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Abstract 

Controlled-source audio-frequency magnetotelluric (CSAMT) methods are widely employed in geothermal, mineral, and 

groundwater exploration due to their capability to image subsurface resistivity distributions. The application of three- 

dimensional (3D) inversion techniques to process CSAMT field data and recover 3D resistivity models has become increas- 

ingly common. However, traditional 3D inversion schemes often exhibit low computational efficiency, poor convergence, and 

limited accuracy in large-scale applications, particularly when Dirichlet boundary conditions are used. To address these chal- 

lenges, a robust inversion scheme is evaluated, which integrates a 3D nonlinear conjugate gradient framework with four key 

strategies—( ⅰ ) short-offset acquisition, ( ⅱ ) a perfectly matched layer-based forward modeling approach, ( ⅲ ) a cooling strat- 

egy for the regularization factor, and ( ⅳ ) confinement of the inversion domain to high-sensitivity regions—to enhance model 

accuracy, numerical stability, and computational efficiency. Synthetic tests demonstrate that the proposed scheme achieves 

faster convergence and more reliable resistivity recovery, with improved resistivity values and anomaly boundaries compared 

to conventional Dirichlet-based methods. A field case study in the Yanqing geothermal area further illustrates its practical ad- 

vantages, producing resistivity images that better align with borehole and geologic information, with significantly improved 

recovery of deep targets and reduced data misfit. 

Keywords controlled-source audio-frequency magnetotellurics; perfectly matched layer; 3D inversion; data sensitivity analysis; nonlinear conjugate 

gradient (NLCG) 
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cessitates fine spatial discretization, leading to a substantially 

larger number of grid cells compared to one-dimensional and two- 

dimensional cases. Most CSAMT forward modeling and inversion 

schemes adopt Dirichlet boundary conditions, which demand an 

extended computational domain to suppress artificial reflections 

and effec tively absorb out going w aves. In lar ge-sc ale CSAMT ap- 

plications, the total number of model cells can reach several hun- 

dred thousand or even exceed one million, which poses a signifi- 

cant challenge to computational efficiency (Kelbert et al. 2014 ; Lin 
et al. 2018 ). To mitigate these challenges, several strategies have 
been proposed in recent studies. Parallel computing techniques, 

such as Message Passing Interface (MPI)-based implementations 

(Kelbert et al. 2014 ; He et al. 2019 ), have been employed to ac- 
celerate the inversion process. A short-offset acquisition scheme 

has been introduced to reduce the spatial extent of the inversion 

domain (Wang & Lin 2025 ), and cooling strategies for the regular- 

ization parameter have been applied to improve inversion conver- 

gence (Haber et al. 2000 ; Kong et al. 2021 ). In addition, perfectly 
matched layer (PML) boundary conditions have been used to en- 

hance forward modeling efficiency (Li et al. 2018 ); however, they 
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. Introduction 

ontrolled-source audio-frequency magnetotelluric (CSAMT)

ethods have found extensive applications in geothermal explo-

ation, mineral prospecting, and groundwater detection (Boerner

t al. 1993 ; Pellerin et al. 1996 ; Wannamaker 1997 ; Unsworth
t al. 2000 ; Chen & Yan 2005 ; Lin et al. 2012 ; Kouadio et al. 2020 ).
ecent advances in forward modeling and inversion techniques

ave led to the development of various three-dimensional (3D)

SAMT inversion algorithms (Lin et al. 2012 ; Jia & Groom 2013 ;

ang et al. 2017 ; Chen et al. 2020 ; Mackie et al. 2020 ), which
re now being increasingly employed in the interpretation of

SAMT field data (Lin et al. 2018 ; Cao et al. 2021 ; Li et al. 2025 ).
owever, significant challenges remain in applying 3D inversion,

articularly for large-scale field CSAMT datasets. 

In typical CSAMT surveys, the transmitter is placed 5–10 km

rom the measurement area (Nabighian 1991 ; Lei et al. 2016 ),
hich requires the inversion domain to encompass both the sur-

ey zone and the remote source, significantly increasing the model

ize in 3D inversion. Moreover, accurate forward modeling ne-
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Figure 1 Schematic diagram of the spatial relationship between the PML 

and the simulation domain. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the electric source term and the Hankel transform method. The 
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have not yet been integrated into the CSAMT inversion process.

Despite these effort s, existing measures remain insufficient for ef-

ficiently addressing the computational demands of large-scale 3D

CSAMT inversion problems. 

Gradient-based optimization algorithms remain the dominant

strategy for 3D CSAMT inversion (Commer & Newman 2009 ; Kel-

bert et al.2014 ; Lin et al.2018 ; Chen et al.2020 ; Peng et al.2023 ). Al-
though these methods perform well under ideal conditions, their

convergence may deteriorate in large-scale 3D CSAMT applica-

tions due to the presence of relatively strong but unevenly dis-

tributed model parameter gradients in the extended regions im-

posed by Dirichlet boundary conditions. Moreover, updating resis-

tivity values in these regions during inversion can compromise the

accuracy of recovered models within the target zone. To address

these issues, constrained inversion approaches using geological

or borehole data (Moorkamp et al. 2011 ; Di et al. 2020 ) has been
proposed. However, in most practical exploration scenarios, such

prior information is often unavailable. 

A robust nonlinear conjugate gradient (NLCG) inversion scheme

based on PML-based forward modeling is proposed, specifically

designed for large-scale 3D CSAMT inversion. In this scheme, we

use short-offset acquisition to reduce the model domain and re-

strict the inversion domain to high-sensitivity regions. Additional

modifications are introduced to further enhance the robustness of

the inversion process and enhance the inversion efficiency. We val-

idate the proposed approach using synthetic and field datasets,

demonstrating its effectiveness and providing a practical pathway

for efficient and accurate 3D CSAMT inversion in large-scale geo-

physical exploration and subsurface characterization. 

