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Abstract – Hydrographic research projects are often described as costly, data-intensive, high-stakes operations. This holds especially 
true for sub-bottom object detection where decisions regarding route planning, dredging or hazard assessment are often reliant 
upon sub-bottom profiler (SBP) data. Today, this data is commonly processed and interpreted manually. Whilst deep learning (DL)-
based object detectors are increasingly being utilised to automate processing and interpretation, preparation of raw SEG-Y data 
for optimal exploitation by various models remains underexplored. Because proprietary subsurface datasets are scarce, to say that 
training DL models from scratch is impractical would be an understatement. Consequently, researchers must rely on transfer learning 
and models pre-trained on large datasets of out-of-domain general digital images. This reliance underscores the critical importance 
of the transformation techniques used to translate raw acoustic-response data to digital image pixels. This paper explores and 
evaluates several SEG-Y-to-digital image transformation techniques, i.e., scaling or normalisation techniques on real-world data in 
conjunction with two well-known object detection frameworks. Image normalisation is positioned not as just another preprocessing 
step, but as a critical experimental component of the SBP detection pipeline. Evaluations were conducted on a single-system SBP 
dataset, representing a specific acoustic frequency range and environmental boundary condition. It was demonstrated that contrast 
enhancement and outlier clipping increase downstream model convergence, yielding a more robust target recovery performance 
despite severe background clutter.
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1.	 	INTRODUCTION

Sub-bottom profilers are a standard tool in marine 
geophysics for imaging the shallow subsurface be-
neath the seabed. They transmit acoustic pulses and 
record reflected energy along consecutive traces, 
producing profiles that reveal sediment layers, buried 
interfaces, and local anomalies that are not directly 
visible through bathymetric or optical observations 
[1, 2]. This information is essential when engineering 
or environmental decisions depend on sub-seabed 
conditions. Typical applications include offshore route 
planning, dredging, archaeological inspection, defence 

surveys, and the assessment of sub-seabed hazards [3, 
4]. In these settings, the practical goal is not only to vi-
sualise the seabed, but also locate objects or hazardous 
structures whose acoustic response may be weak, part-
ly masked, or distorted due to acquisition difficulties.

Object detection from SBP data is challenging be-
cause a sub-bottom profile is an acoustic record rather 
than a conventional image. Each trace contains ampli-
tude samples indexed by travel time. Buried infrastruc-
ture, natural objects, and sediment anomalies appear in 
the data through the acoustic responses they produce. 
These responses may take the form of hyperbolic reflec-
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tions, disrupted sediment horizons, or local changes in 
acoustic intensity [2–4]. Their visibility is also affected by 
acquisition conditions and post-acquisition processing 
[1,5,6]. Manual interpretation, therefore, remains slow 
and dependent on expert judgement, particularly for 
long survey lines and repeated monitoring campaigns.

Deep learning has increasingly been used for auto-
mated subsurface interpretation. In ground penetrat-
ing radar (GPR), convolutional detectors have been ap-
plied to B-scan images for tasks such as buried object 
detection, archaeological interpretation, road defect 
diagnosis, and rebar estimation [7–10]. This work is rel-
evant to SBP since both modalities can contain hyper-
bolic or arc-like responses from compact targets. SBP-
specific studies are few, but recent work has addressed 
the automatic detection of buried shipwrecks in 3-D 
SBP data and shallow mud features in submarine chan-
nels [3,4]. These results suggest that learning-based 
detection can support marine inspection workflows. At 
the same time, they point to a practical issue addressed 
in this paper, i.e., performance depends not only on the 
detector, but also on how acoustic amplitudes are rep-
resented as image intensities.

Image normalisation therefore represents an impor-
tant part of the SBP image representation. Although 
often treated as a minor preprocessing step, it can af-
fect which acoustic patterns remain visible to the de-
tector. When SBP data are used as image-like inputs, 
their amplitudes must be transformed to a suitable 
intensity range [11,12]. This transformation influences 
the contrast between object-related reflections and 
the surrounding sediment structure. Global normalisa-
tion may preserve profile level amplitude differences, 
but can be dominated by strong reflections. Trace-wise 
normalisation can produce a more balanced image, 
whilst suppressing amplitude trends that may carry 
physical information. Contrast enhancement can im-
prove the visibility of weak responses, but may also 
amplify noise. Similar effects have been noted in GPR 
visualisation, where normalisation and contrast map-
ping influence interpretation and may introduce ob-
server bias [11].

Despite this importance, image normalisation is rarely 
evaluated as an explicit design choice in SBP object de-
tection pipelines. Most existing studies apply generic 
display settings without considering how amplitude 
compression reshapes subtle acoustic signatures. This 
gap is especially problematic given the scarcity of an-
notated marine SBP benchmarks compared to mature 
computer vision tasks or broader GPR literature [3,4,7,8]. 
Rather than introducing another incremental network 
architecture, this paper presents a data-centric paradigm 
shift: a systematic empirical taxonomy and evaluation 
framework that uncovers how raw SEG-Y transforma-
tion mechanics influence feature preservation in deep 
neural networks. Faster R-CNN [13] and YOLO [14] are 
employed to test whether the observed effects are tied 
to a particular type of detector or remain present across 

different detection architectures. In this way, the paper 
treats image normalisation as an experimental compo-
nent of the SBP detection pipeline, a functional hyper-
parameter of sorts, rather than as a fixed display setting 
establishing the first standardised evaluation framework 
mapping SEG-Y dynamic range compression to acoustic 
hyperbola retention. The core novelty of this work lies in 
the first systematic, unified empirical evaluation of how 
raw SEG-Y amplitude transformations directly dictate the 
downstream feature extraction capabilities of structur-
ally distinct deep learning architectures. By shifting the 
focus from architectural tuning to data-centric prepro-
cessing optimisation, relationships between amplitude 
normalisation techniques and model-specific detection 
sensitivities in real marine environments are uncovered. 
The core contributions and empirical findings of this 
work are the systematic evaluation of 13 transformation 
techniques on real-world SBP data, demonstrating that 
global percentile clipping and trace-based scaling pro-
vide good feature distribution for generic vision models, 
bridging the gap between hyperbola enhancement and 
background noise suppression. The empirical findings 
are translated into practical utility, since scenario-spe-
cific recommendations mapping specific preprocess-
ing pipelines to operational guidelines are formulated 
based on them.

The rest of the paper is organised as follows. Section 
2 reviews object detection approaches in seismic imag-
ing, with emphasis on methods relevant to SBP data. 
It also provides an overview of commonly employed 
scaling-related preprocessing approaches. The con-
ducted experimental evaluation is described in Section 
3, whilst Section 4 summarises both the key observa-
tions and avenues for future work.

