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Highlights 

What are the main findings? 

• Synthetic modelling indicates that individual inversions of DC resistivity and FDEM 

data have limitations in resolving the geometry of complex, compact, and dyke-like 

sources. 

• The sequential cooperative inversion strategy leads to more consistent imaging re-

sults, successfully integrating the complementary strengths of both geophysical 

methods. 

• Results from the Morgenzon Farm site in South Africa demonstrate that DC resistiv-

ity models constrained by FDEM data provide improved reconstruction of dolerite 

dykes. 

What are the implications of the main findings? 

• The sequential cooperative approach effectively reduces structural ambiguity, 

achieving higher fidelity in subsurface geometry and amplitude compared to sepa-

rate inversions. 

• The proposed algorithm is computationally efficient, converging to a consistent 

model in fewer than 10 iterations. 

• This approach establishes a robust non-destructive testing (NDT) methodology, fa-

cilitating more reliable decision-making for geotechnical site investigations and 

groundwater exploration. 

Abstract 

The characterisation of subsurface electrical resistivity is a fundamental requirement for 

geoscientific and engineering applications, including groundwater exploration and struc-

tural assessments. This study examines the sequential cooperative inversion of direct cur-

rent resistivity and frequency-domain electromagnetic data and compares the results to 

the inverse models obtained from separate (individual) inversions of the datasets. The 

proposed cooperative framework is applied to both synthetic datasets generated through 

forward modelling and field data acquired at the Morgenzon Farm site, South Africa, to 

delineate a dolerite dyke of hydrogeological significance. Individual inversions identified 
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distinct features but exhibit limitations: direct current resistivity highlights a two-layered 

medium with minor anomalies, while frequency-domain electromagnetic data identify a 

resistive anomaly. In contrast, the sequential cooperative inversion approach, which uses 

the output of one dataset to constrain the other, provides improved subsurface imaging 

results, reduces ambiguity, and enables the integration of complementary information 

from both methods. The results indicate that resistivity models constrained by inverse 

frequency-domain electromagnetic data provide improved representation of subsurface 

geometry and amplitude compared to individual approaches. These findings support the 

use of a non-destructive testing approach for improved subsurface imaging, facilitating 

better-informed decision-making in infrastructure projects and resource management 

Keywords: electrical resistivity; frequency-domain electromagnetic (FDEM); sequential 

cooperative inversion; engineering geophysics; non-destructive testing (NDT); dyke;  

underground water; hydrogeophysics 

 

1. Introduction 

Obtaining models of the subsurface that can be interpreted in terms of their geologi-

cal causes is an important stage in engineering geophysics. This process is highly depend-

ent on recovery algorithms such as inversion techniques, which are essential for geotech-

nical site characterisation and infrastructure monitoring. Conventional inversion of geo-

physical datasets, such as DC resistivity and FDEM data, provides valuable insights into 

the subsurface structure but often faces challenges of non-uniqueness and instability in 

their inverse solutions [1]. These challenges arise because geophysical inversion problems 

are inherently ill-posed, affected by noise, and limited by the individual methods’ ability 

to resolve complex features. 

In the context of civil and environmental engineering, reducing the uncertainty of 

these models is important for supporting risk-informed decision-making during construc-

tion and resource management. Integrating multiple geophysical datasets during inver-

sion has emerged as a promising strategy to address these challenges [2]. By combining 

complementary datasets, DC resistivity with gravity, electromagnetic, and seismic data 

[3–5], the strengths of each method can be leveraged to reduce ambiguity and improve 

the reliability of subsurface characterization. 

Geophysical datasets can be integrated through several approaches. One common 

method is joint interpretation, where each dataset is first inverted separately, and the re-

sulting models are then interpreted together using geological and other supporting infor-

mation [6–10]. 

Another approach is joint inversion, which combines multiple datasets within a sin-

gle framework using petrophysical or structural constraints [11,12], or by enforcing struc-

tural similarities between models [6,12,13]. More recently, artificial intelligence (AI) algo-

rithms have been developed to facilitate this integration [14], improving the resolution 

and accuracy of subsurface imaging 

A further integration strategy, and the focus of this study, is cooperative inversion, 

in which the inversion result of one geophysical method serves as a constraint model or 

reference model for another [1,15]. Different definitions for cooperative inversion exist 

across scientific literature. For instance, within the broader geophysical community, Lines 

et al. [16] defined cooperative inversion as the estimation of an underground model con-

sistent with various independent geophysical datasets. According to this definition, coop-

erative inversion may include either joint inversion or sequential inversion, where the lat-

ter is most frequent. On the other hand, in some studies, cooperative inversion refers 
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specifically to a simultaneous joint inversion, in which multiple datasets are inverted to-

gether to recover a single shared physical property model. For example, Mohand-Said et 

al. [17] performed a cooperative joint inversion of time-domain electromagnetic and direct 

current resistivity data by simultaneously minimising a combined objective function to 

recover a common resistivity model. In this case, the cooperation occurs through the sim-

ultaneous fitting of both datasets within a single inversion framework. 

In this study, sequential cooperative inversion (Figure 1) is presented as a robust 

NDT strategy for improving subsurface imaging. This approach involves using the inver-

sion results of one geophysical dataset as an initial model for the inversion of the other 

dataset. The role of the initial model is important in local optimisation-based inversions 

(e.g., Gauss–Newton, conjugate gradient methods), where poor starting models may lead 

to convergence issues or local minima (e.g., [2,18]). For engineering applications, stable 

convergence is important for obtaining consistent and interpretable subsurface models 

[19,20]. 

This study introduces a sequential cooperative inversion approach for the integration 

of DC and FDEM techniques, a combination that has not been previously explored. The 

DC resistivity and FDEM methods are inherently linked through their respective associa-

tion with resistivity (𝜌) and conductivity (𝜎), where 𝜌 = 1 𝜎⁄ . This direct physical rela-

tionship allows for a more streamlined and engineered inversion workflow compared to 

methods relying on unrelated physical parameters. 

 

Figure 1. Illustration of sequential inversion of two arbitrary geophysical methods. 

While the joint interpretation of these data has been documented [21,22], to our 

knowledge, no prior studies have investigated their sequential cooperative inversion to 

enhance imaging fidelity. This gap motivates the present study, which evaluates the ca-

pability of sequential information transfer between DC resistivity and FDEM datasets. A 

conceptual analogy may be drawn with broader geophysical modelling approaches, 

where prior physical constraints are incorporated to guide inversion processes. For exam-

ple, Quinn et al. [23] described a global-scale application in which electrical conductivity 

constraints were used to inform geomagnetic data inversion. Although the scale and ap-

plication differ, this illustrates the general principle of constraint-driven inversion. We 

investigate the efficacy of cooperative inversion of DC resistivity and FDEM data in ob-

taining reliable models of the subsurface structure. We first present the individual inver-

sions for each dataset, which are based on linear integral equations [21,24,25]. Following 

this, we introduce the cooperative inversion framework and evaluate its performance 

through applications to both synthetic datasets and field data collected across a dolerite 

dyke on the Morgenzon Farm site in South Africa, a key indicator of groundwater pres-

ence in the study area. The cooperative inversion results are compared with the individual 

inversions to evaluate the success of cooperative inversion in obtaining improved models 

of the subsurface for geoscience and engineering applications. 

