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a b s t r a c t

Electromagnetic look-ahead logging while drilling instruments detect the electrical characteristics of 
undrilled formations, enabling proactive decision-making. Real-time geological insight ahead of the drill 
bit is critical for effective geosteering. This study introduces a multi-task U-net neural network that 
simultaneously inverts multiple formation parameters real-time. Six datasets, each corresponding to 
different electromagnetic components, were used to train six specialized neural networks. All networks 
exhibited rapid convergence and successfully inverted 60,000 sample in 15 s, satisfying real-time re-
quirements. Residual and relative error analyses reveal that the multi-component network delivers the 
highest accuracy. Sensitivity analysis shows that coaxial and coplanar components are more sensitive to 
conductivity variations, whereas coaxial and cross-components excel at resolving interface positions. 
The yy component displays the strongest sensitivity to anisotropy. Compared with the traditional 
Levenberg-Marquardt algorithm, the proposed method demonstrates improved accuracy and efficiency. 
Moreover, the Levenberg-Marquardt inversion with the neural network output as initial models further 
enhances accuracy. Benchmark comparisons reveal that the multi-task U-net outperforms various 
mainstream machine learning and deep learning models, including LSTM, FCN, ResNet, and XGBoost, in 
both inversion accuracy and generalization. Moreover, sensitivity analyses to noise and near-bit 
geological complexity reveal that, while the proposed model experiences some performance degrada-
tion under high noise levels or highly heterogeneous backgrounds, it maintains strong robustness under 
moderate noise conditions and achieves reliable inversion results in two-layer geological settings. These 
results establish the multi-task U-net as a fast, accurate, and robust tool for real-time electromagnetic 
look-ahead inversion in geosteering applications.
© 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 license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Electromagnetic (EM) logging-while-drilling (LWD) technology 
plays a crucial role in geosteering for oil and gas development. 
These tools provide real-time identification and characterization 
of reservoirs, which is essential for optimizing well placement and 
trajectory planning, ultimately improving recovery efficiency and 
economic return (Hawkins et al., 2015; Wang and Fan, 2019; Wu

et al., 2022; Zhu et al., 2023). Over the past few decades, EM 

LWD tools have evolved from non-azimuthal logging system 

(Coope and Yearsley, 1986; Clark et al., 1988; Fredericks et al., 1989) 
to azimuthal EM logging (Prensky, 2006; Zhang et al., 2008; Yang 
et al., 2025), and subsequently to azimuthal deep-reading EM 

logging (Ndokwu et al., 2018; Durdyyev, 2021). Recently, ad-
vancements have enabled EM look-ahead capabilities (Ma et al., 
2022), allowing detection of geological features ahead of the drill 
bit (Bittar et al., 2021). For instance, Schlumberger introduced 
early prototypes in 2016 for detecting boundaries with 12¼ to 14-
inch wellbores (Constable et al., 2016), followed by the commercial 
IriShpere service in 2019, which offered look-ahead detection up to 
30 m (Seydoux et al., 2019). In 2022, Halliburton released the 
BrightStar tool (Halliburton, 2023), and the Institute of Geology
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and Geophysics of the Chinese Academy of Sciences also devel-
oped a prototype (Liang et al., 2023).

Despite their potential, EM look-ahead tools typically record 
data in the form of attenuation (Att) and phase shift (PS), which do 
not directly reflect geological properties. Inversion of these mea-
surements into electrical properties is required for actionable 
interpretation.

Early EM LWD inversions primarily used cross-plot corrections 
to estimate conductivity, boundaries, and dip angles (Gianzero 
et al., 1994; Jackson and Hagiwara, 1998). This technique is intui-
tive and easy to implement. However, as the detection depth of EM 

LWD tools increases, the demand for multi-parameter inversion 
across multiple formations has emerged. The cross-plot correction 
method is inherently limited, as it cannot simultaneously invert 
multiple parameters. Multi-parameter inversion is an ill-posed 
and highly nonlinear problem, typically formulated as a 
nonlinear least-squares optimization that requires iterative 
refinement to converge to an optimal solution. To address this 
challenge, researchers introduced iterative inversion techniques 
for EM LWD measurements. Common iterative methods include 
gradient-based approaches, such as Gauss-Newton, Levenberg-
Marquardt, and conjugate gradient methods (Dong and Zhao, 
2020; Zhang et al., 2022; Li et al., 2023), as well as stochastic 
methods, such as differential evolution, Bayesian algorithms, and 
particle swarm optimization (Mohd Aris et al., 2021; Rammay 
et al., 2022). Iterative methods offer high flexibility and adapt-
ability, making them widely used in EM LWD data inversion. 
However, these methods are highly sensitive to the choice of initial 
models and require substantial computational resources for for-
ward modeling, derivative calculations, or extensive sampling 
during the iterative process, leading to significant time con-
sumption. Therefore, there is an urgent need for an efficient 
inversion method to perform real-time inversion of EM look-ahead 
LWD data.

In recent years, deep learning (DL) has made remarkable 
progress and has been increasingly adopted in geophysical appli-
cations, owing to its strong ability to model nonlinear relation-
ships and its end-to-end data-driven processing capabilities (Yu 
and Ma, 2021). Notably, DL has shown great promise in the 
inversion of EM LWD data. Existing deep learning-based inversion 
networks for EM LWD data can be broadly categorized into two 
types. The first involves long short-term memory (LSTM) net-
works, which have been effectively employed for the inversion of 
azimuthal EM LWD measurements (Fan et al., 2022; Kang et al., 
2023a). The second category includes convolutional neural 
network (CNN), which, compared with LSTM models, exhibit 
stronger spatial feature extraction capabilities and have seen 
broader adoption in EM LWD inversion tasks. Among CNN archi-
tectures, U-net and residual neural networks (ResNets) have 
emerged as particularly effective due to their powerful feature 
extraction ability and training stability, making them suitable for 
inverting both azimuthal and deep-reading azimuthal EM mea-
surements (Noh et al., 2021; Kang et al., 2023b; Sun et al., 2024). To 
enhance the interpretability and physical plausibility of DL-based 
inversion, recent studies have introduced physics-informed 
training strategies. These approaches incorporate prior physical 
knowledge into the learning process, resulting in better general-
ization and physically consistent outputs (Jin et al., 2019; Zhao 
et al., 2024a, 2024b). Such physics-driven DL inversion frame-
works are predominantly based on CNN architectures, including 
fully convolutional networks (FCNs) and ResNets. Collectively, 
these studies demonstrate that deep learning offers a powerful 
alternative for EM LWD inversion, combining high computational 
efficiency with the advantage of eliminating the need for initial 
model specification.

