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The existence of small dimensions, thin lines, background noise, and colour changes due to paper wear makes
manual symbol localization difficult on old geological maps. A method that addresses longstanding challenges in
archival map utilization, such as collating heterogeneous symbols in old cartographic materials, is essential.
Therefore, artificial intelligence can be beneficial in this field. By automating symbol localization, it unlocks
previously underutilized archives for modern hazard studies, particularly in areas with limited contemporary
monitoring. This study uses deep learning models and introduces a novel technique to automate the oriented
localization of landslide-related symbols across a geological map series with a scale of 1:25,000 from the archive
of the State Office for Geology and Mining Rhineland-Palatinate, Germany. Initially, geological images were
cropped into tiles of two sizes: 128 x 128 and 416 x 416 pixels. Then, using established deep learning models,
automatic localization of symbols using oriented bounding boxes (OBB) was performed at a single-scale and dual-
scale by combining the detections at two scales. The YOLOv8 and v11 OBB models exhibited the best accuracy
and detection performance among the deep learning models. Moreover, it was found that the dual-scale detection
method achieved higher overall accuracy compared to the single-scale models, although it required significantly
higher runtime. Furthermore, the 416 x 416-pixel tile size provided both lower runtime and higher detection
accuracy than the 128 x 128-pixel tile, indicating that larger tiles enable more complete object representation
and more efficient inference. Finally, a new 4-channel input method was introduced and used in the YOLOv11
OBB architecture. A detailed analysis of 94 historical and contemporary maps spanning 129 years (1887-2016)
using this novel technique was able to provide accuracy at least at the same level as the dual-scale model.
Therefore, the 4-channel model is considered the most optimal and efficient configuration for map symbol
localization.

1. Introduction

Serial geological maps demonstrate the cultural and scientific sig-
nificance of archival records. Since the late 19th century, German state
authorities have systematically produced detailed geological maps,
often with a scale of 1:25,000, supporting scientific research, resource
exploration and mining, and state administration (Lippstreu, 2000).
These archives document both geological knowledge and landscape
changes, providing insights into areas now transformed by human ac-
tivity. One of the most important and valuable applications of such
archival data is the extraction and analysis of landslides. Anthropogenic

landscape changes often hinder the clear identification of ancient
landslide sites based solely on geomorphological features. Moreover,
dormant landslides that occurred once in history tend to recur, under-
scoring the importance of archival information on mass movements,
which is why such data are collected in many national and global
landslide databases (Costa and Schuster, 1988; Grabowski et al., 2008;
Korup, 2002). Information on past mass movements is crucial for
determining the contemporary probability of landslides and for the
creation of landslide hazard and risk maps (Corominas and Moya, 2008).
However, the high relevance of archival data for landslide risk man-
agement is not reflected in the actual use of such historical data (Matka
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et al., 2016). This is primarily due to the sheer volume of collected data,
which exceeds the analytical capacity of individual researchers. The
compilation and localization of archival data are labour-intensive and
do not always guarantee the retrieval of essential or valuable
information.

Artificial intelligence (AI) has enabled the automated localization of
geospatial features from historical maps, making these data more
accessible and useable for a wide range of applications (Chen et al.,
2019; Li et al., 2020; Sun et al., 2022). In an increasingly digital
world, Al is playing a transformative role across multiple domains (Ding
et al., 2024; Li et al., 2025; Moslemipour et al., 2025a, 2025b;
Sadeghnejad et al., 2026; Xie et al., 2025). Deep learning networks can
process large volumes of heterogeneous geospatial data, identifying
patterns and relationships that may be overlooked by manual methods
(Zhu et al., 2017). The use of deep learning for landslide detection in
archival imagery has demonstrated high accuracy and transferability
across different geographic regions, further supporting its utility for
global and regional studies (Ghorbanzadeh et al., 2019). Historical re-
cords often reveal spatial and temporal clustering of landslides,
frequently associated with extreme rainfall or seismic events (Crozier,
2010; Kirschbaum et al., 2015). Moreover, long-term landslide in-
ventories are essential for probabilistic hazard modelling and spatial
susceptibility mapping (Guzzetti et al., 2012; Van Den Eeckhaut and
Hervas, 2012). Combining archival data with contemporary satellite
and LiDAR datasets allows for multi-temporal analysis of landscape
evolution and the potential for landslide reactivation, providing valu-
able insights into the dynamics of geohazards (Malamud et al., 2004;
Tanyas et al., 2017). Therefore, Geospatial Al (GeoAl) integrates Al
techniques with geospatial data to enable advanced analysis and pre-
diction of geological phenomena across geographic space (Hu et al.,
2024; Janowicz et al., 2020; Lunga et al., 2022; Mai et al., 2025;
Reichenbach et al., 2018). GeoAl techniques enable automated locali-
zation of map features from diverse data, supporting both current and
historical cartographic analysis at various scales (Mai et al., 2025).
GeoAl has also rapidly become a transformative force in geological
mapping, enabling unprecedented accuracy and efficiency in the anal-
ysis of large-scale remote sensing datasets (Hu et al., 2024; Janowicz
et al., 2020; Lunga et al., 2022).

