
may improve the outcome of EIT. In future, anatomically 
realistic models are utilized to derive measurements optimizing 
the sensitivity in the inner structures of the model. 
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I.  INTRODUCTION 
 
 Electrical impedance tomography (EIT) aims to produce 
static or dynamic images related to the conductivity 
distribution of the measured region. The range of EIT 
applications is wide, varying from the estimation of lung 
perfusion and cardiac function to brain physiology. A 
serious disadvantage of EIT is the poor spatial resolution, 
which decreases especially in deeper regions of medium. 
[e.g. 1] 
 The spatial contribution of conductivity to an 
impedance measurement depends on the current injection 
and the associated voltage measurement configuration. For 
this, a number of data acquisition strategies exist for EIT. In 
ideal conditions, however, the only required data is the 
independent tetrapolar data associated with the number of 
electrodes used. With these data, all other 
excitation/measurement combinations may be derived off-
line [2, 3]. Data acquisition of such data is relatively simple 
and no special excitation patterns (e.g. multisite adaptive 
ones) are needed. Yet, as reconstruction techniques 
generating EIT images are sensitive to noise, small errors on 

the measured data translate into large errors in the resulting 
images, hindering the use of independent data. In order to 
optimize the signal acquisition from any region, 
measurement should possess the highest possible sensitivity 
and selectivity in that region. 
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 Contribution from any region to the measurement is not 
self-evident; the sensitivity distribution of the measurement 
may also obtain negative values [4, 3], which in part 
complicate the success of the reconstruction and the 
interpretation of measured data. This has proven to be 
especially complicated in impedance cardiography (ICG), 
where typically a single time-domain signal is acquired and 
physiological variables are derived from that waveform [5]. 
 We conducted a computer model study in order to 
investigate the form of sensitivity distributions in various 
EIT measurement strategies by applying the lead field 
theoretical approach. Common EIT measurement methods 
were simulated and visualized with simple homogeneous 2D 
and 3D computer models. Additional experiments were 
conducted with a 2D model mimicking the anatomy of the 
human body at the heart level.  
 

II.  METHODS 
 
A.  Sensitivity Distribution 
 The sensitivity distribution of an impedance 
measurement gives a relation between the impedance Z (and 
change in it) caused by a given conductivity distribution 
(and its change). It describes how effectively each region is 
contributing to the measured impedance signal. If 
conductivity change is not involved, the measured 
impedance is obtained with 

  ∫ ⋅=
v

LILE dvJJZ
σ
1  (1) 

where LEJ  and LIJ , obtained with reciprocal energization, 
are the current density fields (i.e. impedance lead fields) 
associated with the current and voltage leads [2, 4]. This 
equation gives the contribution from each volume to the 
total Z, and the dot product of the two fields expresses the 
sensitivity to conductivity changes throughout the volume 
conductor. As the scalar field may possess positive and 
negative values depending on the orientation of the two lead 
fields, the measured impedance may either increase, 
decrease or be entirely unaffected in consequence of a 
conductivity change in a particular region. 
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 To analyze the capacity of an EIT measurement to 
detect conductivity and its changes in the center region, the 
sensitivity in the region of interest may be evaluated. 
Another parameter is selectivity, which gives the 
proportional value of the sensitivity in the target region 
against the total sensitivity over the medium. 
 The number of electrodes was 16 in the present study, 
which allows 195 (15*13) tetrapolar impedance 
measurement configurations, including the reciprocal 
measurements. The studied acquisition methods were 
neighboring, opposite, cross and adaptive ones. Each 
method has different number of measurement combinations, 
yet, they may be formed from the independent data when 
superposition applies. For details of these EIT methods, see 
[e.g. 1, 2]. 
 
B.  FDM Models 
 Methods to construct and solve accurate volume 
conductor computer models based on the FDM have 
previously been developed and validated [6]. For calculating 
the lead fields of 16 electrode EIT setups, two homogeneous 
models were applied:  

a) 2D slice (2 mm height), diameter 249 mm. Number 
of computational nodes 98 528, element size 1 mm 
× 1 mm × 1 mm, 

b) 3D cylinder, height 300 mm, diameter 249 mm. 
Number of nodes 88 896, element size 3 mm × 3 
mm × 20 mm. 

