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Abstract

Although the remarkable breakthrough offered by Deep
Learning (DL) models in numerous computer vision tasks,
the need to acquire large amounts of high-quality natural
data and fine-grained annotations is a shortcoming that
fundamentally increases the cost and time devoted to train-
ing these models in real-world applications. Hence, syn-
thetic datasets are considered reliable alternatives that can
reduce the data acquisition by replacing or merging with
natural data or effective pre-training of the models. To
this end, in this work, we propose a novel approach to in-
tegrate structural data structures with the synthetic noise
structures learned by unsupervised models that mimic the
noise structures in natural data. Based on the proposed
approach, we introduce the Sinusoid Feature Recognition
(SFR) dataset, which contains hard-to-detect fixed-period
sinusoid waves. While the previous works in this regard
use generative models to sample synthetic data to inflate the
training set, we instead apply unsupervised learning models
to generate deep synthetic noise which makes training mod-
els in the proposed dataset more challenging. We evaluate
the segmentation, image reconstruction, and sinusoid char-
acterization models pre-trained or fully trained on the syn-
thetic SFR dataset on a private dataset of grayscale Acous-
tic Tele-Viewer (ATV) images. Experimental results show
that supervision on our proposed synthetic dataset can im-
prove the accuracy of the models by 3-4% via pre-training,
and by 17-27% via ad-hoc training while dealing with chal-
lenging, realistic real-world images.

1. Introduction

Recognizing sinusoidal structures is a fundamental task
with applications in various signal processing and image
processing fields such as radar imaging, seismic imaging,
underwater acoustics, healthcare, and geology [4, 6, 27].
Each sinusoidal structure can be represented by features de-
termining its frequency, amplitude, and initial phase. More
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Figure 1. An overview of the proposed Sinusoid Feature Recogni-
tion (SFR) dataset for regression (left sub-figure), and segmenta-
tion (right sub-figure) tasks.

features can be extracted for more complex structures by
decomposing the primary signal into a couple of sinusoidal
waves, then encoding each wave to its features. In both
signal and image data, extracting these sinusoidal features
encodes information about the data.

Automated interpretation of geologic features is one of
the most important but often unnoticed applications of sinu-
soid recognition [27]. In geology sites, drill cores contain
valuable information about fractures in subsurface forma-
tions that are crucial in several extractive industries. De-
tecting and interpreting these fractures leads the geology
and petroleum experts to assess rock quality, characterize
gas and oil reservoirs, and perform geological modeling for
subsurfaces. Geologists employ acoustic probes to generate
unwrapped grayscale images from boreholes corresponding
to the drill cores by transmitting ultrasonic pulses from a
transducer and observing the time to receive the signals re-
flecting from the borehole wall. In these types of images,
which are known as Acoustic Tele-viewer (ATV) images,
planar fractures are represented with sinusoids whose ini-
tial phase and amplitude represent the axial and radial angle
of the fractures in the wrapped core [10].
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In the past three decades, a considerable research effort
was put to inspect automated noise-robust solutions in de-
tecting sinusoidal features from grayscale Acoustic Tele-
viewer images and color Optical Tele-viewer (OTV) im-
ages. With the recent advances in Deep-learning (DL),
data-driven approaches utilizing object detection and seg-
mentation models have achieved an outstanding accuracy in
predicting sine waves and their features from raw ATV im-
ages [12, 35, 37]. However, preparing pixel-level or bound-
ing box-level labeled data for training vision models em-
ployed in these approaches is a fundamentally costly and
time-consuming procedure. Moreover, human errors while
providing pixel-level annotations in large-scale data are in-
evitable, which noticeably hurdles training the network’s
accuracy during training.

Utilizing synthetic data has increasingly garnered inter-
est in overcoming the above limitations and reducing or
negating the need to spend vast amounts of time, money,
and human resources. In addition to these advantages, syn-
thetic datasets can also eliminate biases and improve fair-
ness in deep models. For example, some recent approaches
integrated raw data with synthetic data to provide clean
fuel for training segmentation models [1, 7]. Furthermore,
synthetic data can be generated using simulation software
or generative models to integrate hand-crafted labeled data
with natural information.

