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a b s t r a c t

Transient electromagnetic (TEM) logging can reflect  the electrical properties of formation around the 
borehole in the time domain, serving as an important method for detecting oil and gas reservoirs, coal 
seams, groundwater and geothermal resources. However, conventional optimization inversions suffer 
from high computational costs and poor convergence stability, while supervised deep learning methods 
rely heavily on high-quality training datasets, limiting their applicability in complex geological envi
ronments. To address these challenges, this study proposes an unsupervised time-domain inversion 
framework based on physical–prior constraints. The framework integrates a finite-volume time-domain 
(FVTD) method with the adjoint-state method to enforce Maxwell's governing equations during opti
mization. We construct a generative network that combines convolutional neural network (CNN) with 
Transformer, achieving an effective fusion of local structure characterization and long-range de
pendencies. Moreover, a dynamic weighting strategy incorporating geological prior balances data misfit 
and prior constraint terms to constrain the solution space. Numerical experiments demonstrate that the 
proposed method achieves excellent imaging accuracy and stability across near-borehole, deep, cross- 
scale, and radial dual-anomaly scenarios without requiring any training dataset, significantly 
enhancing the reliability of TEM logging inversion.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc- 

nd/4.0/).

1. Introduction

The inversion of TEM logging aims to reconstruct the structure 
of electrically heterogeneous formations surrounding the borehole 
in the time domain, thereby accurately locating and quantifying 
the geometry and electrical properties of the anomalous body. This 
capability is of great significance  in oil and gas exploration, coal 
resource assessment, as well as geothermal and groundwater in
vestigations (Khan et al., 2020; Yuan et al., 2022; Wu et al., 2025; 
Xiong et al., 2025). The TEM logging data are typically time- 

domain electromotive force (EMF). The diffusion characteristics 
of electromagnetic fields  implies that signals at different times 
correspond to different detection depths. This makes TEM logging 
highly sensitive to one or multiple conductive anomalous bodies 
near the borehole, with particular advantages in depth detection 
(Fitterman and Stewart, 1986; Newman et al., 1986; Sharp et al., 
1999; Auken et al., 2019). Therefore, it is essential to develop a 
high-precision time-domain inversion method to transform the 
measured transient responses into the subsurface conductivity 
distribution.

At present, TEM logging inversion methods can be broadly 
divided into two categories: smoke ring inversion and 
optimization-based inversion. The smoke ring inversion treats the 
induced eddy currents as expanding current loops over time. It 
uses the difference between early-time and late-time responses to 
estimate the position and approximate size of nearby anomalous 
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body, providing a semi-quantitative “time–depth” correspondence 
(Nabighian, 1979). Although the smoke ring inversion method 
offers fast computation speeds, it only provides qualitative in
terpretations and cannot rigorously fit the observed data, limiting 
its accuracy for high-resolution TEM logging inversion. 
Optimization-based inversion method typically constructs an 
objective function consisting of a data misfit term and a regulari
zation term. By introducing smoothness and geological priors 
under the constraint of the governing equations, this framework 
stabilizes the solution of the ill-posed inversion problem. The 
typical algorithms include steepest descent, Gauss–Newton, and 
Levenberg–Marquardt methods (Hoare and Ruijgrok, 1970; 
Gerstoft, 1995; Choi et al., 2005; Sugihara, 2011). The steepest 
descent method iteratively updates parameters along the negative 
gradient direction of the objective function. It only requires the 
calculation of the first-order derivatives in each iteration, resulting 
in simple implementation and low computational cost, making it 
suitable for the initial exploration of large-scale problems. How
ever, in ill-conditioned or strongly nonlinear cases, the iteration 
trajectory may exhibit zigzag oscillations, leading to slow conver
gence. This typically requires an initial condition or adaptive step- 
size strategies to improve convergence (Widrow and McCool, 
1976; Teschke and Borries, 2010; Ren, 2022). The Gauss–Newton 
method is a second-order optimization technique specifically 
designed for solving nonlinear least-squares problems. By 
approximating the Hessian matrix using the product of the Jaco
bian matrix, it leverages second-order information of the objective 
function to accurately estimate the descent direction. This method 
achieves rapid local convergence near the optimal solution or 
when the residuals are small. Its limitations lie in the fact that each 
iteration requires inverting the Jacobian matrix, resulting in high 
computational and storage costs. Additionally, this method may 
fail to converge or even diverge if the initial guess is too far from 
the solution (Pratt et al., 1998; Loke and Dahlin, 2002; Mojabi and 
LoVetri, 2010). The Levenberg–Marquardt method combines the 
advantages of the previous two approaches by introducing a 
damping factor to adaptively balance between the Gauss–Newton 
and gradient descent directions, achieving both stability and fast 
convergence (Pujol, 2007; Foroughi and Tenzer, 2014; Xu et al., 
2023). However, the selection and updating strategy of the 
damping factor must be carefully designed for optimal perfor
mance. Despite reduced computational cost compared to 
Gauss–Newton, it still requires complex matrix operations at each 
iteration. Although these classical optimization algorithms have 
achieved notable success in TEM logging inversion, they still suffer 
from challenges such as high computational cost, slow conver
gence, and sensitivity to parameter selection (Nekut, 1987; 
Newman and Commer, 2005).