  

https://doi.org/10.3390/rs18091404


Remote Sens. 2026, 18, 1404 4 of 27 
 

https://doi.org/10.3390/rs18091404 

1.1. Literature Review: Multi-Modal Geophysics and Integrated Frameworks 

The growing need for high-resolution subsurface imaging across geoscience and en-

gineering disciplines has accelerated the development of integrated geophysical ap-

proaches. Although individual geophysical datasets offer valuable baseline information, 

their inverse solutions often suffer from non-uniqueness and instability, limiting their ef-

fectiveness for engineering-grade structural assessment. To overcome these limitations, 

recent research emphasises integrated and multi-method approaches as an essential 

means of reducing uncertainty and lowering technical risk in complex subsurface investi-

gations. 

1.2. Case Studies in Cooperative and Joint Inversion 

Historically, the integration of diverse geophysical datasets has been widely explored 

across various engineering, environmental and exploration sectors. Pasion et al. [26] used 

cooperative inversion of magnetometry and time-domain electromagnetic data for high-

precision detection of unexploded ordnance projects. Similarly, Lelièvre et al. [27] imple-

mented cooperative inversion of seismic and gravity datasets for mineral exploration, 

while Gonçalves and Leite [28] integrated seismic reflection and gravity datasets through 

a cooperative inversion procedure. 

For precision site characterisation, Paasche and Tronicke [29] introduced a 2D 

method based on fuzzy c-means clustering to execute cooperative inversion of different 

datasets, with promising results. Linder et al. [30] utilised and expanded this zonal coop-

erative inversion approach for the integration of crosshole P-wave, S-wave, and ground 

penetrating radar (GPR) datasets to reveal and characterise disparate sedimentary units. 

In this framework, an individual model including GPR velocity and the velocities of P and 

S waves is extracted as the zonal cooperative inverse model, delineating the main subsur-

face zonation while explaining all measured datasets. 

This algorithm was further extended by Tronicke and Paasche [31] to integrate S- and 

P-wave travel time data, showing how supportive a priori information can be incorpo-

rated automatically to further constrain the final inverse model. 

In challenging rock environments where seismic data quality is significantly de-

creased, Takam Takougang et al. [32] presented a cooperative joint inversion algorithm 

incorporating magnetotelluric data; Le et al. [33] solved the non-uniqueness of individual 

inversion of magnetotelluric data due to remarkable near-surface resistivity variations 

through cooperative inversion with a seismic reflection approach. High-resolution appli-

cations also include the work of McMillan and Oldenburg [34], who integrated airborne 

time-domain electromagnetic, DC resistivity and controlled source audio frequency mag-

netotellurics to provide 3D high-resolution conductivity (resistivity) images of the sub-

surface at the Antonio gold deposit in Peru. Furthermore, Skibbe et al. [35] used structur-

ally coupled cooperative inversion of magnetic resonance sounding and vertical electrical 

sounding for improved conductivity estimations. 

Recent advancements have focused on more sophisticated coupling and structural 

constraints. Le et al. [36] utilised the textural domain for the cooperative inversion of mag-

netotelluric and seismic reflection datasets. Mutual information sharing between gravity 

and DC resistivity methods was performed by Singh, Mishra and Sharma [15] using fuzzy 

c-means clustering, which requires a priori knowledge of the number of geological units. 

Kim et al. [37] proposed a cooperative inversion algorithm based on the structure tensor 

that demonstrated improved performance over conventional cross-gradient constraints in 

extracting average structural information. Cross-gradient methods can be limited when 

model components exhibit opposing gradient directions, which may result in ambiguous 

structural alignment. The structure tensor framework addresses this issue by enabling ro-

bust extraction of the average structural direction, thereby reducing ambiguity and 
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improving inversion reliability. Regarding automated detection, Oh et al. [38] developed 

a deep learning-based cooperative inversion to combine controlled-source electromag-

netic and seismic data for salt detection. 

Regarding automated detection, Ren et al. [39] proposed an approach to eliminate 

the problem of disparate grid divisions for the cooperative inversion of airborne TDEM 

and magnetometry using a cross-gradient technique. In addition, the introduced tech-

nique effectively integrates 1D inversion with 2D/3D inverse models. Zhdanov et al. [40] 

employed a simultaneous joint inversion framework of airborne gravimetry and magne-

tometry data acquired at McFaulds Lake, Canada, with a minimum entropy stabiliser to 

promote compact and geologically focused models through cooperative structural con-

straints. Finally, the utility of constraining DC resistivity data inversion through a mag-

netometry approach was extensively investigated by Varfinezhad, Parnow, Florio, Fedi 

and Mohammadi Vizheh [1], demonstrating its advantages for high-resolution imaging 

of archaeological datasets measured on a burial villa in Pompeii, Italy. 

The above case studies demonstrate the utility of cooperative inversion for geophys-

ical datasets, such as DC resistivity, GPR, electromagnetic, and gravity data, in diverse 

applications, including mineral exploration, hydrogeological surveys, and archaeological 

prospecting. However, systematic evaluations of cooperative inversion specifically for DC 

resistivity and FDEM datasets remain limited, especially in scenarios where physical 

properties, such as resistivity and conductivity, exhibit complementary sensitivities. In 

subsurface investigations, where rapid assessment and numerical stability are paramount, 

the sequential approach proposed in this study offers a more robust and efficient work-

flow. By addressing this gap, this work presents an approach for multi-modal NDT inves-

tigations in complex subsurface environments, supporting improved data integration and 

informed decision-making across geoscientific and engineering contexts. 

2. Materials and Methods 

2.1. The Forward Problem of the DC Resistivity and FDEM Methods 

Geophysicists investigate the internal structure of the Earth across a vast range of 

scales, from the near surface to depths of several hundred kilometers, using methods such 

as GPR and seismology (e.g., [41,42]) to measure physical properties from the surface, the 

air, and within boreholes. Among these properties, the electrical conductivity/resistivity 

of subsurface structures is a critical attribute for a wide array of geoscience and engineer-

ing applications, including site characterisation, groundwater exploration, and structural 

integrity assessments. To this end, methods such as DC resistivity and FDEM techniques 

have been developed to detect and characterise these subsurface features. This section 

reviews the fundamental principles and forward problems of these two methods. 

2.1.1. The DC Resistivity Technique 

The DC resistivity method originated in the 1920s as a geophysical technique for sub-

surface investigations [43]. In recent years, it has become a primary tool for characterising 

subsurface features critical to geoscience and engineering, such as fracture zones [44], 

landslides [45], soil lithology [46], and moisture content [47]. 

In this method, a DC or low-frequency alternating current is injected into the subsur-

face through a pair of current electrodes, while the resulting electrical potential difference 

is measured between a second pair of electrodes through a voltmeter (Figure 2a). From 

the measured electrical current and potential difference, the apparent resistivity of the 

subsurface is calculated by taking the distances between the four electrodes into account 

and by assuming that the subsurface is a homogeneous half-space. In this study, the for-

ward problem is framed as a precision tool for structural reliability. 
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Various electrode geometries are employed during DC resistivity surveys, among 

which the dipole–dipole array (Figure 2b) is one of the more commonly used configura-

tions. In this array, the current and potential electrode pairs (dipoles) are separated by a 

distance that is a multiple (𝑛) of the dipole lengths (𝑎). 

 

Figure 2. (a) Schematic representation of a DC resistivity survey illustrating the injection of current 

(I) and the measurement of resulting electrical potential difference (DV) to determine apparent re-

sistivity; (b) the dipole–dipole array configuration (modified from [24]), where 𝑟𝐴 and 𝑟𝐵 denote 

the distances from current electrodes A and B, while 𝑟𝑀 and 𝑟𝑁 represent the distances from poten-

tial electrodes M and N. 𝑟′ represents the position of a subsurface cell, 𝑎 is the dipole spacing, and 

𝑛𝑎 is the separation between the current and potential dipoles. 

