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ABSTRACT

Gaps in field seismic data are common, particularly in areas
obstructed by oil rigs, leading to significant data loss despite ad-
vanced processing techniques. To address this challenge, we ap-
ply a convolutional neural network trained as a generative
adversarial network to interpolate missing data. Our approach in-
volves training the network using artificially generated gaps in the
training images, enabling the model to learn how to reconstruct
missing regions effectively. We assess the performance of our
method using four evaluation metrics: structural similarity index,
peak signal-to-noise ratio, normalized root mean-squared error,
and Pearson R correlation coefficient (PRCC). Our results con-
sistently outperform the traditional prediction error filter (PEF)
method across all metrics. Specifically, for a centrally located

rectangular gap of fixed dimensions (124 × 256), our approach
achieves an average PRCC of 0.65 compared with 0.35 for
PEF. In addition, for a gap covering 48.4% of the image, our
method attains an average PRCC of 0.68, surpassing the previ-
ously reported PRCC of 0.49 for a 30% gap. The superior per-
formance of our network stems from its ability to leverage lower-
dimensional feature representations within the neural network to
propagate coherent seismic structures into the missing regions.
This capability enhances the accuracy of seismic data interpola-
tion, which is crucial for oil exploration and production. Further-
more, we validate our approach using synthetic and real seismic
data acquired from the Santos Basin off the Brazilian coast. The
strong performance of our method on complex field data high-
lights its practical effectiveness and potential for real-world
applications.

INTRODUCTION

Obtaining high-quality seismic data is a primary objective in
seismic surveys. Nonetheless, practical limitations often prevent
the acquisition of optimal data. Factors such as economic con-
straints, logistical challenges, limited sources, and receiver distribu-
tion (Huang et al., 2022), as well as topography, equipment
malfunctions, and obstacles such as oil rigs (Cao et al., 2022), can
lead to undersampled seismic data (Xu et al., 2022), irregular survey
layouts (Oliveira and Haas, 2019), or missing traces (Kaur et al.,
2021). These issues significantly affect seismic data processing
(Liu et al., 2021) and degrade the quality of the final images. In
particular, many of these challenges result in 3D gaps in seismic
data sets, further complicating accurate subsurface imaging.
Mitigating these challenges and reconstructing missing seismic

data are essential tasks in seismic data processing. Seismic data

interpolation techniques play a crucial role in addressing these is-
sues (Jia and Ma, 2017). Various interpolation methods have been
proposed, often categorized into three (Kaur et al., 2021) or four
groups (Cao et al., 2022; Xu et al., 2022). In this paper, we adopt
the comprehensive classification proposed by Wei et al. (2021),
which divides these methods into six groups. The first group con-
sists of rank reduction methods, which leverage the low-rank struc-
ture of the seismic traces to recover missing traces by reducing the
rank of the seismic data matrix. Techniques such as matrix comple-
tion and singular value decomposition fall into this category
(Trickett et al., 2010; Oropeza and Sacchi, 2011; Gao et al., 2013;
Chen et al., 2016; Gao et al., 2017). Nevertheless, determining the
optimal rank remains a challenge because it directly impacts the
quality of interpolation. The second group involves sparse domain
transformations, where seismic data are converted into a sparse
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representation before applying interpolation techniques based on
compressive sensing or compressive sampling principles (Candes
et al., 2006; Donoho, 2006; Herrmann, 2010). Common transforma-
tions include Fourier (Duijndam et al., 1999; Trad, 2009), Radon
(Kabir and Verschuur, 1995; Trad et al., 2002), curvelet (Herrmann
and Hennenfent, 2008; Naghizadeh and Sacchi, 2010), and seislet
(Chen et al., 2014; Gan et al., 2015; Liu et al., 2016) transforms.
These methods leverage the fact that seismic events are often sparsely
represented in transformed domains, allowing accurate interpolation.
The third group consists of wave-equation-based methods, which es-
timate missing data by solving the wave equation using known data
(Ronen, 1987; Fomel, 2003; Trad, 2003). These methods rely on the
physical properties of wave propagation (velocity model) and offer
accurate interpolation results, though they can be computationally
expensive. The fourth group includes projection-onto-convex-sets
(POCS) methods, which iteratively project incomplete data onto a
set of convex constraints, gradually refining the interpolated data
(Stark, 1987; Abma and Kabir, 2006; Gao et al., 2012; Wang, 2016).
By enforcing data consistency and additional constraints such as
sparsity or rank conditions, POCS-based methods can effectively re-
cover missing seismic traces. The fifth group comprises prediction
error filter (PEF) methods, which estimate missing traces by model-
ing the prediction errors between neighboring traces (Spitz, 1991; Liu
and Fomel, 2011; Claerbout and Fomel, 2014; Liu et al., 2019).
These methods take advantage of the spatial coherence of seismic
data and are widely used due to their simplicity and effectiveness.
The sixth and most recent group includes learning-based methods,
driven by advancements in machine learning (ML). These ap-
proaches train models to learn the interpolation function using tech-
niques such as support vector regression (Jia and Ma, 2017),
dictionary learning (Turquais et al., 2018), residual neural networks
(Wang et al., 2019), and generative adversarial networks (GAN)
(Oliveira et al., 2018; Picetti et al., 2019).
Deep-learning methods have seen significant growth in seismic

data interpolation. These applications can be categorized based on
the type of missing traces they address. Most studies focus on regu-
larly missing traces, but some explore regular and irregular missing
traces, and a few specifically target irregular gaps. Approximately
half of the selected works address consecutive missing traces that
form large 2D gaps. The majority of these applications focus on the
prestack stage of seismic processing, such as shot recording. How-
ever, Wang et al. (2020) and Liu et al. (2021) extend their method to
stacked data, whereas Oliveira et al. (2018) focus exclusively on
stacked data. Furthermore, most studies are applied to marine data,
with exceptions including Kaur et al. (2019, 2021) and Wei et al.
(2021), which also incorporate land data. Synthetic data sets are
commonly used as a proof of concept before applying the method-
ologies to real seismic data, ensuring the robustness and practicality
of the proposed approaches.
In deep-learning-based seismic data interpolation, the U-Net ar-

chitecture (Ronneberger et al., 2015) and its variations dominate the
field; other architectures are used less frequently. When comparing
results, researchers use a variety of traditional methods, with PEF-
based approaches being slightly more prevalent. Some studies
also compare deep-learning models with neural networks. These
comparisons consistently demonstrate that deep-learning methods
outperform traditional approaches. The most commonly used per-
formance metric is the signal-to-noise ratio (S/N), followed by the
structural similarity index (SSIM) (Wang et al., 2004). Although

there is no strict standard, S/N is usually calculated based on the
interpolated traces, whereas SSIM is often computed for either
the entire patch image because networks are frequently trained
on small patches or the fully reconstructed gather, which may con-
sist of multiple patches. Other metrics, such as mean correlation,
mean-squared error, and processing time, are also used.
In this work, we use the Shift-Net architecture (Yan et al., 2018),

