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Abstract — In this paper we investigate the possibility of using needles, which the interventional radiologist inserts near a deep-seated 

tumor during an electroporation-based therapy, to characterize the electrical conductivity of patient's tissues. Specifically, we propose 
to exploit voltage/current measurements and imaging that are performed prior to the application of electroporation pulses. The approach 
is partly based on the concepts of electrical impedance tomography; however, imaging is used to build a specific geometric model and 
compensate for the lack of information resulting from the small number of electrodes available. 3D canonical and clinical examples, 
where a few electrodes surround a tumor, demonstrate the feasibility of this method: solving the inverse problem to estimate tissues 
conductivity converges in a few iterations. For a given error on the measurement, it is also possible to calculate the error on the estimated 
conductivities. The uncertainty error with clinical data is at best 5% for one of the tissues identified, due to the limitations of the clinical 
device used. Various improvements to clinical devices are discussed to make the conductivity estimation more accurate but also to extract 
more information. 
 

Index Terms — DC electrical conductivity, Electrical Impedance Tomography, Electroporation 
 

I. INTRODUCTION 

HESE last years, electroporation-based therapies – either irreversible electroporation (IRE) or electrochemotherapy – are 
booming and are the subject of a growing number of clinical trials to treat malignant tumors [1-5]. These therapies provide 
interesting alternatives to standard non-surgical ablative techniques – radiation therapy and radiofrequency ablation – for 

treating deep-seated non resectable tumors. Unlike conventional ablative techniques, which are based on thermal diffusion and 
mainly use a single needle, electroporation ablation is based on cell permeabilization thanks to the electric field induced by several 
needles. Numerous needles (at least 3 but often 5 to 6) have to be judiciously placed close to the deep-seated tumor to generate the 
electric field that will destroy the cancer cells. In order to assist interventionists, numerical tools have been developed to compute 
the distribution of the electric field [6, 7]. In these computations, needle placement is fixed a priori to ensure optimal treatment 
efficacy. But in the case of deep-seated tumors, the percutaneous needle placement comes up against the problem of anatomical 
constraints. In the clinical setting of an IRE procedure, interventional radiologists place needles as best as they can under imaging 
guidance [8]. As a result, the theoretical placement configuration is often unfeasible for hepatic or pancreatic tumors located close 
to vital structures. In order to build a realistic model including tumor and needles, the authors in [9] proposed a numerical process 
implemented in parallel with the clinical workflow. As shown in [10], the precise localization of the needles is crucial for accurate 
computation of electric field distribution. The geometric model is built up from imaging carried out during the IRE procedure (to 
recover the exact coordinates of the needles) and from other imaging carried out at the beginning or a few days before the 
intervention (to obtain the localization of the target tumor). Next, the electric field distribution is computed from a nonlinear model 
of DC electrical conductivity, where the electroporation phenomenon is described by a sigmoid. By visualizing the simulated 
electric field before the electroporation pulses are applied, the clinician can assess whether or not coverage of the tumor will be 
sufficient. He can then decide to replace or add an electrode before starting the IRE pulses. Ultimately, the clinician will also be 
able to optimize treatment by adjusting the parameters of the generator (voltages applied, number of pulses, etc.). 

However, it is necessary to know the electric conductivity of the different tissues identified in the model, in order to accurately 
compute the electric field before, during or after the electroporation process [11, 12]. The literature provides a database of the 
electric properties of healthy tissues [13, 14]. But these data give a mean value, whereas electrical properties vary greatly from one 
individual to another when measurements are carried out in vivo, as reported for example in [13]. Magnetic resonance imaging 
(MRI) could be used to compute a patient’s impedance imaging, but DC conductivity extraction is only possible by injecting an 
external DC current into the patient’s body [15]. Another possibility is to use impedance measurements: 4-electrodes systems have 
already been used to monitor low frequency conductivity during the electroporation process [16] or to estimate the size of IRE 
ablation [17]. The conductivity measured is that of the targeted tissue, provided the electrodes are fully immersed in homogeneous 
tissue. Otherwise, this conductivity is the equivalent conductivity of the entire biological system. To differentiate conductivity in 
different parts of the system, other electrodes have to be added: electrical impedance tomography (EIT) consists precisely in using 
an array of electrodes to build an image of the conductivity distribution around the sensor. EIT experiments have already been 
carried out in laboratory to monitor the extent of the electroporated area [18]. The drawback of EIT is that a large number of 
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electrodes are required to achieve a good resolution (16 to 32 electrodes in a conventional EIT sensor) and the device cannot be 
used to investigate an area deep inside the patient’s body [19]. 

