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Abstract – The superconducting quantum interference
device time-domain electromagnetic (SQUID TEM)
method has been widely used for the exploration of
geological and mineral resources. Extracting resistivity
and polarizability from TEM data aids in delineat-
ing subsurface metallic mineralization. However, tra-
ditional inversion methods are computationally inten-
sive and slow. We propose an inversion method based
on a convolutional neural network and bidirectional
long short-term memory with attention (CNN-BiLSTM-
Attention) to extract resistivity and polarizability of
polarizable media from SQUID TEM data acquired with
a magnetic source. The method combines the advan-
tages of CNN for automatic feature extraction with
the capabilities of BiLSTM for processing temporal
data. Additionally, it incorporates an attention mecha-
nism that emphasizes the extraction of key polarization
features, thereby optimizing the parameters extraction
process. The method can effectively extract resistivity
and polarizability from SQUID TEM data. It is val-
idated by the TEM data of theoretical models, and
the errors of CNN-BiLSTM-Attention inversion results
are smaller than that of the BiLSTM and CNN-LSTM
methods.

Index Terms – Attention mechanism, BiLSTM, CNN,
inversion method, polarizable medium, SQUID TEM.

I. INTRODUCTION
The lack of mineral resources resulting from socio-

economic development may adversely affect global
economic stability. To guarantee resource security and
sustainable economic development, it is essential to
advance deep earth exploration technologies for the

precise identification of mineral resources [1]. These
minerals typically exist in the form of sulfide or
disseminated ores, which may cause an induced polar-
ization (IP) effect. Resistivity and polarizability are two
essential characteristics that affect the electromagnetic
effect, and they indicate the positions of the ore bodies
which are vital for the identification of metallic ores
[2, 3]. Advancing inversion techniques can improve both
accuracy and speed, which will in turn support secure
and efficient mineral resource exploration through TEM
inversion.

To detect exceedingly weak electromagnetic field
signals, numerous researchers have studied super-
conducting quantum interference devices (SQUID),
which are highly sensitive magnetic sensors capable
of detecting magnetic field variations on the order of
10−15 T [4]. Superconducting quantum interference
devices time domain electromagnetic (SQUID TEM)
detection method has been extensively utilized in the
investigation of geological and mineral resources. In
practical exploration, TEM responses may exhibit sign
reversal, a phenomenon commonly attributed to the
polarization effect of the subsurface medium [5–7].
Consequently, it is essential to investigate the inversion
method for electromagnetic induction-polarization (EM-
IP) effect. In recent years, there have been numerous
investigations into the extraction of the relevant polar-
ization parameters. Viezzoli et al. inverted time-domain
airborne electromagnetic IP parameters using a 1D lat-
eral constraint method, showing that when the time
constant is within a certain range, the method provides
good solutions for both resistivity and polarizability [8].
Man et al. proposed an inversion method for airborne
TEM data with IP effect based on Pearson correlation
constraints, improving the accuracy and stability of
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the inverted resistivity and polarizability, and reducing
inversion non-uniqueness [9]. Lu et al. presented a quasi-
2-D inversion scheme for extracting resistivity and IP
parameters from semi-airborne TEM data, improving
inversion stability and recovering underground property
distributions [10]. Wang et al. introduced a modi-
fied quasi-2D regularized Newton inversion scheme for
extracting IP parameters of ColeCole model [11].

Conventional parameter-extraction methods often
rely on an initial model and iterative solvers, making
them computationally intensive and time-consuming.
This poses a significant challenge in achieving a bal-
ance between efficiency and accuracy, especially when
handling large-scale geophysical data. The neural net-
works have become a promising solution of geophysical
problems, such as exploration geophysics, Earth system
analysis [12, 13]. Ji et al. presented a neural network
method using Rademacher complexity to accurately
invert ground-source airborne TEM data for resistivity
and roughness in rough geological media [14]. Alyousuf
and Li presented a physics-based neural network inver-
sion method that combines deterministic and neural net-
work approaches [15]. Li et al. developed a probabilistic
seismic petrophysical inversion method using a physics-
informed neural network (PINN), improving accuracy
and quantifying model uncertainty in predicting petro-
physical properties from seismic data [16]. Neural net-
works, through extensive learning from vast amounts
of training data, are capable of performing inversion
without explicitly calculating the forward model, signif-
icantly reducing the computational complexity inherent
in traditional methods. At the same time, the powerful
learning capability and excellent generalization ability
of neural networks enable them to provide higher param-
eter extraction accuracy and faster computational speeds
when addressing various types of geophysical problems.
This method enhances parameter extraction efficiency
and expands its potential application in intricate geolog-
ical settings.

