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Abstract Stratigraphic correlation of sedimentary archives is a crucial task in the field of paleoclimatology.
Manual alignments are most common, but the correlation process becomes more time‐consuming and complex
with increasing numbers of data sets. Automating stratigraphic correlation has the potential to make this process
less user‐dependent and pave the way for a semi‐supervised machine‐learning approach. Dynamic time warping
(DTW) has been applied as an automated correlation technique in various geoscientific studies. However, fully‐
automated correlation performs poorly with complex data sets and cannot be trusted blindly. In this study, we
apply and modify the DTW technique to automate the correlation of industrial downhole‐logging natural
gamma radiation (NGR) signals from the Northwest Shelf of Australia. We present a DTW‐based algorithm that
ensures stratigraphic accuracy in areas with considerable spatial variability between NGR signals. First,
detrending and rescaling NGR‐logs is essential to make records with a different subsidence history comparable.
Second, we propose a new recursion type (step pattern) that optimizes stratigraphic alignments by limiting
squeezing and stretching. Third, we propose a novel way to generate a windowing function that constrains the
alignment of two timeseries, based on a priori stratigraphic information. We present several case studies in
which biostratigraphic datums and manually determined correlation points are incorporated to create a user‐
defined windowing function. Integrating stratigraphic constraints into the automated correlation of sedimentary
sequences through DTW makes these correlations more accurate and computationally less expensive. These
methodological developments create opportunities to apply industrial downhole‐logging data and similar
complex stratigraphic data for paleoclimate and tectonic reconstructions.

Plain Language Summary To understand past climate changes, the process of matching sediment
layers from different sites is essential in the field of paleoclimatology. However, the matching process becomes
very time‐consuming when done manually. The technique of dynamic time warping (DTW) provides a
mathematical formalization for this task and has been previously applied in various geoscientific studies. In our
study, we modified this technique to automate the matching of natural gamma radiation signals from the
Northwest Shelf of Australia. To make it easier for DTW to compare different and complex records, we
detrended and rescaled the data.We customized the recursion that controls the compression and stretching of the
data, and presented a windowing function that exploits geological alignment information that is available to the
user before the application of the dynamic time warping technique. We tested and evaluated the performance of
this customized technique with different natural gamma radiation signals using the geological data and manually
determined correlation points. This customization of dynamic time warping makes the automated matching
process more accurate and computationally less demanding.

1. Introduction
Paleoclimate reconstructions rely on the interpretation of diverse climate proxy records from sedimentary ar-
chives. These investigations often require the application of stratigraphic correlations between different climate
proxy measurements. Various signal‐matching techniques exist to carry out stratigraphic correlation, yet this
process is still most often done by a manual matching process. Manual matching relies on the identification of
signal features such as cycles, peaks, and troughs. As the number of data sets increases, manual alignments
become increasingly time‐consuming, complex, and potentially non‐reproducible (Prell et al., 1986; Shackleton
et al., 1995; Wheeler & Hale, 2014). Automating stratigraphic correlation has the potential to minimize errors and
uncertainties, decrease the time spent on the correlation, and improve reproducibility.
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Dynamic time warping (DTW) is a family of algorithms whose purpose is to perform automated correlations
(“alignments”) by stretching or compressing the “query” record (usually the one that is less complete and more
distorted) to closely resemble the “reference” record (Rabiner & Juang, 1993; Sakoe & Chiba, 1978). DTW has
emerged as an automated correlation technique for correlating geophysical well logs (Hagen & Harper, 2023;
Hagen et al., 2020; Nie et al., 2023; Pälike, 2002; Sylvester, 2023; Wheeler & Hale, 2014) and climate proxy
records (Ajayi et al., 2020; Groeneveld et al., 2021; Hagen & Creveling, 2024; Hagen et al., 2024; Hay
et al., 2019; Lin et al., 2014; Lisiecki & Lisiecki, 2002; Lisiecki & Raymo, 2005; Middleton et al., 2024; Wichern
et al., 2024). Applied to stratigraphic series, DTW aligns two sedimentary sequences based on constraints such as
sedimentation rate, absolute ages (stratigraphic or radio‐isotopic), and measures of fit (Kotov & Pälike, 2017). An
important advantage of DTW over manual correlation is its ability to make deterministic pattern‐matching de-
cisions rapidly and autonomously. However, DTW can also produce erroneous stratigraphic correlations when
stratigraphic records have markedly different waveforms. Indeed, contemporaneous timeseries can vary because
of geographic variability, different tectonic histories, or different diagenetic histories. In such more complicated
cases, user guidance during DTW is necessary to achieve accurate stratigraphic correlations.

At the core of DTW and other alignment algorithms lies a recursion, or step pattern, that is, a model of the penalty
(loss function) to be accounted for, based on differences between matched time points; DTW minimizes the sum
of these penalties over all possible alignments. In this paper, we propose a customized recursion that increases the
cost of stratigraphic stretching and compression compared to the widely‐known unrestricted algorithm. More-
over, we also propose a novel knowledge‐based global constraint (windowing function) that enables stratigraphers
to guide DTW toward more accurate correlations. We demonstrate how incorporating a priori stratigraphic in-
formation into the DTW function improves its ability to obtain more accurate correlation results.

2. Northwest Shelf of Australia: A Special Case
As a case study to evaluate the performance of the adapted algorithm, we use the Northwest Shelf of Australia
(Figure 1). This shelf has ∼2,500 industrial downhole‐logging natural gamma radiation (NGR) data that is freely
available through the National Offshore Petroleum Information Management System (NOPIMS, Geoscience
Australia) (https://www.ga.gov.au/nopims). However, industrial downhole‐logging data often have too few
stratigraphic constraints to be useful for paleoclimate interpretations. Yet, an opportunity exists to correlate in-
dustrial data to scientific drill sites in the area, to unfold the excellent stratigraphic control on the scientific sites
toward the industrial sites.

The Northwest Shelf of Australia thus constitutes a well‐suited case study to assess the performance of any
automated stratigraphic correlation approach. Most NGR signals from these industrial sites were measured during
the 1960s–1980s, with data residing in well completion reports and well composite logs (typically files in the
tagged image file format, TIFF). We used an online data extraction tool (WebPlotDigitizer—https://apps.auto-
meris.io/wpd4/) to extract NGR data from these TIFF images in numerical format with a stratigraphic resolution
of 20 cm. Note that the industrial sites' depth scale is meters below the rotary table.

