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Abstract. Historical maps are essential resources that pro-
vide insights into the geographical landscapes of the past.
They serve as valuable tools for researchers across dis-
ciplines such as history, geography, and urban studies,
facilitating the reconstruction of historical environments
and the analysis of spatial transformations over time.
However, when constrained to analogue or scanned for-
mats, their interpretation is limited to humans and there-
fore not scalable. Recent advancements in machine learn-
ing, particularly in computer vision and large language
models (LLMs), have opened new avenues for automat-
ing the recognition and classification of features and ob-
jects in historical maps. In this paper, we propose a
novel distillation method that leverages LLMs and atten-
tion mechanisms for the automatic annotation of histori-
cal maps. LLMs are employed to generate coarse classifi-
cation labels for low-resolution historical image patches,
while attention mechanisms are utilized to refine these la-
bels to higher resolutions. Experimental results demon-
strate that the refined labels achieve a high recall of
more than 90%. Additionally, the intersection over union
(IoU) scores—84.2% for Wood and 72.0% for Settle-
ment—along with precision scores of 87.1% and 79.5%,
respectively, indicate that most labels are well-aligned
with ground-truth annotations. Notably, these results were
achieved without the use of fine-grained manual labels
during training, underscoring the potential of our approach
for efficient and scalable historical map analysis.

Submission Type. Model, Algorithm

BoK Concepts. Image Classification, Semantic Enrich-
ment, Image Segmentation

Keywords. Historical maps, Annotation, Accessibility,
Automatic Labelling, Deep Learning, LLM

1 Introduction

Historical maps provide invaluable insights into landscape
development and land use changes over time, as their in-
formation reaches far back into the past. However, their

analogue or scanned formats limit accessibility and usabil-
ity for modern applications. To make them accessible in a
scalable and automatic fashion, the contents of these maps
have to be described explicitly - which is often provided in
terms of general metatdata (e.g., general information about
semantic contents) or also more precisely in terms annota-
tions, e.g., of hierarchical structure or geometric relation-
ships of the objects in the maps. The availability of such
additional data has many benefits: on the one hand, his-
torical map data can be queried and inspected in a more
convenient way (e.g., via keywords, text or parameters);
on the other hand, the description can also serve to explain
the content of the map to visually impaired or blind people
- and thus allow a broader accessibility of the data (Robin-
son and Griffin (2024)).

To enhance the accessibility of historical maps, traditional
methods rely on digitization of the content in geographic
information systems (GIS) and manually extract and store
geographic features, along with their structures and re-
lationships (Bromberg and Bertness, 2005; Levin et al.,
2010; San Antonio Gómez et al., 2014; Picuno et al.,
2019; Tonolla et al., 2021). While effective, this process
is highly time-consuming and lacks scalability. To im-
prove efficiency, some studies (Leyk, 2010; Uhl et al.,
2021, 2020) have employed computer vision techniques
that statistically analyze pixel contexts within maps based
on prior knowledge to assign semantic labels to pixels or
image patches. Although these methods automate the an-
notation process, their scalability remains limited, as sta-
tistical models often fail to generalize across maps with
varying visual characteristics. In contrast, deep learning-
based semantic segmentation (Csurka et al., 2023; Yuan
et al., 2023; Heitzler and Hurni, 2020; Ekim et al., 2021;
Wu et al., 2022a, b), which assigns semantic labels at
the pixel level, offers a more scalable solution. How-
ever, these approaches require extensive training data and
ground-truth annotations, which are particularly costly and
labor-intensive to generate for historical maps. To address
this challenge, prior research has explored methods to re-
duce manual annotation efforts, such as domain adapta-
tion techniques (Wu et al., 2023) and weak supervision
through age-tracing starting from a single annotated map
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sheet (Yuan et al., 2025). While these strategies improve
semantic segmentation performance with limited ground-
truth data, they still rely on tedious manual annotations.
Moreover, these models often struggle to generalize across
maps with significant domain differences, such as those
produced by different cartographers or depicting distinct
geographical regions.