We propose an attention-based CNN-BiLSTM
inversion method to extract polarization parameters
from SQUID TEM data acquired with a magnetic
source. This method can leverage the benefits of con-
volutional neural network (CNN) in automatic feature
extraction, combined with the capacity of bidirectional
long short-term memory networks (BiLSTM) to capture
temporal data and geographical context. Moreover, by
integrating the attention mechanism, the model may
autonomously concentrate on essential aspects within
the input data. This method streamlines the parameter
extraction process, dramatically improving both accu-
racy and speed. The method shows improved general-
ization and broader application potential compared with
existing approaches.

II. NUMERICAL SIMULATION METHOD
OF THE TIME-DOMAIN EM-IP RESPONSE
A. Numerical simulation method

Several physical models describe the polariza-
tion behavior of rocks. Notable instances encompass
the Debye model, the Dias model, and the GEMTIP
model, among others. The Cole-Cole complex resistivity
model [17], introduced by Pelton et al. in 1978, is a
typical approach and is articulated as follows:

ρ(ω) = ρ0

(
1−η

(
1− 1

1+(iωτ)C

))
, (1)

where ρ0 is dc resistivity, η is polarizability, τ is time
constant, c is frequency-dependent coefficient, i is imag-
inary unit, and ω is angular frequency.

This study assumes a layered medium model, and
the magnetic source with a radius of a positioned at
the horizontal surface. The formula for the vertical
magnetic field in the frequency domain HZ is expressed
as [18, 19]:

Hz =
Ia
2

∫
∞

0
[e−u0(z+h)+ rT Eeu0(z−h)]

λ 2

u0
J1(λa)dλ , (2)

where I is source-current amplitude, J1 is first-order
Bessel function, rTE is reflection coefficient determined
by the geoelectric parameters, u0 = (λ 2 − k2)1/2, k is
wave number of the polarization medium, especially
k = (−iωµ/ρ(ω))1/2, µ is permeability of the medium,
and λ represents integrable variable quantity of the
Hankel transform. The frequency-domain electromag-
netic response is derived using the Hankel transform.
The vertical component of the induced voltage Vz(s)
is calculated by the equation: Vz(s) = −sµHz. The
frequency-domain results are subsequently converted to
the time-domain using Guptasarma’s numerical linear
filtering approach.

B. Validation of numerical simulation methods
Figure 1 presents the schematic diagram of

the SQUID TEM system, which intuitively illustrates the
geometric configuration and parameter settings of the
system. The transmitter loop with a radius of 100 m is
placed on the ground surface, and the SQUID receiver
(Rx) is located at the center of the loop to measure
the TEM response. The subsurface is represented by a
horizontally layered geoelectric model, where each layer
is characterized by its resistivity ρ and polarizability η

parameters based on the Cole-Cole model. In SQUID
TEM system, the transmitter emits a bipolar square wave
current, and the SQUID receiver collects TEM responses
containing underground information. Figure 2 displays
the electromagnetic response of half-space model with
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the resistivity at 100 Ωm, and the numerical simulation
results nearly coincide with the analytical solution. The
relative error is below 1.2%, and the accuracy of the
numerical simulation method is verified.

Fig. 1. Configuration of SQUID TEM system.

Fig. 2. Numerical simulation results of electromagnetic
response of half-space model.