While DL has demonstrated considerable success in the 
inversion of conventional EM LWD and azimuthal/deep-reading 
azimuthal measurements, its application to EM look-ahead LWD 
data remains largely unexplored. EM look-ahead tools are 
capable of sensing the electrical properties of unpenetrated 
formations ahead of the drill bit, which plays a vital role in 
proactive geosteering and drilling risk mitigation. To bridge this 
research gap, the present study focuses on DL-based inversion 
of EM look-ahead LWD measurements. Specifically, we propose 
a multi-task U-net architecture designed to improve both 
inversion accuracy and computational efficiency. The study be-
gins by constructing anisotropic geological models featuring 
four stratigraphic interfaces. For each type of EM look-ahead 
signal component, synthetic datasets are generated using the 
generalized reflection coefficient method. These datasets are 
then employed to train separate multi-task U-net models, 
yielding task-specific inversion networks optimized for different 
signal components. The trained networks are subsequently 
evaluated on simulated test data to assess their accuracy, 
robustness, and look-ahead detection capability. Finally, the 
inversion performance of the proposed multi-task U-net 
approach is benchmarked against that of the conventional 
Levenberg-Marquardt algorithm to further demonstrate its 
effectiveness.

2. Methods

2.1. EM look-ahead LWD instrument

This study focuses on the instrument developed by the Chinese 
Academy of Sciences (Liang et al., 2023). A schematic of its antenna 
system is illustrated in Fig. 1. The instrument features a single-
transmitter, dual-receiver configuration, in which both the

Fig. 1. Schematic illustration of the EM look-ahead LWD instrument.
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transmitter and receivers utilize three-axis orthogonal coils that 
can be modeled as magnetic dipoles. In Fig. 1, the blue orthogonal 
arrows represent the transmitting magnetic dipoles (T), while the 
green arrows denote the receiving magnetic dipoles (R 1 and R 2 ). 
The dipole orientations are indicated by black arrows. The

distances between the transmitter and the two receivers are TR 1 = 

10 m and TR 2 = 14 m; respectively.
The three-axis orthogonal transmitting and receiving coils 

allow for measurements of nine components of the induced 
voltage, forming a 3 × 3 voltage response tensor V, defined as:

Fig. 2. Workflow of multi-task U-net for inverting EM look-ahead LWD data to extract geological information ahead of the drill bit. The process includes two phases: the training 
phase (a–d) and the application phase (e–g).
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V =

⎡

⎢ 
⎢
⎣ 

V xx V xy V xz

V yx V yy V yz

V zx V zy V zz

⎤

⎥
⎥
⎦; (1)

where the first subscript denotes the orientation of the receiving 
coil and the second denotes that of the transmitting coil. Based on 
this, the attenuation ratio Att ij between the two receiver positions 
R 1 and R 2 can be calculated for each component as:

Att ij = − 20 lg

⃒ 
⃒
⃒V R 1 ij

⃒
⃒
⃒

⃒ 
⃒
⃒V R 2 ij

⃒
⃒
⃒
; i; j ∈ {x; y; z}; (2)

where |⋅| denotes the magnitude of a complex number, and the 
superscripts R 1 and R 2 indicate the receiver positions.

2.2. Inversion theory

The Att of the EM look-ahead LWD instrument does not directly 
represent the formation properties ahead of the drill bit and must 
be inverted to extract subsurface information. The inversion is 
inherently ill-posed and highly nonlinear, often admitting multi-
ple solutions. The goal of inversion is to estimate the subsurface 
electrical properties m from the measurements d, as defined by:

̂ m = I(d); (3)

where I(⋅) denotes the inversion operator. The objective is to 
ensure that the estimated model ̂  m closely approximates the true 
formation parameters m.

EM look-ahead LWD data inversion typically involves esti-
mating multiple subsurface parameters, which can be formulated 
as a classical nonlinear least-squares optimization problem. To 
address this, conventional inversion algorithms employ iterative 
schemes to progressively approximate the true solution. Among 
these methods, the LM algorithm is a widely used and effective 
approach for solving nonlinear least-squares problems, as it 
combines the robustness of gradient descent with the efficiency of 
the Gauss-Newton method. When the current model estimate is 
far from the true solution, the LM algorithm behaves predomi-
nantly like gradient descent, yielding stable updates. As the esti-
mate progressively approaches the optimal solution, it transitions

Fig. 3. Schematic diagram of the four-interface geological model structure.

Table 1 
Dataset split.

Training set Validation set Test set

486,000 54,000 60,000

Fig. 4. Structure diagram of the multi-task U-net neural network.
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toward a Gauss-Newton update, thereby accelerating convergence 
and improving precision.

The objective function is defined as the weighted sum of 
squared differences between the observed data d and the simu-

lated data d̂, often referred to as the Chi-squared error criterion
(Gavin, 2019). It is expressed as:

χ 2 ( ̂  m) = 
∑ n

i=1

[ 
d i − ̂ d i

σ d i

] 2

= (d − d̂) T W(d − d̂); (4)

d̂ = F( ̂  m): (5) 

Here, n represents the length of both the observed data vector d 

and the simulated data vector d̂, and σ d i denotes the standard
deviation of the measurement error associated with the i th data 
point. The weighting matrix W is a diagonal matrix with entries
W ii = σ2di . The function F represents the forward modeling process. 

The objective of the LM method is to minimize the Chi-squared 
error χ 2 , which necessitates iterative computations. In each itera-
tion, the goal is to determine a perturbation h to the parameter ̂  m 

such that χ 2 is reduced. The LM method typically computes the 
perturbation h using the following equation (Gavin, 2019):
[ 
J T WJ + λI 

] 
h = J T W(d − d̂); (6)

where J is the Jacobian matrix, and λ is the regularization term. 
During the kth iteration, if the updated inversion parameters 
satisfy the acceptance criteria, the parameter ̂ m is updated as 
follows: ̂  m = ̂  m + h.