2.	 OBJECT DETECTION AND SEISMIC DATA 
PREPROCESSING

2.1. Object detection in seismic imaging

Object detection in seismic imaging differs from de-
tection in natural images because targets rarely have 
closed visual boundaries. Instead, they are identified 
from the responses produced by wave propagation. In 
2-D SBP data, compact buried targets often appear as 
hyperbolic or arc-shaped responses (or simply hyper-
bolae, in general). In sediment-related inspection, the 
relevant cue may be a local intensity change or a distur-
bance in otherwise continuous reflectors [2, 3]. Detec-
tion in such a setting requires, therefore, both physical 
interpretation and pattern recognition. Generally, the 
task difficulty depends on signal quality, background 
clutter, and target geometry [2–4].

Classical methods address subsurface detection by ex-
ploiting the geometry of the recorded responses. Hyper-
bola detection in GPR and seismic profiles has commonly 
relied on geometric or energy-based rules, such as tem-
plate matching, curve fitting, and migration-based anal-
ysis [12,15]. Furthermore, techniques based on the Ra-
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don and Hough transforms have been widely employed 
to map spatial hyperbolic signatures into localized focal 
points within a transformed parameter space, facilitat-
ing threshold-based target extraction [16–18]. These 
rules are useful as they encode physical prior knowledge 
and can work with limited labelled data. However, they 
depend on assumptions about the medium, reflector 
geometry, and background structure. Field data often 
depart from these assumptions, as reflections can over-
lap, sediment properties can vary laterally, and weak tar-
gets may be partly hidden by clutter or striping artifacts. 
In such complex environments, traditional mathemati-
cal detectors often become brittle, requiring extensive 
manual parameter tuning by expert geophysicists. This 
limitation has motivated the increasing use of DL-based 
detection. Whilst generic deep learning models are de-
signed for optical images, they overcome classical limi-
tations by extracting robust, hierarchical spatial features 
capable of identifying deformed or partial hyperbolic 
signatures. However, successfully adapting these archi-
tectures to acoustic data relies heavily on the quality of 
the input feature distribution, underscoring the critical 
need for optimized preprocessing pipelines.

Deep learning-based object detectors reduce the 
reliance on handcrafted rules by learning features di-
rectly from annotated samples. An early adaptation of 
Faster R-CNN to GPR B-scans showed that two-stage 
detectors can localise buried object signatures when 
real training data are complemented with simulated 
radargrams [7]. This is relevant to SBP since labelled 
samples are difficult to obtain and target appearance 
varies with acquisition conditions. Faster R-CNN first 
generates candidate regions and then refines object 
classification and bounding-box localisation [13]. This 
structure can be useful when targets occupy a small 
part of the profile or appear in cluttered backgrounds. 
Such conditions are common in SBP and GPR data, 
where object related reflections may be narrow, weak, 
or incomplete. The drawback is slower inference since 
candidate generation and refinement are performed 
sequentially. This trade-off may be acceptable for care-
ful offline interpretation, but becomes restrictive when 
large survey archives have to be screened.

Single-stage detectors take the opposite approach. 
YOLO predicts bounding boxes and class probabilities 
directly from a grid-based representation of the input 
image [14]. Its speed has made the YOLO family attrac-
tive for inspection workflows that involve large num-
bers of profiles. As mentioned, YOLO-based methods 
found broad use in GPR applications [9,10,19]. These 
studies indicate that single-stage detectors can cap-
ture hyperbolic and locally structured radar responses. 
They also motivate closer attention to the input repre-
sentation, alongside detector architecture and training 
strategy. RetinaNet addresses a related challenge by 
using focal loss to reduce the influence of numerous 
easy background samples [20]. This is relevant when 
object responses occupy only a small part of the pro-

file. In archaeological GPR data, learned detectors have 
been shown to provide useful hyperbola candidates, 
although additional fitting or interpretation may still 
be needed to estimate target properties [8].

SBP-specific studies are still more target dependent 
than the related GPR literature. Buried shipwreck detec-
tion in 3-D SBP data has been addressed using geomet-
ric reflection contours and prior hull shape information, 
rather than by generic image detectors [3]. Shallow 
submarine mud detection has been studied with an im-
proved YOLOv5s model applied to SBP-derived acoustic 
images, showing that DL-based detectors can be use-
ful in operational marine channel inspection [4]. These 
studies indicate that SBP data can support automated 
detection, but they also highlight an important practical 
aspect—bounding boxes may be sufficient for a quick 
survey, whereas engineering or geological interpreta-
tion often requires closer analysis of the detected re-
sponses. This reinforces the importance of how acoustic 
responses are represented as image intensities before 
applying various DL-based detection models.

2.2.	 Preprocessing acoustic responses 
	t hrough scaling and contrast 
	manipu lation techniques

A key aspect of learning in deep object detection 
models is gradient-based weight adjustment. When 
processing SBP data, the raw acoustic response values 
often span several orders of magnitude, which can lead 
to volatile gradients, sub-optimal convergence or model 
instability. To alleviate the aforementioned issues, data 
needs to be adequately scaled. Furthermore, annotated 
SBP data is scarce, to put it mildly, so concepts such as 
pre-training and knowledge transfer become essential, 
as has been shown for [21] GPR data. However, using 
models pre-trained on large-scale out-of-domain da-
taset is typically possible only if the acoustic responses 
produced by the SBP are converted into digital images, 
as the models are often optimised for 8-bit digital im-
ages. Bridging this gap warrants a transformation which 
would preserve geophysically significant features, whilst 
conforming to the characteristics of common computer 
vision benchmarks. The goal is then to find such a trans-
formation or scaling technique amongst the available 
choices, not merely to serve as a preprocessing step, but 
as a critical factor in ensuring the model’s ability to gen-
eralise across diverse sub-bottom environments.

The most straightforward technique for mapping 
acoustic intensities into the unit interval [0,1] is global 
min-max (GMM) scaling. Each sample xi,j, where the in-
dex i denotes the sample and j the trace, respectively, 
is linearly transformed by [22]

xs
i,j = xi,j−xmin

xmax−xmin

,

where xmax and xmin minimum and maximum sample 
values contained in the entire seismic image. Due to its 
simplicity, it is easy to implement and use, but may be 
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sub-optimal for SBP data characterised by high dynam-
ic ranges. High amplitudes, generated by, e.g. the sea-
bed reflector, cause a significant loss of visual contrast 
by effectively squashing lower amplitude stratigraphic 
details towards zero. In an attempt to combat this, per-
centile clipping (PC) is often implemented, in which 
the n-th and (100 − n)-th percentiles are determined, 
denoted as Pmin and Pmax and used as thresholds [23]. 
Samples exceeding them are clipped to the boundary 
values, after which standard min-max scaling is per-
formed. To effectively apply this technique, an appro-
priate choice for the percentiles must be made. Despite 
the improvement offered by clipping, global scaling 
techniques often cannot account for lateral variations 
in signal attenuation or changes in reflectivity across a 
survey. The use of global minimum and maximum am-
plitude-values is therefore sometimes discouraged in 
favour of using local, trace-based ones. The minimum 
and maximum values are computed for each column 
of data and samples are transformed as

xs
i,j = xi,j−xmin ,j

xmax ,j−xmin ,j

 ,

where xmin ,j and xmax ,j represent j-th trace minimum 
and maximum values. Beyond the normalisation tech-
niques, standardisation techniques are also commonly 
employed. Z-score standardisation, where samples are 
transformed by subtracting the mean and dividing by 
the standard deviation so they have zero mean and 
unit standard deviation (σ) represents one such tech-
nique [24]. Clipping is incorporated as an additional 
step, utilising the number of allowed standard devia-
tions as a cut-off threshold, where 2σ or 3σ represent 
sensible choices. A common alternative to peak-based 
and distribution-based transformation techniques 
is root mean square (RMS) normalisation [25], which 
scales the dataset based on the total power of the sig-
nal. The RMS value represents the quadratic mean of 
the amplitudes and serves as a measure of the average 
energy level. For a given trace or window of N samples, 
the RMS value is calculated as

xRMS = √( 1
N

N

∑
i=1

xi
2) .