In recent years, with the advancement of computational power 
and the evolution of deep neural networks and optimization al
gorithms, deep learning methods have provided new perspectives 
for geophysical inversion problems (Zhang et al., 2022, 2025; Yan 
et al., 2023; Fu et al., 2025; Zhang and Yang, 2025). Noh et al. 
(2023) proposed a strategy to improve inversion accuracy under 
noisy measurement conditions. By incorporating noise into the 
training dataset and integrating noise layers within a deep residual 
neural network architecture, thereby enhancing resistivity inver
sion robustness in real-time geosteering. Pan et al. (2024) devel
oped a neural network model for two-dimensional 
magnetotelluric (MT) inversion using deformable convolution 
technology (MT2DInv-Unet). They generated a large-scale syn
thetic MT dataset through forward modeling and trained a U-Net 
model to map observed data to resistivity parameters, achieving 
strong convergence and high inversion resolution for subsurface 
resistivity structures. Ma et al. (2025) introduced a collaborative 

optimization framework combining physics-constrained data 
generation with an improved UNet++ architecture (R-BInvNet). 
This method utilizes a Markov chain perturbation strategy to 
generate formation samples with physical continuity and im
proves the network structure through dynamic fusion of multi- 
scale and directional features, providing an efficient  solution for 
electromagnetic logging-while-drilling inversion. To overcome the 
limitations of pure CNNs in capturing global dependencies, hybrid 
CNN-Transformer architectures have been increasingly applied in 
supervised geophysical inversion. Ning et al. (2024) proposed a 
transformer and convolutional hybrid neural network (trans-CNN) 
trained on labeled well-log data to significantly improve seismic 
impedance inversion. Yang et al. (2025) introduced a hybrid con
volutional transformer network (HCTNet) for prestack seismic 
inversion, effectively fusing local and global features to improve 
the robustness of elastic parameter estimation. Supervised 
network models can effectively learn the nonlinear mapping be
tween observed data and subsurface parameters, demonstrating 
impressive performance in geophysical inversion. However, they 
still face several limitations. First, their performance strongly de
pends on large -scale, high-quality training datasets. In practice, 
especially under complex geological models, acquiring samples 
and constructing databases is costly and inefficient. Second, their 
generalization capability is often limited, leading to degraded 
performance on unknown data distributions. Furthermore, due to 
the lack of explicit physical constraints during training, their 
inversion results may violate the governing physical equations, 
reducing interpretability and credibility.

To overcome the limitations of traditional optimization 
methods, such as high computational cost, fragile convergence, 
and the dependency of deep learning on massive training datasets, 
this paper proposes an unsupervised time-domain inversion 
framework driven by dual constraints: physical and prior infor
mation. The FVTD method is employed as the forward modeling 
foundation, while a hybrid CNN–Transformer architecture is con
structed to simultaneously capture local features and long-range 
dependencies. The Jacobian matrix is incorporated through 
adjoint-state method into the optimization process to ensure that 
update direction conforms to the physical laws of the governing 
equations. Geological prior information is integrated to regularize 
the solution space, and a dynamic weighting strategy is employed 
to form a “localization-first, refinement-later” solution approach, 
guaranteeing that the inversion updates achieve stable conver
gence under the dual constraints of physical principles and prior 
information. The proposed framework enables stable and high- 
precision reconstruction of the location, scale, and electrical pa
rameters of anomalous body without relying on the training 
datasets, maintaining both interpretability and robustness.

2. Methodology

2.1. Inversion framework

The overall framework of the proposed “physics + prior” dual- 
driven inversion strategy is shown in Fig. 1. First, a FVTD model is 
established on a cylindrical coordinate grid. Then, the observed 
data is obtained through the discretization of the weak-form 
governing equation, followed by time discretization using the 
implicit Euler scheme. Subsequently, a generative model that 
couples a 3D-CNN with a Transformer model is employed to map 
low-dimensional random vectors into 3D conductivity model. In 
this architecture, the CNN extracts local features through multi- 
layer upsampling and 3D convolution layers, while the Trans
former captures global radial context via horizontal pooling, po
sitional encoding, Multi-Head Self-Attention, and a Feed-Forward 
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Network. The encoded sequence is then reshaped and residually 
injected back into the CNN, enabling multi-scale integration of 
local convolutional features with long-range radial dependencies. 
In the optimization stage, the objective function incorporates both 
data misfit term and prior information term. At each iteration, the 
Jacobian matrix through adjoint-state method is introduced to 
ensure that the update direction remains consistent with Max
well's equations. At the same time, geological prior information is 
incorporated into the loss function. A dynamic weighting strategy 
is employed to enforce constraints on both the smoothness of the 
solution and its geological plausibility during the inversion pro
cess. The network parameters are updated using the Adam opti
mizer, which dynamically adjusts the learning rate based on first- 
order and second-order moment estimates, thereby achieving a 
balance between fast convergence and training stability. Ulti
mately, driven by both physical constraints and prior information, 
the framework achieves stable, high-precision inversion of 
anomalous bodies without relying on large-scale training data. 
This workflow effectively balances the efficiency of deep learning 
with the reliability of physical modeling, offering a robust and 
interpretable inversion solution for TEM logging.

2.2. FVTD method

In a homogeneous medium without an excitation source, and 
ignoring the displacement current, the differential form of Max
well's equations is as follows (Buffa et al., 2000; Wolsky, 2015): 
⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

∇× H = σE

∇× E = −
∂B
∂t

∇⋅E = 0

∇⋅H = 0

(1) 

where E is the electric field;  H is the magnetic field;  B is the 
magnetic induction; σ is the conductivity; t is the time.

Based on the natural boundary conditions, constitutive re
lations, and functional analysis theory, the weak-form governing 
equation can be derived (Hyman and Shashkov, 1999; Haber and 
Ruthotto, 2014): 
∫

Ω

(
μ− 1B

)
⋅∇×WdΩ=

∫

Ω
σE⋅WdΩ (2) 

∫

Ω
∇×E⋅FdΩ = −

∂
∂t

∫

Ω
B⋅FdΩ (3) 

where W and F are vector fields  that are in the same function 
space2 as E and B.