 
 Applying the FDM, simulations were conducted for one 
electrode (against a common reference electrode) at a time 
to obtain the lead field associated with each electrode. The 
resulting measurement sensitivity distribution given by (1) 
was then calculated without time-consuming simulations for 
each measurement combination studied. As the system 
investigated is considered linear, new lead fields may be 
formed by superposition. Due to the symmetry and 
homogeneity of medium, only limited number of 
measurement combinations were derived and analyzed: The 
sensitivity pattern is similar, only rotated, in other 
combinations not calculated. Additional experiments were 
conducted on a 2D slice taken from a realistic geometry 
model representing major tissues and organs at the heart 
level. 
 

III.  RESULTS 
 

 Number of processed sensitivity distributions was 
altogether 477. Calculated maximum sensitivities and 
selectivities in the center of the model are given in Table I 
for each method. For the reason of comparison, values are 
given in percentages as compared against each method so 
that the maximum value for a parameter is 100 %. Also the 
simulated basal Z for the most responsive measurements are 
given.  

ELECTRODES: 
Current injection 
 
Voltage measurement 

 

TABLE I 
PROPORTIONAL SENSITIVITIES AND SELECTIVITIES IN THE CENTRE FOR 

EACH METHOD EVALUATED BETWEEN THE EIT MEASUREMENT STRATEGIES 
WITH 2D AND 3D MODELS 

Model Method A Max. 
sensitivity [%] 

Max. 
selectivity [%] 

Basal Z 
[Ohm] 

N 4.02 100 56 
O 100 94.2 4800 
C 99.6 87.9 4700 2D

 

A 85.6 61.7 7300 
N 3.98 100 0.23 
O 100 55.3 32 
C 98.9 49.6 31 3D

 

A 84.5 7.6 120 
aEIT data acquisition methods: N = neigboring, O = opposite, 

C = cross, A = adaptive. 

Fig. 1.  Sensitivity distributions for the neighboring method, 2D model. 
Other measurements not shown are redundant in terms of the sensitivity 
maps in homogeneous circular disk model. Positive sensitivity indicated 

with brighter, negative with darker color. Scaling is kept the same for each 
map, null sensitivity lines are shown with black lines. 
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  Opposite                Cross            Adaptive 

Fig. 2.  Selected sensitivity distributions for the opposite, cross and the adaptive methods as simulated in 2D homogeneous model. Scaling is kept the 
same in each method, varying between the methods. The top row illustrations represent the most selective configurations, below are the maps with null 

sensitivity line superimposed showing the regions of positive and negative sensitivities. 

 
 
 As the sensitivity is evaluated at a single pixel/voxel in 
the centre of the model, high values are related almost 
linearly to high basal Z readings. Selectivity, on the other 
hand, gains higher values when the contribution from the 
other regions is reduced. This, at least in the studied 
homogeneous models, tends to result in smaller basal Z 
values as seen in Table I. 
 Fig. 1 represents calculated sensitivity maps obtained 
with the 2D model for the neighboring method. All other 
combinations in the neighboring method have the same form 
of sensitivity field (only rotated and/or mirrored) due to 
homogeneity and symmetry of the model. Relatively large 
regions of negative sensitivity can be seen in all the 
distributions. For the remaining three methods, Fig. 2 shows 
the most selective maps and maps containing large positive 
and negative areas. 
 Fig. 3 depicts the potential field due to trigonometric 
current injection pattern of the adaptive method in each of 
the models used in the study. For the 2D model, the field is 
highly homogeneous, whereas in the 3D case, the field 
spreads more causing inhomogeneous current field. Also, 
including the realistic torso boundary, the field is even more 
inhomogeneous as compared to the symmetrical cases. 
 