The spatial density of industrial sites and the stratigraphic age control of scientific sites in a passive continental
margin setting mark a unique combination that makes the Northwest Shelf of Australia an ideal case study to
compute DTW correlations. Yet, spatial variability due to localized tectonic motions and dynamic paleoclimate
changes poses a challenge (Gurnis et al., 2020; Karatsolis et al., 2020; Tagliaro et al., 2018). To address this
challenge, we adopted a “spider web network” approach. This method involves correlating industry gamma‐
radiation signals over short distances to minimize the impact of spatial variability while progressively expand-
ing the network over a larger area. Multiple industrial sites within a region are correlated to a central node,
typically a location with a well‐defined gamma signal, assumed stratigraphic continuity, and robust age control.
The network is then expanded over the NW Shelf of Australia by interlinking multiple nodes (Figure 2).

3. Dynamic Time Warping: Concepts and Implementations
3.1. What Is Dynamic Time Warping?

Algorithms of the DTW family locally stretch or compress a “query” series in a way to make it resemble a
“reference” series as much as possible. Although input series are commonly “time series,” the algorithm is equally
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applicable to other parameterizations, such as depth used in this work. The algorithm builds an alignment by
linking samples of the query to none, one or more samples of the reference; in short, building the alignment is
based on a local distance (i.e., distance between all possible pairs of time points, e.g., squared residuals)
(Giorgino, 2009; Sakoe & Chiba, 1978). The local distance measure is summed along the matched pairs (warping
path); DTW returns the matching pairs (warping path) minimizing the cumulated loss function, that is, minimum
global distance (Giorgino, 2009; Sylvester, 2023). In its simplest form, DTW optimizes the alignment under the
sole condition that the timeseries' begins and ends correspond; namely, it does not limit the number of time points
that can be skipped or duplicated on either timeseries. To improve the alignments, here we leverage the fact that it
is possible to restrict the search space both locally (so that the local degree of compression or expansion is
limited), or globally (so that certain matching pairs, usually too far apart in time/depth, are forbidden).

Figure 2. (a) Conceptual representation of the spider web network, illustrating typical industrial gamma‐radiation signals
(white circles) and “nodes” within the network (red circles). The latter are typically IODP scientific sites or industry sites of
exceptional stratigraphic quality. (b) The implemented spider web network on the NW Shelf of Australia highlights the
correlations analyzed and discussed in this manuscript.

Figure 1. Map of the Northwest Shelf of Australia with IODP sites (green boxes), ODP sites (yellow boxes), and query
industrial sites (circles) selected for this paper. Red circles: Industrial sites with good age control from cuttings (as reported in
well reports) used as reference sites in this study. Purple circles: Industrial sites (Angel‐2, Minilya‐1, andWhitetail‐1) used as
case studies in this study. Basin boundaries are from Geoscience Australia. Bathymetry data from GEBCO Compilation
Group (2023) GEBCO 2023 Grid. IODP: International Ocean Drilling Program; ODP: Ocean Drilling Program.
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3.2. Stratigraphic Correlation Algorithms

Computer programming has been applied for stratigraphic correlation since the 1980s (Scott et al., 1987; Smith &
Waterman, 1980; Wu & Nyland, 1987) and over the last decades, dozens of algorithms have been developed to
facilitate automated stratigraphic correlation (Burstyn et al., 2021; Fang et al., 2021; Giorgino, 2009; Hagen
et al., 2024; Hay et al., 2019; Kotov & Pälike, 2017; Lin et al., 2014; Lisiecki & Lisiecki, 2002; Middleton
et al., 2024; Sylvester, 2023; Wheeler & Hale, 2014). Automated stratigraphic correlation methods fall into two
main families: deterministic approaches, such as dynamic time warping (DTW), which identify an optimal
alignment path by minimizing the distance between time series, and probabilistic approaches, such as HMM‐
Match, which model alignment and age uncertainties within a hidden Markov model framework. The latter
was applied by Lin et al. (2014) and Middleton et al. (2024) to investigate tuning techniques and quantify age
uncertainties in benthic foraminiferal δ18O records.

Within the DTW family, most algorithms accommodate the correlation of two records. However, Burstyn
et al. (2021) present a Hierarchical DTW (HDTW) for correlating more than two signals, and Sylvester (2023)
applies DTW with a python‐based software package “ChronoLog” to correlate a large number of well logs.

3.3. Selecting the Most Appropriate DTW Implementation for Stratigraphic Correlation Offshore
Australia

Several techniques were actively tested to select the most appropriate implementation for correlating gamma logs
from Northwest Australia: a graphical user interface (GUI) “myDTW” (Kotov & Pälike, 2017), R package “dtw”
(Giorgino, 2009), “ChronoLog” (Sylvester, 2023), IDTW (Fang et al., 2021), and R package “Align” (Hagen
et al., 2024; Hay et al., 2019). All these techniques constrain the sedimentation rate by stretching or compressing
the query series and were mostly applied to stable isotope records, which are consistent over large geographical
distances, or to geophysical well logs over small geographical scales. However, each implementation has its
advantages and limitations. While “myDTW” has the possibility of pre‐processing data within the GUI, the lack
of DTW customization and non‐reproducibility of the outputs make this tool impractical for automated corre-
lation of hundreds of gamma logs offshore Northwest Australia. “ChronoLog” is applied to geophysical well logs
over small geographical distances and does not allow partial matching of sequences. “IDTW” compares the shape
of the well logs and replaces the Euclidean distance with semblance (Fang et al., 2021). However, the imple-
mentation is semiautomatic as the workflow begins with visual interpretation of the well logs. IDTW does not
allow customization of the windowing function and recursion type, and is applied on well logs with distances of
<1 km. Hagen et al. (2024) and Hay et al. (2019) perform the DTW correlation of two sequences using strati-
graphically meaningful parameters—“g” and “edge.” While the g parameter is related to the similarity in the
accumulation rate of the two sequences, the edge parameter is related to whether the sequences span the same time
interval (Hay et al., 2019; Sakoe & Chiba, 1978). To the best of our knowledge, the R package dtw is the most
general implementation available, supporting partial matching, the customization of step patterns, and the cus-
tomization of windowing functions, even though the deterministic nature of the algorithm does not allow the
calculation of alignment uncertainty similar to the HMM‐Match algorithm yet. However, other DTW techniques
lack the windowing function, except the DTW technique of Hay et al. (2019) which has the edge parameter
(discussed in sub‐section 3.4.2). The flexibility in the windowing function offered by the R package dtw makes
this implementation suitable for the correlation of industrial NGR signals. The R package dtw and the DTW
correlation technique of Hagen et al. (2024) and Hay et al. (2019) allows for most of the customizations, much
needed for correlating the complex industrial NGR signals offshore NW Australia.