The DL inversion algorithm is a data-driven approach, distinct 
from iterative inversion methods. The deep neural network is 
represented as F θ , where θ denotes the parameters of the network 
that need to be learned. The objective of the neural network is to 
update the parameters θ such that F θ can closely approximate the 
true and complex mapping G between the parameters m and the 
data d. During the training phase, for a mini-batch dataset Ω =

{(d i ;m i ); i = 1; 2; :::; N}, which contains N samples, the model pa-
rameters are updated using the chain rule. The update rule is 
expressed by the following equation:

θ←θ − η
1 
N

∑N

i=1

∂L(F θ (d i );m i )

∂θ
; (7)

where η represents the learning rate, and L is the loss function to 
be minimized. Once the neural network is trained, it can perform 

end-to-end inversion of the data as follows:

̂ m = F θ (d); (8)

where θ represents the optimal neural network parameters 
learned during the training process. In contrast to iterative 
methods, the DL approach does not require iterations during 
inversion, and the inversion results can be obtained directly.

3. Deep learning inversion

3.1. Inversion process

The overall framework for inverting the electrical properties of 
the forward formation using a multi-task U-net neural network is 
illustrated in Fig. 2. It comprises two primary stages: training and
application. In the training phase, a set of synthetic geological 
models is first constructed to represent various formation sce-
narios, forming the model dataset (Fig. 2(a)). From each model, the 
interface positions, along with the horizontal and vertical con-
ductivities of all layers, are extracted as labeled data (Fig. 2(b)). 
Forward modeling is then performed to compute the Att of 
different electromagnetic components, producing six types of 
input data: five single-component inputs and one multi-
component input (Fig. 2(c)). These inputs, along with the corre-
sponding labels, are used to train the neural network (Fig. 2(d)). 
Through this process, the network learns the complex nonlinear
relationships between multi-parameter geological properties and 
amplitude ratios, resulting in a trained inversion model (Fig. 2(f)). 
In the application phase, the trained network can directly predict 
formation parameters from new input data without the need for 
iterative optimization, enabling efficient, end-to-end multi-
parameter inversion (Fig. 2(g)).

3.2. Error measurement metrics

To quantitatively assess the accuracy of the inversion results 
obtained from the trained neural network, we employ a set of 
residual-based error metrics tailored to the different types of 
predicted parameters. These residual metrics are defined as:

res σ j =
1
5 

∑ 5

i=1

lg 
( 

σ it
) 
− lg 

(
σ ip

) 
; (9)

res z =
1 
4 

∑4

i=1

zit − z 
i
p; (10)

res λ =
1
5 

∑ 5

i=1

λ it − λ ip; (11)

In addition to these absolute metrics, we also compute relative 
errors to quantify the normalized deviation between predicted and 
true values. The relative errors are defined as:

Fig. 5. Loss function decay curves under different learning rates. η represents the 
learning rate.
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RE σ j =
1
5 

∑ 5

i=1

lg 
( 

σit
)
− lg

( 
σ ip

)

lg 
( 
σit
) × 100%; (12)

RE z =
1 
4 

∑4

i=1

zit − z 
i
p

z it
× 100%; (13)

RE λ =
1
5 

∑ 5

i=1

λ it − λ ip
λ it

× 100%; (14)

where σ j represents the horizontal (j = h) or vertical (j = v) con-
ductivity, z denotes the interface depth, and λ denotes the 
anisotropy coefficient. The subscript t and p refer to the true and 
predicted model parameters, respectively. The superscript i in-
dicates the layer index.

4. Neural network training

4.1. Creation of the dataset

The first critical step in DL training is the construction of a 
representative and diverse dataset. In this study, we design a four-
interface geological model to approximate the stratigraphy ahead 
of the drill bit. The logging tool is oriented perpendicular to the 
formation boundaries, as illustrated in Fig. 3. A total of 14 
geological parameters are inverted, defined as follows:

y = [σ h1 ; σ h2 ; σ h3 ; σ h4 ; σ h5 ; σ v1 ; σ v2 ; σ v3 ; σ v4 ; σ v5 ; z 1 ; z 2 ; z 3 ; z 4 ]:
(15)

To ensure generalizability, the values of all 14 parameters are 
randomly sampled for each model instance. In EM look-ahead 
LWD applications, signal contributions from formations close to 
the bit are substantially stronger than those from distant forma-
tions. To reflect this, a high-resolution sampling strategy is 
employed near the bit, with layer interfaces spaced every 1 m

Fig. 6. Loss function error decay curves. (a) training set, and (b) validation set.

Table 2
Comparisons of training time.

Training time, h

N 5 N xx N xz N yy N zx N zz
1.19 1.42 1.41 1.42 1.40 1.45

Table 3
The mean of the residual of parameters.

res σ h ; S/m res σ v ; S=m res λ res z ;m

N 5 0.0237 0.0179 − 0.1003 − 0.0443
N xx 0.0340 0.0433 − 0.1395 − 0.2866
N xz 0.0030 0.0007 − 0.1125 − 0.0853
N yy − 0.0261 − 0.0311 − 0.1042 − 0.0405
N zx 0.0017 − 0.0029 − 0.1062 0.1084
N zz 0.0183 0.0202 − 0.1223 − 0.0353

Table 4
Residual distribution statistics (Unit: %).