In this article, we propose to accurately estimate the DC electrical conductivity of biological tissues specific to the patient being 
treated with IRE, in order to calibrate electroporation models. We investigate a technique that combines imaging performed during 
the workflow of electroporation-based therapy with impedance measurements that can be performed using the needles inserted 
near the deep-seated tumor. Imaging provides a realistic geometric model with the different tissues and their real shape, while 
impedance measurements are exploited to estimate the electrical properties of these tissues. This technique can be considered as a 
degraded EIT where only a few electrodes are available; but this drawback is compensated by the information provided by imaging. 
In section II, the theoretical formulation of the problem is presented based on well-known concepts in EIT; the propagation of 
measurement uncertainty is also analyzed to quantify the error on the estimated conductivities. In section III, we demonstrate the 
feasibility of the method with 3D numerical simulations, first in a canonical case and then in a clinical case with real data. 

II. THEORY 

A. Formulation of the forward problem 

We consider the case where six electrodes are inserted in the vicinity of a deep-seated tumor in order to apply electroporation 
voltage pulses (see Figure 1). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Impedance measurement can be performed using the same electrodes in order to characterize the conductivity of tissues in the 
tumor vicinity. To do this, electrode pairs need to be defined in a similar way as in EIT: there are different ways of selecting 
electrode combinations [20, 21]. Here, we assign an index between 1 and 6 for the six electrode pairs defined with the neighboring 
method (see Table 1). 
 
 
 
 
 
 
 
 
 
 
 
 
 

Then, a set of impedance measurements is carried out. For a given electrode pair, denoted j, a DC current Ij is injected in the first 
electrode and collected in the second. Next, a potential difference Vij is measured between the electrodes of another electrode 
pair, denoted i, and the impedance Zij is computed as follows: 
 

Zij=∆Vij/Ij (1) 
 
 

TABLE I 
SELECTION OF ELECTRODE PAIRS WITH THE NEIGHBORING METHOD. 

 

Pair index First electrode Second electrode

1 A B 
2 B C 
3 C D 
4 D E 
5 E F 
6 F A 

 

 
 

Fig. 1. 3D model of six electrodes that surround a tumor. 
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From an electromagnetic point of view, the expression of the impedance Zij can be written as follows: 
 

𝑍 =
1
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where m is solution of the following electrokinetic problem: 
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with  the conductivity defined in the computational domain , p the bounded surface of electrode p = {1, …, 6}. Indexes m+ 
and m- are relative to the electrodes of pair denoted m, into which the current Im is respectively injected and collected. The other 
electrodes are modelled as perfect conductors with an unknown floating potential Vp for p = {1, …, 6}\{m+, m-} to compute. The 
current Im is given by: 
 

𝐼 = 𝜎
𝜕𝜙

𝜕𝑛
𝑑Γ =

1

2𝑉
σ |∇𝜙 |   𝑑Ω    (4) 

 
Calculating Zij from (2) therefore involves solving two problems (3). In the first problem (m = i), a potential difference equal to 

2V is applied between the two electrodes of pair i; the current Ii flowing through these two electrodes is deduced by calculating 
(4). In the second problem (m = j), a potential difference of 2V is applied between the two electrodes of pair j; from (4) we deduce 
the current Ij flowing through these two electrodes. 

We are interested with the inverse problem of determining the conductivity distribution  within the sample from impedance 
measurements. 

In practice, voltage drops are observed at electrode/tissue interfaces where low amplitude currents flow. This is why impedances 
are not taken into account in EIT analysis when voltage measurement uses an electrode where the current flows. Unfortunately, 
the devices used in IRE clinical trials, such as the Nanoknife (AngioDynamics, USA), only measure the voltage difference between 
the electrodes where the current flows. However, the current amplitude is high compared to the signals used in EIT. Under these 
conditions, there is no voltage drop due to interfacial phenomena (see appendix for details). As a result, voltage measurement can 
be carried out using an electrode where a high amplitude current flows. 