However, the symbolic representation of lithology and surface phe-
nomena, as well as the historical development of these symbols since the
19th century, present unique challenges for Al techniques. Contempo-
rary landslide localization research predominantly focuses on satellite
and drone imagery (Bhuyan et al., 2023; Chen et al., 2014; Meena et al.,
2023; Schoenfeldt et al., 2022; Zhang et al., 2022), while automated
localization of historical landslide symbols on geological maps remains
mostly unexplored. Modern deep learning networks such as convolu-
tional neural networks (CNNs) and the You Only Look Once (YOLO)
family of algorithms, widely recognized for their efficiency and accuracy
in real-time applications (Redmon et al., 2016), enable efficient image
detection and pattern identification in this context (Jocher and Qiu,
2024). In more recent work, Wang et al. (2025) introduced a deep
learning model for landslide detection in remote sensing images. By
adding the Receptive Field Attention (RFA) module, using the Normal-
ized Wasserstein Distance (NWD), and simplifying the YOLOv11 archi-
tecture, they demonstrated that the accuracy of detecting small and
multi-scale landslides can be significantly improved. Guo et al. (2021)
introduced a two-stage deep learning framework for geological symbol
detection. First, individual symbols are identified with the single symbol
detection network (SSDN), and then composite symbols are extracted
with a novel graph convolutional network with L2 distance attention
(DAGCN). Moreover, Saxton et al. (2024) presented a novel method for
automatically extracting polygonal and point features from historical
maps, utilizing open-set segmentation and detection and using map
units as prompts. However, previous studies have mainly focused on
modern topographic symbols using high-quality contemporary data.
These studies generally do not consider the difficult conditions and
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characteristics of historical maps, including poor quality scans, ink
stains, paper discoloration, folding, tearing, water stains, print
displacement, and moisture warping (Huang et al., 2023; Zhang et al.,
2022). Therefore, introducing faster and more accurate methodologies
for symbol localization in such maps is essential.

In this study, the potential of deep learning models is explored for
localizing landslides and related features on historical and contempo-
rary 1:25,000 geological maps (GM25) of the German state of
Rhineland-Palatinate using oriented bounding boxes (OBB). This
approach aims to overcome the highly labour-intensive nature of
manual analysis and demonstrates how deep learning can localize
landslide-related symbols even from old and degraded cartographic
materials of the 19th and 20th centuries. For this purpose, the geological
maps were initially split into three parts: training, validation, and
testing. Then, the images were cropped into smaller tiles in two different
sizes (128 and 416 pixels). Then, using oriented deep learning networks
including RetinaNet OBB, Faster RCNN OBB, Faster RCNN ORPN, Ori-
ented Former, YOLOv8 OBB and YOLO11 OBB, training was carried out
separately on each dataset. Finally, single- and dual-scale detections
were performed to analyse the accuracy of geological symbol detection.
To further improve the accuracy of the deep learning model while
reducing computational cost, a novel 4-channel input configuration was
introduced. This configuration incorporated the three standard RGB
channels along with an additional distance transform channel derived
from multi-scale edge information. The inclusion of this fourth channel
enhanced both the precision and recall of the model and, most impor-
tantly, significantly reduced the runtime compared to the dual-scale
approach.

2. Materials and methods
2.1. Map history and selection

The implementation of deep learning in this study is based on the
examination of detailed historical maps of Rhineland-Palatinate geology
at a scale of 1:25,000 as the primary data source. Geological maps at this
scale (GM25) are the most effective means of representing rock forma-
tions on the Earth's surface, utilizing symbols and colours for geological
features and phenomena visualization. The production of large-scale
official maps has been a core responsibility of national geological sur-
veys (Matka et al., 2016). Understanding the characteristics and his-
torical context of detailed geological maps in Germany is essential for
addressing the challenges of deep learning-based analysis. All original
analogue GM25 maps are currently preserved in the archives of the State
Office for Geology and Mining Rhineland-Palatinate (LGB). This study
focuses on maps published between 1887 and 2016. The oldest studied
geological maps were the Schillingen (6306) and Hermeskeil (6307)
GM25 sheets, prepared and published in 1887. In total, 94 of the
geological maps found in this repository were analysed. The analysed
maps encompass regions adjacent to large urban centres, highlighting
areas particularly vulnerable to landslides and their potentially severe
impact on urban populations and infrastructure (Fig. 1).

Most of these maps are accompanied by supplementary textual ex-
planations. The extensive time span (>129 years), during which these
GM25 sheets were produced, led to multiple changes in their format,
content, layout, and symbology, influenced by evolving economic needs
and advances in the geosciences (e.g., changes in stratigraphic classifi-
cation and nomenclature). The GM25 sheets were compiled during
different mapping periods by various authors, each reflecting the lith-
ological, lithogenic, stratigraphic, and nomenclatural standards of their
respective era. Additionally, the affiliation of the responsible institution
underwent several changes, further affecting the map content (Fig. 1).
The first map series published for this German state region was the
‘Geological Special Map of Prussia and the Thuringian States’, compiled
and issued by the Royal Prussian Geological Survey. For the present-day
territory of the Rhineland-Palatinate state, 37 sheets from this series
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Fig. 1. Age structure of 1:25,000 geological map sheets of Rhineland-Palatinate used for deep learning.

were published over a span of 21 years (1887-1908). Subsequently,
geological map production was interrupted for an extended period due
to World War I and ensuing political changes. The next relevant series,
the ‘Geological Map of Prussia and Adjacent Federal States’, was issued
by the Prussian Geological Survey, with 8 sheets published between
1934 and 1937. Additionally, between 1925 and 1934, four sheets were
published under the title ‘Geological Map of Hesse’. Between 1939 and
1945, geological maps were released under the designation ‘Geological
Map of the German Empire’, including four sheets published in 1940,
although these were originally surveyed between 1928 and 1931.
Geological cartography during this era was significantly hindered by the
geopolitical disruptions of both World Wars. Following World War I,
there was another prolonged hiatus in state-sponsored geological map-
ping. The production of new geological maps was resumed in the 1970s,
under the title ‘Geological Map of Rhineland-Palatinate’, with a total of

39 sheets published between 1971 and 2016.