The normalised samples are then simply computed as

xi
s = xi /xRMS .

This makes it significantly more robust to isolated noise. 
When applied on a trace-by-trace basis, it acts as a gain-
balancing tool that equalises the energy levels across the 
survey, ensuring that traces with weaker penetration are 
amplified to be comparable with those showing stronger 
returns. As linear scaling and statistical normalisation ad-
just the range and centre of the data, they do not alter the 
relative relationship between high and low amplitudes 
which can span several orders of magnitude. To bridge 
this gap, non-linear mapping functions can be used to 
compress or expand specific portions of the dynamic 
range. Logarithmic and exponential transformations rep-
resent viable choices in this regard [11].

Although the previously discussed techniques ef-
fectively stabilise the amplitude range across the data-
set, they remain fundamentally “point-wise" or “trace-
wise" operations, lacking awareness of the local spatial 
context within the 2-D seismic section. In sub-bottom 
profiling, this often results in an effect where deeper 
stratigraphic features remain suppressed relative to 
the high-energy seabed, even after normalisation. 
This warrants a move towards local spatial transforms, 
amongst which local contrast normalisation (LCN) [26] 
and contrast limited adaptive histogram equalisation 
(CLAHE) [27] stand out as prominent candidates. LCN 
is a non-linear scaling technique that operates on a lo-
cal neighbourhood. For each sample the local mean 
(μi,j) and standard deviation (σi,j) are calculated within a 
sliding window. The normalised samples are then com-
puted as

xs
i,j = xi,j−μi,j

max{ϵ,σi,j}
,

where ϵ represents a small constant preventing division 
by zero. CLAHE is essentially a histogram equalisation 
method operating on small non-overlapping regions 
called tiles. The histogram of each tile is computed and 
a transformation function is derived to redistribute the 
intensity values. To prevent the over-amplification of 
noise it introduces a clip-limit, redistributing excess val-
ues across other bins before performing equalisation.

As all of the described transformation techniques 
operate under different assumptions and provide dif-
ferent visual outputs, there is no clear choice to be 
made. This is corroborated by a visual comparison of 
the considered techniques, provided in Fig. 1, which il-
lustrates distinct trade-offs between target hyperbola 
enhancement and background noise amplification. 
As can be seen in sub-figure (a), Global Min-Max scal-
ing the buried hyperbolae remain visually subdued 
due to the dominance of the high-amplitude seabed 
reflection and the figure suffers from severe low con-
trast issues, effectively rendering hyperbolae indistin-
guishable from the background. The percentile based 
clipping approaches shown in sub-figures (b), (c) and 
(d) stretch the dynamic range, forcing faint targets 
across the visual threshold. This comes at the cost of 
heavily amplifying high-frequency artifacts. Sub-figure 
(h) highlights the boundary challenges of Local Con-
trast Normalisation (LCN), exhibiting a distinct noise 
artifact in the upper water-column region above the 
seafloor. This is a common consequence of local spa-
tial filters processing low-variance acoustic regions. Z-
score normalisation, shown in sub-figure (f ), offers only 
marginal contrast improvements over Global Min-Max. 
Finally, techniques that achieve a balanced dynamic 
range, such as RMS in sub-figure (e), Per-Trace scaling 
in sub-figure (g), and CLAHE in sub-figure (i), appear 
to provide the most sensible representation. It is clear 
that a comparative analysis of different transformation 
techniques, as a preprocessing step in a DL-based ob-
ject detection pipeline, is by all accounts a worthwhile 
endeavour.
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(d) (e) (f)
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Fig. 1. Examples of transformation techniques on a SEG-Y file patch: (a) global min-max, (b, c, d) percentile-based clipping
(1-99, 2-98, and 5-95, respectively), (e) RMS, (f) Z-score, (g) per-trace min-max, (h) LCN, and (i) CLAHE

F1- and F2-score (F1 and F2) given as

Fβ = (1 + β2) · precision · recall
(β2 · precision) + recall

,

where β = 1 for F1 and β = 2 for F2 respectively, and the
mean average precision (mAP). Two details should be elab-
orated upon. First, the F2-score, although not so common
in the literature, was utilised due to the emphasis it places
on recall and its relevance to human-in-the-loop workflows.
Second, two most common mAP variants were employed
for assessing object detection model performance internally,
mAP@50 and mAP@50-95. The mAP@50 corresponds to the
average AP when the intersection over union (IoU) threshold
is set to 0.5 and was selected and utilised for final evaluation
due to simple interpretation. The mAP@50-95 is the average
mAP across multiple IoU thresholds, “50-95” indicating the
use of thresholds in [0.5, 0.95] with 0.05 (or 5%) increments.
In this paper, the established MS COCO 101-point interpo-
lation is used to approximate the Precision-Recall (PR) curve
for efficient mAP calculation with a single class of interest.

Accordingly, mAP computation boils down to

mAP =
1

101

∑
r∈{0,0.01,...,0.99,1}

max
r̂≥r

p(r̂) ,

where p(r̂) is the precision measured at recall r̂.