This work proposes a novel approach for generating
synthetic datasets functionalized for recognizing and char-
acterizing structural shapes. Unlike the prior works that
mainly utilize synthetic data collected from a generative
model for inflating and oversampling the training set, our
approach utilizes unsupervised generative modeling frame-
works to derive noise structures close to the ones seen
in natural images. Through our proposed approach, we
form a dataset containing ideal or partially distorted fixed-
period sine waves alongside various types of noisy struc-
tures, which make the prediction task more challenging. We
show that such a synthetic dataset can facilitate the training
of networks specialized for automated sinusoid recognition
by reducing the need to provide natural data in large scales
or high-level annotations. Our contributions can be summa-
rized as follows:

• We propose an approach to creating synthetic datasets
by employing unsupervised vision models for generat-
ing complex noise structures.

• We introduce the Sinusoid Feature Recognition dataset
(SFR), a publicly available synthetic dataset for fixed-
period sinusoid segmentation and characterization
tasks.

• We carry out several experiments to verify the ability
of the SFR dataset to pre-train or train Deep Learning
models that are functional in real-world applications.

2. Related works
2.1. Automated fixed-period sinusoid recognition

The earliest sinusoid characterization operates by gen-
erating a binary edge-map from ATV images and then ap-
plying Hough transform to obtain the amplitude and ini-
tial phase of the existing waves [16]. This framework was
developed later by adding noise removal pre-processing
steps [15], and replacing Hough transform with generalized
Radon transform [34]. In [8], odd-symmetry was employed
to detect the regions containing sine waves. Later, [2] used
the same idea to estimate the features of sinusoid waves by
matching the edge points in the same sine waves.

Instead of proposing image processing solutions, the
novel approaches employ deep vision models to perform
several sinusoid recognition tasks. In [12], a Fast R-CNN
model [14] is trained on ATV images to detect breakouts
and sinusoidal fractures. Alzubaidi et al. [1] applied a Mask
R-CNN model [18] to segment sinusoidal fractures, and af-
terward, characterized the sinusoids by applying a two-step
fitting using no-linear least squares. Zhang et al. [35] com-
bined a pre-trained ResNet-101 backbone [19] with a U-Net
architecture [28] to propose a fracture segmentation model
named RUNet.

2.2. Synthetic datasets

In recent years, synthetic datasets have been used in
many computer vision applications where providing pixel-
level or even bounding-box level annotations is a prohibitive
process.These applications include, but are not limited to
optical flow estimation [24], autonomous driving [26, 33],
and semantic segmentation [29]. More recently, the inter-
est on synthetic dataset generation has been significantly
increased in 3D vision tasks such as human shape mod-
elling [36], object shape reconstruction [20], 3D keypoint
extraction [32], and human pose estimation [13].

Synthetic data are created in automated ATV image in-
terpretation by adding structural shapes to natural data.
Deep learning-based sinusoid recognition solutions such as
[1, 12] increase their dataset size by adding synthetic dark
sinusoids to smooth image patches. In [12], some syn-
thetic waves become distorted using simple image process-
ing techniques (e.g. adding Gaussian noise, decreasing con-
trast). In these approaches, synthetic data can go as high
as 30,000 images [12]. However, unsupervised generative
models, which have shown an outstanding ability in creat-
ing artificial datasets in applications such as clothing [23]
and autonomous driving [21] are not employed in this ap-
plication yet.

2.3. Unsupervised anomaly localization

Unsupervised anomaly localization is to detect and seg-
ment abnormal patterns in test images that differ notice-
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ably from the majority of the training data. Anomaly
detection and localization methods can be divided into
reconstruction-based or embedding similarity-based meth-
ods [11]. This work focuses on reconstruction-based
anomaly localization approaches. In reconstruction-based
methods, an unsupervised model such as Convolutional Au-
toencoder [5] (CAE), Variational Autoencoder [3] (VAE),
or generative adversarial network (GAN) [30,31] is initially
learned to reconstruct a set of normal training images. In
the evaluation phase, the test images given to the model are
compared with their corresponding reconstruction images.
Finally, these two images are subtracted to form a residual
map where the model’s pixels that fail to reconstruct are
highlighted as anomalies. This heat map is also known as
an anomaly map.