Resistivity surveys are generally conducted via two primary strategies: profiling, 

which maps lateral variations in lithological resistivities, and sounding, in which vertical 

changes in the resistivities of subsurface layers are investigated. The integration of sound-

ing and profiling enables a two-dimensional (2D) investigation of the subsurface, known 

as electrical resistivity tomography (ERT). Therefore, electrical resistivity tomography 

surveys aim to determine the subsurface resistivity distribution both horizontally and ver-

tically by making measurements on the ground surface [38], serving as a robust NDT tool 

for engineering site characterisation. 

The basis for DC resistivity modelling using the integral equation method lies in the 

classical scattering equations derived from Maxwell’s equations at zero frequency. In this 

framework, a given model consists of the background medium and the anomalous zone. 

The background medium serves as the reference framework, while the scattered field gen-

erated by the anomalous zone is computed as the forward response. Although Maxwell’s 

equations are inherently nonlinear with respect to the electrical conductivity, Pérez-

Flores, Méndez-Delgado and Gómez-Treviño [24] introduced a linearised relationship be-

tween the logarithm of apparent resistivity and the logarithm of true resistivity using a 

linear approximation. Consequently, the integral form of this forward problem is ex-

pressed as a Fredholm Integral Equation of the First Kind (IFK). The 2D forward formula 

in integral equation form is: 

𝑑(𝑠) = ∫𝐴(𝑠, 𝑥, 𝑧) 𝑚(𝑥, 𝑧) 𝑑𝑥𝑑𝑧 (1) 

where 𝑠 represents the current and potential electrodes, 𝑑 is a forward response, (𝑥, 𝑧) 

are coordinates of the points of the area of interest, 𝐴 is the kernel and 𝑚 is the subsur-

face model expressing the log10 of resistivity or conductivity distribution. 
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If the subsurface is divided into 𝑛𝑥 × 𝑛𝑧 cells, the discretised matrix equation is as 

follows: 

𝐝 = 𝐀𝐦  (2) 

where the kernel for DC current is defined as [24]: 

𝐴 =
𝑛(𝑛 + 1)(𝑛 + 2)𝑎

4𝜋
(𝐼𝐴𝑀 − 𝐼𝐴𝑁 − 𝐼𝐵𝑀 + 𝐼𝐵𝑁) (3) 

and 

𝐼𝑖𝑗 =

{
 
 
 
 

 
 
 
 4(𝑐2 + 𝑝2)𝐸(𝑞) − 8𝑝2𝐾(𝑞)

𝑐𝑝2(𝑐2 − 𝑝2)2
 (𝑥𝑆𝑡 − 𝑧

′2 + 𝑐2) −
4𝑈

𝑐3𝑞
       𝑓𝑜𝑟   𝑐 > 𝑝 . 𝑞 = √

𝑐2 − 𝑝2

𝑐2
 

4(𝑐2 + 𝑝2)𝐸(𝑞) − 8𝑐2𝐾(𝑞)

𝑝𝑐2(𝑝2 − 𝑐2)2
 (𝑥𝑆𝑡 − 𝑧

′2 + 𝑝2) −
4𝑈

𝑝3𝑐
       𝑓𝑜𝑟   𝑝 > 𝑐 . 𝑞 = 𝑝√

𝑝2 − 𝑐2

𝑝2

𝜋

4
[
1

𝑐3
−
1

𝑐5
(𝑥𝑆𝑡 − 𝑧

′2)]  .                                     𝑓𝑜𝑟   𝑐 = 𝑝 

 (4) 

with 

𝑐2 = (𝑥′ − 𝑥𝑆)
2 + 𝑧′

2 (5) 

𝑝2 = (𝑥 − 𝑥′)2 + 𝑧′
2 (6) 

𝑈 =
𝐸(𝑞)

𝑞(1 − 𝑞2)
−
𝐸(𝑞)

𝑞
 (7) 

𝑥𝑆𝑡 = (𝑥
′ − 𝑥𝑆)(𝑥 − 𝑥

′) (8) 

In the above expressions, 𝑖 denotes the current electrode (A or B), and 𝑗 represents 

the potential electrode (M or N). The variables 𝑥𝑆 and 𝑥 represent the horizontal coordi-

nates of the current and potential electrodes, respectively, while 𝑥′ and 𝑧′ indicate the 

coordinates of the cell centres. The functions 𝐾(𝑞) and 𝐸(𝑞) are the complete elliptic in-

tegrals of the first and second kind, respectively. The matrix 𝐀 and vector 𝐦 denote the 

forward operator and model parameters, with Equation (2) defining the forward problem. 

This formulation provides a numerically stable implementation for inversion, which is 

essential for obtaining reliable and interpretable results across various geoscience and en-

gineering applications. 

2.1.2. FDEM Surveying at Low Induction Numbers (LIN) 

Generally, FDEM methods utilise time-varying currents to generate a primary mag-

netic field (HP) around a transmitter coil (TX). According to Faraday’s law, eddy currents 

are induced when this time-varying magnetic field intersects a conductive body within 

the Earth. These currents, in turn, generate a secondary magnetic field (HS) as described 

by Ampere’s law (Figure 3a). The receiver coil (RX) detects both the primary and second-

ary magnetic fields. The total magnetic field (HT) recorded by the receiver is the sum of 

the primary (HP) and secondary (HS) magnetic fields. 

A typical survey layout is illustrated in Figure 3b, where S denotes the distance be-

tween the transmitter and receiver coils. Measurements of the magnetic fields may be 

made using different coil orientations: vertical coils correspond to horizontal magnetic 

dipoles (white arrows in Figure 3b), while horizontal coils correspond to vertical magnetic 

dipoles (black arrows in Figure 3b). 

The speed, accuracy, high data volume, and non-destructive nature of FDEM meth-

ods have led to their widespread application in characterising the electrical conductivity 

and magnetic permeability of near-surface structures [21,48]. Within integrated geosci-

ence investigations, these electromagnetic methods are referred to by various names, such 
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as loop–loop methods, electromagnetic induction (EMI), or conductivity meters. Under 

specific conditions, they are classified as Low Induction Number (LIN) methods. 

In the LIN regime, operating frequencies are chosen so that the inter-coil spacing is 

significantly smaller than the skin depths of the generated EM waves. FDEM systems op-

erating at LIN are commonly used to map variations in the apparent electrical conductiv-

ity of the subsurface. In these methods, it is assumed that the Earth’s magnetic permeabil-

ity is equal to the magnetic permeability of free space, and displacement currents are ne-

glected. The Geonics EM34 system utilised in this study is a representative example of an 

FDEM system operating under the LIN approximation. 

The interpretation of FDEM data can be categorised as either qualitative or quantita-

tive. Qualitative interpretation involves analysing apparent conductivity and magnetic 

permeability data to estimate the approximate location and surface geometry of anoma-

lous features in the subsurface. However, this approach does not provide information 

about the depth, overall geometry, or detailed electromagnetic properties of the target, 

such as conductivity and magnetic permeability. Consequently, various inversion tech-

niques have been developed to model the subsurface distribution of electromagnetic 

properties. Such quantitative interpretation is essential for achieving the high-fidelity sub-

surface models required for complex geoscience and engineering investigations. 