3.2. Experiment design

To compare the transformation techniques, an experimental
framework was designed, a high-level outline of which is given
in Fig. 2. SEG-Y files were firstly preprocessed and converted
to digital images by employing the different transformation
techniques. This resulted in preprocessed high-resolution seis-
mic images, ranging from a thousand to tens of thousands
of pixels in both, width and height. Upon statistical inspec-
tion of different targets, i.e., hyperbola bounding boxes, the
bounding boxes of the smallest hyperbolae were found to be
less than 20 pixels in both width and height, whilst the size of
the largest hyperbolae were not greater than 100 pixels. Most
hyperbola sizes were around 32 pixels, and were mostly scat-
tered around, with background clutter dominating the overall
image. This poses a significant challenge to object detection
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3.	 Experimental evaluation of different 
transformation techniques

3.1.	 Experimental methodology 
	and  setup

For the purpose of training and evaluating the per-
formance of multiple detector models, real marine data 
was acquired using an Innomar SES-2000 compact and 
standard parametric SBPs, which operate at the 2kHz–
22kHz low frequency band with 96kHz sampling-rate 
and 24-bit sample resolution [28]. The dataset was col-
lected on several survey sites in the North sea, with 
water depths spanning the 10-30m range. The seabed 
substrate consists predominately of fine to coarse sand 
and gravelly sand. Typical targets consist of shallowly 
buried hyperbolic features (e.g., boulders, pipelines, and 
infrastructure) with dimensions spanning typical SBP 
acoustic resolutions. The collected SBP data was prepro-
cessed and manually annotated by experts from Hidro-
cibalae d.o.o. [29]. Preprocessing was performed using 

standard seismic preprocessing algorithms, including 
band-pass filtering with 5kHz–11kHz cut-off frequency 
range at 8kHz central frequency, and automatic gain 
control (AGC) [30, 31], and stored in the SEG-Y file format. 
It is important to note that whilst AGC applies a sliding 
trace-wise scaling to equalize depth-dependent attenu-
ation, it operates on raw 32-bit floating-point amplitude 
data before any dynamic range conversion to 8-bit im-
age matrices. Each SEG-Y file contains multiple traces 
of a single survey pass. All traces within a single SEG-Y 
file have the same number of samples and are stacked, 
thereby creating a 2-D scan of sub-seabed terrain. These 
2-D amplitude matrices were subsequently normalised 
to a [0,255]⊂Z grayscale range and exported as BMP im-
ages to be compatible with standard computer vision 
workflows. The positions of buried objects, i.e., hyper-
bolae were marked as points representing apices using 
the original SEG-Y files by an experienced annotator and 
then reviewed by another expert annotator. The rectan-
gular bounding boxes were created using the LabelMe 
annotation tool [32] where the annotator utilised the 
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previously annotated apex coordinates and tagged the 
physical bounding-box boundaries (limb extent) based 
on phase continuity and geometric shape. The final out-
put was a dataset consisting of 141 SEG-Y files, with 9348 
labelled hyperbolae. The dataset was partitioned into 
nine groups, denoted blocks, each one representing a 
single geological site containing geographically differ-
ent seismic features influencing the shapes and sizes of 
buried objects.

As seismic images contain noise, and with no ideal 
seismic images for comparison to obtain true signal-
to-noise ratio (SNR), the effectiveness of the transfor-
mation techniques is assessed indirectly, by evaluating 
the performance of the downstream hyperbolic object 
detection models. Detection metrics can provide a good 
insight in DL model performance, whilst DL model per-
formance in turn verifies preprocessing effectiveness. 
Well-established computer vision performance metrics 
for object detection are utilised for evaluation purposes, 
specifically the number of true positive (TP) detections, 
number of false positive (FP) detections, the number of 
false negative (FN) detections, precision given as

precision = TP /(TP +FP ),
recall given as

recall = TP /(TP +FN ),
F1- and F2-score (F1 and F2) given as

F β = (1+β2)⋅ precision ⋅recall
(β2⋅precision )+recall

 ,

where β=1 for F1 and β=2 for F2 respectively, and the 
mean average precision (mAP). Two details should be 
elaborated upon. First, the F2-score, although not so 
common in the literature, was utilised due to the em-
phasis it places on recall and its relevance to human-in-
the-loop workflows. Second, two most common mAP 
variants were employed for assessing object detection 
model performance internally, mAP@50 and mAP@50-
95. The mAP@50 corresponds to the average AP when 
the intersection over union (IoU) threshold is set to 0.5 
and was selected and utilised for final evaluation due 
to simple interpretation. The mAP@50-95 is the average 
mAP across multiple IoU thresholds, “50-95" indicating 
the use of thresholds in [0.5,0.95] with 0.05 (or 5%) incre-
ments. In this paper, the established MS COCO 101-point 
interpolation is used to approximate the Precision-Recall 
(PR) curve for efficient mAP calculation with a single class 
of interest. Accordingly, mAP computation boils down to

mAP = 1
101 ∑

r∈{0,0.01,…,0.99,1}

max
r̂≥r

 p(r̂) ,

where p(r̂) is the precision measured at recall r̂.

3.2.	 Experiment design

To compare the transformation techniques, an ex-
perimental framework was designed, a high-level out-
line of which is given in Fig. 2. SEG-Y files were firstly 
preprocessed and converted to digital images by em-
ploying the different transformation techniques. This 
resulted in preprocessed high-resolution seismic im-
ages, ranging from a thousand to tens of thousands 
of pixels in both, width and height. Upon statistical in-
spection of different targets, i.e., hyperbola bounding 
boxes, the bounding boxes of the smallest hyperbolae 
were found to be less than 20 pixels in both width and 
height, whilst the size of the largest hyperbolae were 
not greater than 100 pixels. Most hyperbola sizes were 
around 32 pixels, and were mostly scattered around, 
with background clutter dominating the overall image. 
This poses a significant challenge to object detection 
models, as the object of interest occupies a minuscule 
portion of the image. Furthermore, the seismic images 
came in different resolutions, and DL-based object de-
tectors combat this by resizing images to a common 
resolution, usually significantly smaller than the seis-
mic image. This raises another issue, as aggressive seis-
mic image resizing would result in hyperbolic features 
to fade into dominating background clutter. To solve 
the aforementioned issues, offline slicing aided hyper 
inference (SAHI) is partly utilised (patch extraction) to 
break a large seismic image into patches of the same 
size [33]. To balance hyperbola size whilst still leaving 
enough context for the model to effectively distin-
guish the target from background, a patch resolution 
of 640×640 was used. During SAHI slicing, not every 
patch contained full bounding box of hyperbolae, and 
most of patches contained background clutter. These 
patches were discarded, leaving only ones which fully 
captured one or more hyperbolae with labelled bound-
ing box coordinates local to that patch. Finally, the 
saved dataset contained altogether 6704 input patch-
es, preserving a total of 9344 hyperbolae, as some were 
discarded due to being on the patch boundaries. This 
was repeated for each transformation technique, keep-
ing the sliced regions the same for all.

SEG-Y files

Preprocessing

BMP seismic images

Labels

SAHI tiling
Dataset

generation &
cleanup

Seismic dataset
(Multiple patches

per seismic image)

Dataset 
splitting

          Train + validation dataset

BMP seismic images
for testing + test 

labels(test dataset)

Training +
Validation

Metrics

Trained model weights
(All epochs)

Post processing

Best trained
model weights

Deep learning 
model

Testing

Result metrics
(F1, mAP50, mAP50-95)

Detections Metrics
curves

 Fig. 2. Graphical outline of the experimental framework
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To build an object detection model and evaluate its 
performance, a dataset containing the full size trans-
formed seismic images, SAHI sliced input patches and 
labels (bounding boxes) was prepared. The dataset was 
split into training, validation, and test subsets target-
ing the ratio of 70% : 15% : 15%, respectively. Special 
care was taken to prevent any data leaks from test data 
into training data by splitting at the full-image level 
so images included in the test subset (including SAHI 
patches) were isolated and not used in any way in the 
training data. Because individual seismic images con-
tain varying densities of annotated hyperbolic targets, 
although the random image-level selection targeted 
a ∼15% test ratio, it inherently resulted in slight varia-
tion in total target counts per subset from the target. 
It is important to note that since data is acquired at 
different survey sites (blocks described earlier), it was 
ensured that each of the subsets contains samples 
with a proportional number of hyperbolae from each 
block as in the original dataset. This way, any hyperbo-
lae from one subset will never be present in any other 
subset, whilst balancing the amount of samples from 
all blocks amongst subsets. Input patches were directly 
used for training and validation, whereas full seismic 
images were used for testing. During model training, 
after each epoch model performance was evaluated on 
the validation data and early stopping was applied, i.e., 
stopping occurred after 30 epochs without improve-
ment. Finally, after training the models for all epochs, 
the model yielding the best mAP@50-95 metric on the 
validation data was selected and used for testing.