3. Sinusoid feature recognition (SFR) dataset

Formerly, deep generative models such as GANs have
been used as solid tools for augmenting and generating syn-
thetic data and annotations in various tasks, such as nod-
ule detection in CT lung and breast CT scan images [7, 9].
Unlike this group of approaches, we employ unsupervised
models for generating complex noise structures. In this
work, we term this type of noise as deep synthetic noise.
In our proposed dataset, synthetic data are formed by gen-
erating random shapes that represent the structure of object
instances in natural data, applying random perturbations to
the ideal structures, and finally, adding three types of noise
to the data, which are incoherent noise, coherent noise, and
deep synthetic noise, respectively. The first two types of
noise are also called model-free noise since they are hand-
crafted using image processing techniques. Figure 2 shows
the workflow for forming structures and noise, as well as
samples of the generated synthetic data.

3.1. Structural data

Most structural shapes, such as lines, ellipses, and rect-
angles, can be represented with a couple of numeric shapes.
For example, each nodule can be modelled with an ellipse
with five parameters. This work defines its target struc-
tural shapes as horizontal fixed-period sine waves. Given
a grayscale image I = {I|I : Λ → R} with the dimensions
H ×W where Λ = {1, ...,H} × {1, ...,W} represents the
set of the locations in its domain, a sine wave can be defined
as:

y = d+A sin(ϕ+ ωx) (1)

where ω = 2π
W is the fixed frequency of the waves, and

the parameters d ∈ [0, H], A ∈ [0, H
2 ], and ϕ ∈ [0, 2π]

represent the horizontal offset, amplitude, and initial phase
of each wave, respectively. To generate each idea sinusoid,

initially, two random values for the initial phase and ampli-
tude are selected, and a parameter t defines the thickness of
the wave. Then, the parameter d is selected from the range
[A+ t,H − (A+ t)]. Note that all of the parameters above
are chosen using a uniform distribution.

To make partial random perturbations on the ideal struc-
tural data, we inherit the masking technique used in [25],
where random 2-Dimensional masks are generated in low
dimensions using Monte-Carlo sampling and then upscaled
to mask continuous regions in the image domain instead of
individual pixels. The perturbation process can be summa-
rized as follows:

1. Select a random number in range l = [2, log2
W
2 ].

Then, sample a binary mask of size 2l by setting each
of its elements independently to 1 with a probability of
pm, or to 0 with a probability of 1− pm.

2. Upsample each array to the size (W + 2l) via linear
interpolation.

3. Randomly crop a continuous subset of the array of
the size W , using a uniformly random indent in range
[0, 2l].

4. Vertically Paste H copies of the generated array to ex-
tend the mask.

Before perturbation, each sine wave is represented as a
binary mask with value 1 in the locations (x, y) and 0 in
the other regions. Perturbation is then performed by gener-
ating a random mask via the above process and masking a
sinusoid image via point-wise multiplication.

3.2. Model-free noise

Adding noisy patterns to the ideal or masked data makes
the synthetic dataset more challenging and consequently
makes the models pre-trained or trained on this dataset more
robust against the causes of distortion. In this work, two
model-free types of noise are added to the data, which are
described as follows:

3.2.1 Incoherent noise:

This type of noise appears like blobs in different scales. In-
coherent noise is generated with a similar process to gener-
ating perturbation masks. Initially, a random binary mask
of the size H ′ ×W ′ is generated, where H ′ ∈ [H8 ,

H
2 ] and

W ′ ∈ [W8 , W
2 ]. Each element in this mask is independently

set to 1 with a probability of pi and 0 with a probability of
1− pi. Then, the mask is upsampled to the size (H,W ).
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Figure 2. The framework for generating the synthetic SFR dataset. This figure shows the parameters used in each module.