In the theoretical section that follows, we have chosen to formulate the problem according to the set of impedances that an EIT 
device would provide. However the problem is formally the same for an IRE device that would provide only self-impedances (i.e. 
Zii). We have discussed this latter case with clinical data in section III.B. 

Following the restrictions defined in EIT, only nine measurements can be used in our problem: Z13, Z14, Z15, Z24, Z25, Z26, Z35, 
Z36 and Z46. As we have very few measurements, we will take advantage of the information provided by imaging to solve the 
inverse problem. 
 

B. Traditional EIT approach 

Consider the problem where imaging leads to a geometric model with a tumor surrounded by a single healthy tissue. For a given 
conductivity distribution  in the whole domain, the difference Zij between measured and modelled impedances can be 
approximated at the first order from Geselowitz’s theorem [22, 23]: 
 

Δ𝑍 (σ) ≈
−1

𝐼  𝐼
Δσ ∇𝜙 (σ) ∇𝜙 (σ)𝑑Ω

   
 (5) 

 

where  is the difference between real and modelled conductivity distributions. 
 



Numerically, the domain  is discretized into K elements k where the conductivity is assumed constant. Then, 
 

Δ𝑍 (σ) = 𝑆 (σ)  Δ𝜎  (6) 

 

with 𝛺 = ⋃ 𝛺 , Δ𝜎 = Δ𝜎   in 𝛺  and the sensitivity terms 𝑆 (σ) =
 

∭ ∇𝜙 (σ) ∇𝜙 (σ) 𝑑Ω  

 

Using the nine measurements, the resulting problem to solve can be put into matrix form: 
 

[𝜟𝒁(𝜎)] = [𝑺(𝜎)][𝜟𝝈] (7) 

 

with [𝚫𝒁(𝜎)] = [Δ𝑍 (𝜎) , Δ 𝑍 (𝜎) , ⋯ , 𝑍 (𝜎)] , the sensitivity matrix [𝑺(𝜎)] =  

𝑆 (𝜎) 𝑆 (𝜎) ⋯ 𝑆 (𝜎)

𝑆 (𝜎) 𝑆 (𝜎) ⋯ 𝑆 (𝜎)
⋮

𝑆 (𝜎) 𝑆 (𝜎) ⋯ 𝑆 (𝜎)

 and 

[𝜟𝝈] = [𝛥𝜎  , 𝛥𝜎 , ⋯ , 𝛥𝜎 ] . 

 
The problem is ill-posed since we have only nine measurements and the conductivity has to be estimated over a large number of 

elements K. A penalty term can be added to regularize the problem: 
 

𝐴𝑟𝑔𝑚𝑖𝑛
[𝜟𝝈]

{‖[𝜟𝒁] − [𝑺] [𝜟𝝈]‖ + 𝛼𝑃([𝜟𝝈])} (8) 

where P is the regularisation term and  a parameter to choose. There are many ways to set the penalty term P, including Tikhonov 
regularization [24], L1 norm or Total Variation denoising [25]. 
 

Despite this improvement, the conductivity distribution will not be accurately estimated in our problem, due to the limited 
number of measurements. On the other hand, we have prior information on the tumor localization from imaging. We propose to 
re-examine the problem by adding the hypothesis that the conductivity of tumor and healthy tissue is assumed to be constant. With 
this assumption, there are only two unknowns, which greatly facilitates the numerical resolution of the nonlinear problem. 

 

C. Problem where the conductivity is assumed to be constant 

In this case, there are only two sensitivity terms for a given impedance measurement: 
 

𝑆  (𝜎) =
−1

𝐼  𝐼
∇𝜙 (𝜎) ∇𝜙 (𝜎)𝑑Ω  (9) 

 
where d refers to the domain under consideration (healthy tissue or tumor). 
 