a variation of U-Net that has shown superior performance in the
inpainting task — filling gaps in images — compared with ap-
proaches such as the Pix2Pix conditional GAN proposed by Isola
et al. (2016). We leverage this architecture to interpolate large gaps
in seismic images with regular spacing. For training and testing, we
first validate our network using synthetic data before applying it to
poststack marine field data. To benchmark our results against tradi-
tional methods, we use PEF (Claerbout and Fomel, 2014), as imple-
mented in the open-source software project Madagascar (Fomel et al.,
2013). Given the similarity between our work and the study con-
ducted by Oliveira et al. (2018), we adopt the same performance met-
rics: the Pearson R correlation coefficient (PRCC) (Pearson, 1895),
peak S/N (PS/N) (Huynh-Thu and Ghanbari, 2008), SSIM (Wang
et al., 2004), and normalized root mean square error (NRMS)
(Kragh and Christie, 2002), a similarity measure commonly used
in time-lapse seismic surveys.
The structure of this paper is organized as follows. First, we in-

troduce the adversarial training process, describe our network archi-
tectures, discuss the loss functions and performance metrics used,
and present the implementation details. Next, we validate our meth-
odology on synthetic data before detailing the data sets used for
training and testing, along with the necessary prepossessing steps.
We then outline the training procedure, describe the testing phase,
and follow with an application of our model to real data recovery. In
the subsequent sections, we compare our approach with the conven-
tional PEF interpolation method and relevant literature, as discussed
in the “Quantitative analysis” section. Finally, we analyze the im-
plications of our findings, highlighting the strengths and limitations
of our method and suggesting directions for future research. The
paper concludes with a summary of our key insights.

THEORY AND METHOD

In seismic data interpolation, gap filling is framed as a prediction
task in which neural networks estimate missing seismic informa-
tion. In this section, we introduce the architecture of our proposed
neural network specifically designed for this interpolation task. We
also detail the loss function used and the accuracy metrics used to
evaluate the effectiveness of our GAN-based approach.

Network architecture

Our model uses GAN (Goodfellow et al., 2014), which consists
of two competing networks: the generative network (G) and the dis-
criminative network (D). Whereas the discriminative network role
is to distinguish between real seismic images and those generated
by G, the generative network strives to produce increasingly real-
istic seismic images to deceive D. Through this adversarial training
process, GAN effectively fills the image gaps with detailed, near-
realistic seismic data (Figure 1). The generator G maps a noise vec-
tor z to an image i, expressed as G∶z → i. A well-trained model
ensures that the generated images i follow the same statistical dis-
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tribution as the training images d, preserving the characteristics of
the original seismic data.

Generative model Shift-Net

Our generative model G (Figure 2) is based on Shift-Net (Yan
et al., 2018), an extension of the U-Net architecture (Ronneberger
et al., 2015). U-Net follows an encoder-decoder structure with skip
connections (He et al., 2016); we refer readers to the original works
of Ronneberger et al. (2015) and He et al. (2016) for further details.
Shift-Net introduces a shift layer inspired by exemplar-based in-

painting techniques (Yan et al., 2018). In the convolutional feature
space (see “Nomenclature” for a brief explanation), this layer com-
pares transpose convolutional feature vectors from the decoder with
skip-connection features from the corresponding encoder layer
(light green layer in Figure 3). However, it does so within the com-
plementary receptive field (illustrated by the light orange layer in
Figure 3). The most similar feature vector from the skip-connection
layer is copied to the shift layer (light blue layer in Figure 3),
effectively filling in the missing part of the image. These feature
vectors are then concatenated and passed to the next convolutional
layer.
The name “shift layer” originates from its function: it shifts fea-

ture vectors from the skip-connection layer to fill the missing data
region. Experimental results indicate that placing the shift layer in
the L-3 layer of the U-Net (blue box in Figure 2), where L repre-

sents the last layer, offers the best trade-off between computational
efficiency and interpolation quality (Yan et al., 2018).

Discriminative model

The discriminative network D is implemented as a sequential
convolutional neural network (Figure 4). It consists of five convolu-
tional layers, each using leaky rectified linear unit activation (leaky
ReLU) (Maas, 2013). Instance normalization (IN) (Ulyanov et al.,
2016) is applied after convolutional layers 2, 3, and 4 to enhance
training stability. The final output is obtained using a sigmoid func-
tion (Wilson and Cowan, 1972), which predicts the probability that
a given image is real.

Loss functions, optimization methods, and accuracy
measurement

Loss functions

The training process involves updating the network parameters
using an optimizer based on the selected loss function. The choice
of an appropriate loss function is critical because it helps to capture
inherent problem features and facilitates the convergence of the net-
work (Huang et al., 2022). In this work, we integrate two distinct
loss functions during the training phase: the binary cross-entropy
(BCE) (Kingma and Ba, 2014) and the L1 norm (Tarantola,
2005; Goodfellow et al., 2014).
The formulation of the BCE loss function is as follows:

BCEnðxn; ynÞ ¼ −wn½yn · logðxnÞ þ ð1 − ynÞ · logð1 − xnÞ�:
(1)

In this equation, xn represents the prediction made by the discrimi-
nator (D), and yn denotes the real/fake label. The term wn is a
weighting factor applied to the loss, set to 0.2 for all n. The index
n corresponds to the position pair ðxn; ynÞ within the training batch.
To avoid potential confusion, we emphasize that the pairs ðxn; ynÞ
do not represent spatial coordinates or locations, common notationsFigure 1. GAN training scheme using the Shift-Net as a generator.
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Figure 2. Generative model G. Each orange block represents the output tensor of its corresponding convolutional layer, and each green block
corresponds to the output tensor of a transpose convolutional layer. The number of filters is indicated below each block, and the height and
width (which remain the same) are noted above. The blue box highlights the shift layer, which is further detailed in Figure 3.
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in geophysics, rather the discriminator prediction xn and the real/
fake labels yn.
When predicting a real image (xn ¼ DðdÞ) with yn ¼ 1, only the

first term of equation 1 is relevant. In contrast, when predicting a
generated fake image (xn ¼ DðGðzÞÞ) with yn ¼ 0, only the second
term contributes to the loss. During training, real and fake images
are sequentially fed into the discriminator network (D), and the
BCE loss is computed as an average of these terms using corre-
sponding weight wn.
For the generator network (G), the same BCE equation 1 is used,

though the input is the prediction of a fake image generated by G
(xn ¼ DðGðzÞÞ), with the target set to yn ¼ 1. This approach aligns
with the generator objective of producing images that successfully
deceive the discriminator (D), compelling it to classify them as
real data.
The L1 norm, defined by equation 2, measures the absolute differ-

ence between the pixel values of the generated interpolated image
(Fn) and its corresponding real image (Rn):