Clearly, the evolution of geological mapping in the region was
strongly influenced by both historical and political developments, as
well as the resulting administrative changes. Since state authorities
financed the production of geological maps, the extent of mapping at a
scale of 1:25,000 varied considerably over time, leading to uneven
coverage and persistent gaps. The survey of the long and complex his-
tory of map production reveals a heterogeneous and varied cartographic
corpus of significant territorial scope. This heterogeneity extends to the
base topographic information, thematic scope, content quality, geo-
scientific markings, colour schemes, and the diverse geological symbols
and conventions employed over different periods. Despite these chal-
lenges, it is evident that historical Prussian geological and topographic
maps represent a valuable source of information on the highly diverse
geomorphological and geological structures of the Rhineland-Palatinate
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region, reflected in various types of mass movements.
2.2. Dataset preparation

Due to the long and complex history of GM25 production, different
conventions and symbols were used for the same phenomena across
various periods. For deep learning-based analysis, features relevant to
landslide research were prioritized, and symbol selection was guided by
the mass movement literature (Dikau, 1996; Hungr et al., 2014; Varnes,
1984). A template index of key symbol characteristics from different
periods was then created for training. Fig. 2 illustrates the relevance of
geological symbols utilized in deep learning.

In this study, an annotation toolbox on the online platform CVAT
(Computer Vision Annotation Tool; https://www.cvat.ai/) was used to
annotate GM25 images and generate a high-quality dataset for training
and evaluating deep learning models in geological symbol detection. All
GM25 images were manually annotated with oriented bounding boxes
around geological symbols and assigned corresponding class labels. In
total, 12,164 individual symbols were labelled into 12 classes as shown
in Fig. 3. Some symbols, for example ‘landslide’, ‘spring’ and ‘mine’
(Fig. 4), have more than one shape on the geological maps and, there-
fore, a separate class and type were defined for each shape.

All 94 geological map images were divided into three dataset parts,
as common with deep learning tools: training, validation, and testing,
with a ratio of 85%, 10%, and 5%, respectively. Therefore, 80 map
images were used for training, 9 map images were allocated for vali-
dation, and 5 map images were considered for the test dataset. One
important challenge is that the geological maps are much larger than the
symbols on them; the maps are typically about 6100 x 5700 pixels in
size, whereas most symbols are smaller than 100 x 100 pixels. To
address these challenges, the tiling technique was used. Table 1 shows

Various types of mass movements are illustrated by symbols
representing fossil, dormant and active landslides at the time of
geological surveying.

Landslide

=N
&

The term rockfall (Bergsturz) refers to large, rapid movements
of rock and debris from steep mountain slopes, particularly
identifiable on older GK25 maps.

0

Colluvial (Hillside) deposits denote debris covers on slopes,
regardless of material type or genesis, and may indicate the
presence of landslides.

Colluvial deposits

22)
N

Strike and dip symbols denote the orientation of planar
geological features significantly influencing landslide formation

Strike and dip

D
&

Springs are marked on both topographic and geological maps
and can accompany or influence landslide processes.
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With time, abandoned mines and pits acquire morphologies
resembling mass movements, complicating their identification;
mass movements may also occur within these sites.

an
N

Wetlands (Feuchtgebiete) are frequently associated with
landslide locations.

O
-

The presence of peat (Torf) in landslide areas can facilitate the
dating of fossil landslide forms.
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Fig. 2. Geological symbols used for analysing a 1:25,000 scale geological map
(GM25) series for the Rhineland-Palatinate state of Germany.
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Fig. 3. Class-number statistics for the ground truth after annotation.

the sizes of the annotated labels in the ground truth images. Clearly, the
minimum length and width of the labels are about 7 pixels, and their
maximum length and width are approximately 344 and 211 pixels,
respectively. On the other hand, about 95% of the labels have a length
smaller than 80.9 pixels and a width smaller than 46 pixels (P95).
Therefore, considering the size of the labels, a size of 128 pixels was
selected for image training and symbol detection. However, since only a
few symbols have a length or width greater than 128 pixels, a size of 416
(which is larger than the maximum label dimension of 344 pixels) was
also used during training and detection to ensure that all symbols could
be effectively captured and compared.

Therefore, each geological map was cropped into tiles of two sizes:
416 x 416 pixels and 128 x 128 pixels, with overlaps of 100 pixels and
30 pixels, respectively. The cropping workflow is illustrated in Fig. 5.
Fig. 5a represents an original geological map, which is subdivided into
smaller tiles in Fig. 5b. Fig. 5c highlights the overlapping region,
ensuring that symbols located near tile boundaries are also included in
the training data. Following the cropping phase, a series of data
augmentation techniques were applied to increase the number of objects
for symbol classes with fewer than 800 annotations (Shorten and
Khoshgoftaar, 2019). Random scaling was applied to the map tiles by
a fixed factor of 1.2. Additionally, random horizontal and vertical
translations of +30 pixels were introduced, with corresponding updates
to label positions. Maps were also converted to the HSV colour space and
modified by randomly adjusting brightness and saturation levels,
ranging between 0.6 and 1.4.