The sensitivity matrix is reduced to a 9×2 matrix: 
 

[𝑺(𝜎)] =

𝑆   (𝜎)

𝑆   (𝜎)
⋮

𝑆    (𝜎)

𝑆  (𝜎)

𝑆   (𝜎)
⋮

𝑆    (𝜎)

 (10) 

 
and it is no longer necessary to introduce a regularization term into the minimization problem (8). The minimization problem with 
 = 0 is quadratic and we can derive a linear system to compute the incremental conductivity distribution : 
 

[𝜟𝝈] = ([𝑺(𝜎)] [𝑺(𝜎)]) ([𝑺(𝜎)] [𝜟𝒁(𝜎)]) (11) 

 



As the initial problem (5) is nonlinear, the conductivity distribution  is computed iteratively starting from an initial guess (see 
Algorithm I). The initial conductivity 0 for a given domain is chosen to be equal to the expected tissue conductivity. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The computation of the sensitivity terms can also be used to analyze the propagation of uncertainties when solving the inverse 
problem. The question is how an error on impedance measurement translates into estimated conductivities. 

To answer this question, we can consider the measured impedances as independent random variables with a given variance. The 
variance on the estimated conductivity for healthy tissue or tumor is then given by: 
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(12) 

 

with VAR the variance and [Jd] the Jacobian defined as [𝑱𝒅] =

𝜕𝜎 /𝜕𝑍
𝜕𝜎 /𝜕𝑍

⋮
𝜕𝜎 /𝜕𝑍

. 

 
The Jacobian terms can be extracted from (11). Specifically, the Jacobian terms for tissue and tumor with respect to the ith 

measurement are given by: 
 

[𝑱𝒕𝒊𝒔𝒔𝒖𝒆][𝑖]

[𝑱𝒕𝒖𝒎𝒐𝒓][𝑖]
= ([𝑺(𝜎)] [𝑺(𝜎)]) ([𝑺(𝜎)] [𝜹𝒊]) (13) 

 

with [𝜹𝒊][𝑖] = 1 and [𝜹𝒊][𝑗] = 0  for 𝑗 ≠ 𝑖. 
 

III. SIMULATION RESULTS 

A. 3D canonical case 

We consider the 3D geometrical problem where six regularly spaced electrodes surround a tumor as shown in Figure 1. The 
length of the electrodes is 9 mm; the tumor is perfectly spherical with a radius of 2 mm and is slightly eccentric. 

Numerical experiments were performed for a tumor conductivity tumor = 2.0 tissue where the tissue conductivity tissue = 0.1 
S/m. Problem (3) was solved for m = {1, 2, …, 6} using finite element method implemented with Freefem++ [26]. To avoid 
“inverse crime” [27, 28], we used two different meshes (with 76 408 elements for the forward problem and 48 794 for the inverse 
problem; see supplementary files 1). 

The convergence study reported in Table II shows that Algorithm I converges after 4 iterations with a relative error on the 
estimated conductivities lower than 1%. Convergence is achieved more quickly for the tissue, because the initial guess was closer 
to the true value compared with the tumor. 
 
 

ALGORITHM I 
SOLUTION PROPOSED IN SECTION II.C 

tissue = 0 and tumor = 0 

error = 1 
while error > threshold 
      for m = 1, …, 6 
           Solve Problem m 
      for i-j = 1-3, 1-4 , …, 4-6 
           Compute Sij tissue and Sij tumor 

           Compute Zij 

       [𝜟𝝈] = ([𝑺] [𝑺]) ([𝑺] [𝜟𝒁]) 
tissue  tissue + [][1] 
tumor  tumor + [][2] 

      error = ‖[𝜟𝒁]‖   
 



 
 
 
 
 
 
 
 
 
 
 
 
 

Table III reports the relative change of impedance with and without tumor in this numerical problem. The variation is not greater 
than 5% for all the possible measurements. Under these conditions, the estimation may be altered by measurement error. The 
uncertainty on the estimated conductivities can be predicted using the variance analysis presented in section II.C. Here we consider 
that the standard deviation (√𝑉𝐴𝑅) for the different impedance Zij is 1% of the absolute value of these impedances. The standard 
deviation of the estimated conductivities was computed using (12). We obtained that the uncertainty is 0.7% of the estimated 
conductivity for healthy tissue and 13.5% of the estimated conductivity for tumor. Uncertainty about tumor conductivity is greater 
because the tumor is small and located in the center of the system: the measurement system using the neighboring method is more 
sensitive in areas close to the electrodes, as shown in [19, 20]. 