C. Polarizable medium parameters characteristics
The Cole-Cole model of a polarizable medium

comprises four parameters: resistivity ρ , polarizability
η , time constant τ , and frequency-dependent coefficient
c. The time-domain EM-IP effect may be significantly
affected by the resistivity and polarizability. The time-
domain EM-IP effect of magnetic source of varying
resistivities and polarizabilities is calculated. The TEM
response curves presented in this paper represent the
results after taking the absolute values. Figure 3 illus-
trates the TEM responses for resistivities ρ of 10,100,
and 1000 Ω m, with a polarizability η = 0.5. In Fig. 3,
it can be seen that the effect of different resistivities on
the electromagnetic response exhibits a clear difference
in the time and amplitude characteristics [20]. When
resistivity is low (e.g., blue curve, ρ = 10 Ω m), the
decay of the response curve is slower, the negative
response appears later, and the amplitude of the negative
response is larger; conversely, as resistivity increases
(e.g., the red curve, ρ = 100 Ω m and the yellow

curve, ρ = 1000 Ω m), the decay of the electromagnetic
response is markedly expedited, the negative response
emerges sooner, and the amplitude progressively dimin-
ishes. Figure 4 shows the electromagnetic response
corresponding to resistivity ρ = 100 Ω m and polar-
izability η = 0.3,0.5,0.7. The differences in polariz-
ability η significantly affect electromagnetic responses,
particularly in the timing and amplitude features of
negative responses. When the polarizability is low (e.g.,
blue curve, η = 0.3), the negative response occurs at
a later stage, and its magnitude is relatively reduced.
Conversely, as the polarizability escalates (e.g., red
curve, η = 0.5 and yellow curve, η = 0.7), the negative
response manifests sooner, while the magnitude progres-
sively intensifies.

Fig. 3. Electromagnetic response curves for different
resistivities.

Fig. 4. Electromagnetic response curves for different
polarizabilities.

III. CNN-BILSTM-ATTENTION
INVERSION METHOD FOR EM-IP EFFECT
A. Convolutional neural network

The basic architecture of CNN comprises a convolu-
tional layer, a pooling layer, and a fully connected layer,
as illustrated in Fig. 5. The convolutional layer enables
the extraction of local features from the input data via
convolutional operations, thereby efficiently collecting
essential patterns and structural information in the time
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series data of the EM-IP effect [21]. The pooling layer
utilizes maximum pooling to reduce computing require-
ments and improve feature stability. The ReLU acti-
vation function is utilized to exclude insignificant data
and improve the network’s nonlinear representation. The
precise formulation of the ReLU activation function is
ReLU(x) = max(0,x).

Fig. 5. Convolutional neural network architecture dia-
gram.

B. Bidirectional long short-term memory network
Long short-term memory (LSTM) networks effec-

tively handle time series data by integrating longterm
and short-term memories via a gating mechanism [22].
Figure 6 illustrates the cellular architecture of LSTM.

Fig. 6. Diagram of the internal structure of the long
short-term memory.

In Fig. 6, ct−1 represents the previous cell state, ht−1
is the prior hidden state, and xt is the current input. The
forget gate f determines which information from ct−1 is
discarded, while the relevant information is passed to ct .
The input gate σ controls how much of the current input
xt is retained, and the output gate o regulates the transfer
of information from the current cell state to the output ht .

BiLSTM enhances the conventional unidirectional
LSTM. A conventional LSTM analyzes historical
data in a single direction and cannot leverage future
information. The BiLSTM, through its unique gat-
ing mechanisms and bidirectional processing capa-
bility, can simultaneously learn the temporal depen-
dencies of this feature sequence from both the for-
ward and reverse directions [23]. This capability is
particularly advantageous for analyzing the temporal
data of the EM-IP effect, as it comprehensively cap-
tures temporal relationships, amalgamates historical and
future information, optimizes the training process, and

enhances the accuracy of parameters extraction. The
structure is illustrated in Fig. 7.

Fig. 7. Diagram of the structure of Bi-LSTM.

C. Attention mechanism
The attention mechanism is a bio-inspired selec-

tive processing method that emulates the human visual
system’s ability to focus on critical information. In the
context of sequence modeling, it facilitates a weighted
aggregation of features across all time steps by learning
a set of normalized weights, thereby enabling the net-
work to automatically emphasize the most task-relevant
segments [24]. To enhance the efficiency of param-
eter extraction from EM-IP data, this study employs
a soft attention mechanism. This allows the model to
concentrate its computational resources on the most
information-rich temporal segments while suppress-
ing diffuse background signals. Let the matrix Y =
[y1, . . . ,yT ] ∈ Rd×T represent the hidden state sequence
from the BiLSTM, where Rd×T is the matrix space of
real-valued elements with d rows and T columns. Conse-
quently, the state at the t-th time step, yt is a dimensional
column vector, and the total sequence length is T . The
attention is computed as follows:

M = tanh(Y ), (3)

α = softmax(wT
a M), (4)

A = Y α
T , (5)

where wa is trainable weight matrix, α is normalized
attention weight vector, and A is resulting context vector
which aggregates the sequence information. The soft
attention mechanism adaptively emphasizes the late-
time windows that are most sensitive to polarizability
by assigning higher weights to the corresponding time
steps. The SoftMax normalization effectively suppresses
noise and early-time transmitter interference by assign-
ing them extremely low weights, thereby reducing the
prediction variance. Concurrently, the attention weight
vector α provides an interpretable map of temporal
importance.

D. Data preprocessing
An essential step in the successful extraction of

parameters is data preparation. This procedure involves
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applying normalization to input and output data in order
to adjust them [25]. To reduce the effect of training
bias caused by differences in numerical ranges, different
electromagnetic response magnitudes are normalized to
a constant range in the input data. For EM-IP effect
data with a time series structure, this is very impor-
tant. To improve forecast accuracy, the output data of
polarizability and resistivity are also normalized. In
bidirectional LSTM networks, normalization takes on a
special importance. It avoids the vanishing or ballooning
gradients that result from data that has not been normal-
ized. Moreover, it improves accuracy and makes model
convergence easier. Figure 8 present the loss curves for
unnormalized and normalized data. The loss curve for
the normalized data exhibits faster convergence and a
lower final loss, thereby demonstrating the significant
improvement in training efficiency and convergence per-
formance afforded by normalization.

Fig. 8. Loss curve comparison.

E. CNN-BiLSTM-Attention inversion method
Figure 9 illustrates the overall architecture of

the CNN-BiLSTM-Attention inversion framework pro-
posed in this paper. Its core concept lies in a multi-
stage, multi-dimensional feature extraction and focus-
ing process, designed to achieve a deep analysis of
the complex non-linear relationship between the tran-
sient electromagnetic (TEM) response data and the
parameters of resistivity (ρ) and polarizability (η). It
establishes a hierarchical “local-global-focus” analysis
pipeline. The convolutional layers extract local patterns,

the BiLSTM models bidirectional dependencies, and the
attention layer re-weights the sequence according to α

to generate the context vector A. Finally, the resistivity
and polarizability are estimated. This method circum-
vents the drawbacks of traditional inversion methods,
which are dependent on an initial model, computation-
ally intensive, and may converge to local optima. The
advantage of this framework stems from the functional
complementarity of its components and its progressive,
intelligent analysis capability.

The process commences with a one-dimensional
CNN. In geophysical inversion, the local morphology
of the TEM response curve across different time chan-
nels contains a wealth of geoelectric information. The
CNN layers, through their convolutional kernels, can
efficiently capture these local, fundamental feature pat-
terns. This serves as an effective feature “preprocess-
ing” and dimensionality reduction of the original high-
dimensional time-series signal, laying a solid foundation
for the more complex temporal analysis that follows.

The feature sequence extracted by the CNN is
fed into a BiLSTM. The EM-IP effect is inherently
a dynamic process that spans the entire time window,
with long-range dependencies existing between signals
at different time points. The BiLSTM, through its unique
gating mechanisms and bidirectional processing capabil-
ity, can simultaneously learn the temporal dependencies
of this feature sequence from both the forward and
reverse directions. Compared to a unidirectional LSTM
or a traditional recurrent neural network, the BiLSTM
can more comprehensively understand the contextual
relationships within the signal, thereby achieving a more
profound grasp of the overall dynamic evolution of the
TEM response.

Finally, introduction of the Attention mechanism
is a key optimization for the model and represents the
core advantage of this architecture over other hybrid
models. In a complex TEM response, not all temporal
data points are of equal importance to the final parameter
prediction. For instance, the negative-value region where
the polarization effect occurs or the inflection points
of the decay curve often contribute more significantly
to the inversion result. The attention mechanism can,
based on the hidden states output by the BiLSTM layer,

Fig. 9. Overall framework of CNN-BiLSTM-Attention.
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dynamically assign different weights to the features of
each time step. This allows the model to “focus” on those
signal segments that are most sensitive to resistivity
and polarizability and are most information-rich, while
simultaneously suppressing noise and irrelevant infor-
mation. This focusing capability is critical for enhancing
the model’s accuracy and robustness.