⃒
⃒ res σ h

⃒
⃒ |res σ v |

≤ 0:1 ≤ 0:2 ≤ 0:4 ≤ 0:6 ≤ 0:1 ≤ 0:2 ≤ 0:4 ≤ 0:6

N 5 38.9 68.7 94.5 99.3 33.4 61.4 90.9 98.5
N xx 33.7 61.3 91.0 98.8 29.7 55.2 86.5 97.3
N xz 31.3 58.0 89.4 98.6 27.7 52.3 84.4 96.6
N yy 34.0 61.2 90.8 98.8 29.8 55.6 86.9 97.5
N zx 31.7 58.5 89.8 98.7 27.6 52.3 84.6 96.8
N zz 33.2 61.2 91.2 98.7 28.7 54.0 86.1 97.2

|res λ | |res z |

≤ 0:1 ≤ 0:2 ≤ 0:4 ≤ 0:6 ≤ 1 ≤ 2 ≤ 3 ≤ 5

N 5 24.1 46.2 79.4 95.2 38.2 67.9 87.4 99.8
N xx 22.3 43.0 75.8 93.3 36.4 65.3 85.2 99.5
N xz 22.9 44.5 77.4 94.1 36.7 65.6 85.4 99.7
N yy 23.25 45.1 78.1 94.4 36.4 65.5 85.2 99.7
N zx 22.9 44.8 77.8 94.3 36.7 65.6 85.5 99.7
N zz 22.7 43.9 76.7 93.8 37.5 66.7 86.4 99.8
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within a 10-m depth interval. In this near-bit region, the loga-
rithmic values of both vertical and horizontal conductivities span 
from − 3 to 1, with a step size of 0.1. Beyond the 10-m range, a 
coarser sampling scheme is adopted, with interface intervals of
2 m. In this region, conductivity values range from − 2 to 1 (log 
scale), also with a step size of 0.1. The squared anisotropy coeffi-
cient is defined as λ 2 = σ h =σ v , and is sampled from the range [1, 
10].

The instrument operates at emission frequencies of 1 × 10 4,
2 × 10 4 , 3 × 10 4 , and 5 × 10 4 Hz. The generalized reflection coef-
ficient method (Hong, 2009) and the global amplitude propagator 
matrix algorithm (Wang et al., 2023) can be used to simulate the 
three-axis orthogonal induced voltage tensor received by the re-
ceivers R 1 and R 2 , and the Att is calculated according to Eq. (2). To 
further improve inversion accuracy, a sliding window inversion 
approach is adopted, as illustrated in Fig. 3. Four measurement 
points are used as input, with vertical (z-axis) coordinates of − 0.5, 
0, 0.5, and 1 m. To analyze the look-ahead capabilities of different 
components, six types of input data are constructed: one multi-
component input x 5 , and five single-component inputs x xx , x xz 
x yy , x zx , and x zz , defined as follows:

x 5 = {x i }
5
i=1; (16)

x mn = 
{ 
x j 
}5

j=1 
; (17)

Since a sliding window technique is employed, the input data 
dimension is (4; 5; 4), where i and j denote the measurement 
points, and x i or x j represents the tool response at the corre-
sponding point. The specific forms are given by:

x i =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣ 

Att 10kxx Att 20kxx Att 30kxx Att 50kxx
Att 10kxz Att 20kxz Att 30kxz Att 50kxz
Att 10kyy Att 20kyy Att 30kyy Att 50kyy

Att 10kzx Att 20kzx Att 30kzx Att 50kzx
Att 10kzz Att 20kzz Att 30kzz Att 50kzz

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

; (18)

Fig. 7. Probability density distribution of residuals for four parameters. (a) horizontal conductivity, (b) vertical conductivity, (c) layer interface position, and (d) anisotropy.
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x j =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣ 

Att 10kmn Att 20kmn Att 30kmn Att 50kmn
Att 10kmn Att 20kmn Att 30kmn Att 50kmn
Att 10kmn Att 20kmn Att 30kmn Att 50kmn
Att 10kmn Att 20kmn Att 30kmn Att 50kmn
Att 10kmn Att 20kmn Att 30kmn Att 50kmn

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

: (19)

Here, the superscript denotes the emission frequency in Hz, and 
the subscript represents the component. The mn pairs include xx, 
xz, yy, zx, and zz. For each type of input, six datasets are generated, 
each containing 600,000 samples.

It is worth noting that when both the input and label data are 
scaled to lie within the range of 0–1, the neural network typically 
demonstrates improved convergence and stability (Singh and 
Singh, 2020). Therefore, normalization is applied to the data 
prior to training. The normalization procedure for the input data is 
described as follows:

xijnorm =
x ij − x ij min

x ij max − x 
ij
min

; i = 1; 2; 3; 4; 5; j = 1; 2; 3; 4; (20)

where x ij is an element in the input data x, and x ijnorm is the cor-
responding element in the normalized input data. i and j represent 
the row and column indices, respectively.

For the label data, due to the significantly different orders of 
magnitude between conductivity and boundary positions, distinct 
normalization formulas are applied. Specifically, for conductivity, 
the normalization formula is as follows:

σ knorm = 
lg 
( 

σ k 
) 
− lg 

( 
σkmin

)

lg 
(

σ kmax

) 
− lg 

(
σ kmin

); k = 1; 2; 3; 4; 5: (21)

The normalization formula for the layer interface position is 
given by:

zknorm =
z k − zkmin

z kmax − z kmin

; k = 1; 2; 3; 4: (22)

where the superscript k represents the interface index. The sub-
scripts min and max denote the minimum and maximum values, 
respectively. The subscript norm indicates the normalized data. 

To effectively mitigate overfitting and assess the neural net-
workʼs ability to generalize to unseen data, the dataset is divided 
into three subsets: a training set, a validation set, and a test set. The 
training set is used to learn the networkʼs parameters, the vali-
dation set is employed to monitor and avoid overfitting during 
training, and the test set is reserved for the final evaluation of the 
modelʼs generalization performance. The sample size ratio for the 
three subsets is 0.81: 0.09: 0.1. The number of samples in each 
subset is presented in Table 1.

Fig. 8. Probability density distribution of relative error for four parameters. (a) horizontal conductivity, (b) vertical conductivity, (c) layer interface position, and (d) anisotropy.
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Prior to the interpretation of prediction results, the normalized 
outputs from the neural network require denormalization to 
reconstruct the physical measurements. The denormalization 
procedures for formation conductivity and bed boundary positions 
are implemented as:

lg 
( 

σ̂ k 
) 
= lg 

( 
σ̂kout

)( 
lg 
(

σ kmax

) 
− lg 

( 
σkmin

)) 
+ lg 

( 
σkmin

) 
; (23)

Fig. 9. Comparison of horizontal (a–d) and vertical (e–h) conductivity inversion results. Subfigures in the same column depict the same model.
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̂ z k = ̂  zkout
( 
zkmax − z 

k
min

) 
+ zkmin; (24)

where ̂σkout and ̂  zkout represent the conductivity and interface depth 

directly output by the neural network, respectively. The terms ̂σ k

and ̂ z k correspond to their denormalized counterparts, repre-
senting the final inversion results.