2. Methods 

In this section, we will describe the steps involved in the investi-

gation: ( ⅰ ) the 3D modeling with PML and ( ⅱ ) the robust inversion

scheme. 

2.1. 3D modeling with PML 

For simulating CSAMT data, we developed a 3D modeling algo-

rithm. In CSAMT forward modeling, a key challenge is the singu-

larity of the source, which makes it difficult to represent accurately

using a discrete formulation (Unsworth et al. 1993 ). To overcome
this issue, we employ a decomposition strategy that separates

the total electromagnetic field into primary and secondary com-

ponents. These components are solved independently and then

combined to obtain the total field. The primary field is computed

using numerical method. The PML boundary conditions are imple-

mented at the domain boundaries to truncate the simulation re-

gion, as illustrated in Fig. 1 . 

Assuming a harmonic time dependence of e− jωt , the secondary

electric field E s and magnetic field H s are described by Maxwell’s
equations: 

∇ × E s = jω� · μ0 H s , (1)

∇ × H s = σ� · E s + ( σ − σb ) � · E p , (2)

where E p is the primary electric field, σb denotes the background
resistivity, σ is the model resistivity, ω denotes the angular fre-

quency, μ0 is the vacuum magnetic permeability, j is the imaginary
unit, and � is referred to as the matched matrix: 

� =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎣ 

sy sz 
sx sx sz 

sy sx sy 
sz 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎦ 

. 

In the matrix �, si (where i represents x, y , and z) can be calculated
with the following (Yang et al. 2021 ): 

si = κi +
√ 

2 γi 

( αi − j ) 
√ 

ωε0 σ
, (3) 

where σ is the conductivity and can be set as the background con-

ductivity of the model, ε0 is vacuum permittivity, γi represents 

the PML decay factor, and κi and αi are the parameters associat-

ing with the attenuation of the evanescent waves. The value of κi ,

γi , αi can be calculated using the Equations following equations: 

κi = 1 + κmax 

(
e
hi 
d − 1 

)
, (4) 

γi = γmax 

�hi 
· μ0 

√ 

ε0 

μ0 

(
e
hi 
d − 1 

)
, (5) 

αi = αmax 

(
e

(
1 − hi 

d 

)
− 1 

)
, (6) 

where d represents the total PML thickness in a given direction,
with the PML cell width being uniform, hi is the distance from the

center of the PML cells to the medium-PML interface, �hi denotes
the thickness of a single PML cell. The parameters κmax , γmax , and

αmax control the maximum values of κi , γi , and αi , respectively. 

These parameters are crucial for the attenuation of the outgoing

wave, and their optimal values—referred to as the optimal PML

parameters: κopt , γopt , and αopt —be selected based on a series of

numerical experiments (Feng & Wang 2017 ). 

Equations ( 1 ) and ( 2 ) are discretized using the staggered-grid fi-

nite differ ence me thod that the H s and E s are placed on the edges
and the cell faces, resulting in the linear system Kh = s ( K is a
sparse complex-symmetric matrix, h is the unknown vector com-
posed of the secondary magnetic and s is the vector related to pri-
mary electric fields and the boundary conditions). Since the mag-

netic field is solved first in our study, a perfect magnetic conduc-

tor boundary condition is applied at the boundary of the PML, en-

forcing zero tangential components of the magnetic field (Liu et al.
2013 ). 

The primary electric and magnetic fields for a uniform whole

space or a layered half-space are computed using the expressions

from Maxwell’s equations (Ward & Hohmann 1988 ), incorporating 
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Figure 2 The model used to verify the forward modeling code. A 10 	m resistivity target is embedded within a 100 	m homogeneous background. 

n  

p

 

c  

c  

p

 

a  

1  

t  

s  

t  

T  

u  

a  

o  

4

 

m  

i  

r  

r  

f  

o  

r  

c  

T  

t  

p  

p  

i  

p  

m  

d  

e  

&

 

w  

i  

t  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/jge/article/23/4/1434/8665767 by guest on 05 June 2026
umerical integration method proposed by Chave (1983 ) is em-

loyed to ensure accurate evaluation of the integrals. 

However, the introduction of PML significantly increases the

ondition number of the system matrix K , which may lead to non-
onvergence when using iterative solvers. To address this, we em-

loy the direct solver PARDISO to solve the system efficiently. 

To verify the accuracy of forward modeling code, we designed

 model consisting of a 10 	 m resistivity prism embedded in a

00 	 m homogeneous background, as illustrated in Fig. 2 . The

op of the target is located at a depth of 0.3 km, and its dimen-

ions are 0.8, 0.8, and 0.7 km in the x -, y -, and z - directions, respec-
ively. The coordinate origin is located directly above the target.

he transmitter with a length of 2 km is positioned outside the sim-

lation domain at coordinates (0, 6, 0) km, and 10 PML layers with

 width of 50 m are implemented along the boundaries to absorb

utgoing secondary fields. The model is discretized into a grid of

2 × 42 × 48 cells, including the air layer and PML regions. 