IV. KEY PARAMETER SETTINGS OF
CNN-BILSTM-ATTENTION

In the CNN-BiLSTM-Attention framework, the
selection of critical parameters, including the initial
learning rate and Dropout value, significantly influences
the model’s performance, particularly for parameters
extraction efficacy. Therefore, to guarantee that the
model is trained under ideal conditions and attains high
accuracy, this study systematically picks and optimizes
critical hyperparameters [26].

A. Dropout value setting
During the training of deep neural networks, a small

dataset combined with a complex model can lead to
overfitting. This is primarily indicated by a higher loss
function on the test dataset compared to the training set,
along with reduced prediction accuracy relative to the
training set. Dropout mitigates overfitting by randomly
deactivating neurons during training [27].

The selection of the Dropout value will yield vary-
ing impacts on the training process. This paper selects
Dropout values of 0.0001, 0.001, 0.01, and 0.1 for
comparison. The test results, illustrated in Fig. 10, indi-
cate that the loss function decreases most rapidly at a
Dropout value of 0.001, yielding the smallest final loss
function value. Consequently, the optimal Dropout value
for this study is determined to be 0.001 for the CNN-
BiLSTM-Attention inversion method.

Fig. 10. Comparison of loss curves at different Dropout
values.

B. Initial learning rate selection
This paper employs Adam’s adaptive learning rate

strategy, which adjusts the learning rate depending on
current and historical gradient information [28]. A high

initial learning rate can enhance training efficiency; nev-
ertheless, an excessively high learning rate may bypass
the global optimum or result in gradient explosion, pre-
venting convergence. Figure 11 illustrates the compar-
ison of loss curves corresponding to various beginning
learning rates. With an initial learning rate of 0.1, the
loss function nearly ceases to decrease after one training
iteration, resulting in a gradient explosion; conversely,
the final value of the loss function is minimized and most
stable at a learning rate of 0.01.

Following the optimization and study of additional
parameters, we established the definitive key parameter
settings, with the particular values and corresponding
settings detailed in Table 1. The neural network exhib-
ited superior performance, and the model functioned
effectively to obtain the most dependable inversion
results.

Fig. 11. Comparison of loss curves at different initial
learning rates.

Table 1: Neural network key parameter settings

Neural Network Parameters Values
CNN Convolutional Layer Kernel Size 2
CNN Convolutional Layer Count 2
BiLSTM Hidden Layer Node Count 64
BiLSTM Layer Count 2
Learning Rate Optimization Algorithm Adam
Dropout Value 0.001
Initial Learning Rate 0.01

V. THEORETICAL MODEL
VERIFICATION

To validate the efficacy of the CNN-
BiLSTMAttention inversion method, theoretical models
are developed for method verification.

A. Dataset, training strategy
This paper designs three models, a polarizable half-

space, a three-layer polarizable model and a five-layer
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polarizable model. For all models, the time constant
τ and the frequency-dependent coefficient c are kept
consistent, with a time constant of 0.01 and a frequency-
dependent coefficient of 1, to ensure the comparability
of results across different geometric complexities. We
generate parameter combinations centered around the
baseline parameters of each theoretical model within a
range of 25% to 200%. Resistivity (ρ) is sampled using
logarithmic equal-ratio steps, while polarizability (η) is
sampled with linear equal-distance steps. Based on this,
the corresponding TEM response data are generated to
form the complete sample datasets.

The sample datasets are divided into training, val-
idation, and test sets (70%, 15%, 15%). Furthermore,
all input TEM response data and output parameter
labels are normalized to eliminate dimensional differ-
ences and accelerate model convergence. The optimiza-
tion objective of the model training is to minimize
the Mean Squared Error (MSE) between the predicted
parameters and the true theoretical parameters, using
the Adam adaptive moment estimation optimizer for
the iterative updating of model weights. To prevent
model overfitting and achieve stable convergence, we
designed a combined convergence criterion. The core of
this criterion consists of an Early Stopping mechanism
and a dynamic learning rate decay strategy. The Early
Stopping mechanism monitors the validation set loss;
when it does not improve for 25 consecutive epochs,
the training is automatically terminated, and the model
weights that performed best on the validation set are
restored. Concurrently, if the validation set loss stagnates
for 15 epochs, the learning rate is automatically reduced
to 0.5 times its previous value, with a minimum learning
rate of 10−6, then the model may perform a finer search
when approaching an optimum.