 

Figure 3. (a) Fundamental principles of FDEM surveying illustrating the induction of eddy currents 

and the generation of the secondary magnetic field; (b) schematic representation of a typical FDEM 

survey geometry (modified from [24]), where 𝐫 denotes the observation point (receiver location), 

𝐫′ represents the subsurface cell position, 𝐫𝑠 corresponds to the source (transmitter) location, and 𝑆 

is the separation distance between the transmitter and receiver coils. 

For the LIN technique, the kernel matrix of Equation (2) has been defined for the 

vertical magnetic dipole (VMD) and horizontal magnetic dipole (HMD) modes as follows 

[17,19]: 

𝐴𝑉𝑀𝐷 =
𝑠

𝜋
[
𝑦′2 − (𝑥 − 𝑥′)(𝑥′ − 𝑥𝑠)

|𝑟 − 𝑟′|3|𝑟′ − 𝑟𝑠|
3

] (9) 

𝐴𝐻𝑀𝐷 =
𝑠

𝜋
{[
1

𝜌1
2 −

(𝑧′ + ℎ)

𝜌1
2|𝑟 − 𝑟′|

−
𝑦′2

𝜌1
2 𝐶1] [

1

𝜌2
2 −

(𝑧′ + ℎ)

𝜌2
2|𝑟′ − 𝑟𝑠|

−
𝑦′2

𝜌2
2 𝐶2]

− [
(𝑥 − 𝑥′)

𝜌1
2 𝐶1] [

(𝑥′ − 𝑥𝑠)𝑦
′

𝜌2
2 𝐶2]} 

(10) 

where 

𝜌1
2 = (𝑥 − 𝑥′)2 + 𝑦′2, (11) 
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𝜌2
2 = (𝑥′ − 𝑥𝑠)

2 + 𝑦′2, (12) 

𝐶1 =
2

𝜌1
2 +

2(−ℎ − 𝑧′)

𝜌1
2|𝑟 − 𝑟′|

+
(−ℎ − 𝑧′)

|𝑟 − 𝑟′|3
, (13) 

𝐶2 =
2

𝜌2
2 −

2(𝑧′ + ℎ)

𝜌2
2|𝑟′ − 𝑟𝑠|

−
(𝑧′ + ℎ)

|𝑟′ − 𝑟𝑠|
3
 (14) 

where 𝐫 and 𝐫′ denote the position vectors of the observation point and the subsurface 

cell, respectively, while 𝐫𝑠 represents the source position. The variables 𝑥, 𝑦, and 𝑧 cor-

respond to the coordinates of the observation point, and 𝑥′, 𝑦′, and 𝑧′ denote the coor-

dinates of the subsurface cell centres. The parameter ℎ represents the height of the instru-

ment above the ground surface 

By using these kernels within the framework of Equation (2), the apparent electrical 

conductivities can be forward modelled for various subsurface conductivity distributions. 

It is important to note that for background conductivities exceeding approximately 10 

mS/m, the LIN approximation for the EM34 system begins to lose validity. Under these 

conditions, the induced secondary magnetic field is no longer negligible compared to the 

primary field, leading to nonlinear effects and potential inaccuracies in the estimated ap-

parent conductivity. 

To mitigate these effects, a correction proposed by Parnow, Oskooi and Florio [21] 

was applied. In this study, this correction was implemented for both synthetic and field 

datasets to improve the estimation of apparent conductivity. This is important for subsur-

face characterisation in geoscientific and engineering investigations, where consistent 

physical property mapping supports informed decision-making. 

2.2. Separate and Cooperative Inversions 

The methodology presented here integrates individual inversion algorithms into a 

structured sequential cooperative approach for improved subsurface characterisation. 

This process is divided into two primary stages: an individual inversion based on a 

damped weighted minimum length solution [21,25], followed by a cooperative inverse 

process to resolve ambiguities and improve the fidelity of the final models. 

2.2.1. Inversion Methodology 

As previously detailed, Pérez-Flores, Méndez-Delgado and Gómez-Treviño [24] es-

tablished a linear integral equation approach for DC resistivity and EM-LIN methods 

based on the Born approximation. Equations (3), (5) and (6) represent the kernel functions, 

which depend on the geometry of configurations used during data collection for both 

methods. To facilitate rigorous numerical modelling, Equation (2) is discretised so that the 

subsurface is divided into many prisms with infinite extent along one direction (y). The 

midpoint rule is applied to this discretisation, allowing Equation (2) to be solved as a sys-

tem of linear equations in matrix form. 

The inherent non-uniqueness and instability of geophysical inverse problems, critical 

factors in reducing uncertainty within subsurface investigations, require the inclusion of 

a priori information and physical constraints. These are incorporated into the inversion 

procedure through regularisation. Following the approach proposed by Tikhonov and 

Arsenin [49], we define the objective function as: 

min →  ‖𝐖𝐝(𝐀𝐦− 𝐝)‖𝟐
𝟐 + 𝜶‖𝐖𝐦(𝐦 −𝐦𝟎)‖𝟐

𝟐 (15) 

where the left-hand term describes the data misfits, weighted by the data covariance ma-

trix 𝐖𝐝, while the right-hand term denotes the model objective function, weighted by the 

model weighting matrix 𝐖𝐦. The vector 𝐦𝟎 expresses the initial model, which can be 
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constructed using a priori information, such as geological constraints or results from com-

plementary geophysical datasets. The regularisation parameter α controls the relative 

contribution of the second term in the inverse model; high values of 𝛼 increase the model 

bias and decrease resolution, thereby increasing the RMS error of the data misfit. 

Over the past decades, various algorithms have been proposed for the independent 

inversion of DC resistivity and EM-LIN data [24,50–54]. In this study, a damped weighted 

minimum length solution algorithm is used for the inversion of DC resistivity and EM-

LIN data, following the methodologies established by Varfinezhad, Oskooi and Fedi [11] 

and Parnow, Oskooi and Florio [21]. This approach incorporates both regularisation and 

depth weighting, which help stabilise the inversion process by mitigating the effects of 

noise and non-uniqueness, leading to more reliable subsurface models. 

𝐦 = 𝐦𝟎 + (𝐖𝐦
−𝟏𝐀𝐓)(𝐀𝐖𝐦

−𝟏𝐀𝐓 + 𝛼𝐖𝐝)
−𝟏(𝐝 − 𝐀𝐦𝟎) (16) 

where Wm is assumed to be a depth weighting function, a technique pioneered by Li and 

Oldenburg [55,56] for potential methods to maintain high fidelity at depth. Since its in-

ception, depth weighting has been widely used in potential field data inverse algorithms 

[57–60]. The iterative method terminates when there is no discernible improvement in 

data misfit with each iteration. To evaluate the quality of the fit, the normalised Root Mean 

Square (RMS) error is utilised, defined as [41]: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑅𝑀𝑆 𝑒𝑟𝑟𝑜𝑟 (%) =

√1
𝑁
∑ (

𝑑𝑜𝑏𝑠,𝑖 − 𝑑𝑝𝑟𝑒𝑑,𝑖
𝜎𝑖

)
2

𝑁
𝑖=1

𝑀𝑒𝑎𝑛(𝑑𝑜𝑏𝑠)
× 100 

(17) 

where 𝑑𝑜𝑏𝑠,𝑖 represents the ith observed data point, and 𝑑𝑝𝑟𝑒𝑑,𝑖 is the ith computed data 

point derived from the current model. The variable 𝜎𝑖 represents the standard deviation 

of the observed data point, and 𝑁 denotes the total number of data points. The iterative 

inversion approach proposed in this study utilises the convergence of the data misfit as a 

primary stopping condition; this prevents overfitting and improves the geophysical fidel-

ity and reliability of the final subsurface model. 