During model testing, SAHI-tiled inference was fully 
utilised. Tiled hyper-inference was run across the whole 
seismic image, and the seismic images were divided 
into overlapping patches. The size of patch used was 
the same as patch size used in the creation of the train-
ing dataset, i.e., 640×640, whilst patches overlapped 
at half that size, i.e., 320×320 pixels. After inference on 
every patch, the detection bounding boxes are trans-
formed back to the full seismic image and non-max 
suppression (NMS) and confidence thresholding are 
applied to clean redundant detections. For NMS, the 
IoU threshold of 50% was chosen. Regarding confi-
dence thresholding, the threshold of 50% was applied 
for metric calculation, although all detections with 
confidence of ≥5% were kept during inference to fa-
cilitate further analysis. After inference, the detections 
were saved and then used to compare against labeled 
ground truths to assess model performance.

Two DL-based object detectors frequently employed 
in the literature for similar problems (as shown in Sec-
tion 2) were utilised, YOLOv11n and Faster R-CNN. 
Table 1 shows the hyper-parameter configurations 
used. Each model was trained and evaluated on data 
generated by all of the transformation techniques. All 
default online data augmentations (e.g., Mosaic, Mix-
Up, random geometric transformations, jitter etc.) were 
explicitly disabled across all training runs for both de-

tection models. All metrics were taken at a confidence 
threshold of 0.5 and IoU threshold of 0.5. It is important 
to acknowledge here the inherent performance trade-
off between transfer learning and training models from 
scratch in the context of SBP data. Preliminary evalua-
tions conducted during the design phase of this study 
heavily indicated that training from scratch yielded 
inferior overall performance. Conversely, initialising 
the models with pre-trained weights substantially im-
proved the TP detections and minimised FN, albeit at 
the cost of an elevated FP rate, even though the pre-
training was done on general natural images, not spe-
cific problem data containing hyperbolic signatures. 
As maximising recall is a critical priority in geophysical 
workflows with human-in-the-loop, transfer learning 
was universally adopted for evaluated models.

3.3.	 Results and discussion

The comprehensive set of evaluation metrics for each 
transformation technique are summarised in Table 2 
for the YOLOv11n model and in Table 3 for the Faster R-
CNN model where unweighted arithmetic means over 
three separate spatial splits of data are reported. The 
exact same three spatial image splits were held strictly 
constant across all 13 preprocessing transformations 
and both detection architectures to guarantee iden-
tical, controlled evaluation conditions. The assessed 
techniques include GMM, per-trace min-max (PT-MM), 
PC with three different low and high percentiles (PC1-99, 
PC2-98, PC5-95), RMS normalisation, z-score standardisa-
tion (Z-score), LCN with three different window sizes 
(LCN30×30, LCN100×100, LCN400×60) and CLAHE with three dif-
ferent tile sizes and clip limits (CLAHE32×32-1, CLAHE64×64-1, 
CLAHE128×128-1). For the CLAHE implementations, a com-
posite variant suggested in [34] utilising a 3×3 pixels 
Gaussian filter was applied, tackling high-frequency in-
tensity artefacts which would otherwise be dispropor-
tionately amplified by the adaptive equalisation algo-
rithm, as was inferred during the experimental design 
phase of this study.

 Table 1. Deep learning models and hyper-
parameters used in the experiments

Model YOLO Faster R-CNN

Variant YOLOv11n MobileNet v3 Large + FPN

Pretraining COCO

Optimiser AdamW SGD

Learning rate 0.002 0.00005

Momentum / 0.9

Weight decay 0.00005

Epochs 100

Batch size 16

Whilst the above-mentioned techniques represent a 
curated set of potential choices, they serve to highlight 
that the method used to transform raw seismic ampli-
tudes into digital images is a critical determinant of 
downstream object detection success. 
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This is underscored by the variance in detection per-
formance across experimental runs, despite the fact 
that training hyper-parameters, local architectures, 
and ground truth annotations remained completely 
identical. When looking at the results overall, it is no-
ticeable that both models perform the best with tech-
niques that bound or mitigate amplitude outliers, such 
as percentile clipping and variants of CLAHE. Specifi-
cally, these techniques yield the highest TP counts and 
conversely the lowest FN counts, meaning they are the 
most effective at preventing real hyperbolic traces from 
being overlooked. This hints that the outliers present in 
the dataset squashing hyperbolae indeed represent an 
issue and eliminating or penalising them directly facili-
tates better convergence.

Distinct architectural preferences are visible, as some 
techniques appear to be better suited for certain detec-
tors. One such example is the LCN400×60 which proved 
to be a good performer when combined with Faster R-
CNN matching the performance of CLAHE in some as-
pects, albeit generating a higher number of detections 
(and thus false positives). The same technique cannot, 
however, be recommended as a viable tool when YO-
LOv11n is under consideration as the model of choice. 
The rectangular shape of the window for this tech-
nique, along with competitive performance shown by 
the PT-MM technique both indicate that scaling data 
along individual acoustic traces preserves localised hy-
perbolic waveforms in a manner that favours two-stage 
region-proposal networks, warranting further research 
into trace-centric techniques.

Another issue that is easily discernible from the 
shown results is the presence of a severe trade-off be-
tween missing hyperbolae and detecting them where 
there are none. The techniques which achieved the 
best results in terms of TP and FN are usually the worst 
ones in terms of FP (e.g. CLAHE64×64-1 and LCN400×60  for 
the Faster R-CNN and PC5-95 and CLAHE32×32-1 for YOLO), 
which is reflected in the attained precision and recall 
values for both models. Here one might argue that pre-
cision is arguably low for all of the techniques. Whilst 
a generalised precision below 0.5 would be problem-
atic in standard computer vision tasks, it reflects a 
well-documented domain constraint in shallow marine 
geophysics. Further, it must be noted that even human 
annotators frequently disagree whether a faint or frag-
mented hyperbolic shape is relevant and should be in-
cluded in their report. The data on which the models 
have been trained reflects these inherent biases. Inter-
rater agreement and metrics taking it into account 
might prove beneficial for this matter, but the annota-
tion process is slow and expensive so annotations by 
multiple experts is hard to obtain. Another contribut-
ing factor to the high false positive rate stems from the 
patch generation strategy, which purposefully extract-
ed training patches centred on annotated hyperbolae 
whilst excluding pure-background patches (hard nega-
tives). During sliding-window (SAHI) inference, the de-

tector encounters unannotated background regions 
that were unrepresented during training, occasionally 
leading to over-proposed candidate regions. Whilst in-
corporating a controlled proportion (e.g., 10–20%) of 
negative background patches during training can ame-
liorate this, high recall remains preferable in human-
in-the-loop engineering workflows. In practical SBP 
interpretation, where the system serves as a decision-
support tool for human geophysicists, rejecting false 
candidate proposals is significantly less labor-intensive 
than manually searching for unprompted, faint hyper-
bolic targets across extended line profiles.