B. Polarizable half-space model
We extract the parameters from TEM data for the

polarizable half-space model. The polarizable halfspace
model is configured with polarizability ranging from 0.1
to 0.9, resistivity from 1 to 1000 Ω m, a time constant
τ = 0.01, and a frequency-dependent coefficient C = 1.
The TEM responses are calculated and the sample set is
obtained.

Considering the correlation between resistivity and
polarizability, the joint extraction error of the two param-
eters provides a more thorough indication of the correct-
ness of the parameter extraction. In the computation of
the combined relative error, resistivity and polarizability
are assigned equal weight. To assess the accuracy of the
extraction method, Fig. 12 displays the relative errors
of the joint parameters extraction for various resistivity
and polarization combinations, with their distribution
illustrated through color coding. The relative error of

the combined extraction results remains below 4% for
all combinations of resistivity and polarizability. The
effectiveness of the CNN-BiLSTMAttention inversion
method is verified.

Fig. 12. Joint relative error of resistivity and polarizabil-
ity extraction.

C. Three-layer polarizable model
To further validate the effectiveness of the CNN-

BiLSTM-Attention inversion method, this study con-
ducts verification on the resistivity and polarizability
extraction of a three-layer polarizable model. The thick-
ness of each layer, and the resistivity and polarizability
of the theoretical model are presented in Table 4. The
polarizable medium models are developed, and the TEM
response is computed as the sample set, followed by
the application of the neural network for parameters
extraction. Furthermore, we applied BiLSTM and CNN-
LSTM to invert the TEM response of the layered model,
and a comparison of their inversion accuracies is pre-
sented in the tables.

To more clearly evaluate the performance of the
neural network inversion at the time-series level, we
quantify it from three complementary dimensions: abso-
lute error energy, mean absolute deviation, and rela-
tive percentage deviation, using the Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE), respectively. The
following metrics are all calculated on the absolute-
valued waveforms to avoid the impact of sign reversals
on the evaluation.

The RMSE, as defined in equation (6), holistically
measures the “energy” of the error and is more sensitive
to larger deviations, which facilitates the perception
of significant mismatches occurring in critical time
windows:

RMSE =

√
1
T

T

∑
t=1

(|ŝt |− |zt |)2. (6)

MAE, as defined in equation (7), measures the over-
all deviation as the average of the absolute differences;



265 ACES JOURNAL, Vol. 41, No. 3, March 2026

it is both intuitive and robust, which facilitates direct
comparison across different datasets.

MAE =
1
T

T

∑
t=1

|Ŝt |− |st |∥. (7)

MAPE, as defined in equation (8), characterizes the
relative amplitude deviation in percentage terms, making
it well-suited for the characteristics of TEM data, which
decay across several orders of magnitude.

MAPE(%) =
1
T

T

∑
t=1

∥ŝt |− |st∥
|st |

×100% (8)

Tables 2 and 3 present a detailed comparison of
these performance metrics for the inversion of resistivity
and polarizability, respectively. The results show that
the CNN-BiLSTM-Attention model consistently out-
performs the other two models across all metrics. For
both resistivity and polarizability, it achieves the lowest
RMSE, MAE, and MAPE values, indicating higher pre-
diction accuracy and stability. This quantitative analysis
further confirms the superiority of the proposed model.