After eliminating E, the matrix form of the spatial discretization 
for the source-free Maxwell governing equations can be obtained. 
By applying the implicit Euler scheme, the equations are subse
quently discretized in the time domain: 

Bn+1 − Bn

Δt
= − CURLMeσ

− 1CURLΤMfμBn+1 (4) 

where CURL is the matrix form of the curl operator; Meσ is dia
g[Ae

T(σ⊙v)]; Ae is a sparse matrix of 1/4, v is the grid volume; Mfμ is 
diag[Af

T(μ− 1⊙v)]; Af is a sparse matrix of 1/2.
The initial magnetic field (t= 0) is computed from the analytical 

expression of the full-space magnetic vector potential, which is 
then solved by the direct solver PARDISO. Based on Faraday's law, 
the induced EMF in the receiver coil corresponds to the time de
rivative of the magnetic flux density: 

V(t) = − N⋅S⋅
∂B
∂t

(5) 

where N is the number of coils and S is the coil area.
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Fig. 1. Inversion framework.
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2.3. CNN + Transformer

The objective of TEM logging inversion is to reconstruct the 
three-dimensional (3D) conductivity distribution around the bore
hole. This paper constructs a generative network architecture that 
couples a 3D-CNN with a Transformer, which leverages the 
strengths in extracting local spatial feature and capturing long- 
range dependencies (Khan et al., 2023; Yuan et al., 2023). The 
network serves as a parametric mapping function Pw(ξ) : ℝk→ 
ℝNr×Nϕ×Nz , which transforms a one-dimensional (1D) random vector 
ξ into a discretized 3D model in cylindrical coordinates, where w 
denotes the network parameters. The random vector ξ is first sub
jected to dimensional expansion and nonlinear transformation: 

y0 = LeakyReLU(w0ξ+b0) (6) 

where w0 and b0 represent the parameters and bias of the first 
layer, respectively. The subsequent layers consist of a sequence of 
“upsampling–3D convolution–activation function” operations. 

Denoting the input of the layer l as X(l), the upsampling operation 
can be expressed as: 

~X
(l)

=
∑1

i=0

∑1

j=0

∑1

k=0

ω(i)
r ω(j)

ϕ ω(k)
z X(l) (7) 

where ~X
(l)

denotes the upsampled tensor; ω(i)
r ;ω(j)

ϕ ;ω(k)
z represent 

the 1D linear interpolation weights. The upsampled result is then 
used as the input to the convolution operation, and the 3D 
convolution can be defined as: 

X(l+1) = LeakyReLU

⎛

⎝
∑Cl

c=1

∑kr − 1

u=0

∑kϕ − 1

v=0

∑kz− 1

w=0

W(l) ~X
(l)

+b(l)

⎞

⎠ (8) 

where kr, kϕ, kz denote the kernel sizes in the radial, azimuthal, and 
axial directions, respectively; Cl represents the number of channels 
in the input layer; W(l) and b(l) denote the weights and biases of the 
convolution kernel, respectively.

The limited receptive field  of local convolutions makes it 
difficult  to capture long-range dependencies. Considering the 
availability of reliable depth-dependent prior information, this 
study introduces an attention module along the radial direction. 
The convolutional feature map X(m) is first  horizontally pooled 
along the (ϕ,z) dimensions to obtain a radial sequence S, which 
effectively reduces computational complexity while focusing on 
long-range dependencies in the radial domain. 

S=MeanPoolϕ;z
(
X(m)

)
(9) 

The sequence S is then fed into an encoder composed of multi- 
head self-attention and a feed-forward network, together with 
layer normalization and dropout operations. This process yields 
the encoded radial sequence S′, which enhances the structural 
consistency and long-range correlations along the radial direction. 

Q = SWQ
;K = SWK

;V = SWV
;

headh = Softmax

(
QhK⊤

h̅̅̅̅̅
dk

√

)

Vh;h = 1;…;Hattn ;

MHA(S) = Concat
(
head1;…;headHattn

)
WO;

Z = LN(S + Dropout(MHA(S + PE)));

Ś = LN(Z + Dropout(W2ReLU(W1Z + b1) + b2)):

(10) 

where WQ, WK, WV are the projection matrices that generate the Q, 
K, V sequences, respectively; dk denotes the dimensions of Q and 
K; headh represents the output of the ℎth attention head; Hattn is 
the total number of attention heads; Concat(⋅) denotes the 
concatenation and reorganization; Z represents the combination 
of the attention output and the original input; LN(⋅) refers to the 
layer normalization operation; PE is the positional encoding vec
tor; WO is the output projection matrix; W1 and W2 denote the 
linear mapping of the feedforward network; b1 and b2 represent 
the bias terms of the feedforward network.

The radial sequence is then mapped back to the 3D convolu

tional space and fused with the convolutional feature map X(m), 
enabling multiscale integration of local convolutional features and 
global radial information. 

X
(m)

=X(m) + γReshape(Ś ) (11) 

where γ is the fusion coefficient;  Reshape (⋅) adjusts the radial 
sequence S′ to the dimensions of X(m).

2.4. Loss and optimization

To ensure that the FVTD method imposes effective physical 
constraints on the deep learning model, such that the forward 
responses remain consistent with the observed data while incor
porating prior information, the following objective function is 
defined: 

L (m)=
λ1
2
‖Wd(T(m) − dobs)‖

2
2 + λ2

⃦
⃦m − mprior

⃦
⃦

1 (12) 

where T(m) denotes the forward time-domain response, and m 
represents the inversion result, m = Pw(ξ), m= [m1, m2, …, mp]T, p 
is the total number of forward-modeling grids; mprior denotes the 
prior model; dobs= [d1, d2, …, dn]T represents the observed data, n 
is the number of data points; Wd is the diagonal matrix, Wd =

diag
(

1
α1
; 1

α2
; :::; 1

αn

)

; λ1 and λ2 are weighting functions used to 

dynamically balance the data misfit term and the prior informa
tion term, respectively, and their expressions are given as follows: 

λ1 = 1 −

(

1 +
t

β1

)− 1

λ2 =

(

1 +
t

β2

)− 1
(13) 

where t denotes the number of iterations; β1 and β2 represent the 
control coefficients, which are set to 1000 and 300 respectively in 
this paper.