In order to identify the most practical DTW implementation for the large number of NGR logs from the Northwest
Shelf of Australia, we applied and compared the customizations of the R package dtw and DTW correlation
technique of Hagen et al. (2024) and Hay et al. (2019). In the following subsection, we discuss key customizations
to the alignment procedure, and we compare these features to the corresponding parameters in the imple-
mentations of Hagen et al. (2024) and Hay et al. (2019). DTW correlation results for these two implementations
are shown in the following sections and Supporting Information S1.

3.4. Customizing Alignment Constraints for Stratigraphic Correlations Using DTW

In this study, we employ the dtw R package (Giorgino, 2009) to compute alignments between series. The flex-
ibility of this package enables the implementation of customized alignment constraints tailored specifically for
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stratigraphic correlations. In particular, it supports defining local alignment restraints in the form of custom
recursion rules (step patterns) and global alignment windows, both of which can be adapted to meet geological
criteria. These two types of constraints are explored in detail in the following subsections.

3.4.1. A Stratigraphy‐Optimized Recursion

The stratigraphy‐optimized step pattern proposed here is designed to improve stratigraphic alignments by
reducing squeezing and stretching. We start from the asymmetric P1 step pattern introduced by Sakoe and
Chiba (1978), an algorithm that limits the amount of local compression or stretch (local constraint to the slope of
the warping function) between 0.5 and 2; in asymmetric P1 compressing the query series implies that a change in
reference index from − 1 to 0 corresponds to a change from − 2 to 0 on the query index, with a total cost of 2 values
for 2 steps, resulting in a cost of 1 per step (Figures 3a and 3b). Stretching the query series with the asymmetric P1
step pattern requires moving from − 2 to 0 on the reference index and − 1 to 0 on the query index, incurring a cost
of 1 value per step (Figures 3a–3c). For stable sedimentation rates, diagonal movements (e.g., from − 1 to 0 on
both indices) also have a cost of 1 per step (Figures 3a–3d). In other words, the standard Sakoe‐Chiba asymmetric
P1 step pattern is marked by equal costs for compressing, squeezing, or stable sedimentation rates of the query
series: horizontal, vertical, and diagonal costs are equal and proportional to the span of the query matched (query‐
wise normalization) (Tormene et al., 2009). In stratigraphic correlation application, the asymmetric P1 step
pattern can therefore result in excessive compression or stretching. However, such over‐compression or over‐
stretching can of course only be quantified in sections with known correlations.

To address this issue and promote diagonal alignments over stretching and squeezing, we modify the asymmetric
P1 step pattern (Figures 3e–3h). By increasing the weights of horizontal and vertical steps relative to diagonal
steps, this modification reduces over‐compression or stretching and encourages alignment paths that closely
follow the diagonal. We term this approach the “stratigraphy‐optimized step pattern.” This method conceptually
resembles the “g parameter” penalty function in the DTW algorithm described by Hay et al. (2019), which adjusts
alignment by penalizing non‐diagonal movements. However, unlike the g parameter, which requires calibration
and validation across a range of values to optimize alignment quality, the stratigraphy‐optimized step pattern
eliminates the need for external tuning.

3.4.2. Knowledge‐Based Windowing Function

Another potential pitfall in using DTW for stratigraphic correlations lies in the spatial variability of NGR signals
and the repetition of similar‐looking stratigraphic patterns throughout the sequence (sedimentary cyclicity). These
factors often hinder automated correlation methods from identifying the correct alignments without user inter-
vention or guidance. To address this problem, we propose a knowledge‐based windowing function (global
constraint) that enforces alignment using a priori known stratigraphy tie‐points between the reference and the
query series. These are specific points in the stratigraphy of both series for which synchronicity is well‐established
based on independent evidence, such as distinctive marker beds, biostratigraphic datums, unique geochemical
signatures, or absolute age constraints. By guiding the alignment to these reliable reference points (Figures 4b and
4c), we ensure that the correlation remains geologically meaningful and avoids the above‐mentioned pitfall.

The knowledge‐based windowing approach resembles the edge parameter in Hay et al. (2019) but offers greater
flexibility. While the edge parameter applies uniformly across the entire alignment matrix and requires multiple
adjustments to optimize, the knowledge‐based window allows for targeted modifications. The width of the
“necks” in the windowing function can be adjusted depending on uncertainties in the exact stratigraphic position
of tie‐points, offering more or less freedom to the warping algorithm. The values assigned to adjust the neck width
are called “slack” values. In the case of the Northwest shelf of Australia, narrower necks (slack of 50–100 m) are
applied when tie‐points are derived from published data on scientific sites. Conversely, wider necks (slack of
100–200 m) are used for tie‐points that are merely based on visual interpretations, accounting for considerable
depth uncertainty and thus providing sufficient flexibility for the warping path to find an optimal fit.

The knowledge‐based windows were created using the R package DescTools (Signorell, 2017), limiting the
cumulative cost matrix calculations to the specified window (Figures 4b and 4c). The cost matrix is thus slimmed
down to the 2‐dimensional area where it is geologically meaningful. As an added benefit, the computational costs
of warping are reduced. Finally, we accommodate the case when the NGR data for the top depth is missing, or if
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Figure 3. (a) Standard Sakoe‐Chiba's “asymmetric P1” step pattern (asymmetricP1 in the dtw package) showing weights for the horizontal, diagonal, and vertical costs;
(b–d) Visual representation of compression, stretching, and one‐to‐one alignment of query series and the respective costs for the standard step pattern; (e) Stratigraphy‐
optimized step pattern with different weights for the horizontal and vertical costs; (f–h) similar to panels (b–d) but for stratigraphy‐optimized step pattern with different
costs per step.
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the base depth is uncertain by enabling so‐called open‐begin or open‐end alignments, respectively (Tormene
et al., 2009).

4. Testing DTW Customization With IODP Sites With Known Correlation
Before applying these customizations to correlate industrial NGR signals with scientific NGR records, we
validated their performance against standard step patterns and windowing functions. Such validation is only
feasible in cases where the true correlation is known. The IODP Sites U1463, U1464, and U1482 on the
Northwest Shelf of Australia provide an ideal opportunity for this purpose.

Before correlating the NGR signals, it is essential to minimize the impact of spatial variability and red noise on the
performance of the automated correlation technique. Previous studies by Ajayi et al. (2020) and Lisiecki and
Lisiecki (2002) emphasize the importance of detrending and signal modification to create comparable inputs.