L1nðRn; FnÞ ¼ jRn − Fnj: (2)

As previously mentioned, in this equation, n represents the index of
the pair ðxn; ynÞ within the training batch. The incorporation of the
L1 norm as a loss function directs the deep neural network focus
toward accurately reconstructing fine details of missing traces dur-
ing training. Moreover, it promotes the generation of visually co-
herent and realistic seismic data interpolations. The regularization
effect of the L1 norm encourages smoother and more continuous
pixel values in interpolated regions, mitigating the risk of introduc-
ing unwanted artifacts or noise. This property is particularly advan-
tageous in geophysical applications, where maintaining spatial
continuity is essential for precise subsurface interpretations. Con-
sequently, adopting the L1 norm as a loss function enhances the
model ability to capture the geologic and structural complexities
inherent in seismic data, leading to a more reliable and contextually
consistent interpolation outcome.
Incorporating the discounted loss, as defined by equation 3, adds

an extra layer of refinement to the interpolation process. This loss
function applies a penalty to each pixel based on its distance l from
the nearest nongap pixel. The decay rate of this penalty is controlled
by the parameter γ, which is set to 0.9 in our implementation (Yan

et al., 2018). By progressively reducing the penalty for pixels fur-
ther from known values, this approach encourages smoother and
more geologically consistent interpolations, effectively guiding
the model toward producing realistic seismic reconstructions:

α ¼ γl: (3)

The penalties defined by equation 3 are computed for each pixel
within the masked region, effectively reducing the influence of
the L1 norm on these pixels. By assigning lower penalties to pixels
closer to the gap edges, this approach encourages the network to
generate more accurate representations in these regions. This strat-
egy aligns with the principle that pixels near gap boundaries play a
crucial role in maintaining the overall coherence and quality of the
interpolation.
By leveraging this mechanism, the model produces interpolated

seismic data that are not only visually consistent but also preserve
the geophysical characteristics of the original data set. The incor-
poration of the discounted loss enhances the contextual accuracy of
the interpolation, which is particularly valuable in applications such
as seismic interpretation and reservoir characterization, where geo-
logic continuity and structural integrity are paramount.

Optimization methods

An optimization method in the context of ML is a mathematical
approach used to iteratively adjust model parameters to minimize or
maximize a given loss function. The primary objective of optimi-
zation is to find the optimal parameter set that yields the highest
accuracy or lowest error for the given task.
Most optimization techniques rely on gradients, which represent

the partial derivatives of the loss function with respect to the model
parameters. This concept is analogous to inverse methods in geo-
physics, in which gradients guide the refinement of model param-
eters to match observed data. Various optimization strategies exist,
each with its own advantages and trade-offs. In this work, we use
stochastic gradient descent (SGD), a widely used variant of gradient
descent. Unlike traditional gradient descent, which computes up-
dates based on the entire data set, SGD updates the parameters using
only a randomly selected subset (minibatch) of the data at each iter-
ation. This approach significantly reduces computational cost while

Figure 3. The shift layer (light blue) is constructed using feature
vectors from the skip-connection layer (light orange) that are most
similar to the feature vectors of the transpose convolutional layer g
(light green). Image adapted from Yan (2018).

Figure 4. Discriminative networkD. Each block represents the out-
put tensor of the corresponding convolutional layer. The number of
filters is indicated below, the height is indicated on the side, and the
width is indicated in front.
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maintaining convergence efficiency, making it well suited for large-
scale seismic data interpolation tasks.

Accuracy measurement

Loss functions are the driving force behind the learning process,
directly influencing weight adjustments in neural network models.
However, beyond loss functions, auxiliary metrics play a crucial
role in evaluating model performance. Although these metrics do
not contribute to weight updates or affect the learning process, they
provide valuable insights into the effectiveness of the trained model.
In this work, we use several accuracy metrics to assess the quality of
seismic data interpolation. These metrics serve as quantitative
indicators of how well the model reconstructs missing traces and
maintains geologic consistency. The following sections describe
the accuracy metrics used in this paper in detail.
The PRCC assesses the relationship between the original image R

and the generated image F. It is computed as

PRCCðRt; FtÞ ¼
P

n
i¼1ðRti − μRt

ÞðFti − μFt
ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

n
i¼1ðRti − μRt

Þ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

n
i¼1ðFti − μFt

Þ2
q :

(4)

Here, t represents a column of the image, corresponding to a seismic
trace, and μRt

and μFt
denote the mean values of the traces in the

original and generated images, respectively. The index i refers to
each sample within the trace, and n represents the total number
of samples per trace.
The PRCC is computed on a trace-by-trace basis, with the final

value for each image representing the mean of the metric across all
evaluated traces. During training monitoring, the metric is averaged
across all images within each epoch to assess performance trends
over time.
The selection of PRCC as an evaluation metric aligns with

Oliveira et al. (2018), who used it to assess the interpolation results
of their convolutional model. This choice provides a reliable and
widely recognized measure while also ensuring consistency with
prior studies, facilitating a direct comparison of performance across
different approaches.
Furthermore, the NRMS metric is also computed. NRMS is

widely used in 4D seismic survey comparisons, in which ensuring
repeatability between surveys is essential. The primary objective is
to analyze geologic variations resulting from oil production —
such as changes in fluid saturation, pore pressure, and correspond-
ing impedance variations — while minimizing the impact of
acquisition geometry differences. Because 4D seismic changes
are often subtle, NRMS provides a sensitive measure for detecting
discrepancies even though its interpretation may not always be
intuitive. The NRMS calculation is defined as

NRMSðRt; FtÞ ¼
200 · rmsðRt − FtÞ
rmsðRtÞ þ rmsðFtÞ

; (5)

where t represents a column of the image (a seismic trace), F de-
notes the generated image, and R corresponds to the original image.
The scale factor of 200 ensures that the metric ranges from 0% to
200%. An NRMS value of 0 indicates identical images, and a value
of 200% corresponds to completely opposite images (F ¼ −R). The

root mean square (rms) is computed over the interval t1 to t2 and is
defined as

rmsðRtÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

Xt2
t1

R2
t

vuut ; (6)

where N is the number of samples within the interval t1 − t2.
The PRCC (equation 4) and NRMS (equation 6) are computed on

a trace-by-trace basis. The final value for each image corresponds to
the mean of the respective metric across all traces where the calcu-
lation is performed. For data sets with centrally masked regions of
uniform width, these metrics are evaluated exclusively within the
masked area. This approach guarantees that only the areas where
the neural network actively contributed are considered in the assess-
ment. During training monitoring, the average metric values across
all images in each epoch (a full pass of the training data set through
the model) are computed to track performance progression.
The SSIM measures the similarity between images by analyzing

three key components: luminance, contrast, and structure. Lumi-
nance represents the average pixel intensity, contrast corresponds
to the standard deviation from the mean, and structure is obtained
by normalizing the image to have zero mean and unit standard
deviation. Wang et al. (2004) propose separate comparison func-
tions for each of these attributes, which are then combined into
a single SSIM function, mathematically defined as