The optimal PML parameters, κopt , γopt , and αopt were deter-

ined through a series of numerical experiments. The test model

n Fig. 2 was used to illustrate the procedure. First, the frequency

ange from 8192 to 0.125 Hz was selected to simulate the CSAMT

esponses. To reduce computational cost, we select a subset of

requencies—4096, 128, 16, 2, and 0.125 Hz—for determining the

ptimal PML parameters: κopt , γopt , and αopt . Second, the search

anges for κmax , γmax , and αmax are selected according to empiri-

al experience as [ −5.17, 12.06], [1, 20], and [1, 200], respectively.
hird, the secondary fields are computed for various PML parame-

er combinations. In our study, the secondary magnetic field com-

onent in the y -direction ( Hsy ) is used to evaluate the absorption
erformance of each parameter set, as the secondary electric field

s directly derived from the secondary magnetic field, and the ap-

arent resistivity calculation depends on the y -component of the
agnetic field. The results computed with Dirichlet boundary con-

itions are used as reference to calculate the reflection error at

ach node in the simulation domain, using the following (Correia

 Jin 2005 ): 

error reflection = 20lo g10 

∣∣∣∣∣∣
abs

(
Hsyi 

) − abs
(
Href syi 

)
max 

(
abs

(
Href syi 

))
∣∣∣∣∣∣ , (7)

here i denotes the index of a node within the model-
ng region grid, Hsyi is the secondary field calculated from
he PML boundary condition, and Href syi is the reference sec-
ondary field calculated from the Dirichlet boundary condi-

tion. The optimal PML parameters are those that minimize

the reflection error. Figure 3 displays the minimum reflec-

tion errors for different parameter sets at selected frequen-

cies. The optimal values were found to be κopt = 2.55, γopt =
3.62 and αopt = 186.27, yielding a minimum reflection error

of –49.61 dB. 

Using these parameters, we calculated the electromagnetic

responses over the full frequency range from 8192 to 0.125 Hz.

Figure 4 d shows the minimum reflection error at each frequency

across the domain, with the largest error being –48.58 dB at 10 Hz,

and the smallest error –102.34 dB at 8192 Hz. These results con-

firm that the PML implementation achieves excellent absorp-

tion performance, with reflection errors consistently below –40 dB

(Gedney 1996 ). 

Figure 4 a–c compares Hsy at 0.125 Hz along the x -, y -, and z -
directions through the point (0, 0, and 0) km, computed using PML

and Dirichlet boundary conditions. Within the modeling domain,

the results for Hsy are nearly identical. In the PML region, Hsy grad-
ually decreases to zero along the x - and z - directions, demonstrat-
ing effective wave absorption. Figure 4 e–h presents the apparent

resistivity and phase at the origin (0, 0, and 0) km calculated using

the two boundary conditions, along with the relative error for ap-

parent resistivity and the absolute error for phase. The differences

are minimal, with the relative error of apparent resistivity within

0.5% and the absolute phase error within 0.5◦, indicating the high
accuracy and reliability of our forward modeling code. 

2.2. The robust NLCG inversion scheme 

The goal of the inverse problem is to estimate a subsurface electri-

cal resistivity model that best explains the observed CSAMT data.

Mathematically, this is achieved by minimizing the following ob-

jective function. To mitigate the non-uniqueness of the inversion

results, the regularization concept proposed by Tikhonov & Ars-

enin (1977 ) is incorporated into the objective function: 


(m ) = 

(
d obs − F (m ) 

)T 
V −1 

(
d obs − F 

(
m 

))
+ λ( m 0 −m ) T L T L ( m 0 −m ) , (8)

and its gradient is 

g ( m ) = −2J T q + 2 λL T L ( m 0 −m ) , (9)



Journal of Geophysics and Engineering, 2026, Volume 23, Issue 4 1437

Figure 3 The minimum reflection errors for different parameter sets at selected frequencies. 

Figure 4 Comparison of results obtained using PML and Dirichlet boundary conditions (a), (b), and (c). The Hsy at 0.125 Hz along the x -, y -, and 
z -directions passing through the point (0, 0, and 0) km (d). Minimum reflection error within the simulation domain at each frequency ranging from 8192 

to 0.125 Hz (e) and (g). Apparent resistivity and phase at the origin (0, 0, and 0) km calculated under the two boundary conditions (f) and (h). 

Corresponding relative errors in apparent resistivity and absolute errors in phase, respectively. 
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where d obs represents the observed apparent resistivity or phase
data at each frequency and sounding location, F (m ) denotes the

forward modeling operator, and V is a diagonal matrix contain-
ing the estimated variances of the observed data. The regulariza-

tion factor λ controls the trade-off between data misfit and model

regularity. L represents a discrete Laplacian operator based on
second-order differences, m denotes the model parameters to be

estimated, m 0 represents the a priori model, the Jacobian matrix J 
represents the sensitivity of the forward response with respect to

the model, and q = V −1 (d obs − F (m ) ) is the data-weighted resid-

ual. 
Considering that Gauss–Newton and Occam inversion strate- 

gies typically require the computation of Jacobian-related infor- 

mation, which may entail substantial memory costs for large-scale 

problems, a preconditioned Polak–Ribiere NLCG scheme (Nocedal 

& Wright 2006 ) is adopted in this study for CSAMT data inver-

sion. Newman & Alumbaugh (2000 ) demonstrated that the NLCG

method is well suited for large-scale electromagnetic inversion 

problems. During the inversion process, the termination criterion 

is satisfied when the root-mean-square (RMS) misfit of the current

iteration falls below the target RMS, or when the maximum num-

ber of iterations is reached. 
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Figure 5 Synthetic models. (a)–(c) Models 1–3. In (a) and (b), the target bodies represent a resistivity of 10 	m embedded in a 100 	m homogeneous 

background. In (c), prisms labeled A to F correspond to targets with resistivities of 1000, 1, 500, 50, 300, and 10 	m, respectively. The background 

resistivity is 100 	m. The source is shown as a line, and the survey stations are indicated by discrete measurement points in (a)–(c). 
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In conventional CSAMT inversion, Dirichlet boundary condi-

ions are commonly used to truncate the forward-modeling do-

ain. However, this approach introduces numerous model cells in

on-target regions, which not only reduces the efficiency of both

orward modeling and inversion but also causes the extended

egions—added solely for applying the boundary conditions—to

ilute the data sensitivity, thereby decreasing the inversion accu-

acy within the survey area. 