4.2. Structure of the multi-task U-net

The modelʼs inversion parameters y are defined in Eq. (12), 
consisting of three distinct physical quantities: horizontal con-
ductivity, vertical conductivity, and layer boundary position. Due 
to their fundamentally different physical characteristics, we 
developed a multi-task U-net architecture for simultaneous 
inversion of these parameters. As shown in Fig. 4, the networkʼs 
core structure adopts the U-net framework, while its sub-task 
component comprises three dedicated neural pathways each 
specifically handling the inversion of horizontal conductivity, 
vertical conductivity, and layer interface positions, respectively. 
The network thus produces three corresponding outputs as 
follows:

y 1 = [σ h1 ; σ h2 ; σ h3 ; σ h4 ; σ h5 ]; (25)

y 2 = [σ v1 ; σ v2 ; σ v3 ; σ v4 ; σ v5 ]; (26)

y 3 = [z 1 ; z 2 ; z 3 ; z 4 ]; (27)

The overall output y of the neural network can be represented
as

y = [y 1 ; y 2 ; y 3 ] (28)

4.3. Determination of hyperparameters

To determine the optimal hyperparameters for the neural 
network, the method of controlling variables was utilized. Taking 
the learning rate determination as an example, the process is 
explained as follows. By keeping the neural network structure and 
other hyperparameters fixed, we adjusted only the learning rate 
and observed the decay curves of the loss function under different
learning rates. The selected learning rates were 1 × 10 − 2 , 1 × 10 − 3 ,
1 × 10 − 4 , and 1 × 10 − 5 . The loss function decay curves for these 
learning rates are shown in Fig. 5. The results indicate that when 
the learning rate is set to 1 × 10 − 2 and 1 × 10 − 3 , the loss function 
fails to converge. However, as the learning rate decreases, better
convergence behavior is observed when a learning rate is 1 × 10 − 4 .
Further reduction of the learning rate results in slower conver-
gence. Therefore, we chose 1 × 10 − 4 as the final learning rate. 

Other hyperparameters were determined using the same 
method. The batch size is 512, and the number of training epochs is 
200. The multi-task U-net uses the hyperbolic tangent function

Fig. 10. Probability density distribution of relative error for four parameters. (a) horizontal conductivity, (b) vertical conductivity, (c) layer interface position, and (d) anisotropy.
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(Tanh) as the activation function. To prevent overfitting and
enhance the modelʼs generalization ability, a regularization term is 
added to the L2 loss function. For a normalized data-label pair 
{(

x inorm; y
i
norm

) 
; i = 1; …;n − 1;n 

}
with batch size n, the loss

function is defined as:

L =
1
3 
1
n 
1
p

∑ 3

j=1

∑n

i=1

∑ p

k=1

[( 
̂ yinorm[j][k] − yinorm[j][k] 

) 
+

α
2 
‖θ‖22

] 
;

p = 4;5;
(29)

where j represents the output of the jth sub-task, and k denotes the 
number of parameters in the sub-task output (either 4 or 5). θ 
represents the parameters of the neural network. α is introduced

to prevent overfitting. ̂ yinorm = F θ 
(
x inorm

) 
is the output of the 

neural network, where F θ denotes the mapping defined by the 
neural network. In addition, the Adam optimization algorithm is

used to improve the training efficiency of the neural network 
(Kingma, 2014). The neural network construction is carried out 
using the PyTorch-GPU framework (Paszke et al., 2019), with 
training and testing performed on an Nvidia GeForce RTX 3090 
GPU.

4.4. Neural network training process and results

The neural network is trained using the error backpropagation 
algorithm. The pseudocode of the multi-task U-net is described in 
Algorithm 1.

Algorithm 1. Pseudocode of multi-task U-net.

Fig. 11. Comparison of horizontal (a, b) and vertical (c, d) conductivity inversion results under different noise levels. Subfigures in the same column depict the same model.

Table 5
The mean of the residual of parameters.

res σ h S/m res σ v ; S=m res λ res z ;m

LM − 0.5288 0.4204 1.7928 1.8000
N 5 0.0236 0.0199 − 0.1044 − 0.0004

Require: Training set D train = 
{(

x inorm;y
i
norm

) 
; i = 1;…;N 

}

Require: Learning rate η, neural network parameters θ, batch size n, loss 
function L (Eq. (29)).

1 Initialize the parameters θ.
2 While the stopping criterion is not met do
3 Sample a minibatch of n examples from the training set {xinorm; ⋅⋅⋅; x nnorm}
with corresponding labels {yinorm; ⋅⋅⋅; ynnorm}.

4 Compute loss: L.

5 Compute gradient: g =
1 
n

∑n

i=1

∂L 
( 
F θ 
(
x inorm

) 
; yinorm

)

∂θ 
.

6 Compute update: Δθ = − ηg.
7 Update parameters: θ = θ + Δθ.

8 End
9 Return θ
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Six different datasets were used to train the same initial multi-
task U-net, resulting in six distinctly trained networks, denoted as 
N xx , N xz ; N yy , N zx , N zz , and N 5 . Fig. 6(a) and (b) depict the loss 
evolution of six independently trained neural networks on the 
training and validation datasets, respectively. In both subplots, all 
networks exhibit a rapid loss decrease within the first 20 epochs, 
followed by a stable convergence phase. This sharp initial drop 
indicates that the models effectively captured the dominant pat-
terns of the data early in training. After approximately 50 epochs, 
the loss values plateau, suggesting that the networks entered a 
fine-tuning stage where minor adjustments are made to refine 
performance. Training and validation curves remain closely 
aligned over 200 epochs, with no divergence, confirming good 
generalization and absence of overfitting. Overall, the process is 
stable and effective, ensuring reliable performance in inversion 
tasks.

The training durations of the six neural networks are shown in 
Table 2, and their training times are approximately equivalent.