 
 
 
 
 
 
 
 
 
 
 
 
 

B. Clinical case 

We applied our method to estimate retrospectively tissue conductivity from the data collected during a clinical IRE trial, 
performed at the University Hospital of Poitiers. The patient was affected by a neuroendocrine tumor in the pancreas head and the 
IRE treatment was carried out using the Nanoknife device with three electrodes [29]. 
 

 

TABLE III 
RELATIVE VARIATION Zij

0/Zij OF THE COMPUTED IMPEDANCES FOR THE 

NEIGHBORING METHOD, WITH AND WITHOUT THE TUMOR. tumor = 2.0 tissue. 

i-j Zij
0/Zij i-j Zij

0/Zij

1-3 1.0 % 2-6 3.6 % 
1-4 1.8 % 3-5 0.8 % 
1-5 4.7 % 3-6 4.6 % 
2-4 0.1 % 4-6 3.4 % 
2-5 3.3 %   

 

 

Fig. 2. Per-operative CT scan showing 2 of the 3 electrode tips with 
segmentation of the pancreas (blue) and tumor (yellow) superimposed on the 
CT image 

 
 
Fig. 3. Finite element mesh built with Gmsh. The CT segmentation of the 
pancreas surface is colored green; that of the tumor is colored orange. The 
three needles are in blue; note that needle A is divided into two parts, one 
inside the pancreas and the other inside the fictitious box that models the fat. 

A 
B 

C 

TABLE II 
CONVERGENCE STUDY FOR THE CANONICAL CASE. 
tissue = 0.1 S/m, tumor = 0.2 S/m and 0 = 0.05 S/m. 

Iteration Error on tissue Error on tumor 

1 25.0 % 53.6 % 
2 6.2 % 25.1 % 
3 0.3 % 4.6 % 
4 0.1 % 0.5 % 
5 0.1 % 0.9 % 
6 0.1 % 0.9 % 
7 0.1 % 0.9 % 

 



A pre-operative Computed Tomography (CT) scan with contrast was performed at the beginning of the IRE procedure to localize 
the target tumor. Next, the three needles were inserted percutaneously under CT guidance by the interventional radiologist, as 
parallel as possible around the tumor, and a CT scan was performed to check needle positioning (see Figure 2). 

Manual segmentation of the pancreas gland and tumor was performed with 3D-Slicer [30] from the pre-operative CT scan, after 
non rigid registration had been applied using the per-operative CT scan (with the needles) as a reference. The coordinates of the 
three needles were collected by manual marking on the per-operative scan. These data were then imported into Gmsh [31] in order 
to build a finite element mesh (see Figure 3). A fictitious box was added to account for the fact that the pancreas is surrounded by 
fat; this box is parallelepipedic in shape to simplify the model. The 3D mesh was composed of 676 730 elements (see supplementary 
files 2). 

As there were three needles (A, B and C) in this clinical trial, three electrode pairs were defined: A-B (pair #1), A-C (pair #2) 
and B-C (pair #3). The IRE treatment consisted here in applying, for each electrode pair, about eighty 90 s pulses with an 
equivalent electric field (defined as the voltage divided by the distance between electrodes) of 1600 V/cm. 

Prior to the IRE pulses, the Nanoknife generates a 400 V pre-pulse between the different electrode pairs successively. In parallel, 
the device measures voltage and current at the end of the pulse, when the steady-state assumption is best verified (see 
supplementary file 3). We used these data to compute the self-impedances: we found Z11 = Z22 = 281.2 Ω and Z33 = 202.4 Ω. 

When we observe the geometric model (Figure 3), we can see that the three electrodes are roughly equidistant from each other. 
If there were only one tissue, we would expect to measure three very close impedances. But electrode A is not completely inserted 
into the pancreas, unlike the other two electrodes B and C: part of electrode A is in the fat surrounding the pancreas. When this 
electrode is active, it is more difficult for the current to flow because fat is a poor conductor (compared to the pancreas). The 
impedance observed in this case will therefore be high. On the other hand, when electrode pair B-C is active, the current can flow 
in the pancreas without passing through the fat: the impedance observed in this case will therefore be low. This is why Z11 (electrode 
pair A-B is active) and Z22 (electrode pair A-C is active) are high compared to Z33 (electrode pair B-C is active). 