2.2.2. Sequential Cooperative Inversion Framework 

In this study, cooperative inversion is implemented by adopting the inverse model 

of one method as the initial constraint for the other, and vice versa. During each iteration, 

individual inversions of both datasets are performed. Specifically, the output of one 

method, say DC resistivity, is used as the input for the inversion of the other method 

(EM34); simultaneously, the resulting EM34 model serves as the initial model for the DC 

resistivity inversion. 

It should be mentioned that individual inversions of both methods are maintained 

by updating their respective initial models without mutual information sharing. This par-

allel approach provides four distinct inverse models for comparison: (1) individual inver-

sion of DC resistivity, (2) individual inversion of EM34, (3) cooperative inversion of DC 

resistivity, and (4) cooperative inversion of EM34. The efficacy of the adopted individual 

inversion algorithm has been demonstrated in previous literature across various synthetic 

and field cases for both methods (e.g., [12,21,24,61]). 

Joint inversion of different configurations of the EM34 technique requires a balanced 

objective function to improve the final model, which is not dominated or biased toward a 

single configuration. A similar challenge is reported in the literature about the combina-

tion of different geo-electrical arrays [62]. In this study, to combine the inversion of both 

arrays of the LIN technique (VMD and HMD), a weighting factor is employed to equalise 

the contributions of the data of each array. We adopted a technique developed for electri-

cal resistivity to different arrays based on sensitivity/Jacobian matrices [62]. 
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By iteratively updating the initial models through mutual information sharing, the 

sequential cooperative inversion addresses the non-uniqueness challenges typical of indi-

vidual methods. This integrated workflow is particularly effective in resolving complex 

structural targets, such as the hydrogeologically significant dolerite dykes investigated in 

this study, by integrating the complementary lateral sensitivity of FDEM with the vertical 

resolution of DC resistivity. 

3. Benchmark Validation and Geoscience–Engineering Application 

To evaluate the performance of the proposed cooperative inversion technique, the 

methodology is applied to two distinct synthetic benchmarks and a high-priority field site. 

This multi-staged validation supports both the numerical stability of the algorithm and 

its practical efficacy for complex subsurface investigations. 

3.1. Synthetic Model I: Multi-Modal Sensitivity Assessment 

The first synthetic model serves as a rigorous test of the algorithm’s ability to resolve 

contrasting electrical properties within a homogeneous background medium (100 Ω·m). 

The model is characterised by two distinct anomalous bodies: one conductive (10 Ω·m) 

and one resistive (1000 Ω·m). 

These significant contrasts support that the model poses a non-trivial challenge for 

inversion algorithms (Figure 4). Furthermore, the spatial configuration and contrasting 

electrical properties of these two bodies allow for a comprehensive assessment of the pro-

posed technique’s ability to resolve and distinguish subsurface features under realistic 

conditions. The model domain spans 300 m in the horizontal (x) direction and 40 m in the 

vertical (z) direction. It is discretised into a high-resolution numerical mesh of 2 m × 2 m 

square prisms, resulting in 150 cells along the x-axis and 20 cells along the z-axis. 

This model has been used in previous studies as a benchmark for evaluating geo-

physical inversion methods [61,63], and its moderate complexity makes it well-suited for 

examining both robustness and accuracy. Subjecting the proposed sequential cooperative 

inversion method to this established synthetic scenario allows for a meaningful compari-

son with existing approaches and demonstrates its effectiveness in resolving complex sub-

surface resistivity distributions. This configuration poses a non-trivial challenge for stand-

ard inversion algorithms, as it requires the simultaneous resolution of steep resistivity 

gradients, a critical capability for reliable site characterisation in geologically variable en-

vironments. 

 

Figure 4. Model parameters of the Synthetic Model I. 

3.2. Synthetic Model II: Structural Boundary Definition 

For the second synthetic test, we considered a model domain measuring 300 m hori-

zontally and 40 m in depth, featuring a vertical dyke within a two-layered medium 
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(Figure 5). The dyke extends from 5 m to 10 m beneath the surface, providing a realistic 

scenario for evaluating the ability of the inversion scheme to detect and characterise dis-

crete subsurface structures. 

The first (upper) layer of the medium was assigned a resistivity of 200 Ω·m, while the 

second (lower) layer was set at 100 Ω·m (Figure 5). In contrast, the vertical dyke was mod-

elled with a resistivity of 500 Ω·m. The numerical mesh was discretised into 150 cells in 

the horizontal direction and 20 cells in the vertical direction, yielding rectangular prisms 

each measuring 2 m × 2 m. 

Synthetic apparent resistivity data were generated using the dipole–dipole configu-

ration with electrode spacings ranging from 5 m, resulting in 804 data points. Addition-

ally, 308 stations were modelled along the profile for the EM-LIN data for both arrays, 

with measurements acquired at 5 m intervals between stations. 

This second synthetic model was designed to test the robustness of the inversion 

technique in resolving both horizontal layer boundaries and relatively narrow vertical 

features, thus providing a thorough assessment of the algorithm’s capacity to handle com-

plex subsurface conditions. In the context of integrated geoscience and engineering inves-

tigations, the ability to resolve such vertical discontinuities is crucial for non-destructive 

characterisation, where precision in locating structural boundaries is essential for the com-

prehensive assessment of subsurface stability and composition. 

 

Figure 5. Model parameters of the Synthetic Model II. 

3.3. Field Data: Morgenzon Farm, South Africa 

To demonstrate the practical applicability of the sequential cooperative framework, 

the algorithm was applied to real-world datasets acquired at the Morgenzon Farm site in 

South Africa. The site represents a relevant case study for both geoscientific interpretation 

and subsurface engineering investigations, particularly in identifying structural features 

such as dolerite dykes with significant hydrogeological implications [64]. The datasets 

consist of co-located DC resistivity and EM34 profiles. 

Dolerite dykes are important targets for groundwater exploration in the Karoo region 

due to their hydrogeological significance, often acting as barriers or conduits for water 

flow [65]. Given the high resistivity contrast between these igneous structures and the 

surrounding sedimentary formations, resistivity-based geophysical methods such as DC 

resistivity and EM34 are exceptionally well-suited for their detection as part of a non-de-

structive characterisation campaign. 

The field investigation utilised a high-density data acquisition strategy: 
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• EM34 Data: Collected using both VMD and HMD configurations along a 400 m pro-

file. Measurements were recorded at 10 m intervals, using transmitter–receiver (T-R) 

separations of 10, 20, and 40 m to capture varying depths of investigation. 

• DC Resistivity Data: Acquired using a Wenner–Schlumberger array with two distinct 

acquisition schemes, employing electrode spacings of 5 m and 10 m along the same 

profile to provide different resolution and depth of investigation, resulting in 900 

discrete data points. While dipole–dipole arrays are generally more sensitive to lat-

eral resistivity variations, the Wenner–Schlumberger array was selected for its supe-

rior robustness and data stability under local field conditions. 

This multi-modal field application demonstrates the effectiveness of the proposed 

methodology for resolving complex subsurface geometries. By integrating qualitative site 

observations with quantitative structural modeling, this field case serves as a benchmark 

for reducing uncertainty in large-scale infrastructure planning and strategic resource 

management. 