For time-domain signals, the early-time responses are several 
orders of magnitude larger than the late-time signals, making the 
latter more susceptible to background noise. To prevent overfitting 
to late-time noise, we set a baseline value ϵ to control diagonal 
matrix via α = q%× dobs + ε.

The subsurface conductivity model is generated by the 
CNN–Transformer model, where the network weights determine 
the mapping from the low-dimensional latent vector ξ to the 
model domain. Therefore, the model update is essentially achieved 
by adjusting the network weights. To ensure that the optimization 
direction not only satisfies  the constraints of the forward algo
rithm but also reflects the regulation of prior information, it is 
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necessary to derive the partial derivative of the objective function 
with respect to w (Xu and Heagy, 2024). 

∂L

∂w
= λ1

∂ϕd
∂w

+ λ2
∂ϕm
∂w

(14) 

where ϕd = 1
2‖Wd(T(m) − dobs)‖

2
2 denotes data misfit term; ϕm =

⃦
⃦m − mprior

⃦
⃦

1 denotes prior information term.
According to the chain rule: 

∂L

∂w
= λ1

∂ϕd
∂m

⋅
∂m
∂w

+ λ2
∂ϕm
∂m

⋅
∂m
∂w

(15) 

Let r = T(m) − dobs, then we obtain: 

ϕd =
1
2

rTAr (16) 

where A = WT
dWd is a symmetric matrix; r is a function of m.

Therefore, according to the chain rule: 

∂ϕd
∂m

= rΤAJ(m) (17) 

where J(m) =
∂T(m)

∂m represents the Jacobian matrix.
Next, we process the prior information term to obtain: 

∂ϕm
∂w

= s
(

m − mprior

)
⋅
∂m
∂w

(18) 

s(x)=

⎧
⎨

⎩

+1; x > 0
0; x = 0
− 1; x < 0

(19) 

Eq. (15) can be rearranged as: 

∂L

∂w
= λ1rΤAJ(m)

∂m
∂w

+ λ2s
(

m − mprior

) ∂m
∂w

(20) 

Subsequently, a loss function ~L is constructed to ensure that 
the gradient obtained through the deep learning model is consis
tent with that of the original objective function. Meanwhile, based 
on the current iteration model mt, we compute g=rTAJ(mt) via 
adjoint-state method, without storing or computing J(mt). This 
strategy ensures that the optimization trajectory at each iteration 
remains governed by the FVTD method while effectively reducing 
implementation complexity and computational cost. 

~L (w; t)= λ1(t)⋅rΤA⋅J⋅mt + λ2(t)⋅s⋅mt (21) 

This framework ensures that the results obtained by the opti
mizer when updating network weights satisfy both the physical 
laws governed by Maxwell's equations and the constraints 
imposed by geological prior information. As a result, the proposed 
method achieves high-precision inversion of TEM logging without 
relying on any training data. The inversion workflow is shown in 
Table 1.

3. Prior information analysis

3.1. Principles of TEM logging

The principle of TEM logging involves deploying transmitter 
and receiver coils within the borehole (Fig. 2(a)). The transmitter 
coil typically using a bipolar pulse current (Fig. 2(b)), generating a 
primary electromagnetic field  within the formation during the 
current-on period. When the current is abruptly turned off, the 
primary field  collapses, inducing eddy currents that diffuse out
ward with time. These induced eddy currents gradually decay 

under the influence of the formation's electrical properties, pro
ducing a secondary electromagnetic field. By measuring the EMF 
generated by this secondary field at the receiver coil, the electrical 
conductivity distribution of the formation can be determined. As 
the detection depth of TEM logging increases with time, the early- 
time response primarily reflects  near-borehole properties, while 
the late-time response contains information about deeper for
mation, enabling the characterization of subsurface resistivity 
variations. Compared with frequency-domain methods, TEM log
ging exhibits stronger penetration and better adaptability in for
mations with high conductivity contrasts or deep-target detection, 
offering distinct advantages in complex geological environments 
(Li et al., 2026a, 2026b).

3.2. Responses and field distribution of anomalous body

A single-transmitter and single-receiver coil configuration  is 
employed in this study. When the size of the transmitter coil is 
relatively small, it can be approximated as a magnetic dipole 
located at the origin along the longitudinal axis. The magnetic 
dipole source emits step waveform pulses in the z-direction, with 
transmitter-receiver spacing of 0.3 m. The anomalous body is 
positioned radially between 2 and 4 m, longitudinally from − 1 to 
1 m, and spans the full azimuth (0 to 2π). The borehole radius is 
10 cm, the mud resistivity is 1 Ω⋅m, and the formation resistivity is 
10 Ω⋅m. The resistivities of the anomalous body are set to 1, 2, 5, 10, 
20 and 50 Ω⋅m, respectively. The effect of the anomalous body 
resistivity on the TEM logging response is numerically 
investigated.