In addition, as the electrodes are approximately equidistant, Z11 and Z22 should be close to each other, but not exactly equal as 
observed experimentally. This result is due to a measurement error. We analyzed the data files provided by the Nanoknife (see 
supplementary file 3) and found that the current (respectively the voltage) is recorded for IRE pulses with a resolution I = 0.1 A 
(respectively V = 7 V). Under these conditions, the relative error on the measured impedance Z/Z (= V/V + I/I) is 6.2%. 

On the other hand, as the distance between the electrodes is approximatively 1.7 cm, the pre-pulses induce an equivalent electric 
field of about 240 V/cm: the tissue electroporation threshold is a priori not reached (to be sure we should work with an even lower 
voltage but the Nanoknife does not allow to adjust it). Furthermore, we assume that there is no voltage drop at the electrode/tissue 
interface when a 400 V pulse is applied (see appendix for more details). From these considerations, we deduce that the impedances 
are only related to the electrical properties of non-electroporated tissues. 

We therefore have three measurements to estimate the electrical conductivity of three tissues (pancreas, tumor and fat). The 
problem seems well posed. However, when we solved this problem by applying Algorithm I, we observed that it did not converge, 
particularly with regard to tumor conductivity. This result is due to the measurement errors mentioned above. To solve this issue, 
we modified the minimization problem (8) by adding a penalty term: 
 

𝑃([𝚫𝝈]) = ‖𝝈𝟎 − (𝝈 + 𝚫𝝈)‖  (14) 

 

where 𝝈𝟎 = 𝜎   , 𝜎  , 𝜎   is the expected conductivity of the different tissues and 𝝈 = 𝜎  , 𝜎 , 𝜎  
the estimated conductivity at a given iteration of the algorithm. 
 

We used the database [14] to set the expected conductivity 0 pancreas = 0.5 S/m and fat = 0.05 S/m for pancreas and fat. As for 
0 tumor, to our knowledge, no data are available in the literature for neuroendocrine tumors, which are rare. On the other hand, there 
are studies in the literature for other tumor types. For a liver adenocarcinoma, low frequency conductivity was measured at 0.4 
S/m in [32]. For human pancreatic tumors, a study was carried out with Patient-Derived Xenograft models in [33] and a 
conductivity of 0.2 S/m was observed at low electric field. In the following simulations, we chose 0.3 S/m for tumor conductivity. 

With the penalty term (14), the solution is sought in a neighborhood of expected conductivities. The weight of this penalty term 
in (8), with respect to the impedance error term ‖[𝜟𝒁] − [𝑺] [𝜟𝝈]‖ , is controlled by the parameter . 

This parameter is set by considering, on the one hand, the error on the impedances Zii algo computed by the algorithm: 
 

and, on the other hand, the uncertainty error on the estimated conductivities. 
 

∆Z/Z  = max
, ,

𝑍 − 𝑍  /𝑍   (15) 



For the uncertainty analysis, we set the standard deviation (√𝑉𝐴𝑅) for the different impedance measurements Zii according to 
the measurement accuracy, i.e. 6.2% of the absolute value of these impedances. The standard deviation of the conductivities was 
computed using (12). 

Table IV reports the results for different values of  The algorithm converges to a non-physical solution (tumor conductivity is 
negative) when  = 10. For  = 100, the algorithm converges after 3 iterations to a physical solution with an error Z/Z algo equal 
to 0.5%, which is small in front of the measurement error Z/Z (6.2%). However, uncertainty about the value of tumor conductivity 
is very high (± 0.866 S/m). For  = 1000, this uncertainty decreases but remains significant (± 0.133 S/m). For  = 104, this 
uncertainty is much smaller (± 0.014 S/m), while the error Z/Z algo remains low (2.2 %). For  = 105, the error on Z/Z algo increases 
significantly to 9.9%. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

We retained the results for  = 104. It is worth noting that if the measurement uncertainty had been lower, the weight of the 
penalty term would have been lower. 