Furthermore, although the traditional long-offset acquisition

cheme (5–10 km) is unproblematic during data collection, it sub-

tantially increases the number of model cells required in forward

nd inversion computations, since the area between the source

nd the survey region must also be included in the modeling do-

ain. These regions may still exhibit non-negligible data sensitiv-

ty, potentially influencing the inversion results in the target area.

n addition, as these regions are involved in the inversion process,

he mesh cannot be overly coarse in order to ensure the accuracy

f forward modeling; however, refining the mesh inevitably leads

o a considerable increase in computational cost for both forward

odeling and inversion. 

Therefore, based on the NLCG inversion scheme, four com-

ined strategies were introduced to mitigate the aforementioned

ssues and enhance the stability of large-scale data inversion: (i)

hort-offset acquisition were employed to reduce the inversion

omain; (ii) a PML-based forward modeling approach was incor-

orated into the inversion process; (iii) a cooling strategy for the

egularization factor λwas introduced to ensure optimal inversion

erformance; and (iv) the inversion domain was confined to the

igh-sensitivity regions. In the following, these four strategies are

reated in detail. 

.2.1. Short-offset acquisition 

ang & Lin (2025 ) showed that a shortened transmitter–receiver

ffset strategy (2–4 km) is effective in CSAMT exploration when ap-

ropriate offsets and operating frequencies are chosen. Short off-

ets reduce the number of model cells in the inversion, lowering

omputational cost per iteration. Importantly, they also decrease

he extent of low-sensitivity regions, improving the distribution of

odel parameter gradients and enhancing the stability of NLCG

earch directions. 

.2.2. The forward modeling with PML 

orward modeling with Dirichlet boundary conditions suffers

rom accuracy loss and reduced efficiency in the extended bound-

ry regions. To overcome this problem, we adopt a PML-based
forward modeling approach, which eliminates the need for ex-

tended regions and avoids their negative influence on inversion. A

method for selecting optimal PML parameters has been developed

for specific models. However, because model parameters are con-

tinuously updated during inversion, the effectiveness of these pa-

rameters in iterative inversion requires further investigation. This

concern will be analyzed in detail in the Inversion Results section.

2.2.3. Cooling strategy for λ

Fixed regularization factors can hinder further reduction of data

misfit in late iterations (Kong et al.2021 ). To mitigate this, we intro-
duce a dynamic cooling strategy: when the absolute difference be-

tween consecutive RMS misfits falls below a small tolerance (e.g.

2e-3), λ is divided by a predetermined factor ( > 1). NLCG inversion

is then reinitialized, ensuring convergence towards an optimal so-

lution and improving the final data fit. 

2.2.4. Optimal inversion domain 

In our robust inversion scheme, the size of the inversion domain

can be manually specified. Based on the initial data sensitivity,

which quantifies how strongly the observed responses react to

variations in model parameters (Christensen 2014 ), model up-

dates are restricted to regions of high sensitivity. This effectively

avoids the negative impact of low-sensitivity regions on both in-

version efficiency and accuracy, enabling a more reliable recovery

of subsurface resistivity structures in the NLCG inversion. 

Due to the use of a quasi-forward modeling approach, the Ja-

cobian matrix is not explicitly computed. Instead, we approximate

sensitivity using the vector J T q . Given the smoother and more con-
tinuous sensitivity distribution under Dirichlet boundary condi-

tions, we determine the inversion domain for the PML-based in-

version using sensitivity results obtained from the Dirichlet setup.

A tolerance threshold is defined as a small percentage of the max-

imum sensitivity within the survey area to identify high-sensitivity

regions. Based on our inversion tests, this tolerance can be set in

the range of 1%–5%. To maintain spatial continuity of the sensitiv-

ity distribution, the final inversion domain is formed by expanding

a few additional grid cells beyond the high-sensitivity region. 

After defining the inversion domain, the starting resistivity

model for field data inversion is constructed using the average

apparent resistivity of the survey area. Several nearby values are

tested to ensure reasonable initialization. In CSAMT inversion, lin-

ear systems from forward and quasi-forward modeling are inde-

pendent and solved in parallel using the MPI framework, which
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Figure 6 Plan-view distributions of J T q using Dirichlet boundary condition exceeding a threshold (set at 1% of the maximum J T q value beneath the 
survey area) at depths of z = 0, −0.44, and −1.63 km. The dash square outlines the inversion area used in the PML inversion. The black line represents 
the source, and the black points indicate the survey stations. 
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significantly improves computational efficiency and scalability for

large-scale problems. 

3. Synthetic example 

In our experiments, we consider three synthetic models. A con-

sistent discretization grid is employed across all models to eval-

uate the transferability of the PML parameters. In models 1–3,

the transmitter is modeled as a horizontal electric dipole (HED),
2 km in length and oriented along the x -axis, with its geomet-
ric center located at (0, −2.5, and 0) km within the modeling do-

main. A total of 684 observation stations are uniformly distributed

across the survey area, with an approximate spacing of 100 m.