Turning attention to the models, YOLO proved highly 
sensitive to the technique applied. The number of cor-
rectly identified hyperbolae varies significantly across 
techniques, as does the number of overall detections. 
This is not the case for the two stage Faster R-CNN, how-
ever, as it demonstrated more stability in this regard, al-
beit at the expense of numerous total detections. This be-
haviour is structurally tied to Faster R-CNN’s region-pro-
posal network (RPN), which heavily samples prospective 
regions from background clutter. Notably, Faster R-CNN 
yielded significantly higher average confidence scores 
for correct decisions, implying that its high false-positive 
rate could be effectively mitigated in post-processing by 
raising the confidence threshold above the initial evalu-
ation baseline of 0.5. Consequently, given its superior 
stability and higher overall recall potential, Faster R-CNN 
represents the preferred choice for this subsurface ap-
plication, with future optimisations focused on tuning 
per-trace variations and adaptive block-size parameters 
in local contrast techniques.

Finally, the attained results, although obtained on an 
arguably large dataset for this specific problem, do not 
render any specific transformation technique a clear 
choice overall. They do, however point to the importance 
of carefully choosing which one is to be used depending 
on the model and that they do indeed have a profound 
impact on the feature extraction capabilities of deep 
learning architectures. Moreover, they hint at the useful-
ness of clipping outliers, highlight the need of looking at 
trace-based procedures and enhancing contrast.

To accompany the tabular data and serve as visual 
reference, an example of detection on unseen test data 
for CLAHE64×64-1 and Faster R-CNN is provided in Fig. 3. In 
the example, the blue bounding boxes denote ground 
truths, the green bounding boxes denote true positives 
(with IoU=0.5), whilst the red bounding boxes denote 
false positives. Although only a single seismic image is 
annotated utilising the tool, the overall outlook is similar 
regardless of the selected image. The model struggles 
with detecting hyperbolae surrounded by seabed tran-
sitions, some occasions of a smaller bounding boxes 
leading to false positives whilst overlapping a ground 
truth bounding box are visible, and multiple instances 
of hyperbola like shapes are annotated which were not 
amongst the annotated instances. 
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Table 2. Performance of the transformation techniques with YOLOv11n. Note: Shaded cells contain the best 
attained values for specific metrics. Values are reported as unweighted arithmetic means across three splits 

accompanied by the relative standard deviation [%].

Technique
GT Det. TP FP FN Avg. conf. Avg. IoU Precision Recall F1 F2 mAP@50

μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD

GMM
1789.00 1779.67 822.00 957.67 967.00 0.654 0.758 0.510 0.459 0.459 0.453 0.435

±1.95 ±58.77 ±32.06 ±82.75 ±25.98 ±5.87 ±1.47 ±27.64 ±31.33 ±8.07 ±19.40 ±13.85

PT-MM
1789.00 1478.67 861.33 617.33 927.67 0.653 0.776 0.586 0.482 0.527 0.499 0.544

±1.95 ±11.81 ±5.37 ±21.33 ±6.05 ±2.33 ±1.93 ±7.44 ±5.58 ±0.68 ±3.52 ±2.12

PC1-99

1789.00 1766.00 889.33 876.67 899.67 0.658 0.770 0.542 0.497 0.500 0.494 0.506
±1.95 ±48.15 ±25.58 ±71.87 ±24.51 ±3.23 ±1.07 ±24.70 ±25.02 ±5.08 ±15.25 ±10.72

PC2-98

1789.00 1332.33 840.00 492.33 949.00 0.649 0.779 0.637 0.469 0.538 0.494 0.553
±1.95 ±19.30 ±11.12 ±33.65 ±6.65 ±1.55 ±0.67 ±7.79 ±9.37 ±2.22 ± 6.59 ± 2.10

PC5-95

1789.00 1860.33 956.33 904.00 832.67 0.653 0.774 0.546 0.534 0.526 0.527 0.534
±1.95 ±42.30 ±18.44 ±67.68 ±20.47 ±2.78 ±0.72 ±21.16 ±17.94 ±3.38 ±9.00 ±2.49

RMS
1789.00 1518.00 877.00 641.00 912.00 0.663 0.778 0.595 0.489 0.528 0.502 0.545

±1.95 ± 30.88 ±19.67 ±46.23 ±15.52 ±2.56 ±0.88 ±14.16 ±18.16 ±5.03 ±13.42 ±4.74

Z-scoreσ=2

1789.00 1494.33 844.00 650.33 945.00 0.663 0.781 0.570 0.471 0.513 0.486 0.521
±1.95 ±21.08 ±13.53 ±31.12 ±9.26 ±5.08 ±0.85 ±7.14 ±11.91 ±3.12 ±8.43 ±2.04

LCN30×30

1789.00 988.67 688.67 300.00 1100.33 0.633 0.784 0.704 0.385 0.494 0.422 0.535
±1.95 ±22.56 ±15.96 ±39.68 ±8.38 ±3.36 ±0.88 ±8.71 ±14.69 ±7.14 ±12.04 ±3.98

LCN100×100

1789.00 1154.00 748.67 405.33 1040.33 0.650 0.772 0.656 0.419 0.508 0.450 0.518
±1.95 ±17.86 ±8.26 ±35.88 ±9.10 ±0.36 ±1.20 ±8.99 ±10.17 ±2.47 ±7.32 ±1.14

LCN400×60

1789.00 1650.67 888.00 762.67 901.00 0.646 0.774 0.550 0.495 0.515 0.502 0.522
±1.95 ±28.87 ±17.30 ±43.25 ±13.23 ±1.28 ±1.04 ±11.76 ±15.50 ±4.80 ±10.86 ±5.34

CLAHE32×32-1

1789.00 2023.67 943.33 1080.33 845.67 0.659 0.772 0.490 0.528 0.501 0.514 0.503
±1.95 ±30.10 ±3.37 ±54.06 ±6.61 ±4.17 ±1.90 ±24.70 ±4.56 ±11.79 ±2.82 ±12.78

CLAHE64×64-1

1789.00 1766.00 855.00 911.00 934.00 0.646 0.772 0.559 0.480 0.480 0.473 0.520
±1.95 ±61.65 ±30.45 ±93.33 ±31.20 ±6.42 ±1.58 ±32.77 ±32.03 ±11.58 ±22.02 ±4.42

CLAHE128×128-1

1789.00 1923.67 870.67 1053.00 918.33 0.649 0.778 0.537 0.489 0.474 0.472 0.509
±1.95 ±71.10 ±31.20 ±104.32 ±33.37 ±3.29 ±1.28 ±33.35 ±33.28 ±5.91 ±17.51 ±2.70

Table 3. Performance of the transformation techniques with Faster R-CNN. Note: Shaded cells contain the 
best attained values for specific metrics. Values are reported as unweighted arithmetic means across three 

splits accompanied by the relative standard deviation [%].