4. Results 

The performance of the proposed sequential cooperative framework was evaluated 

through comparative analysis against individual inversion results for two synthetic 

benchmarks and a high-fidelity field dataset. 

4.1. Separate and Cooperative Inversion of Synthetic Datasets 

As previously established, a homogeneous initial model was used for the individual 

inversions of both DC resistivity and EM34 datasets, based on the background properties 

of the synthetic models. In contrast, the cooperative approach iteratively updates the ini-

tial model by incorporating structural and resistivity information from the complemen-

tary dataset. 

4.1.1. Synthetic Model I 

Figure 6 presents the comparative inverse models for Synthetic Model I. The individ-

ual inversions of EM34 and DC resistivity data were executed using the linear integral 

formulation described by Pérez-Flores, Méndez-Delgado and Gómez-Treviño [24], com-

bined with the inversion scheme adopted in this study [12,21]. The independent DC resis-

tivity inversion (Figure 6b) provides a more detailed reconstruction of the subsurface com-

pared to the EM34 inversion (Figure 6a); this is consistent with the inherently higher spa-

tial resolution of DC methods in shallow investigations. However, both individual inver-

sion results show limitations in recovering the full geometry and amplitude of the anom-

alies. 

The cooperative inversion results indicate that both methods benefit from the inte-

gration of complementary information. The EM34 inversion (Figure 6c) shows a more pro-

nounced improvement in defining the anomaly boundaries. Similarly, the cooperative in-

version of the DC resistivity data (Figure 6d) improves the reconstruction relative to its 

individual counterpart, yielding results that are more consistent with the true model in 

both synthetic cases. 

In contrast, the cooperative joint inversions (Figure 6c,d) show improved imaging 

results and amplitude representation compared to the individual inversions. By integrat-

ing the complementary sensitivities of both methods, the proposed framework provides 

an enhanced representation of both conductive and resistive anomalies. This technique 

shows improved performance compared to individual inversions by addressing both 

types of anomalies, indicating its potential for generating reliable geophysical models in 

complex geological settings. 
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Figure 6. Inverse resistivity models for Synthetic Model I: (a) separate inversion of EM34 data; (b) 

separate inversion of DC resistivity data; (c) cooperative joint inversion of EM34 data utilising DC 

resistivity as a prior constraint; and (d) cooperative joint inversion of DC resistivity data utilising 

EM34 as a prior constraint. 

Figure 7 illustrates that, in general, the RMSE decreases with the number of iterations 

across all inversion scenarios. The cooperative inversions in subplots (c) and (d) converge 

in fewer iterations than their individual counterparts (a) and (b), indicating enhanced con-

vergence efficiency. In subplot (c), the RMSE for the EM34 data decreases from 1% to ap-

proximately 0.7%, while in subplot (d), the DC resistivity RMSE decreases from 4.38% to 

4.28%. Although the final RMSE values of the individual and cooperative inversions are 

comparable, the cooperative framework achieves similar levels of data misfit in fewer it-

erations. This suggests that a primary advantage of the cooperative inversion lies in its 

convergence behaviour and the stabilisation of the inverse problem, rather than a reduc-

tion in final RMSE. 

Figures 8 and 9 compare the synthetic input model’s apparent resistivity data with 

the calculated pseudo-sections generated from both individual and cooperative inver-

sions for Synthetic Model I. In Figure 8, the input model (Figure 8a) appears visually sim-

ilar to the calculated responses of the individual (Figure 8b) and cooperative (Figure 8c) 

inversions. Quantitatively, however, the cooperative inversion yields a slightly lower 

RMSE (0.75%) compared to the individual inversion (0.8%), indicating a marginal im-

provement in the data fit for the EM34 method. 

Similarly, in Figure 9, the electrical resistivity pseudo-sections show comparable pat-

terns across the input model, individual inversion, and cooperative inversion. Neverthe-

less, the RMSE values demonstrate that the cooperative approach (3.5%) achieves a lower 

misfit compared to the individual inversion (4.3%), despite the visual similarities in the 

pseudo-sections. These results indicate that sequential information sharing within the co-

operative inversion framework successfully refines the subsurface reconstruction and 

provides a more robust fit to the observed data. 
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Figure 7. RMS error convergence curves across iterations for separate and cooperative joint inver-

sions (Synthetic Model I): (a) separate inversion of EM34 data; (b) separate inversion of DC resistiv-

ity data; (c) cooperative joint inversion of EM34 data utilising DC resistivity as a prior constraint; 

and (d) cooperative joint inversion of DC resistivity data utilising EM34 as a prior constraint The 

circular red markers indicate the specific iteration at which the algorithm satisfies the convergence 

threshold and terminates. 

 

Figure 8. Synthetic Model I pseudo-sections for the EM34 technique: (a) synthetic apparent resistiv-

ity data generated from the true model (refer to Figure 4), (b) calculated apparent resistivity re-

sponse derived from the individual inversion model, and (c) calculated apparent resistivity re-

sponse derived from the cooperative inversion model. The vertical and horizontal axes represent 

the pseudo-depth and profile distance (m), respectively, for the various T-R separations. 

This methodology uses the integration of complementary datasets to generate sub-

surface models with improved resolution and greater accuracy. The findings underscore 

the framework’s reliability and its substantial potential for enhanced subsurface model-

ling compared to conventional individual inversion methods. Ultimately, these results in-

dicate that the proposed cooperative approach improves the consistency of subsurface 
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imaging, supporting more reliable and robust interpretation in both geoscientific and en-

gineering investigations. 

 

Figure 9. Synthetic Model I pseudo-sections for the DC electrical resistivity technique: (a) synthetic 

apparent resistivity data generated from the true model (refer to Figure 4), (b) calculated apparent 

resistivity response derived from the individual inversion model, and (c) calculated apparent resis-

tivity response from the cooperative inversion model. The vertical axis denotes the pseudo-depth 

(represented by the electrode spacing), and the horizontal axis represents the profile distance (m). 

4.1.2. Synthetic Model II 

Figure 10 presents the comparative results of the separate and cooperative inversions 

of EM34 and electrical resistivity data for the second synthetic benchmark. In the separate 

inversions (Figure 10a,b), although a central vertical resistive anomaly is present, its ge-

ometry appears diffuse, and the structural boundaries are poorly resolved. Similarly, 

while the first layer (Layer 1) exhibits the expected higher resistivity, its resistivity distri-

bution is not well-defined, and the boundary at the base of this layer remains indistinct. 

These limitations highlight the inherent challenges of delineating subsurface features us-

ing separate inversion methods, which often lack the resolution required to resolve dis-

crete vertical discontinuities and sharp interfaces simultaneously. 

In contrast, the cooperative joint inversion results (Figure 10c,d) exhibit a marked 

improvement in model clarity and structural fidelity. By iteratively sharing mutual infor-

mation, the framework enables the identification of the vertical dyke, with improved 

boundary definition and better-resolved resistivity contrast relative to the host medium. 

Furthermore, the interface between the upper and lower geological units, indicated by the 

horizontal white dashed line, is reasonably delineated. The thickness of the first layer is 

estimated with a reasonably good agreement, particularly when considering the smooth-

ing effects typically inherent in regularised inversion results. 
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Figure 10. Inverse resistivity models for Synthetic Model II: (a) separate inversion of EM34 data; (b) 

independent inversion of DC resistivity data; (c) cooperative joint inversions of EM34 data; and (d) 

cooperative joint inversion of DC resistivity data. The horizontal white dashed line represents the 

true boundary between the upper and lower geological layers, while the central vertical feature 

indicates the reconstructed dolerite dyke. The red frame highlights the location of the target dyke 

for visual comparison between the models. 