SSIMðR;FÞ ¼ 2μRμF þ c1
μ2R þ μ2F þ c1

·
2σRF þ c2

σ2R þ σ2F þ c2
: (7)

In this equation, μR and μF denote the mean intensities of the real
and generated images, respectively. The term σRF represents the
covariance between the two images, and σ2R and σ2F correspond
to their respective variances. The constants c1 and c2 are included
to prevent instabilities in cases in which the denominators approach
zero, ensuring numerical stability in the computation of SSIM.
In this study, we adopt the implementation provided by the scikit-

image library (van der Walt et al., 2014). Within this implementation,
the constants c1 and c2 are defined as ð0.01 × rÞ2 and ð0.03 × rÞ2,
respectively, where r denotes the data range, which is directly derived
from the data set. In our case, the data range is set to 2, because the
normalized data spans from 1 to −1. This data range parameter is
essential for appropriately normalizing the constants, ensuring that
SSIM remains scale invariant and effectively captures structural
differences between the real and generated images.
The PS/N is another key metric in our evaluation framework,

offering a quantitative assessment of the quality of generated im-
ages. PS/N gauges the ratio between the maximum possible signal
power, represented by the highest pixel intensity, and the power of
noise, which corresponds to discrepancies between the original and
generated images. This evaluation is conducted relative to a refer-
ence image, typically the original seismic image. PS/N is conven-
tionally expressed in decibels and is computed using the following
equation:

PS=NðR;FÞ ¼ 10 · log10

�
MAXR

MSEðR; FÞ
�
: (8)
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In equation 8, R represents the original image, F is the generated
image,MAXR is the maximum power of the original image (square
of the brightest pixel’s intensity), and MSE stands for the mean-
squared error between R and F. This implementation of PS/N also
relies on the scikit-image library.
In summary, we use four distinct similarity metrics to compre-

hensively assess the network performance on the test data set.
The PRCC has been demonstrated to outperform SSIM in measur-
ing image similarity (Starovoitov et al., 2020), and our findings
align with this conclusion, as discussed subsequently. The classical
4D seismic metric NRMS, which spans a broad numerical range
from 0% to 200%, proves to be particularly sensitive for comparing
seismic images. As demonstrated by Lecerf et al. (2015), NRMS
values tend to increase with higher frequency content in the image
and, unique among the metrics used, indicate greater similarity with
lower values. In addition, a comparative study between SSIM and
PS/N conducted by Horé and Ziou (2010) establishes an analytic
relationship between these metrics, revealing that whereas PS/N
is more sensitive to detecting additive Gaussian noise, SSIM is
better suited for evaluating image compaction.

Implementation details

The implementation was developed using Python 3, with all neu-
ral network training conducted in PyTorch version 1.2 (Paszke
et al., 2019). PyTorch is a highly optimized tensor library specifi-
cally designed for deep learning, offering seamless compatibility
with graphics processing units (GPUs) and central processing units
(CPUs). The initial codebase was adapted from the Shift-Net reposi-
tory available on GitHub (Yan, 2018). To accommodate the specific
requirements of this research, custom modifications were intro-
duced and maintained in a separate GitHub repository. Both reposi-
tories were distributed under the Massachusetts Institute of
Technology open-source license, ensuring accessibility and repro-
ducibility of the work.
Additional software used in this study includes SeiSee

(Pavlukhin, 2017), used for the initial visualization and evaluation
of seismic data in the SEG-Y format, as well as for data cropping
within the study area; NumPy (Harris et al., 2020), which facilitated
efficient manipulation of multidimensional arrays and numerical
computations; scikit-image (van der Walt et al., 2014), used for
computing the accuracy metrics SSIM and PS/N; Matplotlib

(Hunter, 2007), which was essential in generating figures; and
the Jupyter Notebook programming environment (Kluyver et al.,
2016), which provided an interactive workspace for experimenta-
tion and analysis.
To optimize computational efficiency, model training was executed

on machines equipped with NVIDIAGeForce GTX 1080 Ti graphics
cards, featuring a computing capability of 6.1. The training data set
comprised 12,000 images of size 256 × 256, a common choice inML
due to memory constraints on GPUs and CPUs, and the validation set
contained 3000 images. The training process spanned 30 epochs for
synthetic data and 20 epochs for real data with a batch size of one.
The generative network (G) contained 54,939,000 parameters, and
the discriminative network (D) comprised 2,764,000 parameters.
The entire training process was completed in approximately 5.5 h.
In deep learning, an epoch represents a full cycle in which each

data point in the training data set is processed by the neural network,
undergoing forward and backward propagation. During training, we
use minibatch SGD and adopt the Adam optimization algorithm, as
proposed by Kingma and Ba (2014), to estimate the model param-
eters. The initial learning rate is set to 0.0002, with a decay factor of
0.1 applied every 10 epochs to ensure smooth convergence. In ad-
dition, the momentum parameters are defined as β1 ¼ 0.5 and
β2 ¼ 0.999, striking a balance between stability and adaptability
in the optimization landscape. To further enhance generalization
and prevent overfitting, a weight decay of 0.0001 is incorporated.

VALIDATION ON SYNTHETIC DATA

In this section, we apply our GAN-based interpolation approach
to synthetic data derived from the 3D qdome model (Claerbout and
Fomel, 2014), which features faults, sigmoidal events, and onlaps
on horizontal reflectors, simulating poststack seismic data.
The generated data set consists of 400 inlines, 500 crosslines, and

600 time samples. The inline and crossline intervals are both set to
25 m, and the sample interval is 4 ms. To create the test set, we
reserve the final 100 inlines. From the remaining volume, we ran-
domly extract 10,000 patches of 2D images, each measuring
256 × 256 pixels, from inline and crossline orientations. This results
in 8000 patches for training and 2000 for validation. For the test set,
we generate 1380 patches using the same extraction method. In ad-
dition, we record the mean and maximum values from the training
set for subsequent image normalization.
The synthetic training images are initially created without miss-

ing traces. To introduce gaps, we artificially apply a centralized rec-
tangular mask of fixed width (96 pixels) to the extracted patches.
The centralization is relative to the lateral borders of each patch,
allowing us to simulate the interpolation problem while maintaining
access to the ground truth (unmasked images). An illustration of this
masking process is shown in Figure 5.
As previously described, we construct the training set using pairs

of masked patches and their corresponding ground truth. In addi-
tion, to evaluate the sensitivity of the neural network performance to
noise in synthetic data, we generate three additional volumes by
introducing random noise levels of 20%, 40%, and 60% to the
qdome model. This process results in four distinct training data sets
based on the synthetic qdome: the noise-free data set, referred to as
D00; the data set with 20% noise, labeled D20; the data set with
40% noise, named D40; and the data set with 60% noise, designated
as D60. Examples from each data set are shown in Figure 5.