Technique
GT Det. TP FP FN Avg. conf. Avg. IoU Precision Recall F1 F2 mAP@50

μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD μ±RSD

GMM
1789.00 2550.00 1116.33 1433.67 672.67 0.769 0.742 0.439 0.624 0.515 0.575 0.540

±1.95 ±7.63 ±4.05 ±11.98 ±5.22 ±1.58 ±1.24 ±6.43 ±3.16 ±3.22 ±2.02 ±4.34

PT-MM
1789.00 2813.33 1178.33 1635.00 610.67 0.778 0.748 0.425 0.659 0.514 0.591 0.567

±1.95 ±18.24 ±6.69 ±27.23 ±12.10 ±1.42 ±1.21 ±13.22 ±6.22 ±5.91 ±1.99 ±2.62

PC1-99

1789.00 2557.67 1147.00 1410.67 642.00 0.775 0.751 0.451 0.641 0.528 0.590 0.566
±1.95 ±12.93 ±6.20 ±18.87 ±8.36 ±0.39 ±0.68 ±7.11 ±5.08 ±2.62 ±2.09 ±2.03

PC2-98

1789.00 2631.00 1135.33 1495.67 653.67 0.775 0.749 0.444 0.635 0.517 0.579 0.567
±1.95 ±24.71 ±8.86 ±36.84 ±17.30 ±1.48 ±0.97 ±17.90 ±9.35 ±6.06 ±2.64 ±1.45

PC5-95

1789.00 2937.00 1182.33 1754.67 606.67 0.771 0.744 0.408 0.661 0.502 0.586 0.558
±1.95 ±16.64 ±4.94 ±24.90 ±8.47 ±1.95 ±0.26 ±11.93 ±4.31 ±5.96 ±0.93 ±2.88

RMS
1789.00 2629.00 1139.33 1489.67 649.67 0.768 0.747 0.434 0.636 0.516 0.582 0.552

±1.95 ±10.85 ±7.96 ±13.18 ±9.48 ±2.03 ±1.45 ±3.23 ±6.35 ±1.21 ±3.90 ±3.32

Z-scoreσ=2

1789.00 2704.00 1165.00 1539.00 624.00 0.769 0.747 0.432 0.651 0.519 0.591 0.566
±1.95 ±8.41 ±5.38 ±12.46 ±7.56 ±1.91 ±1.13 ±6.57 ±4.33 ±3.64 ±2.98 ±3.58

LCN30×30

1789.00 2450.67 1102.00 1348.67 687.00 0.760 0.744 0.453 0.616 0.520 0.573 0.548
±1.95 ±14.36 ±7.13 ±20.34 ±8.83 ±0.42 ±0.96 ±7.01 ±6.00 ±1.68 ±2.56 ±2.66

LCN100×100

1789.00 3003.33 1176.33 1827.00 612.67 0.771 0.750 0.392 0.658 0.491 0.579 0.551
±1.95 ±3.21 ±2.39 ±3.80 ±2.22 ±1.53 ±0.61 ±1.05 ±0.92 ±0.32 ±0.34 ±1.40

LCN400×60

1789.00 3101.33 1194.00 1907.33 595.00 0.777 0.745 0.391 0.668 0.491 0.582 0.561
±1.95 ±19.53 ±6.52 ±27.70 ±13.96 ±1.04 ±0.53 ±12.58 ±6.60 ±5.66 ±0.99 ±2.13

CLAHE32×32-1

1789.00 2791.00 1167.33 1623.67 621.67 0.772 0.747 0.424 0.653 0.512 0.587 0.566
±1.95 ±16.79 ±4.91 ±25.42 ±11.42 ±0.55 ±1.00 ±12.80 ±5.46 ±5.33 ±0.64 ±1.71

CLAHE64×64-1

1789.00 2949.67 1194.00 1755.67 595.00 0.784 0.747 0.410 0.668 0.505 0.591 0.560
±1.95 ±14.93 ±5.03 ±22.38 ±12.71 ±1.74 ±0.92 ±12.09 ±5.71 ±5.37 ±2.08 ±2.05

CLAHE128×128-1

1789.00 2588.00 1144.67 1443.33 644.33 0.776 0.747 0.447 0.640 0.524 0.587 0.567
±1.95 ±14.62 ±3.85 ±24.34 ±10.47 ±1.55 ±0.97 ±12.02 ±5.01 ±5.81 ±2.60 ±4.08
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Tools which might prove useful for dealing with mis-
labelled instances include hard negative mining, ad-
justment of the confidence threshold, including more 
of the hyperbola environment for additional informa-
tion and training a separate model on the output of 
the object detector to deal with the false positives.  

The general guideline here trying to avoid missing hy-
perbolae, and dealing with the false positives post hoc, 
as even a semi-automated procedure would be highly 
beneficial to annotators which would be able to reject 
suggestions not representing relevant objects.

Fig. 3. An example of annotations on unseen test data (Confidence=0.5, IoU=0.5), where ground truths, 
true positives and false positives are represented by blue, green and red bounding boxes, respectively.

3.4.	 Generalisation test

An additional insight into the effect of the consid-
ered techniques on the generalisation capabilities of 
downstream models can be gained from Table 4. The 
results of a separate experiment are reported in which 
the trained Faster R-CNN model from the first experi-
ment was employed, as it was the better performing 
one amongst the two considered, on an unseen, geo-
graphically separate block of seismic data. The utilised 
block consists of 13 SEG-Y files with 171 annotated hy-
perbolae in total. Two important points must be clari-
fied. Firstly, the entire block (region) of seismic images 
is previously unseen by the model, i.e., no data from 
this entire block can be found in the training subset. 
Secondly, the data annotations differ significantly in 
the amount of annotated hyperbolae when compared 
to the original data utilised in the first experiment, 
highlighting the differences between annotator opera-
tion. Both of the aforementioned facts render this ex-
periment a challenging real-world test of the included 
transformation techniques and their influence. The first 
thing that stands out when considering the obtained 
results is the number of false positives, which is unrea-
sonably high, even accounting for the (expected) large 
number of detections generated by Faster R-CNN. The 
reasons for this should primarily be sought after in the 
expert annotations, as the number of ground truths 
is considerably lower for the images contained in this 

new block than in similarly sized images in previously 
used blocks, even though they remain visually similar. 
What can be observed, despite this discrepancy, is the 
fact that the best results overall on this new data are 
obtained when utilising percentile clipping, and that 
the PT-MM has shown overall the highest number of 
TP. Since these approaches are followed by the CLAHE 
with a small window and LCN with a rectangular one, 
the conclusions reached in the first experiment still 
hold, at least to a degree. Utilising techniques which 
scale data along individual acoustic traces and remove 
outliers do indeed seem to be favourable choices. Cer-
tainly, a single block is not enough to make any bold 
claims, but the outcome is symptomatic and requires 
further investigation on yet more separate blocks of 
different geographical properties.