The variation in the RMSE over successive iterations for both separate and coopera-

tive joint inversions of Synthetic Model II is illustrated in Figure 11. The red markers in-

dicate the specific iteration at which the algorithm satisfies the convergence criteria and 

terminates. As shown in Figure 11a,b, the RMSE for the individual inversions decreases 

consistently with iterations; however, the convergence is noticeably slower, and the final 

residual error remains higher than that of the cooperative results. 

In contrast, the cooperative framework demonstrates a more rapid decay in RMSE 

and achieves lower final values, indicating superior model fitting and computational effi-

ciency. With the exception of the cooperative EM34 inversion, all algorithms reach con-

vergence within seven iterations. 

Figures 12 and 13 present the synthetic pseudo-sections alongside the recovered data 

from the individual and cooperative inversions for the EM34 and DC electrical resistivity 

methods for Model II, respectively. For the EM34 technique, the cooperative inversion 

(Figure 12c) demonstrates improved agreement with the reference data compared to the 

individual inversion (Figure 12b). Similarly, the DC resistivity results (Figure 13) show 

that the cooperative approach (Figure 13c) reproduces the observed data more consist-

ently than the individual inversion (Figure 13b). These qualitative comparisons of the 

pseudo-sections confirm that the integration of complementary datasets enhances the re-

construction of complex subsurface features. 

This robust characterisation of both horizontal layer interfaces and narrow vertical 

discontinuities establishes the methodology as a high-performance non-destructive char-

acterisation tool. Such results are important for integrated geoscience and engineering in-

vestigations, where the reliable identification of structural boundaries and data amplitude 

variations is essential for informed geological interpretation and engineering decision-

making. 
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Figure 11. RMS error convergence curves across iterations for separate and cooperative joint inver-

sions (Synthetic Model II): (a) separate inversion of EM34 data; (b) separate inversion of DC resis-

tivity data; (c) cooperative joint inversion of EM34 data utilising DC resistivity as a prior constraint; 

and (d) cooperative joint inversion of DC resistivity data utilising EM34 as a prior constraint. The 

circular red markers indicate the specific iteration at which the algorithm satisfies the convergence 

threshold and terminates. 

 

Figure 12. Synthetic Model II pseudo-sections for the EM34 technique: (a) synthetic apparent resis-

tivity data generated from the true model (refer to Figure 5), (b) calculated apparent resistivity re-

sponse derived from the individual inversion model, and (c) calculated apparent resistivity re-

sponse derived from the cooperative inversion model. The vertical and horizontal axes represent 

the pseudo-depth and profile distance (m), respectively, for the various T-R separations. 
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Figure 13. Synthetic Model II pseudo-sections for the DC electrical resistivity technique: (a) synthetic 

apparent resistivity data generated from the true model (refer to Figure 5), (b) calculated apparent 

resistivity response derived from the individual inversion model, and (c) calculated apparent resis-

tivity response from the cooperative inversion model. The vertical axis denotes the pseudo-depth 

(represented by the electrode spacing), and the horizontal axis represents the profile distance (m). 

4.2. Separate and Cooperative Inversion of Field Data: Morgenzon Farm 

The practical utility of the sequential cooperative framework was evaluated using 

field datasets acquired at Morgenzon Farm, South Africa. The study area has been previ-

ously investigated using integrated geophysical methods, including joint inversion of re-

sistivity and gravity gradient data [3,66]. Additional site-specific geological and hydroge-

ological details are documented in earlier field reports. 

Figure 14 presents a comparative evaluation of the inverse models generated via sep-

arate and cooperative inversion strategies. 

The individual EM34 inversion (Figure 14a) successfully identified a prominent ver-

tical anomaly located horizontally between 180 m and 200 m marks along the profile. 

Within the geological context of the Karoo Supergroup, this feature is interpreted as a 

dolerite dyke. The inversion suggests the dyke originates at a depth of approximately 5 m 

and extends vertically to at least 15 m. Additionally, a resistive zone is observed between 

270 m and 350 m, at depths ranging from 15 m to the lower boundary of the recovered 

model. However, the separate EM34 model provides limited resolution regarding the 

broader stratigraphic layering and the precise contact zones surrounding the intrusion. 

In contrast, the separate DC resistivity inversion (Figure 14b) failed to delineate the 

dyke as a discrete vertical body. Instead, it primarily reconstructed a fluctuating horizon-

tal interface boundary extending from the left toward the near-surface in the centre of the 

profile. While a small, thin anomaly is evident near the profile centre, within a 5 to 10 m 

depth range, the separate EM34 model provides limited resolution to define the broader 

stratigraphic layering and the precise contact zones surrounding the intrusion. 

The sequential cooperative inversion of the DC resistivity data (Figure 14d) success-

fully resolves these discrepancies by effectively integrating the high lateral sensitivity of 

the EM34 data with the vertical resolution of the DC resistivity measurements. By sharing 

structural information across datasets, the framework clearly delineates both the sharp 

vertical boundaries of the dyke and the surrounding stratigraphy. 

Specifically, the cooperative resistivity model derived from EM34 data, constrained 

by DC resistivity results (Figure 14c), represents an interface-dominated subsurface 
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structure while preserving the resistive zone in the centre of the profile. The cooperative 

inversion of the DC resistivity data (Figure 14d) provides improved results, delineating 

both the stratigraphic interface and the dyke zone with greater clarity compared to the 

independent inversions. This indicates an enhanced representation of the subsurface 

structure. 

The measured and recovered datasets for both methods are presented in Figures 15 

and 16. These figures indicate the framework’s numerical stability and data-fitting capa-

bilities, showing a high degree of correlation between field observations and the model-

recovered values. 

From a hydrogeological and engineering perspective, the resistive zone identified on 

the left side of the expected dyke may indicate reduced water content, as the dolerite dyke 

likely acts as a hydraulic barrier impeding lateral groundwater flow [64]. Consequently, 

the zones of lower resistivity on the opposite side of the dyke could correspond to zones 

with higher water content, making them high-priority targets for strategic water resource 

management and infrastructure planning. 

 

Figure 14. Inverse resistivity models for the Morgenzon Farm field site: (a) separate inversion of 

EM34 data; (b) separate inversion of DC data; (c) cooperative inversion of EM34 data utilizing DC 

resistivity as a structural prior; and (d) cooperative inversion of DC resistivity data utilizing EM34 

as a structural prior. 
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Figure 15. Observed and calculated EM34 data for the Morgenzon Farm field site: (a) Measured field 

data of the EM34 approach; (b) calculated response from the individual inversion; and (c) calculated 

response from the cooperative inversion. The RMS misfit errors of computed data for separate and 

cooperative approaches are 2.35% and 1.27%, respectively. 

 

Figure 16. Observed and calculated DC resistivity data for the Morgenzon Farm field site: (a) Meas-

ured field data of the DC resistivity approach; (b) calculated response from the individual inversion; 

and (c) calculated response from the cooperative inversion. The RMS misfit errors of computed data 

for separate and cooperative approaches are 2.25% and 2.18%, respectively. 
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5. Discussion 

The synthetic inversion results rigorously demonstrate the efficacy of the sequential 

cooperative framework. This enhanced performance is primarily attributable to the stra-

tegic selection of the initial model through information sharing. To evaluate the fidelity of 

the inverted models against the synthetic (true) benchmarks, target reconstruction was 

quantified in terms of Geometry (spatial location and morphology) and Amplitude (resis-

tivity contrast). 