The final value of the estimated conductivity is 0.383 ± 0.038 S/m for pancreas, 0.290 ± 0.014 S/m for tumor and 0.066 ± 0.029 
S/m for fat. The uncertainty error for the pancreas and tumor is less than the inter-individual variability observed on traditional 
bioimpedance measurements for healthy tissue [13] and tumors [32]. However, the uncertainty error for fat is slightly higher than 
the one given in [13]. 

To improve system accuracy, the resolution of voltage/current measurements should be refined in clinical devices. In addition, 
the estimate would be more accurate if a larger number of measurements were available. The Nanoknife can only measure self-
impedances (i.e. Zii). If it were possible to access mutual impedances (i.e. Zij with i  j), the accuracy of the system would be 
significantly improved. In the case of a 3-electrode system, we would have six independent measurements (taking into account 
reciprocity) compared with three in the study presented in this article. 

Another limitation of the work presented is that the conductivity estimation provided at this stage is not sufficient to calibrate 
electroporation models. As mentioned in the introduction, these models are nonlinear and the dependence of conductivity on 
electric field is characterized by two DC conductivity values: one at low electric field and one at high electric field [10]. The 
conductivity estimation presented here provides information at low electric field. The DC conductivity at high electric field can be 
extracted by estimating high-frequency conductivity at low electric field (in both cases, the cell membrane no longer acts as an 
insulator). High-frequency impedance measurements with small signals (typically a few mA at frequencies of a few hundred kHz, 
commonly applied in EIT [19]) using the same electrodes would therefore be necessary to characterize DC conductivity at high 
electric field. The method described in this article could then be implemented with high-frequency data. Unfortunately, clinical 
IRE devices do not yet allow this type of measurement. 
 

IV. CONCLUSION 

In this article, we investigated the possibility of exploiting imaging and voltage/current measurements, made prior to IRE 
treatment, with needles inserted near a deep-seated tumor. The conductivity of the different tissues can be estimated in the tumor 
vicinity, using an approach similar to that developed for EIT. However, imaging is essential to build a specific geometric model 
and compensate for the lack of information resulting from the small number of electrodes available. 

Numerical simulations in a 3D canonical case with six electrodes show the relevance of this approach: the algorithm converges 
very quickly, in a few iterations. A clinical case study with real data confirms the feasibility of the proposed method. 

This approach also makes it possible to quantify the uncertainty in the estimation of tissue conductivity as a function of 
measurement error. In the clinical case discussed in this article and depending on the tissue considered, the uncertainty error is 

TABLE IV 
NUMERICAL STUDY FOR THE CLINICAL CASE. 

     

Z/Z algo 
(%) 

No 
physical 
solution 

 
0.5 

 
0.9 

 
2.2 

 
9.9 

pancreas 
(S/m) × 

0.382 
± 0.084 

0.371 
± 0.044 

0.383 
± 0.038 

0.445 
± 0.016 

tumor   
(S/m) × 

0.092 
± 0.866 

0.263 
± 0.133 

0.290 
± 0.014 

0.295 
± 0.002 

fat    
(S/m) × 

0.083 
± 0.053 

0.076 
± 0.033 

0.066 
± 0.029 

0.030 
± 0.013 

 



lower than, or of the same order of magnitude as, that found in the literature, where the precision of results is limited by the 
variability between individuals. However, the results obtained in this paper are limited by the performance of current clinical 
devices. The results could be improved in a number of ways, for example by measuring voltage/current with greater resolution, by 
performing voltage measurements on inactive electrodes to provide more information, or by working with low-amplitude high-
frequency signals to refine electroporation models. 

As it stands, the method proposed in this article can be used to expand knowledge on tumors. The literature shows important 
variations in the tumor conductivity values according to the type of tumors, their origin (primary versus metastatic) and their 
content in terms of necrosis or fibrosis. We are currently working on this issue by combining the analysis of impedance 
measurements and imaging on a database of patients treated by IRE for hepatic and pancreatic tumors. 

APPENDIX 

When a DC current flows across an electrode, there is a charge transfer resistance RCT due to Faradic processes at the 
electrode/electrolyte interface. This resistance is nonlinear with respect to the overpotential η [34]: 
 

𝑅 (𝜂) =
𝜂

𝐼
𝑒 − 𝑒  (16) 

 
where R is the gas constant, T is the temperature in Kelvin, F is Faraday’s constant, n is the number of electrons per molecule 
participating in the reaction, I0 is the exchange current (in A), αa and αc are the transfer coefficients. 