Recent advances in AI, particularly in Deep Learning
(DL) and LLMs, have enabled powerful new possibili-
ties for data interpretation. The general knowledge em-
bedded in LLMs can be distilled into smaller DL mod-
els without requiring manual annotations. More impor-
tantly, this approach can be efficiently implemented at
scale. In this paper, we leverage LLMs and the attention
mechanism (Vaswani et al., 2017) to develop a knowledge-
distillation framework for generating semantic annota-
tions for historical maps automatically. Specifically, we
utilize LLMs to generate semantic labels for large cropped
images (e.g., 384×384 pixels) and then train an attention-
based image classification model using these labels. By
employing the attention mechanism, the model identifies
clues associated with specific classes within the images.
These clues, represented as attention weight maps, can be
further used as annotations for more fine-grained image
patches (e.g., 64×64 pixels). This approach is expected to
make image patch-level annotation more cost-efficient and
scalable across various map styles.

These annotations have a wide range of applications. For
instance, they can be directly utilized to characterize and
describe the content of historical maps. Descriptions may
involve simply enumerating the object classes present on
the map (e.g., land use categories such as settlements or
forests), while more detailed analyses could include spec-
ifying the sizes and extents of these objects. Furthermore,
the generated patch-wise semantic labels can serve as su-
pervision for training semantic segmentation models, en-
abling the refinement of labels from patch-level to pixel-
level accuracy. Building upon these multi-resolution se-
mantic labels, it becomes possible to extract additional in-
formation such as geometric delineations of objects, ver-
bal descriptors (e.g., "elongated village"), and spatial re-
lationships (e.g., "a settlement beside a river"). More-
over, these enriched annotations can facilitate the con-
struction of scene graphs (Janowicz et al., 2022), repre-
senting the spatial and semantic relationships between ob-
jects within the map. In this paper, we will provide a proof-
of-concept of the first part of this knowledge-distillation
chain, namely the automatic image patch-level annotation.

2 Method

2.1 LLM-based label generation

We demonstrate the distillation concept using two classi-
fication categories: Wood and Settlement. To achieve this,
we prompt the LLM to generate image-level class labels.

Wood

Settlement

Figure 1. Prompt image for LLM.

Prompt

On the left side is some examples of the symbols of a his-
torical map including the class Wood and Settlement. On
the right side is an image of historical map patch. For the
right image, please answer the following question with Yes
or No and give reasons for the answer:
1. Does the image contain Wood?
2. Does the image contain Settlement?
Formatting the answer with the following structure:
1. **Wood?** [Yes/No] : [reason]
2. **Settlement?** [Yes/No] : [reason]

Answer from ChatGPT-4o

1. **Wood?** Yes: In the right image, clusters of closely
spaced, small circular symbols (as seen in the wood exam-
ple) can be observed. These represent the wood class.
2. **Settlement?** Yes: The map contains dotted patterns
that represent settlements."

Figure 2. LLM prompting on an example of a historical map.

For each image, a prompt image is created, as illustrated
in fig. 1, alongside a corresponding prompt text, shown in
fig. 2. The LLM then assigns classification labels to each
cropped image patch of the historical maps. In the exam-
ple, the LLM correctly identifies the image patch as con-
taining both Wood and Settlement classes.

2.2 Framework of image classification

The image classification framework, illustrated in fig. 3,
comprises three main modules: Encoder, Drop Token, and
Cross Attention (Chen et al., 2021). The Encoder first en-
codes the input image into a set of image tokens, each rep-
resents the extracted features of a specific image patch. In
the Drop Token module, a subset of these tokens is ran-
domly discarded based on a predefined probability 0<
p < 1. This random dropping mechanism prevents the at-
tention module from focusing exclusively on easily clas-
sifiable patches, thereby promoting more comprehensive
feature learning. The remaining tokens are subsequently
passed to the Cross Attention module to produce the fi-
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Figure 3. Framework for attention-based image classification. The input image features are first extracted by the Encoder into image
tokens, with a subset discarded by the Drop Token module. The remaining tokens are processed by the Cross-Attention module to
produce the final binary classification result. Post-training, the learned attention weights from the Cross-Attention module are used to
generate the Attention Map.
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Figure 4. An example of attention map generation with 16 image tokens. The final attention map is generated with 16 forward runs of
the trained model. Each column indicates one round. The white squares in the first raw indicate that the corresponding token is dropped
(features are set to zeros). The red squares in the second row show the selected maximum attention weight in each forward round,
eventually composing the Attention Map.

nal binary classification results. After model training, the
attention weights from the Cross Attention module are uti-
lized to generate an attention map, which can support fur-
ther analysis of historical maps.