Table 2: Comparison of resistivity inversion accuracy
using different methods

Method RMSE MAE MAPE (%)
CNN-BiLSTM-
Attention

16.23 12.15 5.57

BiLSTM 33.85 28.12 13.05
CNN-LSTM 31.43 26.35 15.24

Table 3: Comparison of polarizability inversion accuracy
using different methods

Method RMSE MAE MAPE (%)
CNN-BiLSTM-
Attention

0.035 0.028 6.75

BiLSTM 0.078 0.065 15.32
CNN-LSTM 0.069 0.057 16.54

The TEM response of the inversion results is
compared with the theoretical response, as illustrated
in Fig. 13. This figure clearly demonstrates that
the inversion results of the CNN-BiLSTM-Attention
model exhibit the highest correlation between the
TEM response and the theoretical response, signify-
ing that the model adeptly captures the characteris-
tics of the electromagnetic response and is suitable
for resistivity and polarizability parameters extrac-
tion. Tables 4–6 present the inversion results for the
CNN-BiLSTMAttention, BiLSTM, and CNN-LSTM
methods, respectively. The CNN-BiLSTM-Attention

Fig. 13. Comparison of the inversion TEM response and
theoretical response for the three-layer model.

model demonstrates a significant advantage in both
the accuracy and stability of parameter extraction.
It achieves a highly precise extraction of resistivity
and polarizability across all layers, with the relative
errors of the extracted parameters consistently below
6.5%, thereby validating the effectiveness of the CNN-
BiLSTM-Attention method.

D. Five-layer polarizable model
In order to further assess the feasibility of the

method, we selected a typical five-layer polarizable
model for parameters extraction. The thickness of each
layer, along with the parameter settings for resistivity
and polarizability, is presented in Table 7. The CNN-
BiLSTM-Attention, BiLSTM, and CNN-LSTM inver-
sion methods were employed to extract the parame-
ters from the TEM responses of the five-layer polariz-
able medium model, respectively. Figure 14 compares
the TEM responses derived from various parameters
extraction methods against the theoretical response.
It is evident that the TEM response from the CNN-
BiLSTM-Attention method exhibits the greatest con-
cordance with the theoretical response, signifying its

Fig. 14. Comparison of the inversion TEM response and
theoretical response for the five-layer model.
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Table 4: CNN-BiLSTM-Attention model
Layer Thickness Theoretical Extracted Relative Error Theoretical Extracted Relative Error

(m) Resistivity Resistivity in Resistivity Polarizability Polarizability in Polarizability
(Ωm) (Ωm) (%) (%)

Layer1 100 100 103.97 3.97 0.1 0.0968 3.20
Layer2 100 10 10.65 6.50 0.6 0.6341 5.68
Layer3 INT 100 102.93 2.93 0.2 0.2096 4.80

Table 5: BiLSTM model
Layer Thickness Theoretical Extracted Relative Error Theoretical Extracted Relative Error

(m) Resistivity Resistivity in Resistivity Polarizability Polarizability in Polarizability
(Ωm) (Ωm) (%) (%)

Layer1 100 100 92.18 7.82 0.1 0.0878 12.20
Layer2 100 10 11.23 12.30 0.6 0.6823 13.72
Layer3 INT 100 108.93 8.93 0.2 0.2338 16.90

Table 6: CNN-LSTM model
Layer Thickness Theoretical Extracted Relative Error Theoretical Extracted Relative Error

(m) Resistivity Resistivity in Resistivity Polarizability Polarizability in Polarizability
(Ωm) (Ωm) (%) (%)

Layer1 100 100 106.27 6.27 0.1 0.1083 8.30
Layer2 100 10 9.13 8.70 0.6 0.5078 15.37
Layer3 INT 100 111.97 11.97 0.2 0.1738 13.10

Fig. 15. Forward modeling comparison for the fivelayer model with added noise.

Table 7: CNN-BiLSTM-Attention model
Layer Thickness Theoretical Extracted Relative Error Theoretical Extracted Relative Error

(m) Resistivity Resistivity in Resistivity Polarizability Polarizability in Polarizability
(Ωm) (Ωm) (%) (%)

Layer1 200 100 100.54 0.54 0.1 0.1047 4.7
Layer2 100 75 78.46 4.61 0.3 0.3217 7.23
Layer3 50 50 51.67 3.34 0.6 0.6118 1.96
Layer4 100 75 71.94 4.08 0.3 0.3133 4.43
Layer5 INT 500 531.27 6.25 0.1 0.1051 5.10



267 ACES JOURNAL, Vol. 41, No. 3, March 2026

Table 8: BiLSTM model
Layer Thickness Theoretical Extracted Relative Error Theoretical Extracted Relative Error