For 128 x 128-pixel tiles with a 30-pixel overlap, a total of 252,753
image tiles were generated for the training data, of which 14,692 tiles
had labels and 238,061 were empty. After data augmentation, the
number of labelled tiles increased to 26,282, and 105,136 of the empty
tiles were kept for training (1:4 ratio). For the validation data, a total of
31,411 image tiles were generated, of which 1547 tiles had labels and
29,864 had no labels, of which 6188 were kept (1:4 ratio). The test
images were similarly divided into 14,198 small tiles, of which 530 had
labels and 13,668 had no labels. Moreover, for 416 x 416-pixel tiles
with a 100-pixel overlap, a total of 22,607 image tiles were created for
the training data, of which 7308 tiles had labels and 15,299 were empty.
After data augmentation, the number of labelled tiles increased to
15,900. For the validation data, a total of 2839 image tiles were created,
of which 911 tiles had labels and 1928 had no labels. The test images
were also divided into 1292 small tiles, of which 369 had labels and 923
had no labels.

2.3. Object detection models

In this research, after tiling and augmenting the images to prepare
the dataset, six different object detection models were employed. These
include three single-stage detectors, two two-stage detectors, and one
End-to-End Transformer-based detector, specifically designed for
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Fig. 4. Examples of the different symbol shapes for (a) landslides and (b) springs from the GM25. The numbers below each crop indicate the sheet number and name/

year of GM25 publication.

Table 1
Symbol size overview in annotated geological maps.
Minimum Mean Maximum P95
Length (pixels) 7.60 46.06 344.4 80.9
Height (pixels) 6.34 24.37 211.1 46.0

oriented (directional) detection of symbols in geological images. The
models are YOLOv11 OBB (Jocher and Qiu, 2024), YOLOv8 OBB (Jocher
et al., 2023), Faster RCNN OBB (Ren et al., 2015), RetinaNet OBB (Lin
et al., 2017), Faster RCNN ORPN (Xie et al., 2024), and Oriented
Former (Zhao et al., 2024). Each of these models is described in detail in
the Supporting Material. The implementations of Faster RCNN OBB,
RetinaNet OBB, and Faster RCNN ORPN were based on the source code
provided in https://github.com/jbwang1997/0OBBDetection.

2.4. 4-Channel input

The main challenge in automatic localization of geological symbols is
their small dimensions, thin lines, background noise, and colour changes
due to paper wear. These factors prevent standard object detection
models that rely on RGB input from properly separating symbol features
from noise and background. To overcome this limitation, a 4-channel
input mechanism was designed and implemented in this study. In this
method, in addition to the three main image channels (RGB), one
additional channel was generated and added to the YOLOv11 model.
The fourth channel was automatically generated based on a combination
of gradient information and edge-distance information (Distance
Transform of Multi-Scale Edges). For this purpose, first, the input image
was filtered at several different scales with sigma values (0.0, 0.8, 1.6,
and 3.2) to create a multi-scale gradient map. Then, percentage
thresholding with values (pp; = 90) and (pj, = 65) was used to extract
edge areas, and then morphological opening operations were applied to
remove local noise. Next, the distance transform was calculated on non-
edge areas, and normalization was performed using the smooth function
(exp (-d/1)) with a value of T = 3.0. Finally, by combining 70% of the
smoothed distance map and 30% of the initial gradient intensity, a
continuous and smooth edge map (DT-Edge) was obtained, which was
added as a fourth channel to the three main RGB channels. The
computational parameters of DT-Edge were determined empirically
based on qualitative visual evaluations of a subset of validation images
containing stains, tears, paper discolouration, and very small symbols.

Sigma values (0.0, 0.8, 1.6, 3.2) were selected to extract boundaries of
varying thicknesses: smaller values are necessary to identify fine, thin
symbol lines, whereas larger values capture thicker edges while sup-
pressing fine local noise. The percentage threshold (pp; = 90, pjo = 65)
values were set at this level to ensure that only the strongest gradients
associated with the original ink of the symbols were retained, while
weaker gradients caused by old paper texture, creases, and background
stains were effectively filtered out. Moreover, the smoothing parameter
value (t = 3.0) was selected to provide a sufficient penetration radius to
connect gaps and faded lines in old maps, ensuring that symbols remain
unified without causing the boundaries of adjacent symbols to blend or
blur. Thus, each input image had a structure of (R, G, B, DT-Edge) with
dimensions (H, W, 4), and this combination increased the sensitivity of
the YOLO model to the boundaries and textures of objects in complex
data. Moreover, an alternative configuration was designed in which the
edges extracted with the Canny algorithm were added to the YOLOv11
model as an additional channel alongside the three RGB channels. This
4-channel Canny-based input (R, G, B, Canny) was implemented solely
as a comparison configuration alongside the 4-channel DT-Edge-based
input.

2.5. Model training and detection

In this study, deep learning models were trained on two datasets
independently. In YOLOvS8 and v11, for the 128 x 128-pixel tile dataset,
training parameters included a batch size of 64 over 150 epochs, using
the SGD optimizer with a learning rate of 0.005 and weight decay of
0.001. For the 416 x 416-pixel tile dataset, a batch size of 16 over 150
epochs was also employed, but with a learning rate of 0.002 and weight
decay of 0.003. Moreover, early stopping was enabled for both models.
Box loss, classification loss, and distribution focal loss were used to
evaluate the error in bounding box detections. Box loss quantifies the
error in the predicted bounding box coordinates, thereby measuring the
model's accuracy in localizing objects. Classification loss evaluates the
accuracy with which the model assigns correct class labels to detected
objects. Additionally, distribution Focal Loss was applied to further
refine bounding box predictions and enhance localization precision (Li
et al., 2020). All training, evaluation, and inference phases were con-
ducted using the PyTorch v2.6.0 deep learning framework (Paszke et al.,
2019).