For consistency in comparison, the inversion domain under PML

boundary conditions is defined as a spatially corresponding sub-

set of that used with Dirichlet boundaries. All models are dis-

cretized into 46 × 66 × 46 cells (including the air layer and the

PML domain) for the PML scheme, and 52 × 74 × 40 cells for the

Dirichlet scheme. 
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Figure 7 Inversion results for model 1. (a) The true model, (b) and (c) inversion results for model 1 using Dirichlet- and PML-based inversion schemes, 

respectively. The dashed box displays the outline of the target. 
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.1. Synthetic model 

.1.1. Model 1 

s shown in Fig. 5 a, model 1 consists of a resistive prism (10 	m)

mbedded in a homogeneous half-space with a resistivity of

00 	m. The top of the target lies at a depth of 0.3 km, and its di-

ensions are 0.8 × 0.8 × 0.7 km in the x -, y -, and z -directions, re-
pectively. 

To absorb outgoing secondary fields, 8 PML layers are placed

long the model boundaries, with each PML cell having a width of

0 m. The total number of grid cells is 46 × 66 × 46 (including the

ir layer and PML). 

.1.2. Model 2 

odel 2, depicted in Fig. 5 b, is derived from model 1 but features

 stepped 10 	 m anomaly in place of the original target. The

nomaly begins at a depth of 0.13 km and extends downward to

 km. Horizontally, it spans 0.8 km in the x -direction (from –0.4 to

.4 km) and 1.6 km in the y -direction (from –0.7 to 0.9 km). The ob-

ervation layout for model 2 is identical to that of model 1. 

.1.3. Model 3 

o evaluate the performance of the inversion code in resolving

ultiple targets, model 3 (Fig. 5 c) is designed with six block-

haped anomalies, each measuring 0.6 × 0.6 × 0.322 km. The top

epth of each block is 0.198 km. The resistivities of the six targets
(labeled A through F) are 1000, 1, 500, 50, 300, and 10 	 m, re-

spectively. The observation configuration remains the same as in

model 1. 

3.2. Inversion results 

We determined the optimal PML parameters for model 1 across

the frequency range from 8192 to 0.125 Hz. The resulting optimal

values were κopt = 0 . 77 , γopt = 3 . 62 , and αopt = 145 . 1 , which

achieved a minimum reflection error of –114.52 dB at 8192 Hz,

and a maximum of –48.81 dB at 8 Hz. To evaluate the transferabil-

ity of these optimal parameters to models with different resistivity

distributions but the same grid, we applied them to models 2 and

3. The minimum reflection errors were –99.23 and –83.13 dB at

8192 Hz, while the maximum reflection errors were –59.83 and

–48.16 dB at 8 Hz, respectively. Although the minimum reflection

errors increased slightly in models 2 and 3, all values remained

well below –40 dB, indicating that the optimal PML parameters

are transferable across models with identical grids. However,

in inversion applications, the model resistivity is continuously

updated during the iterative process. Although the grid remains

unchanged, the background resistivity may vary to some extent,

especially in inversions involving field data. To investigate the

robustness of the optimal PML parameters under such conditions,

we modified the background resistivity of model 1 to 1, 50, 500,

and 1000 	 m, and computed the corresponding reflection
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Figure 8 Inversion results for model 2. (a) The true model, (b) and (c) inversion results for model 2 using Dirichlet- and PML-based inversion schemes, 

respectively. The dashed box displays the outline of the target. 
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errors using the previously obtained optimal parameters. The

minimum reflection errors were found to be –44.6, –48.26, –45.8,

and –43.18 dB, respectively. All values remained below –40 dB,

exhibiting a certain tolerance to variations in background resis-

tivity within a reasonable range. These results suggest that the

determined optimal PML parameters can be reliably applied in

inversion processes without the need for adjustment during the

iterative updates. 

To generate synthetic datasets, apparent resistivity and phase

were contaminated with 3% Gaussian random noise. To deter-

mine an appropriate inversion domain, we first computed the ini-

tial sensitivity—approximated by J T q —using the model config-
ured with Dirichlet boundary conditions. A threshold was set at

1% of the maximum J T q value beneath the survey area to isolate
high-sensitivity regions. As illustrated in Fig. 6 , the distributions

of J T q exceeding this threshold are shown for all three models,
exhibiting a general trend of decay with increasing depth. Based

on this distribution pattern, and after excluding the extended re-

gions introduced by the Dirichlet boundary condition, the final in-

version domain was defined and is delineated by dashed lines in

the Fig. 6 . 

The initial model was defined as a homogeneous half-space

with a resistivity of 100 	m. An RMS misfit of the data threshold of

1.0 was adopted. Error floors were set to 3% for apparent resistiv-

ity and 1.5% for phase. Various initial regularization weights were

tested during inversion to balance model smoothness and data fit.

For performance comparison, all inversions were executed using
17 MPI processes, with each process configured to use two threads

during the LU factorization step in PARDISO. 

To quantitatively assess the accuracy of the inversion results,

we calculated the model misfit between the true model and the

inverted model. The RMS of the model perturbation is defined as

(Moorkam et al. 2011 ; Zhu et al. 2023 ) 

ζ = 1 

Mp 

√ √ √ √ 

Mp ∑ 

i=1 

( 

minv 
i −mtrue 

i 

mtrue 
i 

) 2 

, (10) 

where mtrue 
i and minv 

i represent the resistivity values of the true

and inverted models, respectively, and Mp is the total number of

grid cells within the target region. Only the cells corresponding to

the target body were included in the calculation to better reflect

the inversion accuracy within the area of interest. 

For easier comparison of the inversion results, short-offset ac-

quisition, the cooling strategy, and MPI techniques are also em-

ployed in the Dirichlet-based inversion implemented in this study.