The geometry reconstruction (%) was assessed based on the spatial overlap between 

the true and inverted anomaly regions using: 

𝐺𝑒𝑜𝑚𝑒𝑡𝑟𝑦 =
×t∩ Ωi
Ωt ∪ Ωi

× 100  (18) 

where Ωt and Ωi represent the true and reconstructed anomaly regions, respectively. 

The amplitude reconstruction (%) was quantified using a normalised 𝐿2-norm misfit 

within the true anomaly region: 

𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 = (1 −
‖Mt −Mi‖2
‖Mt‖2

) × 100  (19) 

where Mt and Mi denote the true and inverted model parameters within the target zone, 

respectively. The use of normalised 𝐿2-norm misfit is consistent with standard practices 

in inverse problem theory [2,67]. 

The anomaly regions were defined using a threshold-based criterion, where values 

exceeding a specified fraction (e.g., 0.7) of the maximum or minimum of the true model 

were considered part of the target. For models containing both conductive and resistive 

anomalies, the reconstruction metrics were computed separately for each anomaly and 

subsequently averaged to provide a representative measure. 

As shown in Table 1, a threshold-based criterion was employed to define the target 

boundaries, whereby values exceeding 0.7 times the maximum or minimum of the true 

model were considered part of the anomaly. For synthetic models containing both con-

ductive and resistive anomalies, the reconstruction metrics were evaluated separately for 

each anomaly and subsequently averaged to provide a representative assessment of the 

inversion performance. The anomaly region was defined using a relative threshold of 0.7 

times the maximum or minimum value of the true model, following commonly adopted 

practices in synthetic inversion studies [63]. This threshold was selected to capture the 

core of the anomaly while minimizing the influence of transition zones introduced by in-

version smoothing. 

The quantitative analysis in Table 1 confirms that the cooperative framework signif-

icantly enhances the RMSE relative to separate inversion strategies. Furthermore, the 

framework consistently outperformed individual methods in reconstructing both the ge-

ometry and amplitude of target anomalies: 

• In Model I, cooperative inversion improved amplitude recovery from 88% to 96% for 

the EM34 method and from 85% to 97% for the DC electrical resistivity method. Ge-

ometry reconstruction similarly advanced from 78% to 85% and from 77% to 87%, 

respectively. 

• In Model II, the framework yielded amplitude improvements from 80% to 95% 

(EM34) and 82% to 95% (resistivity), along with geometry enhancements from 75% 

to 84% and 75% to 88%. 

These results indicate that the cooperative inversion approach improves the recon-

struction of structural morphologies and physical contrasts compared to standalone meth-

ods. This improvement is generally achieved with a comparable or only slightly increased 

computational cost, reflecting the efficiency of the framework despite the additional com-

plexity of integrating complementary datasets. All computations were performed on a 
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standard desktop computer (Intel(R) Core (TM) i5-10210U, 1.60 GHz, 16 GB RAM), 

demonstrating the practical feasibility of the proposed method for routine geoscientific 

and engineering investigations. 

Table 1. Comparative performance metrics for separate and cooperative inversions across synthetic 

benchmarks. 

Model Technique 
Inversion 

Method 

Iteration 

Number 
Time (s) RMSE (%) 

Target Reconstruction (%) 

Geometry Amplitude 

Model I 

EM34 
Separate 7 45 0.71 78 88 

Cooperative 5 72 0.73 85 96 

Electrical Resis-

tivity 

Separate 6 75 3.2 77 85 

Cooperative 3 92 3.25 87 97 

Model II 

EM34 
Separate 7 36 3.25 75 80 

Cooperative 6 55 1.25 84 95 

Electrical Resis-

tivity 

Separate 7 49 2.27 75 82 

Cooperative 7 71 2.25 88 95 

The field application at Morgenzon Farm provides further insights into the practical 

utility of the sequential framework. For the EM34 data, the integration of DC resistivity 

results as a structural constraint facilitated the reconstruction of the stratigraphic interface 

zone, which was poorly resolved in the standalone EM34 inversion. Conversely, the co-

operative inversion process improves the DC resistivity results; the interface zone is pre-

served, while the vertical dyke structure, previously less clear or distorted in the inde-

pendent resistivity model, is more clearly represented. 

This result indicates that the sequential cooperative inversion approach integrates 

the complementary strengths of EM34 and DC resistivity methods, providing an en-

hanced and more consistent representation of subsurface structures. 

6. Conclusions 

This research has successfully established and validated a robust sequential cooper-

ative inversion framework, integrating DC resistivity and EM34 data to enhance the fidel-

ity of subsurface electrical resistivity imaging. The methodology was rigorously tested 

through synthetic benchmarks and successfully deployed at the Morgenzon Farm site in 

South Africa, specifically targeting the detection and characterisation of dolerite dykes, 

critical structural features in hydrogeological and engineering contexts. 

The efficacy of the proposed methodology was rigorously confirmed through three 

primary findings: 

• In synthetic benchmarking, the cooperative framework demonstrated a clear ad-

vantage in simultaneously recovering conductive and resistive anomalies. For Syn-

thetic Model I, it achieved substantial improvements in both RMSE, target geometry 

and amplitude recovery. In Synthetic Model II, the framework shows the ability to 

resolve discrete structural boundaries and vertical discontinuities with greater clarity 

compared to standalone independent models. 

• Application to the Morgenzon Farm field data in South Africa indicates that the 

method improves the delineation of complex geological features such as dolerite 

dykes, which appear fragmented in independent inversions of DC resistivity and 

EM34 data. Specifically, the EM34-constrained DC resistivity model successfully syn-

thesised high lateral sensitivity with vertical precision, clearly delineating the doler-

ite dyke and its surrounding stratigraphic interfaces. This improved characterisation 

is important for identifying hydraulic barriers and saturated zones, such as dyke-
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related groundwater barriers, which serve as key indicators for groundwater re-

source management. 

• Quantitative assessments confirmed that the cooperative inversion framework re-

duced iteration numbers and RMSE while improving model fidelity, validating the 

framework’s computational robustness. This efficiency makes the methodology 

highly suitable for non-destructive characterisation in large-scale infrastructure as-

sessments and real-time geotechnical site characterisation. 

In conclusion, the sequential cooperative inversion framework represents a valuable 

approach for integrated geoscientific and engineering applications. It supports improved 

imaging of subsurface structures and physical contrasts while reducing interpretational 

ambiguity. Future research will focus on extending this multi-physical integration into 

more heterogeneous geological environments and developing adaptive regularisation 

strategies to further enhance inversion stability across diverse field conditions. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AC Alternating current 

AI Artificial intelligence 

CSAMT Controlled source audio frequency magnetotellurics 

CSEM Controlled source electromagnetic 

DC Direct current 

EM-LIN Electromagnetic at low induction number 

ERT Electrical resistivity tomography 

FDEM Frequency domain electromagnetic 

GPR Ground penetrating radar 

HMD Horizontal magnetic dipole 

MRS Magnetic resonance sounding 

MT magnetotellurics 

NDT Non-destructive testing 

SCCI Structurally coupled cooperative inversion 

TDEM Time domain electromagnetic 

UXO unexploded ordnance 

VMD Vertical magnetic dipole 
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