For other deep learning models, training was also conducted using
tile sizes of 128 x 128 and 416 x 416 pixels separately. First, both
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Fig. 5. Cropping process of geological map images with a specified overlap. (a) The original map image. (b) Different tiles after cropping with a specified tile size. (c)

The overlap area around tile.

datasets were converted to DOTA (Dataset for Object Detection in Aerial
Images). Subsequently, RetinaNet was trained separately using the SGD
optimizer, with an initial learning rate of 0.003, momentum of 0.9, and a
weight decay of 0.0001. A stepwise learning rate schedule was adopted,
with a linear warmup (ratio = 0.001) applied during the first 500 iter-
ations. The learning rate decreased at epochs 24 and 33, and training
continued for a total of 36 epochs. The batch size was set to 8 for the 416
% 416-pixel dataset and 16 for the 128 x 128-pixel dataset. Likewise, for
the two-stage detector networks (Faster RCNN and Faster RCNN ORPN)
and the End-to-End Transformer-based detector (Oriented Former),
training followed the same procedure with the SGD optimizer and an
initial learning rate of 0.003. Moreover, momentum (0.9), weight decay
(0.0001), learning rate warmup, stepwise policy, and decay periods
(epochs 24 and 33) remained the same. Training also lasted 36 epochs,
with batch sizes of 8 for 416 x 416 tiles and 16 for 128 x 128 tiles.

In this study, the oriented object detection process was performed
using all deep learning models developed for multi-class detection based
on tiled detection. In the single-scale method, the input image is divided
into overlapping tiles, and each tile is fed separately to the trained deep
learning model (e.g., 128 or 416 pixels). The output of the model con-
sists of oriented bounding boxes that are merged at the global scale after
removing duplicate areas and applying a confidence threshold of 0.25.
In the dual-scale method, detection is performed simultaneously at two
different tile sizes. Then the results are merged using a cross-scale
consensus filter, so that only the detections having sufficient overlap
and confidence in both scales are retained. Finally, the output is saved

by drawing oriented boxes on the image and recording the coordinates,
angle, and confidence value of each object. All the training and detection
were performed on a workstation equipped with a 32-core Intel® Xeon®
Platinum 8160 CPU (2.1 GHz), 1 TB RAM, and dual Nvidia GeForce RTX
2080 Ti GPUs (11 GB VRAM each). Furthermore, to comprehensively
assess the performance of the object detection models, a range of eval-
uation metrics were employed in this study, which are described in the
Supporting Material.

3. Results and discussion
3.1. Symbol detection

Symbol localization was first performed separately on each tile size
and then by merging the detections performed on each tile, the dual-
scale detection results were also reported. Fig. 6a, b, and 6¢ show the
results for the 128 x 128, 416 x 416, and dual tile sizes, respectively.
Moreover, Table S1 (the Supporting Material) summarizes the complete
precision, recall, F1-score, and mAP results for all detections, along with
their discussion. These results indicate that in geological applications,
where the goal is simply to detect the presence of a feature rather than its
precise delineation, YOLO models, especially YOLOVS8 in the dual-scale
configuration, offer the best balance between accuracy and coverage by
being able to understand the shape and angle of the features without
depending on anchors. However, not only accurate but also fast symbol
detection is a critical requirement in automated geological map analysis,
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Fig. 6. Test performance comparison between different deep learning models
in (a) 128 x 128, (b) 416 x 416, and (c) dual tile size symbol detections.

and recent advances in deep learning architectures have significantly
improved both detection speed and precision (Redmon et al., 2016).
Table 2 shows the runtime for detecting all symbols in an image with
a size of 6160 x 5730 pixels. From this table, we can see that the
YOLOvV8 and YOLOv11 models had the lowest runtime for detecting all
symbols among all the models examined. These two models, with a
single-stage detector and lighter architecture, perform on average about
4 to 5 times faster than anchor-based models and about 3 times faster
than Transformer-based models. At a tile size of 128 x 128, YOLOv8
identified all symbols on a map sheet in only 37.3 s, and YOLOv11 in
50.4 s, while RetinaNet required 144.2 s, Faster RCNN required 179.7 s,
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Table 2
Symbol detection runtime of different deep learning models for various tile sizes.

Deep learning model ~ Run time (Seconds)

128 x 128 tile size 416 x 416 tile size Dual tile size

YOLOv11 OBB 50.4 10.2 61.2
YOLOvV8 OBB 37.3 10.4 47.2
Oriented Former 124.6 17.2 139.8
RetinaNet OBB 144.2 21.8 167.4
Faster RCNN OBB 179.7 21.6 202.7
Faster RCNN ORPN 169.3 21.5 191.6

and Oriented Former required 124.6 s for the same processing. Even the
more optimized version of ORPN, at 169.3 s, is still more than three
times slower than YOLOvVS8. At the more efficient 416 x 416 tile size, the
runtime is significantly reduced, as fewer tiles are processed to cover the
entire map. At this tile size, YOLOv11 was the fastest model at 10.2 s and
YOLOvVS8 at 10.4 s. In contrast, RetinaNet, Faster RCNN, ORPN, and
Oriented Former took 21.8 s, 21.6 s, 21.5 s, and 17.2 s, respectively. In
the dual-scale tile size, although the runtime increases (as shown in the
Supporting Material sections on the quantitative test results), the ac-
curacy of the model also increases significantly. Running the two 128
and 416 tile models in combination takes 61.2 s and 47.2 s for YOLOv11
and YOLOVS, respectively. However, this time is still much less than that
of RetinaNet (167.4 s), Faster RCNN (202.7 s), ORPN (191.6 s), and
Oriented Former (139.8 s). In practical comparison, if a sheet of
geological map is manually reviewed by an expert, the time required is
usually a full day. In contrast, YOLO models can analyse the same sheet
with acceptable accuracy in only about 10 to 60 s. Therefore, these
models are not only superior in terms of detection accuracy but also in
terms of time efficiency, enabling the fast and automatic extraction of
large-scale map symbols.