(m) Resistivity Resistivity in Resistivity Polarizability Polarizability in Polarizability
(Ωm) (Ωm) (%) (%)

Layer1 200 100 103.06 3.06 0.1 0.1135 13.5
Layer2 100 75 78.92 5.23 0.3 0.3299 9.96
Layer3 50 50 43.45 13.10 0.6 0.6649 10.81
Layer4 100 75 68.93 8.09 0.3 0.2567 14.43
Layer5 INT 500 598.88 19.77 0.1 0.1182 18.20

Table 9: CNN-LSTM model
Layer Thickness Theoretical Extracted Relative Error Theoretical Extracted Relative Error

(m) Resistivity Resistivity in Resistivity Polarizability Polarizability in Polarizability
(Ωm) (Ωm) (%) (%)

Layer1 200 100 96.16 3.84 0.1 0.0829 17.1
Layer2 100 75 80.64 7.52 0.3 0.2771 7.63
Layer3 50 50 55.17 10.34 0.6 0.4883 18.61
Layer4 100 75 76.9 2.53 0.3 0.3253 8.43
Layer5 INT 500 546.37 9.274 0.1 0.1113 11.30

Fig. 16. Polarizable anomalies theoretical model.

Fig. 17. Inversion result of polarizable anomalies.

superior performance in parameters extraction. The
inversion results are presented in Tables 7–9, indicating
that the relative errors for the CNN-BiLSTM-Attention
approach are less than 7.3%, demonstrating superior
accuracy and stability compared to alternative methods.

To further verify the stability of the inversion
method proposed in this paper, we conducted an anti-
noise test. We added Gaussian white noise to the the-
oretical TEM response data of the five-layer model,
with the SNR of 2 dB. We used the noisy theoretical
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TEM response as input to the CNN-BiLSTM-Attention
model for inversion. A comparison between the forward
response of the inversion results and the noisy theoretical
response is shown in Fig. 15. As can be seen from this
figure, although the theoretical signal is significantly
disturbed by noise, the forward response derived from
the CNN-BiLSTM-Attention model’s inversion results
still fits the noisy theoretical curve very well. This
indicates that the method proposed in this paper has
good stability and noise-resistance performance. The
method accurately invert the resistivity and polarizabil-
ity parameters for the noisy TEM data, demonstrating its
potential value for processing field data.

E. Polarizable anomaly model
To verify the effectiveness of the CNN-

BiLSTMAttention inversion method, a simple anomaly
model can be created [29, 30]. Two polarizable
anomalies model are constructed, as illustrated in
Fig. 16. The model contains three low-resistivity, high-
polarizability anomaly regions. One anomaly is located
at x = 10∼65 m, with a depth of −250 m ∼ −350 m,
resistivity ρ = 120Ω m, and polarizability η = 0.3.
Another anomaly is at x = 10 ∼ 65 m, with a depth
of −450 m ∼ −550 m, resistivity ρ = 80Ω m, and
polarizability η = 0.4. The third anomaly is located
at x = 135 ∼ 195 m, with a depth of −450 ∼ −550 m,
resistivity ρ = 100Ω m, and polarizability η = 0.35.
These three anomaly regions are highlighted by boxes
in the inversion results shown in Fig. 17.

As shown in Fig. 17, the position and size of the
polarizable anomalies in the inversion results are in
excellent agreement with the theoretical model, indicat-
ing that the proposed inversion method is capable of
accurately capturing the target features. These results
further demonstrate that the CNN-BiLSTM-Attention
inversion method exhibits strong adaptability and
accuracy when handling polarizable anomalies model,
thereby validating its practical effectiveness.

VI. CONCLUSION
We present a CNN-BiLSTM-Attention inversion

method to estimate resistivity and polarizability from
SQUID TEM data acquired with a magnetic source. The
method can effectively extract the resistivity and polariz-
ability parameters of the time-domain EM-IP effect for
polarizable half-space, three-layer, and fivelayer polar-
izable medium models. It can also effectively extract
the resistivity and polarizability parameters from the
polarizable anomalies model. The effectiveness of the
CNN-BiLSTM-Attention inversion method is verified. It
can offer technical support for the practical application
of the SQUID TEM method.
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