As shown in Fig. 3, when the resistivity of the anomalous body 
is lower than that of the background formation, the logging curves 
exhibit pronounced differences in the time range of 10− 7s − 10− 4s. 
A lower anomalous body resistivity leads to a greater separation 
amplitude and a delayed convergence with the background 
response. Thus, both the curve morphology and amplitude can 
qualitatively indicate the resistivity of the anomalous body. 
However, when the anomalous body resistivity exceeds the back
ground formation, the curve separation becomes less distinct, with 
only slight deviations appearing at mid-time responses. This in
dicates that the TEM logging response exhibits low sensitivity to 
high-resistivity anomalous body. Therefore, additional data pro
cessing and network adjustments are required to achieve accurate 
inversion for such cases. This study focuses primarily on low- 
resistivity anomalous body, while the investigation of inversion 
of high-resistivity targets will be addressed in future work.

Fig. 4 shows the TEM logging responses under different mud 
resistivities. The resistivity of the anomalous body is fixed at 
1 Ω⋅m, while other parameters remain unchanged. The mud re
sistivities are set to 1, 2, 5, 10, 20 and 50 Ω⋅m. It can be seen that 
mud resistivity only affects the early-time responses. After 
approximately 10− 7s, all curves nearly converge, indicating that 
the mud resistivity has negligible influence  on the response 
associated with the anomalous body. This finding suggests that in 
practical inversion applications, the influence  of mud resistivity 
can be largely neglected, or borehole parameters can be treated as 
known conditions by referring to other logging measurements.

Fig. 5 shows the TEM logging responses under different 
azimuthal distributions of the anomalous body, with other pa
rameters kept constant. The azimuthal distributions are set to 0–π/ 
2, π/2–π, 0–π and π–2π, while the black dashed line represents the 
response in a homogeneous formation. The results demonstrate 
that the TEM responses for quarter-ring or half-ring anomalous 
bodies are nearly identical. This is because the zz-component is 
inherently insensitive to azimuthal distribution and cannot 
distinguish asymmetric anomalous body in the azimuthal 
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direction. Therefore, for azimuthally inhomogeneous anomalous 
body, the single zz-component signal is insufficient  for effective 
identification. It is necessary to combine cross-component signals 
to enhance sensitivity to such asymmetric structures.

Fig. 6 shows the TEM logging responses under different radial 
depths of the anomalous body, while keeping the longitudinal 
position and other parameters constant. The radial depths are set 
to 0–2 m, 2–4 m, 4–6 m, 6–8 m, and 8–10 m, respectively. The green 
dashed line represents the response of the homogeneous forma
tion. It can be seen that anomalous bodies closer to the transmitter 
coil produce significantly higher early-time responses compared 
to the background response, and this deviation gradually weakens 
as the radial depth increases. As the radial depth of the anomalous 
body increases, the sensitivity of the response diminishes, leading 
to a greater challenge for inversion. Overall, the closer the anom
alous body is to the source, the stronger the influence on the early- 
time responses. After approximately 40 μs, all curves gradually 
converge and eventually coincide with the background response.

Nabighian (1979) proposed the “smoke ring” theory, indicating 
that the intensity of the induced eddy currents is greatest at their 
center. This central position represents the current investigation 
depth of the tool and serves as the primary source of the EMF in 
the receiver coil. As shown in Fig. 7, the eddy current center 
initially concentrates near the transmitter coil, and the logging 
response at this stage is unaffected by the anomalous body 
(Fig. 7(a)). As time progresses, the eddy currents begin to be 
affected by the anomalous body, leading to a localized enhance
ment in current density (Fig. 7(b)). At 10− 6 s, the current density 
within the cross section of the anomalous body continues to in
crease relative to the background, indicating that the logging 
response during this time interval is strongly influenced  by the 
anomalous body. At 10− 4 s, the center of the eddy currents in the 
background formation has diffused to deeper formation, while the 
induced eddy currents within the anomalous body gradually 
weaken. This results in a significant reduction in the sensitivity of 
the late-time responses to the anomalous body.

Table 1 
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To quantitatively analyze the influence range of the anomalous 
body on the logging response, the relative difference (RD) between 
the total field containing the anomalous body and the background 

field  in a homogeneous formation is defined  based on the elec
tromagnetic scattering. 

RD=
Vzz total(t) − Vzz background(t)

Vzz total(t)
(22) 

As shown in Fig. 8, the RD curve begins to vary at approximately 
5 ×10− 8 s, indicating that the logging response starts to reflect the 
influence of the anomalous body. Subsequently, the RD curve in
creases rapidly and reaches its maximum around 4 × 10− 6 s, 
suggesting that the logging response during this stage is primarily 
dominated by the anomalous body. As the eddy currents diffuse to 
distant formation, the contribution of the anomalous body to the 
logging response decays rapidly. After approximately 1 ms, the RD 
curve gradually stabilizes, indicating that the late-time response 
becomes nearly insensitive to the anomalous body. During the 
inversion process, priority should be given to fitting  the data 
within the anomaly-dominated time window, while the weighting 
of late-time responses should be correspondingly reduced. This 
adjustment can be effectively controlled through the introduction 
of a baseline value ε.

3.3. Prior information processing

The transmitter coil served as the measurement point, and the 
tool is simulated to move along the borehole from − 5 m to 5 m, 
with a sampling interval of 0.2 m. The measurement time is taken 
as the horizontal axis, and the measurement point position as the 
vertical axis. The field  in the presence of the anomalous body is 
treated as the total field, and its difference from the homogeneous 
formation response constitutes the secondary field response. The 
secondary field effectively reflects information about the anoma
lous body, the formula is: 

Vzz sec

(
zi; tj

)
=Vzz total

(
zi; tj

)
− Vzz background

(
zi; tj

)
(23) 

where the position of the ith measurement point is zi, with the 
measurement positions satisfying z1< z2< … < zN, and the jth time 
channel is tj.