3.2.2 Coherent noise:

This type of noise contains the shapes with a different form
rather than that of the structural data. In this work, inco-
herent noise contains non-sinusoidal shapes. These shapes
include random ellipses and lines. Ellipses are defined with
two parameters representing the location of their center and
two parameters representing their semi-major and semi-
minor axis. Lines also can be described with four param-
eters representing their start and end location. The noisy in-
stances are also deformed with an additive Gaussian noise,
which slightly distorts the coherent noisy shapes. Hence,
the equation for the coherent noisy lines are formed as:

yline = aline +m(xline − bline) + G(xline, σ) (2)

where G(x, σ) is a function that outputs a sample from
a Gaussian distribution with the standard deviation σ ∈
[0, σm], independently from its input x. In the same way,
given the variable θ ∈ [0, 2π], the ellipse equations can be
formulated as:

xellipse(θ) = aellipse + rx cos(θ) + G(xellipse, σ) (3)

yellipse(θ) = bellipse + ry sin(θ) (4)

3.3. Deep synthetic noise

In addition to the simple noisy patterns discussed above,
the most complex type of noise in our synthetic dataset
comes from reconstruction-based anomaly segmentation
frameworks. Such unsupervised frameworks consist of an
encoder-decoder architecture. We employed a Variational

Autoencoder (VAE) architecture in the deep synthetic gen-
erator [5, 22]. As shown in fig. 4, the VAE’s encoder maps
each given input I = {I|I : Λ → R} a n-dimensional
space of numeric representations z ∈ Rn known as latent
space, while the decoder aims to invert the encoder’s trained
function and form a reconstruction of the input image I ′. In
the training phase, this framework is trained with a dataset
of “normal” images1 using the following loss:

LΦ,Θ =
∑
λ∈Λ

((I(λ)−I ′(λ))2)+DKL(qΦ(z|I)||p(z)) (5)

In the loss function above, the term DKL(.) minimizes
the Kullback–Leibler (KL) distance between the prior dis-
tribution of the latent factors p(z) = N (0, I) and the pos-
terior likelihood distribution qΦ(z|I). The VAE’s encoder
and decoder carry the likelihood distributions qΦ∗(z|I) and
pΘ∗(I ′|z) respectively, after the VAE parameters are ob-
tained by solving the minimization problem below:

Φ∗,Θ∗ = argminΦ,Θ(LΦ,Θ) (6)

The framework only learns to reconstruct the regular pat-
terns in the image domain and fails to accurately reconstruct
anomalous patterns in a minority of the data. In this work,
anomalous patterns include sine waves and non-sinusoidal
noisy structures. Given each image I , the VAE’s encoder
samples a set of representations zI ∼ qΦ∗(z|I) and passes
them to its decoder. The anomaly detection VAE outputs

1To generate the SFR dataset, normal images denote the ATV images
without sine waves. Thus, they can lead the anomaly detector to learn
non-sinusoidal noise structures.
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Figure 3. Qualitative samples of the sinusoidal structures and
noise generated in the SFR dataset.

a residual map R by computing the absolute value of the
point-wise difference between the encoder’s input and de-
coder’s output.

R = abs(pΘ∗(I ′|zI)− I) (7)

The purpose of training the VAE is to generate non-
sinusoidal noisy patterns. This is achieved when the VAE
is fed with normal images in the inference phase. Our deep
synthetic noise generator employs the anomaly segmenta-
tion VAE to form residual maps, given the normal images.
Then, it applies a threshold tR = 0.1 on the obtained resid-
ual maps to extract non-sinusoidal noise, and finally, adds
them to the generated images to form the synthetic data.
Figure 3 depicts samples of ideal and masked sinusoids, as
well as incoherent, coherent, and deep synthetic noise added
to the data.

4. Experiments

In this section, we present the results of experiments con-
ducted to investigate the ability of the proposed synthetic
dataset in three sinusoid recognition tasks: 1) pre-training
semantic segmentation networks, 2) training image recon-
struction models that are operational in the real world, and
3) deep characterization of sinusoids. The following experi-
ments are set up using a private dataset of ATV images con-
taining sinusoid and smooth patches for whom pixel-level
annotations are partially available, and patch-level annota-
tions are fully available. All experiments are conducted on
an NVIDIA GeForce RTX 3060 GPU with 6GB memory.