Figure 4. DTW alignment windows (global constraints); the optimal alignment is searched subject to the additional constraint
that it lies in the shaded areas. (a) Sakoe‐Chiba band (Sakoe & Chiba, 1978). (b) Stratigraphy windowing function created
using correlation points based on existing stratigraphic information. The region along the main diagonal (red) indicates the
available space for the warping path (white line) to find the warping path in the distance matrix with the least cumulative cost;
(c) The density plot displays the cumulative cost of possible warping paths within the distance matrix and the blue line shows
the warping path.
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Data preprocessing was conducted using the statistical tools of the R package astrochron (Meyers, 2014). To
prepare the data for analysis, we incorporated red noise and white noise removal techniques to enhance signal
clarity. This data preprocessing was conducted using the statistical tools of the R package astrochron (Mey-
ers, 2014). First, the NGR time series was interpolated to a uniform resolution of 20 cm to standardize the data set.
Next, the signals were rescaled to have a mean of zero and a standard deviation of one. This rescaling process
detrends the data by fitting linearly and mitigates potential variations in signal magnitude across different sites,
ensuring comparability (Ajayi et al., 2020). To further suppress noise and highlight significant features, we
applied a moving average window function from the package to smooth the signals, as shown in Figure 5. This
combination of steps helps to minimize white noise by averaging adjacent data points and addresses red noise by
removing long‐term background trends.

4.1. Scrutinization 1: U1463–U1464

In the first scrutinization of our DTW customization, IODP Sites U1463 and U1464 are correlated. These sites lie
146 km apart, in the Northern Carnarvon and Rowley (sub)basins, respectively (Figure 1). However, rather than
the U1463 wireline log, we use the gamma‐log of the Picard‐1 industrial site (150 m lateral distance) because it
extends to the base of the Neogene, contrary to Site U1463. U1464 offers NGR data from 16 Ma to the recent.
Industrial site Picard‐1 thus borrows the biostratigraphic age control from IODP Site U1463 for the Late Miocene
to recent portion of its stratigraphy. For both sites, excellent age control is obtained from their site reports
Gallagher et al. (2015) and McCaffrey et al. (2020).

Site U1464 serves as the query site, while Picard‐1 is used as the reference site. First, we preprocessed NGR data
as described above. Subsequently, both signals are correlated with the dtw function using five different step
patterns (asymmetric, asymmetricP05, asymmetricP1, asymmetricP02, and stratigraphy‐optimized) and three
different windowing functions (no window, Sakoe‐Chiba window, and knowledge‐based window) (Figure 6;
Figure S1 in Supporting Information S1). Seven different alignments were obtained, using different combinations
of step pattern and windowing. These are compared in Figure 6 to the available biostratigraphic constraints. The
quality of the alignment was quantified by calculating the root mean square error (RMSE) between the known
biostratigraphic datums and the warping path with the conventional approach of calculating RMSE along the y‐
axis (Figure 6a; Table 1). The results show that alignments using the stratigraphy‐optimized step pattern are closer
to the biostratigraphically constrained (“true”) result, regardless of whether the biostratigraphic markers guided
the algorithm through the windowing function. Both alignments with the stratigraphy‐optimized step pattern were

Figure 5. Schematic methodology outline for data processing and customization of the local and global constraints of the
DTW function. The rounded boxes highlight the main functions. The white boxes indicate the data processing and
customization process performed in this study.

Paleoceanography and Paleoclimatology 10.1029/2024PA005082

SAMANT ET AL. 8 of 21

 25724525, 2025, 8, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024PA

005082 by T
oni G

iorgino - C
ochraneItalia , W

iley O
nline L

ibrary on [17/08/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



identical and achieved a lower RMSE than other step patterns, except for the asymmetric step pattern. However,
this step pattern results in over‐compression (Figure S1 in Supporting Information S1). The non‐alignment of all
the correlation results with the top two datums could be due to the age‐depth uncertainty in the biostratigraphic
datums in Site U1464. Another possible reason is the sudden change in the NGR signals, which forces DTW to
produce these results between 350 and 450 m. The absence of stratigraphic information between 550 and 1,010 m
does not allow us to examine the correlation quality, especially the non‐alignment of the peak at ∼770 m in the
stratigraphy‐optimized step pattern alignment. However, the low RMSE achieved with the customized step

Figure 6. (a) DTW alignments for different step patterns and windowing functions plotted on corresponding depths of
reference industrial site Picard‐1 and query scientific site U1464. The biostratigraphic datums shown in Table 1 are plotted as
cross markers. The RMSE values for the corresponding step pattern and windowing function are provided in the table;
(b) DTW correlation performed using asymmetricP1 step pattern and no windowing function; (c) DTW correlation
performed using stratigraphy‐optimized step pattern and no windowing function.
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Table 1
Biostratigraphic Datums From the IODP Site Reports and Study of McCaffrey et al. (2020)

Datum

Stratigraphic depth position (meters)

U1463/Picard‐1 U1464 U1482

Sample ID
Depth CSF‐
A (m)

Depth
(mbrt) Sample ID

Depth CSF‐
A (m) Sample ID

Depth
(mbsf)