Figure 5. Training patches of size 256 × 256. (a and c) The original
ground truth, and (b and d) the artificially generated image with a
centralized rectangular mask of width 96 pixels by height 256 pix-
els. (a) The zero noise data, (b) the 20% noise data, (c) the 40%
noise data, and (d) the 60% noise data.
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For each data set, we train a separate generator model tailored
to the corresponding noise level: model M00 for the noise-free
data set (D00) and models M20, M40, and M60 for the data sets
with 20%, 40%, and 60% noise (D20, D40, and D60), respec-
tively. Figure 5 shows an example of masked patches for each
noise level, along with their respective ground truth, the GAN-
based interpolated image produced by the corresponding model,
and the difference between the ground truth and the interpo-
lated image.
The models are trained for 30 epochs using SGD as the opti-

mization method, with a batch size of one. During the testing
phase, we assess the trained models (M00, M20, M40, and
M60) by inputting 1380 randomly selected im-
age patches from the test volume for each data
set (D00, D20, D40, and D60). Subsequently,
we compute the evaluation metrics (NRMS,
PRCC, SSIM, and PS/N) for each model on
its corresponding test data set. The mean values
of these metrics are presented in a matrix format
for each metric in Table 1.
From Table 1, it is evident that model M00

achieves the best performance on the zero-noise
data set (D00) and performs slightly better on the
D20 data set. Meanwhile, model M20 demon-
strates superior performance on the noisier data
sets, D40 and D60. On the D20 data set, its per-
formance is nearly equivalent to that of M00,
with a noticeable drop only on the D00 data
set. Overall, M20 emerges as the most robust
model across different noise levels.
Intuitively, one might expect that a model

trained on a specific data set would perform best
on that same data set, corresponding to the diago-
nal values in Table 1. However, this is not the case.
To better understand this discrepancy, Fig-

ures 6 and 7 show the interpolations produced
by M20 and M60 on the D00, D20, and D60
data sets. A key observation is that the interpo-
lation retains the noise characteristics of the data
set used for training. As a result, M20 interpo-
lation appears noisier on D00 and cleaner on
D60, but it aligns well with the noise level of
D20. Similar patterns are observed in M60
interpolations.
In addition, the figures reveal that the GAN-

based interpolation effectively reconstructs
curved and inclined reflectors, as well as onlaps.
The primary challenge, however, arises with
faults; M20 and M60 attempt to create a sharp
boundary, as expected for faults, but they mis-
place it and fail to replicate its full extent, as
highlighted in the difference images. This Diff
patches also suggests some degree of interpola-
tion leakage into unmasked regions of the image.
Nevertheless, this is a minor issue because the
application can be constrained strictly to the
masked area.
In summary, the GAN-based interpolation

method successfully reconstructs various types

of reflectors while preserving noise characteristics, though some
challenges remain in fault handling.

FIELD DATA EXPERIMENTS

Application to field data

In this section, we apply our GAN-based interpolation approach
to field seismic data from the Santos Basin, offshore Brazil. We de-
tail the data set used for training and testing, including the prepro-
cessing steps necessary to manage varying gap sizes. In addition, we
analyze how interpolation performance degrades as gap width in-

Table 1. Metrics results for the trained models on synthetic data.

NRMS (%) D00 D20 D40 D60 PRCC D00 D20 D40 D60

M00 29 41 59 74 M00 0.90 0.88 0.81 0.71

M20 40 43 54 67 M20 0.89 0.87 0.83 0.76

M40 54 54 61 72 M40 0.84 0.83 0.79 0.72

M60 67 67 71 79 M60 0.78 0.76 0.73 0.67

SSIM D00 D20 D40 D60 PS/N D00 D20 D40 D60

M00 0.79 0.70 0.53 0.38 M00 28.0 25.4 23.1 21.9

M20 0.73 0.70 0.61 0.51 M20 25.2 25.4 24.1 22.9

M40 0.63 0.63 0.57 0.49 M40 22.8 23.7 23.4 22.5

M60 0.51 0.52 0.49 0.43 M60 21.1 22.0 22.2 21.8

Bold values are the best metric values for each column. It is always the highest column number, except for
NRMS metric, which the best value is the lowest.

Figure 6. GAN-based interpolation by model M20 applied on data sets D00 (first row),
D20 (second row), and D60 (third row). Model trained with a rectangular mask of width
96 pixels. (a) Original image, (b) masked image, (c) GAN interpolation result, and
(d) difference between the original and interpolated images.

Seismic data interpolation with GAN V379

Downloaded from http://pubs.geoscienceworld.org/seg/geophysics/article-pdf/90/4/V373/7283698/geo-2023-0770.1.pdf by USP Universidade de Sao Paulo user on 05 February 2026



creases, given that larger gaps pose greater challenges for accurate
reconstruction.
For our experiments, we use field seismic data provided by Pet-

robras, consisting of a Kirchhoff prestack depth migration volume
that integrates data from two separate seismic surveys acquired us-
ing a towed streamer. Despite the application of standard processing
techniques to mitigate the impact of an oil rig presence, significant
data loss remains. As a result, the data set still exhibits noticeable
gaps that require interpolation (see Figure 8). Notably, the migration
operator contributes to the “spreading” of amplitudes along the
edges of these gaps. Due to privacy constraints, we cannot disclose
specific location details of the data set.
The data set consists of a regularly sampled poststack section with

800 inlines at 25 m spacing, 1200 crosslines at 12.5 m spacing, and
1500 depth samples with a 5 m sampling interval. We reserve the
final 100 inlines exclusively for testing. From the remaining portion
of the volume, we randomly extract 15,000 2D image patches of size

256 × 256 pixels from inline and crossline directions, ensuring that
the degraded area is excluded. This results in 12,000 patches for train-
ing and 3000 for validation. For the test set, which does not overlap
with the training and validation sets, we select 1380 patches using a
similar approach. The mean and maximum values of the training set
are recorded for use in image normalization.
The training images are obtained from complete (gap-free) re-

gions of the data. To simulate missing traces, we artificially intro-
duce a centralized rectangular mask on the extracted patches in the
same manner as in the synthetic data set (Figure 5).