3.2.1. Model 1 

Figure 7 shows the inversion results of the synthetic data from

model 1 using the traditional Dirichlet-based inversion and 

our robust PML-based inversion scheme. The RMS misfits con-

verged from 7.03 to 1.63 for the Dirichlet-based inversion and to

1.54 for the PML-based inversion. The total inversion time was

∼30.4 h for the Dirichlet case and 12.5 h for the PML-based case,
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Figure 9 Plan-view distribution of gradient magnitude using Dirichlet boundary condition at depths of z = –0.44 and –2.33 km for the initial, sixth, and 

final iterations for model 2. The dash line outlines the inversion area used in PML-based inversion. The black line represents the source, and the black 

points indicate the survey stations. 

Figure 10 Inversion results for model 3. (a) The true model, (b)–(c) inversion results for model 3 using Dirichlet- and PML-based inversion schemes, 

respectively. The dashed box displays the outline of the target. 
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Figure 11 Plan-view distribution of gradient magnitude using Dirichlet boundary condition at depths of z = –0.44 and –2.33 km for the initial, sixth, and 

final iterations for model 3. The dash line outlines the inversion area used in PML-based inversion. The black line represents the source, and the black 

points indicate the survey stations. 
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representing a nearly 2.4-fold improvement in computational effi-

ciency. 

This improvement is primarily attributed to the reduc-

tion of the inversion domain in PML-based inversion scheme

(46 × 66 × 46). The extended region required for Dirichlet bound-

aries (52 × 74 × 40) is eliminated, significantly decreasing the

number of grid cells. Additionally, the PML-based inversion

exhibited higher convergence efficiency, requiring only 44 iter-

ations compared to 63 for the Dirichlet-based inversion, further

enhancing the overall inversion efficiency. 

As shown in Fig. 7 , the target’s position and resistivity are recov-

ered in both cases. Notably, the inversion results obtained in PML-

based inversion are nearly identical to those derived in Dirichlet-

based inversion, confirming the validity of PML for inversion appli-

cations. 

To quantitatively assess the deviation of the inverted models

from the true model, the model perturbation RMS ( ζ ) was calcu-

lated. The ζ value was 0.116 for the Dirichlet-based inversion and

0.094 for the PML-based inversion, indicating that the target was

more accurately recovered and the overall model accuracy was

higher using the PML-based approach. 

 

3.2.2. Model 2 

Figure 8 presents the inversion results for model 2 using both

Dirichlet- and PML-based schemes. After 65 and 55 iterations, the

RMS misfits decreased from 9.72 to 1.73 for the Dirichlet-based in-

version, and to 1.54 for PML-based inversion. The total inversion

time was ∼26.8 h for the Dirichlet-based inversion, while the PML-
based method required only 9.86 h, representing a 2.7-fold im-

provement in computational efficiency. 

As shown in Fig. 8 , the recovered targets from both inversion

results are close to the true model. However, the model perturba-

tion RMS was lower for the PML-based inversion ( ζ = 0 . 086 ) com-

pared to the Dirichlet-based case ( ζ = 0 . 125 ). Moreover, as shown

in Fig. 8 , the PML-based inversion better recovered the deeper por-

tions of the target, likely due to improved data fitting. 

To understand this differ ence, we analyz ed the distribution

of gradient magnitude using the Dirichlet boundary condition—

which guide model updates—at two depth levels ( z = –0.44 and

–2.33 km) during the initial, sixth, and final iterations. Shallow-

region gradients in the initial iteration as shown in Fig. 9 a were

mainly concentrated between the survey area and the source,

while deep-region large grid cells, introduced to satisfy the
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Figure 12 Survey stations and transmitters with red lines. (a) White 

polygon indicates the measurement zone. (b) Black point denotes the 

survey station. 
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irichlet boundary condition, also exhibited relatively high gra-

ient values. Although these gradients diminished at sixth itera-

ion, significant values persisted in the deep large cells as shown in

ig. 9 b; in the final iteration, their maximum gradient still reached

2.41% of the shallow maximum at z = –0.44 km, as shown in

ig. 9 c. 

Despite the presence of high gradients in the deep large grid

ells, the final resistivity changes in these areas were minimal

about 1 	m). This suggests that while the large cells did not di-

ectly alter the model, their gradients still entered the optimiza-

ion process, potentially influencing the global update direction or

tep size selection. In this way, they may have indirectly hindered

onvergence and model accuracy. 

To verify this, we conducted a supplementary experiment us-

ng Dirichlet boundary conditions but restricted the model update

o the region used in the PML-based inversion. This excluded the

nfluence of deep large cells with high gradients. As a result, the

MS misfit improved significantly (1.59), and the inversion results

losely aligned with those obtained from our scheme, confirming

he detrimental effect of including such cells in the update region.

By limiting inversion to high-sensitivity regions, the PML-based

cheme avoids the adverse influence of artificial gradients, thus

eading to more accurate model updates and improved conver-

ence and inversion efficiency. 

.2.3. Model 3 

igure 10 presents the inversion results for model 3 using he tradi-

ional Dirichlet-based inversion and our proposed PML-based in-
version scheme. After 71 and 73 iterations, the RMS misfits de-

creased from 10.36 to 1.91 for the Dirichlet-based inversion, and

to 1.65 for PML-based inversion. The total inversion time was

∼30.5 h for the Dirichlet case, compared to 15.16 h for PML-based
inversion. Although our scheme required slightly more iterations,

it achieved a lower RMS misfit and significantly reduced compu-

tational time. This improvement is attributed not only to the re-

duced number of grid cells, but also to fewer line searches re-

quired during the optimization process. 