To generate the SFR dataset, 9,000 training and 1,000
synthetic validation images containing up to four sinusoids
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Reconstruction Loss
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Reconstruction
Image
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Map

Variational
AutoEncoder

Test
Dataset

Reconstruction
Image

Residual
Map

Training Phase

Inference Phase

Figure 4. The deep synthetic noise generator module consists of
a VAE-Based anomaly detection framework fed with training im-
ages in its inference phase, and outputs non-sinusoidal noisy struc-
tures that the VAE has not learn to reconstruct during training.

are formed. For each image, Each of the operations mask-
ing, adding coherent noise, adding incoherent noise, and
adding deep synthetic noise are applied with a probability
of 0.5. The masking ratio pm is randomly selected from the
range [0.7, 1]. The maximum standard deviation for both
coherent and incoherent noise is set to σm = 7.0. Further-
more, the amount of incoherent noise pi is sampled from
the range [0, 0.04].

4.1. Semantic segmentation

This experiment is conducted to evaluate the effect of
pre-training a U-Net model [28] on synthetic data on in-
creasing its accuracy and data efficiency. This experiment
uses a dataset containing 5,226 training and 581 validation
images. Each training or validation data is a 256 × 256
image containing at least one sine wave. Moreover, pixel-
level annotation is provided for all data. The U-Net model
is trained with two different strategies as follows:

1. Training with the ATV data in 50 epochs, without pre-
training.

2. Pre-training with the SFR data in 20 epochs, and then
fine-tuning on the ATV data with 50 epochs.

In both strategies, training is processed using pixel-wise
Cross entropy loss and a Stochastic Gradient Descent
(SGD) optimizer, setting the learning rate to 0.01 and batch
size to 4. The model’s sinusoid segmentation maps are
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Pre-training
Sample

Sensitivity Specificity
F-1

Rate (γ) Score

Not Applied
0.33 46.71% 47.94% 20.30
0.66 47.03% 47.99% 20.53

1 51.73% 48.88% 22.42%

Applied
0.33 54.21% 48.95% 23.11%
0.66 56.75% 49.56% 24.17%

Table 1. Evaluation of the UNet trained with limited training data
for the states when pre-training with the SFR dataset is applied,
and is not applied. The parameter γ denotes the fraction of the
training set that the UNet is fed with.

filtered to evaluate the networks based on their median
value. Let the validation set contain K images (which is
equal to 581 in this experiment), the set of indexes {k|k ∈
{1, ...,K}}, and the model’s binarized outputs and annota-
tions be denoted as Sk and Gk respectively, the evaluation
metrics are computed based on the following terms:

• True Positive: TPk = ||Sk ⊙Gk||1

• False Positive: FPk = ||Sk ⊙G′
k||1

• True Negative: TNk = ||S′
k ⊙G′

k||1

• False Negative: FNk = ||S′
k ⊙Gk||1

where S′
k and G′

k represent the complimentary of Sk and
Gk, respectively. The evaluation metrics are defined as:

Sensitivity =
1

K

∑
K

TPk

TPk + FNk
(8)

Specificity =
1

K

∑
K

TNk

TNk + FPk
(9)

F1 =
2× Precision × Sensitivity

Precision + Sensitivity
(10)

where the term precision is defined as:

Precision =
1

K

∑
K

TPk

TPk + FPk
(11)

To observe the data efficiency of the model, we utilize
only γ percent of the available training data. The outper-
forming results of the pre-trained model as shown in Ta-
ble 1 infer that our synthetic dataset is able to compensate
lack of clean or labelled training data for training the model
since the coarse non-sinusoidal data are employed to gener-
ate representations in the synthetic dataset.
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Figure 5. The overview of the image reconstruction experiment.
The anomaly detector is trained with the natural data but utilized
to generate deep synthetic SFR noise. A reconstruction model is
trained with the SFR dataset and applied to remove noise from the
anomaly detector’s output.

4.2. Image reconstruction

The objective of this experiment is to segment sinusoidal
patterns only with a set of normal ATV data. Sinusoid
waves are considered anomalies that are not seen in the
training data. Hence, reconstruction-based anomaly detec-
tion models aim to learn the smooth representations in the
training data and output the sinusoidal structures in their
residual map. However, their residual map contains vari-
ous noisy structures in addition to the sine waves, making it
very likely for false positives to appear in the residual maps.