Fig. 9 shows the two-dimensional (2D) imaging results of the 
anomalous body's response. In the total-field imaging, an anomaly 
along the longitudinal direction can be observed around 10− 6s, but 
its position and size cannot be clearly identified.  In contrast, the 
secondary field image (Fig. 10) clearly reveals both the longitudinal 
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position and extent of the anomalous body at approximately 10− 7 s. 
We extract the secondary field data from the time window exhib
iting distinct longitudinal features as prior information for the 
inversion. The 1D prior data along the longitudinal position is 
defined as: 

p(zi)=
1

NT

∑

j∈J

Vzz sec

(
zi; tj

)
(24) 
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where JT= {j | ta≤tj≤tb}, NT= | JT |, T= [ ta, tb ] represents a time 
window with pronounced longitudinal features. Specifically, ta is 
the onset time where the vertical features of the anomalous body 
become distinguishable, tb is the cut-off time when the vertical 
features begin to blur.

Since the measurement points typically do not coincide with 
the boundaries of the non-uniform axial grid used in the inversion, 
a rigorous mapping strategy is required to transform the 
observation-derived prior into the model space. The processing 
workflow  involves three key steps: continuous function con
struction, grid discretization, and spatial normalization. First, to 
bridge the gap between measurement points and the inversion 
grid, we construct a continuous 1D prior function p'(zi) using 
piecewise-linear interpolation based on the extracted secondary 
field features p(zi). For regions outside the measurement interval [ 
z1, zN ], nearest-neighbor extrapolation is applied to ensure 
coverage across the entire vertical domain. The specific formula is 
as follows: 

ṕ (zi)=

⎧
⎨

⎩

p(z1); z < z1
(1 − λ(z))p(zi) + λ(z)p(zi+1); z ∈ [z1; zN]

p(zN); z > zN

(25) 

λ(z)=
z − zi

zi+1 − zi
(26) 

Second, we map this continuous function onto the non-uniform 
axial grid of the forward modeling domain. We employ a cell- 
average projection method and the discretized prior value for 
the kth axial grid is calculated as: 

pk =
1

hz(k)

∫z(k+1)

z(k)
p

′

(z)dz (27) 

where k is index of the axial grid, hz(k) is the thickness of the kth 
axial grid, z(k) and z(k+1) are the lower and upper axial co
ordinates of the boundaries of the kth grid, respectively.

Third, since the prior is derived from the vertical variation of 
the secondary field,  it primarily constrains the longitudinal 
boundaries of the anomalous body. To apply this constraint to the 
3D model, we perform a lateral expansion, replicating the 1D 
vertical profile  across the radial and azimuthal dimensions, 
thereby forming the 3D prior information. 

mprior(r;ϕ; zk)=pk (28) 

Finally, to eliminate the magnitude discrepancy between the 
secondary field and the formation conductivity, the prior data are 
normalized alongside the inversion model m in Eq. (20). This 
process provides an effective support to enhance the reliability of 
TEM logging inversion.

4. Inversion results

In the fields  of oil and gas exploration, coal resource assess
ment, and groundwater and geothermal investigation, low- 
resistivity annular anomalous bodies are often associated with 
hydrocarbon reservoirs, coal seams, or aquifers, and thus hold 
significant diagnostic importance. Specifically, in shale oil and gas 
exploration, such anomalous body typically indicate the presence 
of reservoirs. In coal exploration, they may correspond to organic- 
rich coal seams, and in groundwater or geothermal prospecting, 
they are usually related to aquifers or geothermal reservoirs, 
enabling effective identification of water-bearing zones or delin
eation of geothermal reservoir distributions (Ohwoghere-Asuma 
et al., 2020; Spacapan et al., 2020; Alzahrani et al., 2022; Ma 
et al., 2022; Chen et al., 2023). To evaluate the performance and 
adaptability of the proposed inversion framework, four typical 
models are designed, including a near-borehole anomalous body, a 
deep anomalous body, a cross-scale anomalous body, and radially 
dual anomalous bodies. These scenarios are employed to verify the 
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algorithm's capability in near-borehole imaging, deep target 
detection, multiscale adaptation, and the separation of multiple 
anomalous targets, demonstrating the stability and robustness of 
the proposed method.

4.1. Near-borehole anomalous body

4.1.1. CNN–transformer model inversion results
Fig. 11 presents the conductivity inversion results from TEM 

logging. The formation conductivity is 0.1 S/m, containing a low- 
resistivity annular anomalous body with a conductivity of 1 S/m, 
located radially between 2 m and 4 m and longitudinally 
between − 1 m and 1 m. Fig. 11(a) shows the 3D inversion result. A 
distinct high-conductivity ring is observed in the azimuthal di
rection, with different azimuthal slices showing consistent results. 
This indicates that the CNN–Transformer model effectively cap
tures the position and geometry of the anomalous body in the 
azimuthal direction. Consequently, for other annular models, there 
is no need to refine the grid in the azimuth direction, which can 
improve inversion efficiency. Fig. 11(b) shows the 2D cross-section 
at z= 0. The inversion result clearly reveals the annular distribu
tion of the near-borehole anomalous body, showing a strong 
contrast with the background formation. This cross-section also 
demonstrates the continuity in the azimuthal direction, further 
confirming  the model's superiority in reconstructing near- 
borehole anomalous body. Fig. 11(c) shows the 2D cross-section 
at ϕ= 0, where the green frame outlines the true anomaly 
boundaries. The high-conductivity region almost perfectly over
laps with this reference frame, validating the high accuracy of the 
proposed method in delineating near-borehole targets.