As shown in Fig. 10 , all six targets were successfully recovered

in both inversion results. However, a comparison reveals that the

resistivity values of targets A and F obtained using the PML-based

scheme (Fig. 10 c) are more accurate than those from the Dirichlet-

based result (Fig. 10 b). For the remaining targets, the differences

are relatively minor. 

To quantify these observations, we calculated the model per-

turbation RMS for each target (A–F). The RMS values for the

Dirichlet-based inversion are 0.060, 1.379, 0.048, 0.029, 0.034, and

0.159, respectively, whereas those from the PML-based scheme

are 0.056, 1.195, 0.043, 0.023, 0.029, and 0.129. These results

demonstrate that the PML-based scheme consistently achieves

lower perturbation errors across all targets, indicating higher

model recovery accuracy. 

Similar to model 2, we analyzed the distribution of gradient

magnitudes at two depth levels ( z = –0.44 km and z = –2.33

km) during the initial, sixth, and final iterations (Fig. 11 ). By the

sixth iteration, the RMS misfit had already decreased to 4.6. The

evolution of the gradient distribution follows a similar pattern as

in model 2, further confirming that large grid cells under Dirich-

let conditions can adversely affect convergence behavior during

inversion. 

4. Field example 

4.1. The survey 

The field CSAMT data set was collected from the Yanqing area, sit-

uated in the northern part of Beijing, a region notable for its rich

geothermal resources. A brief over view of the sur vey layout is pro-

vided here, while detailed descriptions can be found in Wang & Lin

(2025 ). The scalar dataset consists of 122 stations acquiring from

a GDP32-II system, with signal frequencies ranging from 8192 to

0.25 Hz. As illustrated in Fig. 12 , four survey lines—designated as

Lines 2, 4, 6, and 8—were deployed across the area. The spacing

between adjacent stations along each north–south profile is ∼40
m. The source, aligned parallel to the survey lines, was an 824.6-

m-long HED transmitter. The distance between the source and line

2 was 3508.9 m. 

4.2. The inversion settings 

The dataset was first processed using Zonge software packages

SHRED, AMTAVG, and SCS2D, followed by 3D CSAMT inversion. To-

pography was not incorporated in the inversion since the survey

was conducted in the Yanqing Plain, where elevation changes are

less than 10 m. The starting model is the same as that used by

Wang & Lin (2025 ), consisting of a homogeneous half-space with

a resistivity of 35 	 m. Error floors were set at 15% for apparent

resistivity and 7.5% for phase, with an RMS misfit threshold of 1.0.

To determine a suitable inversion model, initial regularization pa-

rameters ranging from 100 to 100 000 were tested. 
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Figure 13 Plan-view distributions of J T q using Dirichlet boundary condition exceeding a threshold (set at 1% of the maximum J T q value beneath the 
survey area) at depths of z = –0.37 km. The dash square outlines the inversion area used in PML-based inversion. The black line represents the source, 

and the black points indicate the survey stations. 
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For the inversion grid cells in PML-based inversion, the inver-

sion domain was carefully designed based on initial data sensitiv-

ity analysis with the Dirichlet boundary condition. To delineate the

high-sensitivity region, we selected initial J T q values greater than
1% of the maximum value observed within the survey area under

Dirichlet boundary conditions. Figure 13 shows the distribution at

a depth of 370 m. It can be observed that the initial data sensitivity

is particularly high in the region between the source and the mea-

surement area, and this sensitive region lies very close to the mea-

surement zone. After excluding the extended regions introduced

by the Dirichlet boundary condition, by balancing both data sen-

sitivity and inversion efficiency, we defined the inversion domain

under the PML boundary condition as the area enclosed by the

black box shown in the Fig. 13 . An additional reason for including

the source within the inversion domain is its close proximity to the

survey zone, which may give rise to strong stratigraphic waves and

potential source overprint or shadow effects in field data inversion

(Lei et al. 2016 ). 
The inversion region, where model updates are permitted,

spans from –2.74 to 2.74 km in the x -direction and from –5.01 to

2.13 km in the y -direction. Within the measurement area, the grid
cell sizes in the x - and y -directions were set to 40 and 60 m, respec-
tively, and increase gradually to a maximum of 250 m outward. In

the z -direction, the cell thickness starts from 10 m near the sur-

face and increases progressively, reaching a maximum depth of

13 km. Eight PML layers are placed outside the inversion domain.
The subsurface was discretized into a total of 100 × 86 × 54 grid

cells, including the PML and air layers. 

To find the κopt , γopt , and αopt , we set a 1 	m prism below the

measurement zone with 1.64 × 1.08 × 0.653 km and a top depth

of 95 m. The background resistivity is 35 	 m. the PML parame-

ter is κopt = 1 . 36 , γopt = 2 . 96 , and αopt = 42 . 17 , with a minimum

reflection error of −49.6 dB. 
In the inversion, four MPI processes were used, with 40 threads

allocated for LU factorization via PARDISO. The PML-based inver-

sion required a total of 45.66 h. The RMS data misfit decreased

from 7.26 to 1.1. The inversion results are presented in Fig. 14 e–h.

For comparison, the inversion result using the Dirichlet boundary

condition, obtained by Wang & Lin (2025 ), is shown in Fig. 14 a–d;

however, the color scale has been adjusted, and the RMS misfit re-

duced to 1.21. 

4.3. 3D inversion results 

Figures 15 and 16 show a comparison between the measured data

and the predicted responses from the best-fitting models shown

in Fig. 14 a–d (Dirichlet-based) and 14 e–14 h (PML-based), respec-

tively. The RMS misfit at each survey station is also provided. Over-

all, the key features of the measured data are well reproduced by

both inversion results. As seen in Figs 15 c and 16 c, the RMS misfits

at most survey stations are close to 1, with only a few exceptions.