3.2. YOLOv11 OBB 4-channel input

For training and testing 4-channel input data, the 416 x 416 tile size
of the YOLOv11 OBB model was selected. Considering its metric values
and lower runtime, this model is a suitable option for further improving
symbol localization accuracy on geological maps. As shown in the re-
sults, the dual-scale YOLOV8 and v11 models have the highest metric
values for symbol detection, and using the information at two scales
allows several FPs to be detected and removed from the final detection.
However, both YOLOv8 and v11 models with the 416 x 416 tile size
showed the lowest runtime, requiring only about 10 s for an image in a
size of 6160 x 5730 pixels to detect symbols, while using dual-scale
detection for the same image requires about 50 to 60 s and is there-
fore 5 to 6 times slower. Additionally, using dual-scale detection re-
quires training on two tiles of different sizes, which also increases the
computational cost and runtime.

Fig. 7 shows the convergence and stability of the YOLOv1l OBB
models in the 3-channel and 4-channel versions. In both cases, the box
loss (blue) and classification loss (red) decrease rapidly in the first few
epochs and then approach a stable value with a gentle slope, indicating
proper convergence of the network and the absence of overfitting. In the
4-channel version (Fig. 7a and d), the initial values of the losses are
slightly lower, and the decrease is more uniform, especially in the
val_cls_loss section, where the fluctuations after epoch 20 are smaller
than in the 3-channel case, indicating that the addition of a fourth
channel has led to greater stability and better context understanding in
the network. Besides, the dfl loss, representing the accuracy of box
localization is almost constant in both models, but with a slight
decreasing trend, and remains at a value of around one.

In addition, Fig. 8 shows the relative percentage changes in the
performance indicators of the YOLOv11l OBB model for the 4-channel
and dual-scale modes compared to the base 3-channel model. In
Fig. 8a, which corresponds to the validation data, the 4-channel model
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Fig. 7. Training loss curves for (a) YOLOv11 OBB 3-channel and (b) YOLOv11 OBB 4-channel, along with validation loss curves for (¢) YOLOv11 OBB 3-channel and

(d) YOLOv11 OBB 4-channel.

shows improvements across all metrics compared to the 3-channel
model. Its precision, recall, and Fl-score values have increased by
about 12%, 1.7%, and 6.9%, respectively. The mAP metrics have also
grown in all IoU intervals, including mAP@0.5 by 1.4% and
mAP@0.5-0.95 b y 4.6%, compared to the 3-channel model. Even in the
softer indices mAP@0.3 and mAP@0.3-0.7, there is an increase of 1.2%
and 1.7%, respectively, which indicates that the model is able to detect
symbols more accurately by adding a fourth channel of information.
From a scientific point of view, this improvement is due to the addition
of textural and spectral information in the fourth channel, which allows
the network to gain a better understanding of the local context and
texture of the image. Therefore, it achieves more accurate performance
in distinguishing between subtle symbols and the same-coloured back-
ground, and the model can detect objects of different sizes without the
need for multiple scales. Moreover, the dual-scale model performs better
than the 3-channel model in some areas, especially in precision (9.5%
increase), recall (0.6% increase), and Fl-score (5.1% increase). How-
ever, unlike the 4-channel model, there is a decrease in mAP metrics.
The mAP@0.5 value has decreased by 3.8% and mAP@0.5-0.95 b y
8.8%, and the softer indices such as mAP@0.3 (—3.5%) and
mAP@0.3-0.7 (—7.2%) have also decreased. These decreases, despite
the overall increase in accuracy, occurred due to the mismatch between
the predictions at the two scales (128 and 416). From a technical point of
view, when small objects are detected at both scales, boxes with high
overlap but different spatial alignment are produced. In the fusion and
NMS application stage, this mismatch can lead to over-suppression or
partial integration of some valid predictions, mainly affecting the spatial
accuracy at high IoUs and consequently reducing the mAP, while the
recall value does not change much (only +0.6%).

In Fig. 8b, corresponding to the test data, there is a subtle but
important difference in the behaviour of the two models. In this dataset,
the dual-scale model, unlike the validation dataset, shows a significant
improvement in the more accurate mAP indices; mAP@0.5-0.95 in-
creases by 5.3% and mAP@0.3-0.7 by 1.5%, while precision, recall, and

F1 score are also about 8.0%, 0.2%, and 4.3% higher than those of the 3-
channel model, respectively. The scientific reason for this difference
between validation and test datasets is seen in the statistical composition
of the data. In the test data, the symbols are usually located separately
from each other and with a more balanced aspect ratio, and as a result,
merging the results of the two scales does not cause double elimination.
Therefore, mAP increases in the test dataset, but in the validation
dataset, which has many closely spaced objects and boundaries, this
effect is reversed. Meanwhile, the 4-channel model in the test data has a
uniform and stable improvement in all metrics and outperforms both the
3-channel and dual-scale models in almost all indicators. This model
shows a 9.2% increase in precision, 0.2% increase in recall, 4.8% in F1-
score, and about 2-3% in all mAPs (mAP@0.5 = -+1.2%,
mAP@0.5-0.95 = +2.2%, mAP@0.3 = +3.2%, mAP@0.3-0.7 = +2%).
The reason for this stability is that the addition of the fourth channel
enriches the feature space and the network can learn a wide range of
symbol sizes and orientations in a single forward pass without depend-
ing on multiple scales. As a result, unlike the dual-scale model, boundary
errors are eliminated, and the model performs more stably in both soft
and hard IoUs.