Base Globorotalia truncatulinoides TOP SAMPLE:
356‐U1463C‐
20H‐CC

182.24 328.24 TOP SAMPLE:
356‐U1464B‐
6H‐CC

51.33 TOP SAMPLE:
363‐U1482A‐
10H‐CC

88.91

BOTTOM SAMPLE:
356‐U1463C‐
21H‐CC

192.05 338.05 BOTTOM SAMPLE:
356‐U1464B‐
7H‐CC

59.46 BOTTOM SAMPLE:
363‐U1482A‐
11H‐CC

98.07

Top Globigerinoides extremus TOP SAMPLE:
356‐U1463C‐
20H‐CC

182.24 328.24 TOP SAMPLE:
356‐U1464D‐
6H‐CC

51.33 –

BOTTOM SAMPLE:
356‐U1463C‐
21H‐CC

192.05 338.05 BOTTOM SAMPLE:
356‐U1464D‐
7H‐CC

60.84

Base Globorotalia tosaensis TOP SAMPLE:
356‐U1463C‐
26H‐CC

238.89 384.89 TOP SAMPLE:
356‐U1464B‐
14H‐CC

126.3 –

BOTTOM SAMPLE:
356‐U1463C‐
29H‐CC

251.26 411.63 BOTTOM SAMPLE:
356‐U1464B‐
15H‐CC

136.87

Top Dentoglobigerina altispira (Pacific) TOP SAMPLE:
356‐U1463C‐
26H‐CC

238.89 384.89 TOP SAMPLE:
356‐U1464B‐
11H‐CC

97.42 TOP SAMPLE:
363‐U1482A‐
14H‐CC

126.82

BOTTOM SAMPLE:
356‐U1463C‐
29H‐CC

251.26 411.63 BOTTOM SAMPLE:
356‐U1464B‐
14H‐CC

126.3 BOTTOM SAMPLE:
363‐U1482A‐
15H‐CC

136.2

Top Globorotalia margaritae TOP SAMPLE:
356‐U1463C‐
33F‐2

288.41 434.41 TOP SAMPLE:
356‐U1464B‐
14H‐CC

126.3 TOP SAMPLE:
363‐U1482A‐
15H‐CC

136.2

BOTTOM SAMPLE:
356‐U1463C‐
36F‐4

301.75 447.75 BOTTOM SAMPLE:
356‐U1464B‐
18H‐6

163.0 BOTTOM SAMPLE:
363‐U1482A‐
16H‐CC

145.9

Pulleniatina coiling sinistral to dextral TOP SAMPLE:
356‐U1463B‐
27H‐CC

251.26 397.11 TOP SAMPLE:
356‐U1464D‐
19H‐CC

173.23 TOP SAMPLE:
363‐U1482A‐
17H‐CC

155.32

BOTTOM SAMPLE:
356‐U1463B‐
36X‐CC

308.11 454.11 BOTTOM SAMPLE:
356‐U1464D‐
21H‐CC

189.65 BOTTOM SAMPLE:
363‐U1482A‐
19H‐CC

174.34

Top Sphaeroidinellopsis kochi TOP SAMPLE:
356‐U1463C‐
36F‐4

301.75 447.75 TOP SAMPLE:
356‐U1464D‐
21H‐CC

189.65 –

BOTTOM SAMPLE:
356‐U1463C‐
46F‐3

334.71 480.71 BOTTOM SAMPLE:
356‐U1464D‐
25H‐CC

228.35

Top Discoaster quinqueramus/Base
Globorotalia tumida

TOP SAMPLE:
356‐U1463B‐
36X‐CC

308.11 454.11 TOP SAMPLE:
356‐U1464D‐
25H‐CC

228.35 TOP SAMPLE:
363‐U1482A‐
27H‐CC

250.4

BOTTOM SAMPLE:
356‐U1463B‐
45X‐6

386.22 532.22 BOTTOM SAMPLE:
356‐U1464D‐
31H‐CC

281.39 BOTTOM SAMPLE:
U1482A‐28H‐CC

259.78
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pattern shows an overall improvement in the correlation quality. In contrast, the windowing function appears
unnecessary in this case, as both signals exhibit similar long‐term patterns.

Additionally, we applied the Hay et al. (2019) algorithm to the same data set, exploring different g and edge
parameters, as detailed in Supporting Information S1 (Figure S2). When compared to the biostratigraphically
derived correlation (Table 1), the alignment results do not match with biostratigraphic correlations.

4.2. Scrutinization 2: IODP Sites U1482 and U1464

In the second scrutinization, we correlated NGR signals from Sites U1482 and U1464. Site U1482 was drilled on
the Northwest Australian margin at 1,466 m water depth during IODP Expedition 363 (Rosenthal et al., 2018;
Figure 1). The significant differences in water depth and latitude lead to increased spatial variability in the NGR
signals compared to the previous case. This scenario underscores the challenges of correlating sites separated by
hundreds of kilometers and situated at different water depths.

We correlated the preprocessed NGR data from these two sites using the same seven combinations of step patterns
and windowing functions. As in scrutinization #1, the alignment quality was assessed by calculating RMSE
values between the warping paths and the available common biostratigraphic datums (Figure 7; Figure S3 in
Supporting Information S1; Table 1). Once again, DTW correlations using the stratigraphy‐optimized step pattern
provided better alignment quality compared to standard step patterns. However, the correlation with the
stratigraphy‐optimized step pattern, when applied without the knowledge‐based window, failed to align with
biostratigraphic constraints in both the upper and lower parts of the sequence. In such cases, the knowledge‐based
windowing function proves essential for guiding the correlation algorithm toward the correct result and enhancing
alignment quality. In summary, this scrutinization demonstrates that the stratigraphy‐optimized step pattern
provides a clear advantage for the Northwest Australian shelf over the out‐of‐the‐box dtw implementation.

The DTW algorithm by Hay et al. (2019) was also applied using different g and edge parameters for comparison,
as detailed in Supporting Information S1 (Figure S4). The results, however, exhibit notable compression or
stretching, and the alignments do not match with the known biostratigraphic correlation.

4.3. Insights From Testing the Customized DTW on Cases With Known Correlation

The combination of stratigraphy‐optimized step pattern and knowledge‐based windowing function proves
essential for accurately correlating signals with varying characteristics. Specifically, the step pattern substantially
improves correlation when signals exhibit similar patterns, making it particularly effective for sites with

Table 1
Continued

Datum

Stratigraphic depth position (meters)

U1463/Picard‐1 U1464 U1482

Sample ID
Depth CSF‐
A (m)

Depth
(mbrt) Sample ID

Depth CSF‐
A (m) Sample ID

Depth
(mbsf)

Top Reticulofenestra rotaria/Top
Globorotalia lenguaensis

TOP SAMPLE:
356‐U1463B‐
45X‐6

386.22 532.22 TOP SAMPLE:
356‐U1464B‐
32H‐6

293.15 TOP SAMPLE:
363‐U1482A‐
29H‐CC

269.53

BOTTOM SAMPLE:
356‐U1463B‐
48X‐CC

412.44 558.44 BOTTOM SAMPLE:
356‐U1464B‐
34H‐CC

312.75 BOTTOM SAMPLE:
U1482A‐30H‐CC

278.63

Top Lepidocyclina spp./Top N. ferreroi 1,010* TOP SAMPLE:
356‐U1464C‐
30R‐1

579.91 –

BOTTOM SAMPLE:
356‐U1464C‐
43R‐2

707.57

Note. This data is utilized to validate the performance of DTW correlation for different step patterns and windowing functions. The last datum at 1,010 m (in asterisk) is
from the industrial site Picard‐1. The mid‐points of the biostratigraphic datums are utilized to calculate the RMSE values (see Figures 6 and 7).
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comparable depositional environments. The knowledge‐based windowing function becomes critical when
correlating signals that are markedly different, such as those from distinct depositional environments or with
significant variability in water depth. Our comparative analysis of known correlations at the IODP sites using the
R package dtw and DTW correlation technique of Hagen et al. (2024) and Hay et al. (2019) demonstrates the
importance of R package dtw customizations in improving the (semi‐) automated alignment of NGR signals,
emphasizing their adaptability for complex stratigraphic data sets.