Training

As outlined in the previous section, we construct the training set
using pairs of masked patches and their corresponding ground-truth
images. The field seismic data presents varying degrees of missing
traces, typically forming quasi-rectangular gaps. To accommodate

this variability, we train three distinct generator
models, each designed for a specific mask width:
model 68 with a mask width of 68 pixels, model
96 with a width of 96 pixels, and model 124 with
a width of 124 pixels. Figures 9, 10, and 11 show
representative examples for each mask size. Each
figure displays the original masked patch, the
corresponding ground truth, the GAN-interpo-
lated image generated by the respective model,
and the difference between the ground-truth
and the interpolated image. These comparisons
highlight the model ability to reconstruct missing
seismic information across different gap sizes.
The models are trained for 20 epochs using

SGD as the optimization method, with a batch
size of one. To monitor training progress, we
track the L1 norm at each epoch and measure
the mean performance for PRCC, NRMS,
SSIM, and PS/N across the epoch. For the train-
ing set, the performance curves show consistent
improvement throughout training. However, for
the validation set, the curves quickly reach a
plateau. This behavior indicates the point at
which further training would yield diminishing
returns and an increased risk of overfitting. To
mitigate overfitting, we determine the stopping
criterion based on the validation performance:
training is halted after 20 epochs, when the val-
idation curve began to stabilize. This decision

also accounts for fluctuations due to the small batch size, ensuring
a balanced trade-off between learning and generalization.

Testing

During the testing phase, we evaluate the trained models by feed-
ing them 1380 randomly selected image patches from the test vol-
ume. For each model, we compute the performance metrics, with
the mean values provided in Table 2. A key observation is that for a
single metric such as PRCC, performance decreases as the gap
width increases. This behavior aligns with expectations because
larger gaps introduce greater uncertainty, increasing the number
of possible solutions. Consequently, generating reliable information
further from the edges of the known data becomes progressively

Figure 7. GAN-based interpolation by model M60 applied on data sets D00 (first row),
D20 (second row), and D60 (third row). Model trained with a rectangular mask of width
96 pixels. (a) Original image, (b) masked image, (c) GAN interpolation result, and
(d) difference between the original and interpolated images.

Figure 8. Inline seismic section showing large gaps primarily in the
shallow regions. On the edges of the gaps, the migration operator
causes the “spreading” of amplitudes upward.
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more challenging. Similar trends have been documented in previous
studies, such as Oliveira et al. (2018).
Qualitatively, we observe that patches taken from the upper por-

tion of the seismic volume, representing shallow geology, yield
significantly better interpolation results compared with those from
deeper regions. To illustrate this trend, we present interpolated

samples from three distinct depths, all using the same mask dimen-
sions of 124 pixels in width by 256 pixels in height (see Figures 12,
13, and 14). In the shallower regions, the interpolated images
reconstruct reflectors and preserve detailed information, with the
difference images primarily showing high-frequency noise. None-
theless, as depth increases, the attenuation of real data becomes
more pronounced, leading to a noticeable decline in interpolation
quality.

Results

In this case study, we apply our trained models to the field data
described in the “Application to field data” section, which contains
missing information due to acquisition obstruction. For each af-
fected line of the data, we extract 256 × 256 patches centered
on the gaps in each 128 vertical samples, maintaining a 50% overlap
between patches. Because the gaps do not extend significantly in
depths, five overlapping patches of 256 × 256 pixels, covering a
total of 768 depth samples, are sufficient to encompass all gaps.
Figure 15 shows this patch extraction process.
We then normalize each patch image and pass it through the cor-

responding trained generative model, which produces the interpo-
lated version of the image. After applying reverse normalization to
restore the original amplitude scale, we place the interpolated image

Figure 10. GAN-based interpolation comparison. Model trained
with a rectangular mask of width 96 pixels. (a) Original image,
(b) GAN interpolation result, (c) masked image, and (d) difference
between the original and interpolated images.

Figure 11. GAN-based interpolation comparison. Model trained
with a rectangular mask of width 124 pixels. (a) Original image,
(b) GAN interpolation result, (c) masked image, and (d) difference
between the original and interpolated images.

Figure 9. GAN-based interpolation comparison. Model trained
with a rectangular mask of width 68 pixels. (a) Original image,
(b) GAN interpolation result, (c) masked image, and (d) difference
between the original and interpolated images.

Table 2. Metrics results for the models at epoch 20.

Model NRMS (%) PRCC SSIM PS/N

68 53 0.82 0.77 37.3

96 63 0.75 0.70 35.8

124 73 0.68 0.65 34.8
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in its correct location within the original seismic volume. An exam-
ple of a recovered line is shown in Figure 16. The interpolation per-
forms well across most of the section, yielding realistic results,
though some limitations are observed near the sea floor, where the
lack of reflectors in the seawater hinders reconstruction.

To evaluate the coherence between adjacent inlines after
reconstruction, we compare two neighboring inlines 330 and 331,
as shown in Figure 17. The visual similarity between the inlines
within the interpolation region indicates a high degree of coherence,
which is crucial for seismic data, where spatial correlation among
different inlines plays a key role in enabling accurate 3D seismic
interpretation.
Furthermore, we analyze a depth slice in Figure 18, which dem-

onstrates that the interpolation results blend smoothly with the
original background. In addition, we analyze a crossline view in
Figure 19, highlighting the coherence among the interpolated data

Figure 13. GAN-based interpolation comparison for the medium
part of the seismic volume using a rectangular mask of width 124
pixels. (a) Original image, (b) GAN interpolation result, (c) masked
image, and (d) difference between the original and interpolated
images.

Figure 14. GAN-based interpolation comparison for the deeper part
of the seismic volume using a rectangular mask of width 124 pixels.
(a) Original image, (b) GAN interpolation result, (c) masked image,
and (d) difference between the original and interpolated images.

Figure 12. GAN-based interpolation comparison for the upper part
of the seismic volume (shallow geology) using a rectangular mask
of width 124 pixels. (a) Original image, (b) GAN interpolation re-
sult, (c) masked image, and (d) difference between the original and
interpolated images.

Figure 15. Examples of patches made on an inline, centered on the
major gap (in red) and the minor gap (in blue). The five overlapping
patches of size 256 × 256 are arranged vertically for each gap with
the overlaps highlighted in cyan and yellow.
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and the sharp boundaries between the original and interpolated re-
gions. We believe that further improvements, such as using a 3D
convolutional approach and applying smoothing techniques, could
enhance the results in this regard.