4.1.2. Comparison with CNN model
Fig. 12 presents the inversion results using the CNN model. 

Although this model can indicate the presence of the anomaly, the 
reconstructed boundaries are significantly  blurred compared to 
those in Fig. 11. This degradation is particularly evident in the 

radial direction, where the contour distorts into a triangular shape, 
leading to a substantial reduction in spatial fidelity. While the 
prior constraints help the CNN model maintain a reasonable ver
tical resolution, its radial characterization remains inadequate. 
Overall, the inversion results of the CNN model demonstrate 
noticeable deficiencies in both accuracy and morphological fidelity 
when compared with the CNN-Transformer model.

4.1.3. Comparison with inversion without prior information
Fig. 13 shows the inversion results of the combined model 

without prior information. Although the inversion result generally 
indicates the presence of a near-borehole anomalous body, there are 
notable deficiencies  in both accuracy and morphology. First, 
regarding the position of the anomalous body, the inversion results 
are generally shifted downward, and the radial positioning is inac
curate. This causes portions of the anomalous body within the green 
frame to be inadequately identified, revealing significant positional 
deviation. Second, as shown from the cross-section, the recovered 
result exhibits an irregular shape, which differs considerably from 
the actual geometry. Additionally, a prominent high-conductivity 
zone appears in the background formation, suggesting the pres
ence of substantial inversion errors. These results highlight the 
critical role of incorporating prior constraints in TEM logging 
inversion, particularly in enhancing model accuracy, improving 
inversion stability, and restoring realistic geometries.

Fig. 14 shows the EMF fitting  result and the corresponding 
relative error for the combined model. Within the time range of 
10− 8 to 10− 5 s, the inverted response almost completely overlaps 
with the true data, and the relative error remains consistently low. 
This demonstrates that the proposed inversion framework can 
stably fit the decay pattern of the EMF. As time increases, although 
the EMF decreases rapidly, the inversion data remains consistent 
with the true trend. The relative error begins to increase after 10− 5 s, 
which corresponds to the baseline adjustment strategy designed in 
the weighting scheme. This strategy avoids over-emphasizing the 
late-time signals and assigns higher weights to the time interval 
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that contains stronger information from the anomalous body. 
Consequently, a larger relative error at late times is expected, while 
the response still follows the correct overall decay trend.

4.1.4. Comparison with conventional inversion method
As shown in Fig. 15(b) and (c), the Gauss–Newton method ach

ieved a good fit to the time-domain response. However, the recon
structed conductive body in the ROZ cross-section (Fig. 15(a)) exhibits 

pronounced lateral spreading and blurred boundaries, showing clear 
deviation from the true structure. This indicates that, the conven
tional method suffers from pronounced non-uniqueness, making it 
difficult to recover the actual geometry of the anomalous body.

4.1.5. Robustness analysis under noise conditions
To evaluate robustness under realistic conditions, we super

imposed 5% Gaussian random noise onto the synthetic data. As 
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shown in Fig. 16, the inversion accurately reconstructs the anom
alous body's geometry and fits the noisy data well, confirming the 
method's stability. While field  environments involve complex 
noise sources, advanced denoising techniques such as PC- 
BiLSTMNet have been shown to effectively reduce relative errors 
to below 3%, with nearly zero error before 10− 3 s (Cheng and Wu, 
2025). This suggests that by integrating such pre-processing 
strategies, this method can reliably handle field  data even with 
significant measurement uncertainties.

4.2. Deep anomalous body

Fig. 17 shows the inversion result of the proposed framework 
for a deep target located between 10 and 12 m in the radial 
direction and − 1 to 1 m in the longitudinal direction. In terms 
of position, the inversion successfully identifies  the low- 
resistivity anomalous body beyond a 10 m radial distance. 
Although the inversion result exhibits some deviation in the 
radial direction, the longitudinal direction shows better inver
sion performance due to the influence  of prior constraints. In 
terms of morphology, the result's shape shows certain dis
crepancies, exhibiting irregular radial stretching compared to 
the ideal shape, and the square structure is not fully recovered. 
Nevertheless, the result still captures the main spatial distri
bution of the deep anomalous body. The proposed model can 
effectively identify low-resistivity deep anomalous body located 
more than 10 m away from the transmitter coil, demonstrating 
its capability for accurate detection over considerable distances. 
This result also highlights the advantage of TEM logging in 
deep-detection applications.

As shown in Fig. 18(a), the true EMF curve exhibits an almost 
straight-line trend in the log-log coordinate system, indicating 
that the influence of the deep anomalous body located at a radial 
depth of 10–12 m on the logging response is extremely weak. This 
indicates that, during diffusive propagation, TEM fields  have 
relatively weak sensitivity to deep targets, and the target-induced 
response can be easily masked by the background. Although the 
inverted responses can still fit  the true data, the imaging results 
exhibit more pronounced errors compared with those of the near- 
borehole anomalous body. In future work, joint inversion with 
other logging data can be considered to improve the imaging 

accuracy. It is worth noting that to more accurately reconstruct the 
weak responses from deep anomalous body, a smaller baseline 
value must be set to ensure that weak responses are not over
looked due to an excessively large baseline setting that prevents 
effective fitting.

4.3. Cross-scale anomalous body

Fig. 19 shows the inversion result of the proposed framework 
for a cross-scale anomalous body located between 2 and 2.2 m in 
the radial direction and − 1.5 to 1.5 m in the longitudinal direction. 
In terms of scale, the anomalous body has a radial thickness of only 
20 cm, which poses a significant challenge in practical exploration. 
The inversion result demonstrate that the proposed method can 
successfully identify the position of the anomalous body even at 
such a small radial extent, exhibiting high spatial resolution. 
Although localized bright spots appear in the result, the high 
conductivity values are primarily distributed within the black 
frame. Overall, it can accurately identify cross-scale anomalous 
body near the boundaries of the actual model. These findings 
indicate that the proposed framework maintains high accuracy 
and robustness when dealing with cross-scale anomalous and 
effectively overcomes the limitations of conventional inversion 
methods in small-scale anomalous body.