4.5. Neural network inversion performance

During the testing phase, the six trained neural networks were 
evaluated on the same test set containing 60,000 samples. The 
inversion times for all neural networks range from 14 to 15 s. This 
indicates that multi-task U-net is highly efficient in processing

large-scale data and can meet the real-time inversion re-
quirements of geological guidance tasks.

To comprehensively evaluate the inversion accuracy of the 
neural networks, we calculated the absolute errors between the 
predicted parameters and the true parameters for the six neural 
networks. The error calculation formulas are given in Eqs. (9–11). 
First, a statistical analysis of residuals was performed for different 
parameters. The mean residuals for each neural network are pre-
sented in Table 3. As shown, the mean residuals for all models are 
close to zero, indicating accurate inversion performance. Addi-
tionally, Table 4 presents the cumulative distribution of inversion 
residuals within different intervals. A higher percentage within a 
given range suggests greater overall inversion accuracy. By 
comparing the distributions, the inversion results can be catego-
rized into three levels. The best performance across all parameters 
is achieved by N 5 . For conductivity, N xx , N yy , and N zz outperform 

N xz and N zx , indicating that the coaxial and co-planar are more 
sensitive to the formation conductivity ahead of the drill bit 
compared to the cross-components. However, for the anisotropic 
parameter, the inversion accuracy of N yy is higher than that of the 
other four neural networks, suggesting that the yy component is 
more sensitive to the anisotropy of the strata. For interface depth 
estimation, the inversion accuracy of the cross-components and 
coaxial components is superior to that of the co-planar compo-
nents. Since N 5 incorporates all components, it effectively

Fig. 12. Probability density distribution of relative error for LM method and DL inversion method. (a) horizontal conductivity, (b) vertical conductivity, (c) layer interface position, 
(d) anisotropy.
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leverages their combined sensitivities, resulting in the most ac-
curate inversion outcomes.

To more comprehensively display the overall residual distri-
bution of the 60,000 samples, we calculated the probability den-
sity function (PDF) of the residuals. The calculation formula is 
given as follows:

f (x) =
1
nh

∑n

i=1

K 
(x − x i
h

)

(30)

K(u) =
1
̅̅̅̅̅̅ 
2π

√ e − 
u 2
2 (31)

h = 1:06σn −
1
5 (32) 

where f (x) represents the probability density function, n is the
number of sample points, and x i is the ith data point. The band-
width h is determined using Silvermanʼs Rule of Thumb
(Silverman, 2018), K( ⋅) denotes the Gaussian kernel, and σ is the
sample standard deviation. The PDF provides a more detailed
representation of the overall distribution of the inversion
residuals.

Fig. 7 shows that the inversion residuals approximate a stan-
dard normal distribution, indicating the accuracy and stability of

the neural network inversion. By comparing the probability den-
sity at a residual of 0 for the different neural networks, we can see 
that the best inversion results for conductivity are obtained by
neural network N 5 , followed by N xx , N yy , and N zz , with the poorest 
results from N zz and N xz . This phenomenon is consistent with the 
previous analysis.

Furthermore, a relative error analysis is provided. The formulas 
for calculating the relative errors of different parameters are given 
in Eqs. (12–14). The probability density distributions of the relative 
errors are shown in Fig. 8. From Fig. 8, we can clearly observe that 
for conductivity parameters, the inversion results obtained by N 5 
are the most accurate, followed by N xx , N yy , and N zz , with N xz and 
N zx performing the worst. For interface positions, N 5 again yields
the best results, followed by N xz , N zx , and N zz , while N xx and N yy
show the highest relative errors. For anisotropy, the inversion re-
sults of N 5 remain the best, while N yy shows a higher inversion 
accuracy than the other five neural networks.

To provide a more intuitive display of the neural network 
inversion results, some inversion results are presented by 
comparing the predicted parameters from the six neural networks 
with the true parameters. The results are shown in Fig. 9. It shows 
that all six neural networks are able to invert the variation trends 
of horizontal and vertical conductivity with depth. However, the 
inversion neural network N 5 is the most accurate one in revealing 
the layer interfaces and electrical parameters.

Fig. 13. Comparison of horizontal (a, b)) and vertical (c, d) conductivity inversion results between the DL method and LM method. Subfigures in the same column depict the same 
model.
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5. Discussion

5.1. Performance under varying noise levels

During the drilling process, EM look-ahead LWD tools are 
subject to significant noise interference. Therefore, it is essential to 
assess the noise sensitivity of the neural network. To this end, we 
added random Gaussian noise at four different levels—5%, 10%, 
20%, and 50%—to the original test dataset, resulting in four distinct 
noisy test sets. The trained neural network N 5 was then applied to 
both the noise-free and noisy datasets for inversion, and the 
relative errors of the inversion results were computed, as shown in 
Fig. 10. The results indicate that at a noise level of 5%, the inversion 
accuracy remains largely unaffected. When the noise level in-
creases to 10%, a moderate decline in accuracy is observed. At 20% 
noise, the inversion performance degrades more significantly. 
Notably, compared to conductivity parameters, the estimated 
interface depths exhibit greater sensitivity to noise, suggesting 
that structural boundaries are more vulnerable to degradation in 
measurement quality.

Representative inversion results under different noise levels are 
shown in Fig. 11. As observed, when the noise level is 5% or 10%, the 
neural network is still able to accurately reconstruct the variation 
of conductivity with depth. As the noise level increases beyond 
20%, the network can still capture conductivity variations near the

drill bit, but its ability to resolve features farther away from the bit 
significantly deteriorates.

5.2. Comparison with the LM method

To demonstrate the effectiveness of the multi-task inversion 
neural network, we perform a quantitative comparison between 
the inversion results of the neural network N 5 and those obtained 
from the LM method. The input data used is x 5 . We create a new 

dataset containing 1000 sample data points and perform in-
versions using both the LM method and the neural network N 5 . 
The initial model for the LM method is a homogeneous medium 

with a horizontal conductivity of 0.1 S/m and a vertical conduc-
tivity of 0.01 S/m. To enable a more meaningful comparison, the 
deep learning inversion algorithm was run on a single CPU core 
with a single thread, while the LM algorithm was accelerated using 
all 24 CPU cores in multithreaded mode. The processor used was 
an AMD EPYC 7402 24-Core CPU, with a base clock of 2.8 GHz and a 
maximum Turbo Boost frequency of 3.35 GHz. The neural network 
inversion requires only 0.81 s, compared to 22824.31 s for the LM 

method, thereby fully satisfying the real-time demands of 
geosteering.