On line 8, within the 0.08–0.72 km range, the RMS misfit values in
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Figure 14 Sections of the 3D inversion results for using Dirichlet-based (a–d) and PML-based schemes (e–h). The solid black line depicts the borehole 

JingYan-5 log and its values also are presented in this figure. 

Figure 15 Comparation between the measured CSAMT data and the forward modeling of the inversion results using the Dirichlet scheme. (a) 

Pseudosection of the measured CSAMT data along four survey lines. (b) Responses to the inversion model in Fig. 14 a–d. (c) Final RMS misfit at each site 

in four lines. White areas in (a) and (b) represent bad or missing CSAMT data. 
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Figure 16 Comparation between the measured CSAMT data and the forward modeling of the inversion results using the PML scheme. (a) Pseudosection 

of the measured CSAMT data along four survey lines. (b) Responses to the inversion model in Fig. 14 e–h. (c) Final RMS misfit at each site in four lines. 

White areas in (a) and (b) represent bad or missing CSAMT data. 
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Fig. 16 c show a noticeable decrease, which is also reflected in the

improved phase response alignment with the measured data. A

close fit to the data generally implies a more reliable inversion out-

come. Furthermore, the predicted responses in Figs 15 b and 16 b

are highly consistent with one another. 

The inversion results using both Dirichlet- and PML-based

schemes, as depicted in Fig. 14 a–d and e–14 h, respectively, re-

veal the subsurface electrical structure beneath the measurement

zone of interest. Both approaches resolve a three-layer structure:

a shallow conductive layer, an intermediate resistive layer, and a

deeper high-resistivity zone—broadly consistent with the litholog-

ical interpretation from borehole JingYan-5. 

Geological studies have established that the area consists of a

three-layer sedimentary sequence comprising the Quaternary (Q),

Jurassic (J), and Cretaceous (K) formations, underlain by the Wu-

mishan Formation of the Jixian (Jxw ) system (Zhang 2002 ; Ke 2009 ;

Lei et al.2014 ; Sun et al.2019 ; Zhang2019 ). Integrating this geolog-
ical context with borehole JingYan-5, located along line 4 (Figs 15 c

and 16 c), suggests that the shallow low-resistivity layer corre-

sponds to Quaternary sandstones and conglomerates. The inter-

mediate layer likely represents Jurassic and Cretaceous tuff, mud-

stone, andesite, and glutenite. The deeper high-resistivity zone is

attributed to the dolomite of the Wumishan Formation. 

The recovered resistivity values of the top layer are nearly

identical between the two inversion schemes. However, the sec-

ond and third layers in the PML-based inversion (Fig. 14 e–h) ex-

hibit higher resistivity than those in the Dirichlet-based results

(Fig. 14 a–d). This discrepancy may be primarily due to the supe-

rior data fitting achieved with the PML-based inversion, consistent

with the trends observed in the synthetic models. 

Additionally, under Dirichlet boundary conditions, extended

grid blocks outside the primary target region may exhibit non-

negligible data sensitivity and gradient values. Consequently,
these blocks can be updated during the inversion process, even

though they lie far from the survey lines. From an optimization

standpoint, this behavior is driven by the local gradients of the

misfit function, which indicate the regions where parameter ad-

justments most effectively reduce the objective function. How- 

ever, such a redistribution of sensitivity and gradient magnitude

may shift the inversion focus away from the survey area, poten-

tially degrading the resolution and accuracy of the recovered re-

sistivity beneath the lines of interest. In contrast, the PML-based

inversion confines model updates to genuinely high-sensitivity re- 

gions. By avoiding the influence of artificial gradients in less sen-

sitive or non-essential areas, it enhances inversion focus and im-

proves the reliability of the final results. 

Although no direct resistivity logging was performed in bore-

hole JingYan-5, nearby borehole Yanre-6—situated within the 

same structural unit—exhibits apparent resistivity values ranging 

from 40 to 900 	m in the Wumishan Formation, indicating a high-

resistivity geological unit (Niu 2013 ). While these values reflect ap-

parent rather than true resistivity, they suggest that the third layer

in the inversion model should exhibit relatively high resistivity.

Therefore, the PML-based inversion, which yields higher resistiv- 

ity values in the deep layer, offers a more realistic representation

of the subsurface structure. 

5. Conclusions 

A robust 3D NLCG inversion scheme is proposed for large-scale

CSAMT data, incorporating four key enhancements to improve in-

version stability, efficiency, and resistivity recovery: (i) short-offset 

acquisition is employed to reduce the inversion domain; (ii) a

PML-based forward modeling approach is incorporated into the in-

version process; (iii) a cooling strategy for the regularization factor
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is introduced to ensure optimal inversion performance; and (iv)

he inversion domain is confined to high-sensitivity regions. 

3D synthetic data for three models were inverted to evaluate

he scheme. The results indicate that the proposed PML-based

nversion scheme is more time-efficient than the conventional

irichlet-based scheme. Moreover, it exhibits higher convergence

fficiency, further enhancing overall inversion performance. Im-

ortantly, in contrast to the conventional scheme, the proposed

cheme yields better-defined resistivity models, with particularly

mproved recovery of target resistivity values and boundaries, es-

ecially for deep targets, due to the lower RMS misfit. 

These findings are further supported by the inversion of field

ata from the Yanqing geothermal area. The proposed scheme

roduces resistivity models that better reflect the geological real-

ty in deeper layers and show improved agreement with borehole

ata, achieving superior data fitting compared to the conventional

pproach. 
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