Due to the smaller radial length of the anomalous body, the 
curve in Fig. 20(a) is affected by the anomalous body for a 
shorter duration and exhibits lower amplitude compared to the 
inversion result in Fig. 14(a). Nevertheless, the proposed method 
still fits  the real data well, with the relative error remaining 
stable until 10− 5 s, demonstrating good fitting  accuracy. This 
indicates that the method can reliably recover the trend of 
logging response variations when dealing with cross-scale 
anomalous body.

4.4. Radially dual anomalous bodies

Fig. 21 shows the inversion result of the proposed framework 
for radially dual anomalous bodies. The first  anomalous body 
located between 1 and 2 m in the radial direction and − 1 to 1 m in 
the longitudinal direction, while the second anomalous body 
located between 4 and 5 m in the radial direction and − 1 to 1 m in 
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the longitudinal direction. The black frame indicates the bound
aries of the true anomalous bodies. For the first anomalous body, 
the result demonstrates high accuracy, with its location largely 
consistent with the target area. Meanwhile, the contours of the 
inversion result are relatively clear, and the area covered by the 
black frame accurately reflects  the boundaries of the first 

anomalous bodies. This demonstrates the model's exceptional 
performance in identifying near-borehole anomalous body. For the 
second anomalous body, although the boundary of the recon
structed structure is relatively blurred and the radial dimension 
deviates from the true model, the high-conductivity values remain 
within the target region. This indicates that the model retains 
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Fig. 16. Inversion results with 5% Gaussian random noise. (a) ROZ cross-section, (b) 
EMF fitting curve, (c) relative error.
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strong capability in detecting the presence and approximate 
location of radially multiple anomalous bodies. Furthermore, the 
method demonstrates robust performance by achieving high- 
quality inversion results across multiple models without relying 
on large training datasets, thereby enhancing its practical value for 
engineering applications.

Due to the combined influence of the two anomalous bodies, 
their responses are more likely to be coupled under a single- 
transmitter single-receiver configuration. As a result, the anoma
lous time segment in the response curve of Fig. 22(a) is prolonged, 
making it difficult  to distinguish the presence of two distinct 
bodies from the curve alone. Consequently, the responses associ
ated with the second anomalous body are harder to separate from 
the influence of the first one, leading to stronger non-uniqueness 
in localizing the second target and thus a higher likelihood of 
localization bias. Nevertheless, the proposed method successfully 
identifies  the existence of the two anomalous bodies, further 
demonstrating its high reliability and robustness when handling 
complex problems.

5. Discussions

The proposed framework is currently time-consuming because 
it relies on numerical forward modeling, whose computational 

cost is inherently much higher than that of analytical or semi- 
analytical approaches. Moreover, during iterative inversion, both 
the data-misfit evaluation and the adjoint-state Jacobian compu
tation require repeated forward and adjoint simulations, which 
further increase the overall runtime. Future work will therefore 
focus on GPU-parallel implementation of the FVTD solver, 
parameterized or reduced-order forward modeling, and more 
efficient  multi-resolution or cached evaluation strategies to 
further shorten the inversion time.

It should be emphasized that the current inversion framework 
is primarily optimized for conductive targets. Due to the shielding 
effect of low-resistivity formations, the response generated by 
high-resistivity targets relative to the background formation is 
inherently weak, making it challenging for the current inversion 
framework to recover high-resistivity targets with high accuracy. 
Therefore, in future work, we will further improve the framework 
for high-resistivity targets by incorporating multi-component 
measurements and exploring alternative preprocessing or 
response-enhancement strategies. Meanwhile, through multi- 
component coil design, the framework will be extended to 
detect and characterize azimuthally asymmetric structures, such 
as blocky anomalies.
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Fig. 17. Inversion results of deep anomalous body.
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Fig. 19. Inversion results of cross-scale anomalous body.

Z.-J. Li, S.-G. Deng, Y.-Z. Hong et al. Petroleum Science 23 (2026) 6137–6153

6150



6. Conclusions

This study presents an unsupervised inversion framework for 
TEM logging that integrates physical constraints with geological 
prior information. The framework is built upon a 
CNN–Transformer generative model, in which the CNN model 
extracts local spatial features of borehole conductivity structures 
through multi-layer upsampling and 3D convolution, while the 
Transformer captures long-range dependencies via multi-head 
self-attention, achieving multi-scale fusion of local and global 
features. By incorporating the Jacobian matrix through adjoint- 
state method into the optimization process, the update direction 
of network parameters strictly adheres to the physical laws gov
erned by the Maxwell's governing equations, ensuring effective 
coupling between the deep learning model and the FVTD method. 
In addition, the framework incorporates geological prior infor
mation and employs a weighting strategy to adaptively balance 
the data misfit  term and the prior information prior during 
inversion process. In the early stages of optimization, the strategy 
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Fig. 20. Response fitting result for cross-scale anomalous body. (a) EMF fitting curve, (b) relative error.
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enhances the prior constraints to guide the model toward a 
geologically reasonable solution space. As iterations progress, it 
gradually increases the emphasis on the data misfit  term to 
improve the fitting accuracy of the observed responses. The pro
posed framework operates without reliance on training datasets, 
effectively suppresses non-uniqueness, and improves boundary 
recovery accuracy. It achieves stable convergence under the dual 
constraints of the governing physical equations and geological 
priors. Numerical experiments demonstrate that this method ex
hibits outstanding imaging accuracy and convergence stability in 
models featuring near-borehole anomalous body, deep anomalous 
body, cross-scale anomalous body, and radially dual anomalous 
bodies. This work provides a novel approach to high-precision and 
robust inversion for TEM logging.
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