In this experiment, we initially train two anomaly detec-
tion models with the natural data and then use the trained
models as a deep synthetic noise generator for the SFR
dataset. Then, we train a VAE that aims to reconstruct
the sinusoids, given the noisy residual outputs from the
anomaly detection model. The architecture of the VAE is
shown in table 2. Figure 5 Shows the overview of the sinu-
soid reconstruction experiment. Furthermore, the applied
anomaly detection models are a VAE trained with Struc-
tural Similarity (SSIM) loss with the encoder architecture
defined in [5],and referred as SSIM-VAE, and the fAnoGAN
model proposed in [30].

The utilized training image contains 3,960 training im-
ages. The anomaly detectors are trained using the Adam
optimizer and an L2 regularizer with a coefficient of 0.01,
setting the learning rate to 0.01 and batch size to 32. The
image reconstruction model is trained with the same opti-
mizer and configurations as the anomaly detection model,
except that the learning rate is set to 10−6 and a weight de-
cay with the coefficient of 0.95 is applied. The validation
set in the previous section is used to evaluate the quality of
residual maps. In the evaluation, we use sensitivity and F1
metrics to measure the amount of noise removed by the re-
construction model. Table 3 shows that the reconstruction
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model is able to increase the sensitivity of the segmentation
model considerably. This improvement is achieved without
extending the training dataset, neither improving the qual-
ity of their data nor annotations, but it is reached with full
supervision on synthetic data.

Layer Output Channels Kernel Stride Padding

Input 1
Conv1 32 4× 4 2 1
Conv2 32 4× 4 1 2
Conv3 32 3× 3 1 1
Conv4 64 4× 4 2 1
Conv5 64 3× 3 1 1
Conv6 128 4× 4 2 1
Conv7 64 3× 3 1 1
Conv8 32 3× 3 1 1
Flatten 32,768
Linear 50
Linear 50

Table 2. Summary of the architecture of the encoder of the image
reconstruction VAE. The last two linear layers output the mean
and variance for the probability of the latent factors.

Model SSIM-VAE fAnoGAN
Framework Original Proposed Original Proposed

Precision 14.12% 16.95% 14.45% 20.75%
Specificity 50.64% 77.83% 60.19% 87.62%

Table 3. The results of the image reconstruction experiment.
The proposed approach refers to integrating the anomaly detection
models with the reconstruction VAE trained with the SFR dataset,
as shown in fig. 5

4.3. Sinusoid characterization

Unlike the previous experiments, this experiment fo-
cuses on estimating the features describing sinusoid waves
rather than segmenting sinusoid pixels. In this section, A
two-branch model is designated to detect and characterize
sinusoid waves in a stitched image. The goal of this ex-
periment is to estimate three parameters “horizontal depth”,
“initial phase”, and “amplitude” for each of the waves. The
model designated for this experiment operates in two steps.
In the first step, it provides a binarized segmentation map
representing anomalies in the image and the locations where
a sinusoid wave is predicted to exist. Next, each segment is
fitted to a sine wave with the frequency of ω = 2π

W .
Figure 7 depicts the sinusoid characterization frame-

work. Initially, a square sliding window is vertically moved
throughout the stitched image with a stride of 30 pixels,

Depth Error Phase Error Amplitude
(pixels) (deg) Error (pixels)

1.150 2.729 0.853

Table 4. Error of the RexNet-100 model on estimating the sinusoid
features in the SFR validation set.

and a RexNet-100 classifier [17] is applied to the corre-
sponding patches. Then, the patches where the classifier
predicts the existence of a sine wave with the highest confi-
dence score in their neighbourhood are passed to the SSIM-
VAE [5] anomaly detector trained in the previous section if
the confidence score passes a threshold of 0.5. The anomaly
maps binarized by the SSIM-VAE are passed to a sinusoid
characterization module. To train the RexNet-100 classi-
fier, 26,970 sinusoid images are added to the non-sinusoid
images used in the previous section to train the anomaly de-
tectors. Training this classifier is done using Cross entropy
loss and an SGD optimizer with a learning rate of 0.002 and
a weight decay of 3× 10−4.