The higher the applied voltage, the higher the Faradic current, resulting in an increasingly low voltage drop at the 
electrode/electrolyte interface. To illustrate this statement, we propose to compute the numerical value of RCT using the parameters 
reported in [34] for a platinum/electrolyte interface: I0 norm = 6.41 10−4 Am−2, n = 2, αa = αc = 0.5 and T = 298 K.        I0 norm is the 
normalized value of I0 obtained for 1 m² electrode surface. Here we use the surface of a real needle, with an active length of 40 
mm and a diameter of 1 mm, to compute I0. When the overpotential is small (i.e. η << RT/F = 25 mV), RCT is very large and nearly 
constant ( 150 k. When the overpotential is large (i.e. η >> 25 mV), RCT becomes negligible (5.2 10-11  for = 1 V) 

Signals used in EIT are small (currents are limited to 0.1 mA in the low frequency range [19]). Under these conditions, RCT 
resistance has a strong influence on impedance measurements using an electrode where the current flows. 

For impedance measurements with an IRE device, we use pre-pulses of about 400 V. Under these conditions, RCT resistance is 
almost zero and impedance measurements reflect only the tissue response, even when using an electrode where the current flows. 
 

To confirm this theoretical result, we measured the potato conductivity potato using four electrodes as shown in Figure 4. The 
system was scanned with the same tools as those presented in section III.B, in order to build an accurate finite element model of 
the potato with the exact position of the electrodes. In addition, we verified with imaging that the plant tissue was visibly 
homogeneous, implying that conductivity can be considered constant at any point of the potato. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

A first measurement was performed with the 2-electrode system using only pair #1 of external electrodes and a second 
measurement with the 4-electrode system using all the electrodes (pair #1 of external electrodes and pair #2 of inner electrodes). 

For measurement with the 2-electrode system, a current I1 was injected into one electrode of pair #1 and collected in the other 
electrode of pair #1. At the same time, the voltage V11 was measured between the electrodes of pair #1. The impedance Z11 = 
V11/I1 was computed according to (1). 

For measurement with the 4-electrode system, the voltage V21 was measured between the electrodes of pair #2 while the current 
I1 described previously flowed. The impedance Z21 = V21/I1 was computed according to (1). 

From a practical point of view, we used a low voltage generator to apply V = V11 = 20.0 V for about 200 ms. We used a 
Chauvin Arnoux DP25 probe (respectively Chauvin Arnoux E3N probe) to measure voltage (respectively current) and an 
oscilloscope for signal acquisition. At the end of the pulse, we measured V21 = 4.24 V and I1 = 40 mA. The 20 V voltage was 

 
 

Fig. 4. Experiment with a potato and 4 electrodes. 



chosen to be high enough to work in the high voltage range (>> 25 mV) but also to ensure that the current signal comes out of the 
noise (> 10 mA, 4 turns were made around the current clamp to amplify the current measurement). On the other hand, it was not 
possible to work with a higher voltage or a longer pulse because of the potato electrolysis, which ends up modifying the ionic 
concentration (and therefore the conductivity). These changes would result in a gradual increase in current over the duration of the 
pulse. 

For the numerical computation, we solved problem (3) for m = 1, 2 in the case of a reference conductivity equal to 1 S/m. We 
used (2) to compute the unit impedances Z11 unit and Z21 unit, which are rigorously equal to the inverse of probe cell constant defined 
in impedance measurements [35]. We found Z11 unit = 40.25 m-1 and Z21 unit = 8.31 m-1.

Then, the potato conductivity was extracted by calculating potato 2 = Z11 unit / Z11 = 0.0201 S/m for the 2-electrode system and 
potato 4 = Z21 unit / Z21 = 0.0196 S/m for the 4-electrode system. These conductivities are within the order of magnitude expected for 
potato tissue (0.04 S/m in [36]). Above all, they are very close (relative deviation of 2.5 %), confirming that there is no effect of 
the charge transfer resistance at high voltages. Otherwise, this effect would only have affected the measured impedance Z11 but not 
Z21; the conductivity value potato 2 would have been much lower than potato 4. 
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