    2D              3D   2D realistic 

 
Fig. 3.  Potential fields generated by the adaptive current injection. Currents 
are scaled by cosΘ, where Θ is the angle between the lateral electrodes and 

each individual current injection electrode. Models from the left to right: 
slice, cylinder, realistic anatomy at the level of the ventricles of the heart. 

 
 

IV. DISCUSSION 
 

 The purpose of the study was to underline the 
importance of the sensitivity field and to demonstrate that 
the lead field approach is suitable in developing EIT. EIT 
measurement configurations simulated in simplified 
homogeneous cases were analyzed and visualized in respect 
of their measurement sensitivity distributions. Previous 
work has applied the forward solution mainly in developing 
reconstruction algorithms, for example Liston et al derived 
sensitivity matrixes on multi shell models [7]. They, 
however, did not investigate the form of the sensitivity field; 
instead they visualized the current field. It should be noted, 
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that the actual measurement sensitivity is not illustrated with 
current field, but by the dot product field of the current 
injection and the voltage measurement lead fields. In 
another study, sensitivity was investigated in a physical tank 
model [8]. It was found, that sensitivity was often higher 
close to the electrodes, but no clear indication of negative 
sensitivity was reported.  
 Anticipated results in our study revealed that most of 
the measurement sensitivity is concentrated in regions close 
to the surface and the electrodes and that considerable 
region of negative sensitivity lay often near the electrodes. 
Close to the electrodes the sensitivity field has large 
gradients, i.e. the high positive sensitivity (large 
contribution) may change in a few millimeters to high 
negative sensitivity having opposite contribution to the 
measured value. Negative sensitivity as depicted by (1) is 
detected in regions where the two lead fields have opposite 
components. 
 The neighboring method was the least sensitive in the 
centre compared to the others. However, its proportional 
selectivity was the best. Actual sensitivity value might not 
always be as important as the selectivity. The most sensitive 
(although not necessarily the most selective one at the same 
time) method may be used when the approximate location of 
expected impedance change is known. Then the change in 
detected signal is the largest. Whereas, when the relative 
contribution from certain region is more important than the 
signal level (when seeking the location of the change), the 
most selective configuration yields more favorable results.  
 Between the opposite, cross and the adaptive methods 
the values did not vary largely. Interestingly, the most 
selective measurement combination in the adaptive method 
(Fig. 2) did not have negative sensitivity unlike the other 
methods. The adaptive current injection was visualized 
separately (Fig. 3). For the 2D slice, the generated field is 
homogeneous, whereas in the 3D model the current is not 
strictly confined to a cross section, but spread in 3D. In the 
thorax model the internal inhomogeneities and the shape of 
the outer boundary clearly modify the field making it more 
inhomogeneous. For the adaptive method, no optimization 
of the current injection patterns was used. 
 The results are mainly illustrative and demonstrate the 
application of the lead field approach in analyzing the EIT 
measurements. The models used were therefore relatively 
simple, linear and no realistic electrode model was used. 
Based on our results, no obvious indication of the preference 
of any acquisition method may be given. In reality, the 
fields are much more complex than in our simplified linear 
cases. An indication of complexity was obtained with the 
2D realistic model, showing clear deviations from the 
symmetrical models. Noise level and the implementation of 
EIT instrumentation and inverse solution have their own 
impact and restrictions on the data acquisition method. 

However, the analysis can be extended to more sophisticated 
models, with additional focus on the derivation of optimal 
excitation and measurement configurations in realistic 
geometry and conductivity distributions and in the existence 
of noise.  
 

V.  CONCLUSION 
 

 Sensitivity was found low in deeper regions of medium 
resulting to low resolution. Also, significant regions of 
negative sensitivity were detected. Therefore, it would be 
feasible to seek measurement combinations that improve 
EIT methods in those aspects. Employing multiple 
measurements with different and known sensitivities to the 
relevant region may convey useful information related to 
specific event or region undetectable by conventional 
measurement strategies. Whether one should concentrate on 
finding optimal measurements in the inner regions by off-
line derivation from independent data or by actual direct 
measurements utilizing more than four electrodes at a time, 
remains to be investigated.  
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