Table 3 compares the TP, FP, and FN values for the YOLOv11 OBB
model with RGB, RGB + DT-Edge, RGB + Canny, and dual tile inputs in
the validation and test datasets. The results show that adding Canny-
based binary edges to the RGB input not only did not improve perfor-
mance, but also increased detection errors, as the number of FPs
increased from 195 to 216 in the validation set and from 64 to 72 in the
test dataset. This Canny-based 4-channel input also decreased the
number of TPs from 960 to 953 in the validation set and from 351 to 347
in the test dataset. Canny edges are a binary, local representation of
intensity gradients that lack any contextual or structural information
about the continuity and width of boundaries. In historical maps, het-
erogeneous colour variations, stains, cracks, and paper folding create
gradients similar to real boundaries; as a result, the Canny channel
produces a large number of spurious edge responses and reinforces
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Fig. 8. Relative percentage changes of detection performance metrics for the
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YOLOv11 OBB 3-channel baseline on the validation (a) and test (b) datasets.

Table 3
Detection performance comparison (TP, FP, and FN) across different YOLOv11
OBB configurations on the validation and test datasets.

Dataset Count YOLOv11 OBB
RGB RGB + DT-Edge RGB + Canny Dual tile

Validation TP 960 976 953 966

FP 195 72 216 95

FN 101 85 108 95
Test TP 351 352 347 352

FP 64 29 72 33

FN 21 20 25 20

irrelevant features in the early layers of the network. In contrast, it
clearly shows that the DT-Edge fourth channel significantly reduced FPs
while maintaining a high detection rate. In the validation set, the 3-
channel model has 960 TP, 195 FP, and 101 FN, while the 4-channel
model has performed more consistently and accurately with 976 TP,
only 72 FP, and 85 FN. In other words, adding the DT-Edge fourth
channel has resulted in a more than 60% reduction in FP without any
reduction in actual detection. The DT-Edge channel provides a contin-
uous, area-based representation of the feature structure by encoding the
distance of each pixel to the nearest extracted boundary at multiple
scales. The use of multi-scale gradient information enhances edges that
are stable at different scales and implicitly carries information about the
thickness, continuity, and relative importance of boundaries, while
suppressing unstable responses due to local noise. In addition, applying
distance transformation and exponential smoothing preserves the
spatial continuity of incomplete or blurred boundaries, allowing them to
be interpreted as coherent spatial patterns. The dual-scale model also
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performs close to the DT-Edge-based 4-channel model with 966 TP, 95
FP, and 95 FN, indicating a slight increase in the loss of detection of
small or borderline objects. A similar trend was observed in the test data
in that RGB, RGB + DT-Edge, and dual tile inputs have almost the same
number of TPs (351 to 352), but the differences in FP are significant; the
3-channel model has recorded 64 FP, the DT-Edge 4-channel only 29 FP,
and the dual-scale 33 FP. At the same time, the FN value in the DT-Edge
4-channel and dual-scale models is equal and minimal (20), which in-
dicates the maximum detection rate. Therefore, from an analytical point
of view, the DT-Edge 4-channel model has established a more optimal
balance between sensitivity and accuracy than the 3-channel and even
dual-scale models by significantly reducing FP and maintaining TP.

Furthermore, the runtime difference is significant. The 3-channel
model takes about 10.2 s, the DT-Edge 4-channel model takes 13.9 s,
and the dual-scale model takes 61.2 s to detect symbols in a full image.
Therefore, while the dual-scale model improves accuracy at the cost of
more than a six-fold increase in runtime, the DT-Edge 4-channel model
performs similarly or better than the dual-scale model in most metrics,
with only 3.7 s more runtime than the single-scale 3-channel model. This
suggests that the DT-Edge 4-channel YOLOv11 is a more reliable and
cost-effective alternative to the dual-scale model, especially in practical
geological mapping applications that require fast, stable, and scalable
analysis.

3.3. Visual representation

As mentioned, the DT-Edge 4-channel and dual-scale detection
models have been shown to significantly enhance object detection per-
formance, particularly in complex visual environments with variable
object sizes and backgrounds (Chen et al., 2019). Fig. 9 presents selected
detection results on some images, illustrating the effectiveness of the
deep learning models. The detection outputs demonstrate both the di-
versity and accuracy of symbol identification across different map styles,
colour schemes, and textures. All symbols are detected with high con-
fidence scores, frequently exceeding 0.85 and reaching up to 1.00 for
certain symbols.

Small symbols like ‘springs’ and ‘mines’, as well as elongated or
context-dependent features such as ‘landslide’ and ‘strike and dip’, are
consistently detected with precise boundaries. The use of multiple col-
ours and label classes in the output further indicates that the model
reliably distinguishes between different symbol categories, maintaining
high category integrity. Additionally, the model-oriented symbol
detection capability allows it to estimate the strike angle for features
such as ‘strike and dip’ as illustrated in Fig. 9e. Moreover, analysis of
historical geological maps enables the identification and determination
of the timing of formation or existence (at least since) for numerous
landslides not recorded in the landslide database (LDB). For example,
the landslide northeast of Nieder-Olm (Fig. 10), absent from the LDB, is
clearly visible on a 3D microtopographic map and has existed since at
least the map's publication in 1989.