Subsequently, we performed a comparative analysis of the 
overall residuals of the two inversion results. First, the mean re-
siduals of the inversion results are shown in Table 5. The residuals 
of the N 5 inversion results are smaller by 1–3 orders of magnitude

Fig. 14. Probability density distribution of relative error for LM method and joint inversion method. (a) horizontal conductivity, (b) vertical conductivity, (c) layer interface 
position, (d) anisotropy.
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Fig. 15. Comparison of inversion results for horizontal (a, b) and vertical (c, d) conductivity using joint inversion and LM method. Subfigures in the same column depict the same 
model.

Table 7
Architectures of different networks.

FCN ResNet LSTM

Layer Parameters Layer Parameters Layer Hidden size

conv 3 × 3; 16 conv 3 × 3; 16 LSTM 256
conv 3 × 3; 32 pool max LSTM 256
conv 3 × 3; 64 block1 [3 × 3; 16] × 6 LSTM 256
conv 3 × 3; 128 block2 [3 × 3; 32] × 8 LSTM 256
conv 3 × 3; 256 block3 [3 × 3; 128] × 12 LSTM 256
conv 3 × 3; 512 block4 [3 × 3; 256] × 6 LSTM 256
conv 3 × 3; 512 pool average LSTM 256
pool average linear 256 × 14 LSTM 256
conv 1 × 1; 14 LSTM 256

Table 6
Parameters of different networks.

Network Inputʼs dimensions Outputʼs dimensions Number of layers Number of parameters

LSTM (4; 20) (1; 14) 9 4,498,958
FCN (4; 5; 4) (1; 14) 9 3,939,902
ResNet (4; 5; 4) (1; 14) 26 5,198,343
MT-U-net (4; 5; 4)

⎡

⎣
(1;4) 
(1;5)
(1;5) 

⎤

⎦
34 4,104,229
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compared to the LM method. The larger residuals in the LM 

method are due to the initial model being far from the true model, 
making it susceptible to getting stuck in local minima. 

Furthermore, we plotted the probability density distribution of 
the relative error for the four parameters, as shown in Fig. 12. It is 
evident that the relative error of N 5 is closer to a standard normal 
distribution. This indicates that the MT-U-net inversion method 
has higher adaptability and accuracy compared to the LM method. 

We select two inversion results from the dataset (Fig. 13). The 
comparison shows that both the DL method and the LM algorithm 

are capable of capturing the overall conductivity variation trends. 
However, the deep learning approach demonstrates superior 
capability in delineating layer boundaries, particularly in accu-
rately resolving thin layers.

To address the problem of initial value dependence in iterative 
methods, we employ the inversion results from the DL method as 
the initial model for the LM inversion. This approach effectively 
performs a joint inversion that combines the strengths of DL and 
LM methods. The overall distribution of the relative error for 1000

models is shown in Fig. 14. After using DL inversion results as the 
initial model, the probability density distribution of relative error 
becomes more concentrated and symmetric about zero. Specif-
ically, the distribution under joint inversion is narrower and more 
peaked than that of the pure LM inversion across all parameters. 

This improvement can be explained by noting that using the DL 
inversion result as the initial model provides a reasonably accurate 
starting point for the LM algorithm. With a more reliable initial 
estimate, LM is able to converge more directly toward the true 
solution and avoid becoming trapped in poor local minima. As a 
result, the inversion process becomes more stable and accurate, 
yielding results that are less sensitive to initial conditions and less 
prone to large deviations.

We randomly present inversion results for two geological 
models, as shown in Fig. 15. It is evident that the joint inversion 
method further improves the accuracy of the inversion results 
compared to the LM algorithm, particularly in enhancing the 
estimation of conductivity and interface positions near the drill 
bit.

Table 8
Structure of the XGBoost model.

Inputʼs dimensions Outputʼs dimensions Number of estimators Max depth Subsample Number of nodes

(1; 80) (1; 14) 100 15 0.8 5,198,343

Fig. 16. Loss function decay curves for different neural networks: (a) multi-task U-net, (b) ResNet, (c) FCN, and (d) LSTM.
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5.3. Comparison with baseline models

To validate the effectiveness and superiority of the proposed 
multi-task U-net architecture in electromagnetic inversion tasks, 
we conducted a comprehensive comparison with several repre-
sentative deep learning and machine learning models. These 
baseline models include LSTM (Hochreiter and Schmidhuber, 
1997; Fan et al., 2022), fully convolutional networks (FCN) (Long 
et al., 2015), residual networks (ResNet) (He et al., 2015), and the 
eXtreme gradient boosting algorithm (XGBoost) (Chen and 
Guestrin, 2016). To ensure a fair comparison, all models were 
trained and evaluated on the same datasets as those used for 
training the proposed N 5 model. Furthermore, the number of 
trainable parameters for each neural network was kept at a com-
parable level to control for model complexity. All inversion 
methods used identical input data and target labels, with only 
minor differences in input dimensionality: convolution-based 
models (FCN, ResNet, and MT-U-net) received input tensors of 
shape (4; 5; 4); the LSTM model accepted inputs of shape (4; 20); 
and XGBoost, which only supports flat vector inputs, used resha-
ped inputs of size (1;80). All models produced outputs of shape (1; 
14), except for the multi-task U-net, which yielded three output 
branches corresponding to different geophysical properties. 
Detailed architectural configurations of LSTM, FCN, and ResNet are 
provided in Table 7, and the number of trainable parameters is 
summarized in Tables 6 and 8. In Table 7, “conv” denotes 2D

convolutional layers, “pool” refers to pooling layers, “block” in-
dicates residual blocks, and “linear” corresponds to fully connected 
layers.