In the prior sinusoid characterization literature, sine
waves are predicted to the segment locations using non-
linear least squares [1]. As a benchmark, we applied this
technique on the contours of the large segments in the
anomaly maps, as well as the combination of separated seg-
ments in the predicted patches. The predicted sine waves
by this approach are then enhanced using a non-maximum
suppression step to avoid predicting multiple waves for the
same locations.

In addition, we train a second RexNet-100 model for
a regression task on a recast of the SFR dataset that con-
tains only one sine wave in each of its data. The regression
model’s output layer is designated with 3 nodes, each of
them representing one of the sinusoid features. This model
is trained using the Mean Squared Error (MSE) loss be-
tween the predicted and correct sinusoid features and a SGD
optimizer with a learning rate of 10−6 and a momentum of
0.9. Table 4 reports the accuracy measures of this model on
the SFR validation set.

The stitched image used for evaluation has a dimension
of 115, 078 × 256 pixels. This image pictures a fraction
of a borehole of height of 230.15 meters, containing 678
sine waves. Let the features for each wave denoted as
(di, ϕi, Ai) where i ∈ {1, ..., 678} and the features above
represent depth, initial phase, and amplitude, respectively.
The features are translated to the features (d′i, αi, βi). The
first feature represents the depth in meters, and the latter
two are named “azimuth” and “dip”, respectively. Geology
experts are more interested in dip and azimuth values, since
these features enable them to plot the orientations in a 360◦

stereonet. Assume two constant offsets Cα and Cβ , these
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Figure 6. Qualitative comparison of the segmentation maps outputted by anomaly detection models and the segmentation maps enhanced
via the model trained on the SFR dataset (proposed).

Reconstruction VAE Estimator Precision Recall

Not Applied Least Square [1] 0.310 0.194
Not Applied RexNet-100 0.379 0.301

Applied RexNet-100 0.342 0.272

Table 5. The results of the sinusoid characterizaton model using
with respect to the configurations according to the Figure 7.

features are calculated as follows:

αi = ϕi + Cα (12)

βi = arctan(
A

R
) + Cβ (13)

where R = W
2π is the radius of the borehole, and the offsets

are set to Cα = 85◦ and Cβ = 12◦, respectively. Each
predicted sine wave (d′pred, αpred, βpred) is counted as a True
Positive (TP) if there exists a ground truth sine wave with
the index i with the conditions below, and a False Positive
(FP), otherwise:

1. |d′pred − d′i| < 15 cm

2. |αpred − αi| < 15◦

3. |βpred − βi| < 15◦

Each sine wave characterized with (d′pred, αpred, βpred) is
matched with the i-th ground truth wave if the conditions
above are met. False Negative (FN) denotes the number of
ground truth waves to whom no predicted wave is matched.

5. Conclusion
This work proposed a novel approach to derive synthetic

noise by training unsupervised anomaly detectors with nat-
ural data and mixing them with structural data. We pro-
posed the SFR dataset to recognize and characterize fixed-
period sinusoids in partially obscured and noisy data ac-

Figure 7. The framework for the sinusoid characterization experi-
ment. The results of this experiment are reported using non-linear
least square [1] sinusoid estimator and the RexNet-100 regression
model trained with the SFR dataset.

cording to this approach. Our experimental results veri-
fied that although our proposed dataset is synthetic, it al-
leviates the need for large-scale, high-quality natural data
and pixel-level labels in real-world problems dealing with
natural ATV images, both by efficient pre-training the seg-
mentation models and training image reconstruction and re-
gression models.

Our experimental results demonstrate that our approach
for generating the SFR dataset can be applied to generate
more comprehensive datasets used to recognize and charac-
terize more structural shapes. Many target objects such as
nodules and polyps in healthcare, underwater imaging, and
other fields can be modelled with such structures. Thus, in
such fields, synthetic datasets similar to SFR are powerful
tools to provide the fuel of Deep Learning vision models
while lowering the data acquisition cost and mitigating the
paucity of data.
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