Figure 7. (a) DTW alignments for different step patterns and windowing functions plotted on corresponding depths of
reference scientific site U1464 and query scientific site U1482. The biostratigraphic datums shown in Table 1 are plotted as
cross markers. The RMSE values for the corresponding step pattern and windowing function are provided in the table;
(b) DTW correlation performed using stratigraphy‐optimized step pattern and no windowing function; (c) DTW correlation
performed using stratigraphy‐optimized step pattern and knowledge‐based windowing function.
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5. Correlate Industrial Sites With Unconstrained Correlation
Considering the improvement observed in the DTW correlation by utilizing the stratigraphy‐optimized step
pattern and knowledge‐based windowing function for the IODP sites, we adopted a similar approach for the
correlation of the industrial sites. Although ground truth for over‐compression or stretching cannot be determined
for industrial sites lacking detailed biostratigraphic information, the improved correlation quality observed in the
IODP sites above provides sufficient confidence to apply these customizations to industrial NGR records. In this
section, we present correlations by the customized DTW algorithm across three industrial sites situated in
different sub‐basins offshore Northwest Australia.

5.1. Site Selection

The Northern Carnarvon Basin is one of the best‐studied basins offshore Australia. The huge volume (∼2,000) of
industrial NGR data in this basin along with the age‐depth data from the scientific IODP Sites U1461 through
U1464 make this basin an ideal study area to compute DTW correlations. The scientific cores offer excellent
constraints on age‐depth relationships, whereas this kind of data is mostly unavailable for industrial sites. The
industrial sites, on the other hand, have the advantage of high‐resolution geographic coverage. By correlating
scientific and industrial sites, we aim to combine the strengths of both, allowing us to apply the age‐depth models
from the scientific sites to the industrial sites. Specifically, we selected ∼800 industrial sites to bridge the spatial
gaps between the scientific sites—U1461 to U1464. We prioritized the site selection based on the availability of
continuous NGR data from 23 Ma to the recent. However, many sites have significant data gaps and therefore
were excluded. We discarded sites near the coast due to comparatively low sedimentation in this part of the basin,
resulting in low‐resolution NGR data. We also excluded industrial sites present in deeper water depths due to low‐
resolution NGR data. Around 120 sites were selected with this filter. These sites have similar water depths to the
scientific sites and similar stratigraphic thicknesses for the Neogene section studied here.

Some of the ∼120 selected industrial sites were then upgraded to so‐called “nodes” in our spider web approach.
Nodes are either scientific sites or industrial sites that are positioned very close (<1 km) to a scientific site. For
example, Picard‐1 and Fisher‐1 were drilled at the same locality as IODP Sites U1462 and U1463, respectively.
Hence, it is easy to project the chronostratigraphic information from the scientific sites onto these industrial sites.
Other nodes (e.g., Bluebell‐1, Gorgon‐1, andAngel‐2) are industrial sites that have good stratigraphic control from
cuttings. “Normal” industry sites are then correlated with their corresponding “node” via DTW. In this manuscript,
we detail how the “normal” industrial sites Minilya‐1 and Whitetail‐1 were aligned with Picard‐1 using the
customized dtw warping technique and how the connection between two “nodes” was established by correlating
Angel‐2 with Picard‐1.

5.2. Unfolding the Spider Web

5.2.1. Angel‐2 Picard‐1 Correlation

In the first case, we correlate two nodes within the spider web. The geographic distance between Angel‐2 and
Picard‐1 amounts to 115 km and both sites share similar water depths within the Northern Carnarvon Basin. We
preprocessed NGR signals from both sites before performing the automated correlation. First, we performed the
DTW correlation using the standard asymmetricP1 step pattern with no windowing function (Figure 8a). Then,
we applied the stratigraphy‐optimized step pattern and knowledge‐based windowing function (Figure 8b). We
created the knowledge‐based windows using the existing biostratigraphic information and manual tie‐points
(Table 2). The first manual datum was selected by observing the temporal patterns of the two signals shal-
lower than the second datum (based on biostratigraphic datum) by 80–100 m. The patterns of the NGR peaks were
observed and the one with the highest value was selected as the manual datum. The slack values for these
manually assigned tie‐points are set large enough to account for the depth uncertainty and to provide enough
freedom to the algorithm.

Figure 8 illustrates the comparison between the two DTW correlation approaches: (a) using an asymmetricP1 step
pattern without a windowing function, and (b) using a stratigraphy‐optimized step pattern combined with a
knowledge‐based windowing function. The preferred correlation, shown in Figure 8b, highlights the advantages
of incorporating stratigraphic information into the DTW process. Unlike the asymmetricP1 step pattern, which
forces the query timeseries to align closely with the reference timeseries, the stratigraphy‐optimized approach
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allows for more realistic alignments by respecting stratigraphic constraints. While the minimum global distance
increases slightly for the warping path in Figure 8b compared to Figure 8a, it likely reflects a more accurate
stratigraphic correlation between the query and reference signals.

We also applied the DTW algorithm by Hay et al. (2019) with various g and edge penalty parameters, as detailed
in Supporting Information S1 (Figure S5), to compare its performance with our customized DTW approach.
These correlation results show noticeable compression or stretching. The knowledge‐based windowing function
helps reduce the computational time (Table 3), particularly for longer timeseries, by limiting the search space for
possible alignments compared to methods without a window or using the DTW algorithm of Hagen et al. (2024).
But the computational time for these analyses is relatively short and the computational efficiency is not a big
factor. The semi‐automated workflow typically takes a longer time. However, when aligning data for 100–200
sites, the difference in computation time due to changes in g, edge parameters, or slack values can become
important.