During the training of neural networks, the hyperparameter 
settings for all models were kept consistent with each other. Fig. 16 
illustrates the trends of training and validation loss for four neural 
network architectures (U-net, ResNet, FCN, and LSTM) under 
identical training datasets and hyperparameter configurations. It is 
evident that these networks exhibit markedly different loss be-
haviors throughout the training and validation processes. Both the 
multi-task U-net and ResNet demonstrate strong convergence 
properties, stabilizing at relatively early iterations while main-
taining low training and validation errors. Their overall conver-
gence speeds and final error levels are comparable, indicating 
robust fitting capacity and generalization performance. In 
contrast, the FCN and LSTM show significantly slower convergence 
rates with more pronounced fluctuations in loss curves. Notably, 
the LSTM displays a sluggish decrease in error and poor stability 
throughout training, suggesting limited modeling and represen-
tational capabilities for this type of electromagnetic inversion task. 

To comprehensively assess the inversion capabilities of various 
machine learning algorithms, five distinct methods were 
employed on an identical test dataset comprising 60,000 samples. 
Fig. 17 illustrates the PDF distributions of relative errors associated 
with the inversion of different parameters. The results reveal that 
the multi-task U-net model consistently achieves the most

Fig. 17. PDFs of relative inversion errors for different machine learning methods applied to a common test set (60,000 samples). Panels (a), (b), (c), and (d) depict the error 
distributions for lg (σ h ), lg(σ v ), z, and λ, respectively.
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concentrated error distributions across all parameters, character-
ized by pronounced peak values and narrow variance. This per-
formance underscores its superior predictive accuracy and 
robustness. ResNet and XGBoost also yield relatively concentrated

error profiles, although with moderately wider distributions and 
reduced peak densities compared to U-net, indicating compara-
tively lower but still competitive modeling capacity in feature 
representation and nonlinear mapping. Conversely, the FCN and

Fig. 18. Presents representative inversion results from five different algorithms. Across these multiple inversion cases, the multi-task U-net consistently delivers the most stable 
and accurate reconstructions, effectively delineating multilayer formation interfaces and capturing variations in conductivity values with high spatial resolution. In contrast, 
ResNet and XGBoost also provide satisfactory inversion outcomes, reasonably approximating the true profiles, especially in terms of interface localization and conductivity trends. 
However, the FCN and LSTM models demonstrate comparatively inferior performance; although they occasionally identify primary formation boundaries, their conductivity 
estimations suffer from substantial deviations, resulting in overall inversion outputs that deviate notably from the ground truth.

Fig. 19. Schematic of the extended geological models. (a) The tool is located within a two-layer formation; (b) The tool is located within a three-layer formation.
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LSTM models exhibit markedly inferior inversion performance, 
evidenced by broader error distributions and significant long-tail 
behavior. Notably, LSTM displays a systematic bias in error across 
all parameters, highlighting its limitations in capturing the com-
plex nonlinearities and spatial dependencies present in subsurface 
electromagnetic data. Collectively, these findings demonstrate 
that the multi-task U-netʼs deep hierarchical feature fusion and 
encoder-decoder architecture confer a substantial advantage for 
multi-parameter inversion tasks. ResNet and XGBoost can be 
considered viable baseline models, whereas FCN and LSTM show 

suboptimal performance under the current experimental frame-
work (see Fig. 18).

Using the trained neural network N 5 , we conducted inversion 
on the T semi , T two , and T three test sets (see Fig. 19) and examined the 
relative error distributions of the predicted parameters (lg(σ h ), 
lg(σ v ), z, and λ), as depicted in Fig. 20. The results show that 
transitioning from a single-layer half-space (T semi ) to a two-layer 
structure (T two ) results in only a slight broadening of the error 
distributions, with inversion accuracy remaining largely stable. 
This suggests robust network performance under moderate 
geological complexity. Conversely, in the three-layer model 
(T three ), the error distributions exhibit significant widening with 
heavier tails, indicating a substantial decline in inversion accuracy 
and generalization capability in highly complex geological 
settings.

These findings confirm that while the U-net-based model ex-
hibits robustness in moderately complex geological settings, its 
performance declines in highly heterogeneous environments. To 
improve the adaptability of the inversion framework to realistic 
subsurface conditions, future efforts will focus on incorporating 
multi-layer conductivity structures as prior knowledge into the 
neural network and developing more sophisticated geological 
models to enhance the generalization capability of the deep 
learning framework. These advancements aim to improve the ac-
curacy, stability, and applicability of look-ahead inversion in 
complex geological scenarios.

6. Conclusions

A multi-task U-net inversion method for inverting five-layer 
anisotropic formation using the LWD electromagnetic look-
ahead data has been developed. By constructing datasets of six 
different components (x xx , x xz , x yy , x zx , x zz , and x 5 ), six neural 
network models were trained and tested, and their inversion 
performance was comprehensively evaluated by using residual 
and relative error analysis. Among them, the multi-component 
neural network N 5 demonstrates optimal inversion accuracy and 
stability, proving the effectiveness of combining multiple com-
ponents for inversion. Further analysis indicates that the coaxial 
and co-planar components are most sensitive to conductivity,

Fig. 20. Relative error distributions of inversion results on three test sets. The terms half-space, two-layer, and three-layer indicate that the tool is located in a formation modeled 
as a homogeneous half-space, a two-layer structure, and a three-layer structure, respectively.
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while cross-components and coaxial components are most sensi-
tive to the layer interface location. The yy component is most 
sensitive to anisotropic parameters. Also, the inversion results 
show that the multi-task U-net neural network can complete in-
versions within millisecond without relying on initial models, 
providing a significant advantage in time consumption. 

Robustness analyses reveals that the proposed model has reli-
able inversion performance under moderate noise conditions and 
two-layer geological backgrounds, although its accuracy notice-
ably declines when facing high noise levels (>20%) or complex 
three-layer structures.

Compared with the traditional Levenberg-Marquardt (LM) 
iterative inversion method, the multi-task U-net exhibits robust 
advantages in both inversion accuracy and computational effi-
ciency. Furthermore, a hybrid approach that uses the U-net pre-
dictions as initialization for the LM algorithm improves 
performances in recovering formation conductivities, suggesting 
strong complementarity between data-driven and physics-based 
methods. Another comparison with mainstream machine 
learning models—including LSTM, FCN, ResNet, and 
XGBoost—further confirms that the proposed network consis-
tently achieves high accuracy and faster convergence.
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