3.4. Discussion

In this study, the choice of OBBs is a conscious geometric simplifi-
cation and is not intended to replace precise polygonal demarcations of
landslides. In many conventional approaches to landslide susceptibility
analysis, precise polygons are used as input, while OBB-based repre-
sentation inevitably includes non-landslide areas. Therefore, the direct
use of this type of data has limitations for precise quantitative analyses
without additional processing. However, in the context of historical
geological maps, the precise boundaries of landslides are often not
clearly discernible, i.e. the highly general and poorly delineated content
is usually represented symbolically, particularly in older maps. In such
situations, the extraction of precise polygons can lead to vague in-
terpretations and depend on expert judgment. Consequently, it may
convey a degree of certainty that does not exist in the underlying data. In
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Fig. 9. Examples of predicted symbols on some geological maps. Each example primarily represents: (a) spring type 1, (b) mine type 1 and hillside deposits, (c) strike
and dip, landslide type 1 and ‘Feuchtgebiete’ (wetland), (d) ‘Bergsturz’ (rockslide), strike and dip, (e) strike and dip, (f) ‘Torf’ (peat) symbols, respectively.

contrast, the OBB-based representation provides a stable and minimal
description of the approximate location, orientation, and extent of the
phenomenon, which is more compatible with the symbolic nature of
historical maps. Accordingly, OBB-based data can be considered as an
initial input layer for updating landslide databases, initial screening of
susceptible areas, and detection of landslides not recorded in existing
sources. These data can be converted into more precise polygonal
boundaries in subsequent stages, in combination with modern data
(such as LiDAR or satellite imagery) or expert review.

Due to the nature of the historical maps used, the absolute spatial
accuracy of the extracted results is affected by several factors. These
maps have usually undergone physical changes over time, such as
folding, shrinkage, or local deformation, and in addition, the scanning
and georeferencing process can lead to heterogeneous spatial distortions
on the map surface. In such circumstances, common machine vision
metrics, such as mAP, although suitable for evaluating the performance
of detection and relative localization in image space, do not indicate the
true spatial accuracy in geographic coordinates. Accordingly, the results
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of this study should be interpreted in the context of relative and
consistent localization in image space, and not as a precise metric rep-
resentation of the location of features on the ground. Especially in areas
close to the edges of the map, there is a possibility of increased spatial
errors due to distortions, which can affect the final location of the
extracted features.

4. Conclusions

This study demonstrates the transformative potential of deep
learning models in analysing historical geological maps for landslide
research. By applying different deep learning networks including
YOLOv11 OBB, YOLOv8 OBB, RetinaNet OBB, Faster RCNN OBB, Faster
RCNN ORPN, and Oriented Former to 94 GM25 maps (1:25,000 scale)
from Rhineland-Palatinate published between 1887 and 2016, we ach-
ieved the following results.
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Fig. 10. Example of a landslide northeast of Nieder-Olm: (a) on the geological map, sheet 6015 Mainz, (b) the same landslide visualized using a 3D microtopographic

map computed according to the method of (Miyagi et al., 2024).

e The analysis of 94 geological map sheets demonstrated that deep
learning reduced processing time from a full day (manual) to around
10 s per sheet, facilitating rapid handling of large archival collec-
tions. This acceleration supports comprehensive studies of landslide
occurrence and distribution.

Due to their anchor-free structure, the YOLOv8 and v11 models
performed better than Transformer-based models as well as classical
models including RetinaNet, Faster RCNN and Faster RCNN ORPN in
detecting small and oriented symbols on geological maps.
Increasing the tile size from 128 x 128 to 416 x 416 resulted in a
steady improvement in precision (about +8%) and an increase in the
average mAP@0.5-0.95 by +5%, as objects are seen more
completely at larger scales and the models gain better spatial
accuracy.

The use of a dual tile size increased the accuracy on the test data
(specifically mAP@0.5-0.95 ~ +5.3%), but on the validation data,
mAP dropped (about —8%). This decrease is due to the lack of perfect
alignment of the predictions in the fusion step from the two different
scales. Therefore, the performance of this method depends on the
statistical composition of the data and object density.

The DT-Edge 4-channel YOLOv11 model outperformed the 3-chan-
nel version in almost all metrics and provided similar or better per-
formance than the dual-scale model without the need for two
independently trained networks.

From a computational perspective, the DT-Edge 4-channel model's
runtime (13.9 s) was only slightly longer than the single-scale model
(10.2 s) and more than four times faster than the dual-scale model
(61.2 s). Therefore, this model has the best balance between accu-
racy, stability, and computational cost.

Based on TP, FP, and FN counts, the DT-Edge 4-channel model had
more than 60% FP reduction compared to the 3-channel model in the
validation data (72 vs. 195), while the TP value even increased (976
vs. 960), indicating a sharp reduction in FPs without any loss in TP.
Overall, the DT-Edge 4-channel YOLOv11 model is considered the
most suitable option for automatic detection of geological map
symbols in terms of overall precision, recall, stability across different
datasets, and runtime, and can be an efficient and low-cost alterna-
tive to dual-scale methods or heavy anchor-based networks.

In future studies, the proposed detection method can be combined
with georeferencing processes to allow for quantitative assessment of
absolute spatial accuracy. In particular, alignment of historical maps
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with modern reference data such as satellite imagery or digital elevation
models can help reduce heterogeneous distortions caused by scanning
and physical deformation of maps. Moreover, despite the relative
robustness of the DT-Edge channel to noise and degradation, which are
common in historical maps, a quantitative and systematic assessment of
the impact of different types of physical degradation, including paper
folding, discolouration, stains, and scanning distortions, could be con-
ducted in future studies. Analysing the behaviour of the fourth channel
under different levels of degradation and comparing it with binary edge-
based methods could lead to a more accurate understanding of the sta-
bility of this representation and its further optimization for highly
degraded archival data. Moreover, the visual stability analysis showed
that the algorithm is robust for the GM25 archive analysed in this study.
However, applying it to other historical maps with different digitisation
quality may require a slight fine-tuning of these parameters.
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