Figure 8. Dynamic TimeWarping correlation between reference industrial site Picard‐1 NGR record and query industrial site
Angel‐2 NGR record. (a) Correlation performed using asymmetricP1 step pattern and no windowing function;
(b) Correlation performed using stratigraphy‐optimized step pattern and knowledge‐based windowing function. DTW
correlation computed using preprocessed NGR signals; (c) The density plot for the Picard‐1 Angel‐2 correlation displaying
the knowledge‐based windows, the cumulative cost of possible warping paths within the distance matrix, and the blue line
showing the warping path. Biostratigraphic data from IODP Site U1463 applied for knowledge‐based windows of Picard‐1.
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5.2.2. Minilya‐1 Picard‐1 Correlation

In the second case, we correlate the “normal” industrial site Minilya‐1 to the Picard‐1 “node.”Minilya‐1 lies in the
Bedout sub‐basin of the Roebuck Basin (Figure 1). First, we computed the DTW correlation between Picard‐1 and
Minilya‐1 using preprocessed data and the standard asymmetricP1 step pattern without a windowing function
(Figure 9a). For this correlation, we enabled the partial matching arguments of dtw (open.end = True) to account
for the uncertainties related to the bottom depth of the query timeseries. Based on the existing stratigraphic in-
formation (Table 2), it is evident that this partial matching is inaccurate. For such complex cases, data pre-
processing and application of the knowledge‐based windowing function are mandatory. Similarly to the manual
datum in the previous case, an accurate correlation in the deeper part of Minilya‐1 and Picard‐1 required the
introduction of another manual datum (Table 2). This manual datum was selected by visually inspecting the NGR
peaks in reference and query series and stratigraphic information from McCaffrey et al. (2020) was utilized to
validate the approximation of this Middle Miocene datum. The NGR peak corresponding to this datum lies
between seismic horizons H2 and H3 at both the sites (McCaffrey et al., 2020). We reduced the slack value to
40 m around this manual datum for the upper limit of Minilya‐1 and the lower limit of Picard‐1 in the knowledge‐
based window. The slacks for the knowledge‐based windows increase with increasing depth to a maximum of
100 m. In this way, the knowledge‐based window accounts for the fact that depth‐age uncertainty of the
biostratigraphic datums in the Lower‐Middle Miocene sections is higher than in the younger part of the section.
This significantly constrained the DTW algorithm to prioritize alignment around this datum while still allowing
flexibility to address depth uncertainties. This customization minimized the deformation of the query timeseries
and resulted in a more stratigraphically plausible correlation. This example illustrates that even when the distance
between two sites is relatively small, the complexity of the signals can remain high due to significant spatial
variability arising from distinct depositional environments. In such cases, incorporating a knowledge‐based
windowing function is essential for achieving accurate automated correlation.

Table 2
Biostratigraphic Datums From Industrial Site Completion Reports, IODP Site Reports, and Study of McCaffrey et al. (2020)
Along With Manual Correlation Points

Datum

Stratigraphic depth position (meters)

Picard‐1 Angel‐2 Minilya‐1 Whitetail‐1

Manual Datum 260 ± 40 225* ± 40 300* ± 20 1,100* ± 40

Base Globorotalia tosaensis 370 ± 20 350* ± 40 420* ± 20 1,190* ± 60

Top Globorotalia margaritae 430 ± 20 430* ± 80 510* ± 20 1,230* ± 80

Top R. rotaria 545 ± 20 630* ± 80 620* ± 20 1,350* ± 80

Top Lepidocyclina spp. 1,010 ± 40 975 ± 80 790 ± 40 1,750* ± 100

Manual Datum 1,190 ± 60 – 940* ± 40 –

Note. The values in the asterisks are the corresponding estimated depth values for the query industrial sites. This data is
utilized to create knowledge‐based windows for DTW correlation. The error values show the slack values of the
knowledge‐based windows that account for the depth uncertainty.

Table 3
Computational Time and Minimum Global Distance of DTW Calculations for the Three Case Studies (Angel‐2, Minilya‐1, and Whitetail‐1) With the Application of No
Window and With Knowledge‐Based Window

Case study

Angel‐2 Minilya‐1 Whitetail‐1

No
window

Knowledge‐based
window

Hagen
DTW

No
window

Knowledge‐based
window

Hagen
DTW

No
window

Knowledge‐based
window

Hagen
DTW

Time (seconds) 2.47 1.20 40.57 0.80 0.65 35.09 0.86 0.77 33.42

Minimum Global
Distance

1.6885 2.5080 – 1.7776 3.3334 – 2.4226 3.5244 –

Note. These calculations are performed on an Intel i7 13th Gen processor with 10 cores.
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We compared our results with the existing DTW technique using various g and edge parameters, as detailed in
Supporting Information S1 (Figure S6). However, the resulting correlations exhibited over‐stretching, even with
larger values of g and edge parameters.

5.2.3. Whitetail‐1 Picard‐1 Correlation

In the third case, we correlate the “normal” industrial site Whitetail‐1 to the Picard‐1 “node.” Whitetail‐1 lies in
the Rowley sub‐basin of the Roebuck Basin (Figure 1). Compared to the industrial sites Angel‐2 and Minilya‐1,
the Whitetail‐1 site is furthest away from the reference site Picard‐1. Whitetail‐1 also lies at a greater water depth
of 975 m, while the other sites lie between 100 and 180 m water depth. On the Northwest Shelf of Australia, the
deeper sites exhibit consistently high NGR signals exceeding 40 gAPI. These deeper sites are thus characterized
by a rather stationary signal pattern. The shallower sites, on the contrary, show strong fluctuations in NGR signals
from 10 to 50 gAPI. Shallower sites have much stronger shifts in NGR on million‐year timescales. In spectral
terms, their spectrum has a much higher “redness” compared to the deeper sites. These differences in the NGR
signals make the standard DTW functions insufficient to perform straightforward automated correlation using

Figure 9. Dynamic TimeWarping correlation between reference industrial site Picard‐1 NGR record and query industrial site
Minilya‐1 NGR record. (a) Correlation performed using asymmetric P1 step pattern and no windowing function;
(b) Correlation performed using stratigraphy‐optimized step pattern and knowledge‐based windowing function. DTW
correlation computed using preprocessed NGR signals; (c) The density plot for the Picard‐1 Minilya‐1 correlation displaying
the knowledge‐based windows, the cumulative cost of possible warping paths within the distance matrix, and the blue line
showing the warping path. Biostratigraphic data from IODP Site U1463 applied for knowledge‐based windows of Picard‐1.
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original NGR values. Far‐reaching signal detrending and normalization of the shallower site are needed to remove
the strong shifts and make the timeseries more stationary.

After pre‐processing, the gamma‐ray signals from Picard‐1 and Whitetail‐1 were correlated using the standard
asymmetricP1 step pattern without a windowing function (Figure 10a). While this correlation appears to align
reasonably well with stratigraphic expectations, significant squeezing and stretching are evident in the upper part
of the alignment. By utilizing the stratigraphy‐optimized step pattern combined with the knowledge‐based
windowing function (Figure 10b), the cost of squeezing and stretching is increased, leading to a smoother and
more geologically consistent correlation between the two sites in the upper part. Additionally, the customized
DTW approach reduces computational costs (Table 3). We compared our results with other existing DTW
technique and found that these results show partial matching even for large values of g and edge parameters
(Figure S7 in Supporting Information S1). These correlations also show significant stretching.