3.5.	 Actionable guidance

To summarise, based on the described empirical 
findings, actionable guidance for practitioners deploy-
ing deep learning on SBP data can be offered. For gen-
eral-purpose analysis, percentile clipping approaches, 
especially trace-based ones (e.g., PT-MM), are recom-
mended as a default baseline, as they standardise am-
plitudes without introducing high-frequency artifacts. 
In high-noise environments or in the case of faint tar-
gets, composite local pipelines such as CLAHE-based 
ones would be preferable. 
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Although they might increase the false positive rate, 
Gaussian smoothing enables them to reduce back-
ground speckle and better isolate hyperbolic signa-
tures in these complex environments. Whilst they do 
require careful parametrisation, based on the conduct-
ed analysis it seems that utilising a square window of 
32×32 or 64×64 (roughly the size or double the size of 
the smallest targets) and a small window size for the 

Gaussian filter (e.g. 3×3 pixels) represents a good start-
ing point. Furthermore, both PT-MM and CLAHE pipe-
lines seem suitable for human-in-the-loop workflows 
where the false-positive rejection is left to the human 
operator. For resource constrained environments, 
where real-time inference is expected, complex opera-
tors should be avoided in favour of (computationally) 
simpler PT-MM or PC techniques.

Table 4. Performance of the transformation techniques with Faster R-CNN on a previously unseen block of data

Technique GT Det. TP FP  FN Avg. conf. Avg. IoU Precision Recall F1 F2 mAP@50
GMM 171 1175 83 1092 88 0.703 0.710 0.071 0.485 0.123 0.223 0.147

PT-MM 171 1415 118 1297 53 0.713 0.694 0.083 0.690 0.149 0.281 0.194

PC1-99 171 1130 113 1017 58 0.724 0.700 0.100 0.661 0.174 0.311 0.262
PC2-98 171 1344 114 1230 57 0.710 0.699 0.085 0.667 0.151 0.281 0.235

PC5-95 171 1199 106 1093 65 0.732 0.677 0.088 0.620 0.155 0.281 0.213

RMS 171 387 51 336 120 0.702 0.675 0.132 0.298 0.183 0.238 0.093

Z-scoreσ=2 171 1363 107 1256 64 0.707 0.705 0.079 0.626 0.140 0.261 0.185

LCN30×30 171 882 96 786 75 0.698 0.700 0.109 0.561 0.182 0.307 0.253

LCN100×100 171 1387 102 1285 69 0.712 0.699 0.074 0.596 0.131 0.246 0.197

LCN400×60 171 1595 108 1487 63 0.735 0.701 0.068 0.632 0.122 0.237 0.210

CLAHE32×32-1 171 1330 107 1223 64 0.730 0.692 0.080 0.626 0.143 0.266 0.158

CLAHE64×64-1 171 1509 103 1406 68 0.735 0.685 0.068 0.602 0.123 0.235 0.151

CLAHE128×128-1 171 1416 100 1316 71 0.725 0.691 0.071 0.585 0.126 0.238 0.175

4.	 CONCLUSION

This paper investigates the critical role of image trans-
formation techniques when applying deep learning ob-
ject detection models to seismic data acquired via sub-
bottom profiling. Their importance is emphasised by data 
scarcity and operational costs of acquiring additional 
data, warranting the use of transfer learning and models 
pre-trained on general out-of-domain digital image data. 
Through an experimental analysis on real-world datasets, 
several established scaling techniques such as percentile 
clipping, LCN, and CLAHE are investigated as critical com-
ponents of an end-to-end detection pipeline featuring 
SAHI. Two distinct DL architectures (an anchor-free single-
stage YOLOv11n and a two-stage Faster R-CNN) were 
employed to serve as proxies for the effectiveness of the 
considered transformation techniques.

The obtained results demonstrate a clear imperative 
for mitigating high-amplitude acoustic outliers. Per-
centile clipping and CLAHE showcased favourable per-
formance regardless of the model utilised, maximising 
true positive target recovery and minimising missed 
hyperbolae. The results highlight a synergy between 
trace-wise scaling techniques and the two-stage region-
proposal framework. Whilst the two-stage Faster R-CNN 
emerged as the more robust and stable model across all 
input variations, it generated an inflated volume of false 
positive detections. However, given the model’s high 
average confidence scores on valid targets, these false 
positives could be managed via post-processing confi-
dence thresholds. Finally, this work highlights a critical 
domain-specific limitation: the detection metrics, taken 
at face value, could be misleading, as the annotation is 
a subjective process (probably more so than in other ar-

eas of research or industry). This is emphasized by the 
second part of the experimental analysis where a new, 
previously unseen block of data was utilised, and which 
had discernible differences in annotated object count, 
when compared to the original data. Measuring inter-
rater agreement would be beneficial for establishing the 
baseline for model performance evaluation (and corre-
spondingly the transformation techniques) but is ren-
dered difficult by the incurred costs.

Whilst this study offers valuable practical insights for the 
marine geophysics and applied machine learning com-
munities, several dataset and methodological constraints 
and generalisation limitations remain to be addressed in 
future work. First, due to computational constraints, our 
results are based on three separate splits per configura-
tion. Although the broader performance trends remain 
consistent across architectures, minor metric variations 
should be interpreted with caution, as they do not fully 
account for deep learning training stochasticity or ran-
dom seed variability. Second, because the utilised dataset 
originates from a single acquisition system under similar 
survey conditions (e.g. parametric SBP data acquired in 
shallow-water environments), further research is required 
to fully assess how these preprocessing techniques gen-
eralise to alternative sensors, varying acoustic frequen-
cies, and geological environments of significant diversity, 
such as deep-water datasets, chirps/sparkers, and hetero-
geneous seabed geologies.

Future research will focus on establishing statistical 
robustness through additional multi-seed training and 
cross-validation across more distinct geological blocks, 
utilising other evaluation approaches (such as leave-
one-block-out). The utilisation of other trace-wise 
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techniques, post-processing methods and alternative 
DL architectures is also planned. More complex im-
age preprocessing techniques, such as edge detection 
or the exploitation of the frequency domain for noise 
removal also represent viable avenues of research, as 
well as utilising FP reduction techniques such as hard 
negative mining or post inference classification of true 
and false detections.
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