QUANTITATIVE ANALYSIS

In this section, we compare our interpolation results with those
obtained using two alternative approaches. The first is the tradi-
tional prediction error filter (PEF) method (Claerbout and Fomel,
2014), implemented in the open-source software Madagascar
(Claerbout and Fomel, 2014) (Fomel et al., 2013). The second is
a previously published GAN-based interpolation technique. It is im-
portant to clarify that although our method and the published ap-
proach use GAN, they are distinct models. A key difference
between these approaches is that GAN-based methods require an
initial training phase but can interpolate rapidly after training. In
contrast, whereas the PEF-based method computes a separate filter
for each patch, GAN-based methods train a single convolutional
model for a given gap size.
For the PEF comparison, we systematically extract patches to en-

sure coverage of all data regions and use the same set of 1380 im-
ages for evaluation (with size 256 × 256), with a fixed gap size of
124 pixels. The quantitative metrics provided in Table 3 indicate
that GAN-based interpolation consistently outperforms the PEF
method across all evaluated metrics.
To provide visual insights, we present two figures comparing the

PEF and GAN interpolation results at different depths. In Figure 20,
both methods produce realistic results, yet the PEF method exhibits
a more linear interpolation with a slight loss in central energy com-

a)

b)

Figure 16. Comparison of the seismic line at inline 331 (a) before
the application of the trained model and (b) after interpolation. The
interpolation successfully fills the gaps in the upper section (the rec-
tangular masks are applied on the center of the patch and mute the
migration swings), except for the seafloor area, which still presents
some challenges.

a)

b)

Figure 17. Comparison between (a) inline 330 and (b) inline 331
after reconstruction. The interpolated region shows remarkable sim-
ilarity between the two inlines, demonstrating the coherence and
consistency of the GAN-based interpolation.

a)

b)

Figure 18. Comparison between a depth slice (a) before and
(b) after reconstruction. The dashed red line indicates the location
of the minor gap (left) and major gap (right). The GAN-based in-
terpolation successfully restores missing information within the
depth slice corresponding to sample 200 in depth, thereby enhanc-
ing the overall data quality.
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pared with the GAN method. In contrast, Figure 21, which features
lower frequency content, shows that GAN interpolation signifi-
cantly outperforms the PEF method, as highlighted in the difference
images between the original and interpolated data.
Comparing our results with previous literature presents chal-

lenges due to the lack of standardized evaluation criteria, differing
problem formulations, and variations in data types. Nonetheless, a
reasonable quantitative comparison can be made with the work of
Oliveira et al. (2018), which uses the PRCC as the metric for fixed
large gaps in processed and migrated stacked data. Although we do
not replicate their work, we compute the mean PRCC for the largest
interpolated gap in each experiment. The results, provided in Ta-
ble 4, indicate that our Shift-Net approach achieves a higher PRCC
compared with the Pix2Pix method from Oliveira et al. (2018).

DISCUSSION

The results of this study demonstrate the effectiveness of the
Shift-Net GAN-based interpolation approach in tackling the chal-
lenges posed by large gaps in seismic data. By leveraging deep
learning, the model successfully captures the inherent patterns
and structures within the data, leading to significant improvements
in interpolation accuracy and realism compared with traditional
methods. In this section, we discuss the implications of these find-
ings, highlight the advantages and limitations of the proposed ap-
proach and suggest potential avenues for future research.

Advantages of GAN-based interpolation

The effectiveness of the Shift-Net GAN-based interpolation
method may be attributed to several key advantages inherent to
the deep-learning framework, most of which are based on well-rea-
soned conjectures rather than rigorous proof.
First, the model ability to learn and approximate the underlying

distribution of the seismic data enables it to generate interpolated
images that blend seamlessly with the original data. This is particu-
larly evident in Figures 20 and 21, where the GAN-based interpo-
lation preserves the continuity of geologic structures, resulting in
more coherent and geologically plausible reconstructions.
Second, the Shift-Net model capacity to capture local and global

features enhances its robustness in handling complex geologic struc-
tures and variations. Traditional interpolation methods, such as PEFs,
often struggle to accurately represent intricate patterns and subtle var-
iations in seismic data owing to their limited modeling capabilities. In
contrast, the GAN-based approach can capture and replicate fine de-
tails, leading to more accurate and realistic interpolations.
Furthermore, the GAN-based approach demonstrates superior

performance across multiple evaluation metrics, such as NRMS,
PRCC, SSIM, and PS/N (Table 3). This comprehensive assessment
suggests that the Shift-Net model not only improves the visual qual-
ity of interpolated data but also maintains high fidelity in terms of
signal preservation and similarity to the original data.

Limitations and future directions

Although the GAN-based interpolation approach showcases
good results, it is important to acknowledge its limitations and con-
sider potential directions for future research. One notable limitation
is the need for a substantial amount of training data to ensure ef-
fective model learning. Although our approach leverages a large set
of training patches, increasing the data set size and diversity could
further enhance performance.
Another aspect to consider is the trade-off between computational

complexity and interpolation performance. Although GAN-based
methods offer superior interpolation results, they require longer train-
ing times and increased computational resources than traditional
methods. Balancing these factors is essential for practical implemen-
tation, especially in real-time processing scenarios.

a)

b)

Figure 19. Comparison between a crossline (a) before and (b) after
reconstruction. The dashed red line indicates the location of the minor
gap (left) andmajor gap (right). The GAN-based interpolation success-
fully restores missing information coherently inside the hole keeping
only a visible sharp boundary between interpolated and original data.

Table 3. PEF-GAN metrics. Results of the comparison
between PEF and GAN interpolations.

Method NRMS (%) PRCC SSIM PS/N

PEF 122 0.35 0.15 21.2

Shift-Net 77 0.65 0.64 34.5

Table 4. Comparison of metrics for two different neural
networks: Pix2Pix (Oliveira et al., 2018) and our strategy for
the largest interpolated gap.

Method PRCC for largest gap Size of gap (% of image)

Pix2Pix 0.49 30

Shift-Net 0.68 48.4
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The generalization capability of our model is vital for its effec-
tive application across diverse seismic data sets. In this study, the
training time of approximately 5.5 h for the 2D implementation
reflects our model status as a scientific prototype aimed at dem-
onstrating feasibility rather than an optimized production tool. In
practical applications, a production-level net-
work would be pretrained on a large and varied
data set, capturing a wide range of seismic fea-
tures and conditions. This extensive pretraining
enhances the model adaptability to new data
sets, requiring only minimal fine-tuning to ad-
just for local variations. Such an approach sig-
nificantly reduces the computational burden
associated with retraining the model from
scratch for each new application.
Although the initial training phase may be

computationally intensive, the application (infer-
ence) phase of the trained network is extremely
fast. This rapid deployment makes the method
highly efficient for processing large volumes
of seismic data in real-world settings. Even when
extending the approach to higher-dimensional
data, such as 3D seismic volumes, leveraging
pretrained models with fine-tuning can mitigate
computational challenges. This strategy ensures
that the method remains feasible and practical for
industry-scale problems without prohibitive
computational costs.
By adopting extensive pretraining combined

with targeted fine-tuning, the proposed method
achieves strong generalization performance
while maintaining computational efficiency. This
balance addresses concerns about training time
and scalability, reinforcing the model practicality
for seismic interpolation tasks and minimizing
computational challenges in larger implemen-
tations.
In addition, the current GAN-based interpola-

tion approach assumes that the underlying geo-
logic structures remain consistent within the
interpolated gaps. Nevertheless, in cases in
which significant geologic variations occur
within the gap region, the model performance
may degrade. Investigating methods to adapt
the model to handle such scenarios could be a
potential avenue for future research.