Figure 10. Dynamic Time Warping correlation between reference industrial site Picard‐1 NGR record and query industrial
site Whitetail‐1 NGR record. (a) Correlation performed using asymmetric P1 step pattern and no windowing function;
(b) Correlation performed using stratigraphy‐optimized step pattern and knowledge‐based windowing function. DTW
correlation computed using preprocessed NGR signals; (c) The density plot for the Picard‐1 Whitetail‐1 correlation
displaying the knowledge‐based windows, the cumulative cost of possible warping paths within the distance matrix, and the
blue line showing the warping path. Biostratigraphic data from IODP Site U1463 applied for knowledge‐based windows of
Picard‐1.
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6. Discussion
Existing DTW algorithms have been extensively applied for stratigraphic correlations of different geophysical
and climate records over smaller geographical scales and/or shorter timescales, with relatively low variability
between records (Ajayi et al., 2020; Hagen et al., 2024; Hay et al., 2019; Lisiecki & Lisiecki, 2002; Pälike, 2002;
Wichern et al., 2024). In the case of the NGR signals offshore Northwest Australia, the signals are correlated over
distances ranging from 10 to 100 km, introducing substantial spatial variability. Correlations of the known NGR
records from the IODP sites showcase the improvements that DTW customization can provide in correlation
accuracy. The integration of partial matching, stratigraphy‐optimized step pattern, and knowledge‐based win-
dowing function enhances the performance of the R package dtw implementation for the semi‐automated cor-
relation of industrial NGR signals in comparison to other techniques. Existing DTW techniques are excellent tools
for automated stratigraphic correlations of low variability climate records, however, customizations become
critical when working with complex data sets. We recommend that the implementation of the general DTW
approach should be evaluated and selected based on the individual research case before performing large‐scale
analysis.

Given the proximity of the Angel‐2 site to the reference site, the signal matching is rather straightforward, and the
customization of the step pattern alone constitutes the key factor in improving the correlation without really
requiring a knowledge‐based windowing function (Figure 11a). As the distance from the reference site increases
(Minilya‐1 and Whitetail‐1), the heterogeneity of the signals increases. The Minilya‐1 case exemplifies why

Figure 11. Correlation results of query industrial sites—Angel‐2 (red), Minilya‐1 (blue), and Whitetail‐1 (purple) with
reference site Picard‐1 (black) after changing the preprocessed NGR values to original values.

Paleoceanography and Paleoclimatology 10.1029/2024PA005082

SAMANT ET AL. 18 of 21

 25724525, 2025, 8, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024PA

005082 by T
oni G

iorgino - C
ochraneItalia , W

iley O
nline L

ibrary on [17/08/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



additional manual tie‐points are necessary to constrain the knowledge‐based windowing function and to improve
the correlation (Figure 11b). The case study of the Whitetail‐1 site, on the other hand, shows how spatial het-
erogeneity has to be minimized with data preprocessing (Figure 11c). With increasing heterogeneity, data pre-
processing becomes increasingly important to achieve accurate correlation.

The case studies presented here demonstrate that the relative influence of data pre‐processing, the stratigraphy‐
optimized step pattern, and the knowledge‐based windowing function varies depending on the specific sites.
Nevertheless, the combined application of these techniques consistently enhances correlation accuracy. The
degree of stretching/compression of the sequences is determined either with known stratigraphic information or
by visually interpreting the signal patterns. While the customization of step pattern restricts over‐compression or
stretching, the correlation results are further validated by the visual interpretation that focuses on identifying
similar NGR peaks in the signals and examining the temporal shape and trends of the NGR signals, similar to the
manual correlation approach. Thus, these case studies also underscore the importance of user expertise and
guidance, which remain essential, thereby limiting the feasibility of fully automating the correlation process. As
such, stratigraphic correlation is likely to remain a semi‐automated procedure. That said, the DTW technique
significantly accelerates calculations, but incorporating user‐guided input based on stratigraphic constraints is
crucial for correlating complex data sets and achieving geologically plausible results. This is a key finding,
particularly given the paleoclimatic motivation driving this work. Specifically, the selected 120 sites across the
NW Shelf of Australia can be correlated based on their NGR signals using a spider web approach and the
customized DTW technique. The spider web approach offers the necessary local/regional paleoclimate signal
from the NGR record. As the NGR signal variability showcases the effect of local tectonics and differential
depositional environment, this spider web network will ultimately be useful for reconstructing the temporal and
spatial evolution of the NW Australian hydroclimate.

7. Conclusions
This study assesses the effectiveness of Dynamic Time Warping (DTW) for the automated correlation of sci-
entific and industrial downhole natural gamma ray (NGR) signals from the Northwest Shelf of Australia. DTW
methods, when applied to stratigraphic correlation, often produce inconsistent results due to inappropriate local
slope constraints, which lead to forced deformations (e.g., stretching and squeezing), and their inability to
accurately capture spatial variability in NGR signals without prior user‐provided stratigraphic information. To
address these limitations, we propose tailored tools and guidelines specifically designed for stratigraphers.

A stratigraphy‐optimized step pattern mitigates over‐compression and stretching, while a knowledge‐based
windowing function, informed by biostratigraphic data and manual correlations (“expert knowledge”), helps
guide DTW to accurately match complex data sets. Case studies from the Northwest Shelf demonstrate the
effectiveness of these customizations. For similar‐looking NGR signals from nearby sites, the stratigraphy‐
optimized step pattern alone suffices, but for signals with higher heterogeneity, signal preprocessing and
knowledge‐based windows are essential for attaining accurate correlation.

By integrating stratigraphic constraints, the customized DTW approach systematically evaluates all potential
correlations, even for long timeseries, improving alignment quality without compromising efficiency. This study
underscores the importance of combining automated methods with user‐guided input to achieve stratigraphically
plausible correlations. While existing DTW techniques serve as excellent tools for the automated correlation of
climate records, customizations are essential for the semi‐automated correlation of complex records. Therefore,
evaluation of different DTW implementations and selection based on the data complexity is crucial before
performing large‐scale analysis. The custom DTW technique is not only applicable to NGR signals across
Australian basins for understanding paleoclimate and depositional environments but is also adaptable for other
complex stratigraphic data sets, such as those used in paleoclimate and tectonic reconstructions.
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Data Availability Statement
The R‐code and the data used to compute dynamic time warping can be found on Zenodo (Samant et al., 2025).
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