Impact on geophysical applications

The success of GAN-based interpolation tech-
niques holds the potential to enhance various
geophysical applications, such as seismic inter-
pretation, reservoir characterization, and subsur-
face modeling. Accurate interpolation of missing
data facilitates more informed decision making
in oil exploration and production, enabling geo-
scientists to better understand complex subsur-
face structures and make reliable predictions.
Furthermore, the use of deep-learning tech-

niques for seismic data processing aligns

with the ongoing trend of leveraging ML in the geophysical indus-
try. As ML continues to evolve, its integration into seismic data
analysis workflows could result in significant advancements in
data quality enhancement, feature extraction, and predictive
modeling.

Figure 20. Shallow region comparison. (a) The original image, (b) PEF interpolation,
(c) GAN interpolation, (d) masked image, (e) difference between PEF result and origi-
nal, and (f) difference between GAN result and original. The GAN interpolation shows
superior performance, maintaining more coherent structures.

Figure 21. Deep region comparison. (a) The original image, (b) PEF interpolation,
(c) GAN interpolation, (d) masked image, (e) difference between PEF result and origi-
nal, and (f) difference between GAN result and original. The GAN interpolation exhibits
significant improvements, providing more accurate and coherent results.
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CONCLUSION

The application of deep-learning techniques for interpolation
tasks has shown significant promise and has gained popularity in
various fields. In this work, we investigate the effectiveness of
the Shift-Net network, trained as a generator in a GAN framework,
for large-gap seismic data interpolation.
Our results demonstrate that the Shift-Net generator network sur-

passes traditional interpolation methods, such as PEF, when applied
to marine data collected in the Santos Basin offshore Brazil. The
GAN training scheme allows the network to learn the underlying
patterns and structures of the data, leading to more accurate and
realistic interpolation results. This is particularly crucial for marine
data, which often exhibit large gaps and inconsistencies due to data
collection challenges.
Through careful training on reliable portions of the data set, our

Shift-Net network achieves the generation of high-quality interpo-
lated data, effectively filling in the gaps in seismic images. This
study underscores the potential of deep-learning and GAN-based
approaches in enhancing the accuracy and performance of interpo-
lation methods for geophysical data.
As deep-learning techniques continue to evolve, there is a prom-

ising outlook for further advancements in seismic data processing
and interpretation. Future research could explore the application of
more sophisticated GAN architectures, explore comprehensive
comparisons with standard techniques, and investigate the incorpo-
ration of additional geophysical information to further improve in-
terpolation performance. The pursuit of innovative techniques in
data interpolation can ultimately contribute to more informed deci-
sion making in oil exploration and production, benefiting the entire
geophysical community.
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NOMENCLATURE

Backpropagation: A method used in artificial neural networks
to improve the model by adjusting weights in the network. It works
by propagating the error back through the network layers to update

the weights, thereby minimizing the difference between the actual
output and the predicted output.
Batch: Refers to the set of data points used in one iteration of

model training. Instead of updating model parameters with every
single data point (stochastic gradient descent), batches allow the
update to be performed on multiple data samples at once.
Batch normalization: A technique to improve the training of

deep neural networks that standardizes the inputs to a layer for each
minibatch. This stabilizes the learning process and dramatically re-
duces the number of training epochs required to train deep
networks.
Concatenation: The operation of combining two arrays or ten-

sors into one larger array or tensor along a specified axis. In neural
networks, it often involves combining feature maps from different
layers.
Convolutional layer: A layer in a convolutional neural network

where a convolution operation is performed. The layer’s filters slide
across the input image (or feature map) to produce output feature
maps that abstract features such as edges and textures.
Dropout: A regularization technique used to prevent overfitting

in neural networks. It involves randomly setting a fraction of input
units to zero at each update during training time, which helps to
make the model robust and less likely to rely on any small set
of neurons.
Epoch: One complete pass of the training data set through the

algorithm. Each epoch consists of one or several batches, depending
on the size of the training data and the batch size.
Feature map: In the context of convolutional neural networks, a

feature map is the output generated by passing an input or another
feature map through a convolutional layer. It represents the features
extracted from the inputs by the convolution operation, typically
visual features such as edges, textures, or specific shapes.
Feature space: The multidimensional space that encompasses all

possible values of features used to represent the data in a model.
Each dimension in the feature space corresponds to one feature
in the data set, and the choice of features and their representations
form the basis of how machine-learning algorithms learn from
the data.
Feature vector: A vector that quantitatively represents an ob-

ject’s important characteristics or features in a numerical form. Each
dimension of the vector corresponds to one feature of the object, and
these vectors serve as the input for machine-learning models. The
entire data set is often represented as a matrix of feature vectors.
Leaky ReLU: A type of activation function that is intended to

solve the “dying ReLU” problem where neurons effectively die dur-
ing training and stop outputting anything other than zero. It allows a
small non-zero gradient when the unit is not active and unactivated.
Learning rate: A hyperparameter that controls how much to

change the model in response to the estimated error each time
the model weights are updated. Choosing the right learning rate
can be critical to training a successful model.
Loss function: A function that measures how far the output of a

neural network is from the expected output. The loss is calculated
on training data and its minimization is the objective of the training
process.
Model: Amodel is created by selecting and training an algorithm

(e.g., a neural network, decision tree, or linear regression), using
historical data to predict or classify new data points. The model
learns from the training data by adjusting its parameters to minimize
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the error in its predictions, ultimately aiming to generalize well on
unseen data.
Momentum parameters: A method that helps accelerate gra-

dient vectors in the correct directions, thus leading to faster converg-
ing. It is a modification to the gradient descent algorithm that adds a
fraction of the update vector of the past time step to the current
update.
Optimization method: A mathematical technique used to adjust

the parameters of a machine-learning model in order to minimize or
maximize an objective function, typically a loss function. Common
optimization methods include gradient descent, stochastic gradient
descent, momentum, Adam (adaptive moment estimation), and sec-
ond-order methods such as Newton’s method. These methods are
crucial for efficiently training models to achieve high accuracy and
generalization on unseen data.
Padding: A technique often used in convolutional neural net-

works to add layers of zeros outside the borders of an input volume.
Padding allows the size of the input and output volumes to match.
Patch: A small piece of the overall data, usually extracted from a

larger image or input array. In image processing, patches are used to
train models to understand smaller segments of an image.
ReLU (rectified linear unit): A popular activation function used

in neural networks, defined as the positive part of its argument. It
introduces nonlinearity to the model without affecting the receptive
fields of the convolution layer.
Stochastic gradient descent (SGD): An optimization method

used to minimize the loss function in machine-learning models. Un-
like traditional gradient descent, which computes the gradient using
the entire data set, SGD updates the model parameters using only a
single data point or a small batch of data at each iteration. This
makes SGD faster and more efficient for large data sets but intro-
duces more variability in the parameter updates, which can help es-
cape local minima and improve convergence.
Stride: The number of pixels shifts over the input matrix in a

convolutional layer. When the stride is greater than one, the feature
map is down-sampled by the factor of the stride.
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