Encoder The Encoder consists of six blocks, each com-
prising two convolutional layers followed by a max-
pooling layer that reduces the spatial dimensions by half.
Each convolutional layer employs the ReLU activation
function to introduce non-linearity. Given the input im-
age of dimensions H ×W × 3, the encoder extracts fea-
ture maps with dimensions H

64 ×
W
64 ×C, where C denotes

the number of output feature channels. This transforma-
tion results in feature maps of dimensions M ×N ×C,
corresponding to L=M ·N encoded image tokens.

Drop Token For each of the L input tokens, we apply a
Bernoulli distribution with a probability of p to randomly
drop a subset of tokens, encouraging the model to learn
from more challenging tokens and promoting robust fea-
ture learning. However, the randomness introduced by this
process results in a variable number of remaining tokens
S, which can affect the stability of the subsequent attention
module. Since this module aggregates attention weights

across all input tokens to generate the final classification
results, fluctuations in token count may lead to inconsis-
tencies in model performance. To address this issue, we
normalize the remaining token features by scaling them
with the inverse of the retention probability, 1

1−p , before
passing them to the attention module. This normalization
ensures that the expected contribution of each token re-
mains consistent, thereby stabilizing the attention mecha-
nism and improving classification reliability.

Cross Attention Given the remaining tokens as key and
value K,V ∈ RS×C , a randomly initialized query Q ∈
R1×C , and positional embeddings Pq ∈ R1×C and Pkv ∈
RS×C for Q and K,V , respectively, the cross attention is
formulated as follows:

Q= linearq(Q+Pq) (1)
K = lineark(K +Pkv) (2)
V = linearv(V +Pkv) (3)

W = softmax(
Q ·KT

√
C

) (4)

Q= linear(W ·V ) (5)
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(a) Wood (b) Settlement

(c) Attention weight scale. Blue to red: low attention weight (0.0) to high attention weight (1.0).

Figure 5. Example of attention maps overlay on a 5× 5 grid of input images. Each image is covered by a 6 grid of attention weights.

Here, linear denotes fully connected layer, and softmax
normalizes the attention weights in W to the range of
[0,1]. The attention weight W has a shape of 1×S, while
the output query features in eq. (5) are of shape Q ∈ R1×C .
Finally, the updated Q is passed through a classification
head, consisting of a single linear layer, to produce the fi-
nal classification result.

2.3 Attention map as annotation

The attention weights produced by the Cross Attention
module often focus on a small subset of tokens when
making the final classification. For instance, as shown in
fig. 4, even if approximately half of the input image con-
tains the Wood class, the attention module may only need
to attend to one or a few representative Wood patches to
correctly determine whether the entire image contains the
Wood class. To generate an attention map that assigns high
weights and highlights the entire foreground area, we run
the model for L iterations, selecting the maximum atten-
tion weight from each iteration to update the final atten-
tion map. Mathematically, given a set of image tokens
I = {Ii|i ∈ {1, . . . ,L}} and an initially empty attention
map A= ∅, this process can be formulated as follows:

1. Generate attention weights: Use the trained
model to compute attention weights W = {Wi|i ∈
{1, . . . ,L}}.

2. Select Maximum Attention Weight: Identify the high-
est attention weight Wi =max(W ), and its corre-
sponding index j = argmax(W ). Update the atten-
tion map as A=A∪Wi.

3. Drop the Selected Token: Remove the token Ij for the
next iteration.

These steps are repeated until all image tokens have been
processed. An illustration of this iterative process is shown
in fig. 4. For example, in the first iteration (column 1), all
tokens are passed through the attention module, yielding a
maximum attention weight of 0.8. In the second iteration,
the image token corresponding to the previous maximum
weight is removed (or its features are set to zero). The new
maximum attention weight 0.8 corresponds to a different
location. As this process continues, we progressively build
an attention map that highlights the entire relevant region,
as the Attention Map depicted in the final column of fig. 4.
These weight maps can then be used annotations for other
tasks, such as semantic segmentation.

2.4 Experimental settings

Dataset We conduct our experiments using map sheets
published by the Lower Saxony Mapping Agency
(LGLN). To reduce training time while effectively demon-
strating our knowledge distillation approach from large
language models (LLMs), we selected maps from the
years 1973 to 1975. Three map sheets (3821, 3822, and

AGILE: GIScience Series, 6, 52, 2025 | https://doi.org/10.5194/agile-giss-6-52-2025 4 of 8



3921) covering the Hameln area were used for training,
while one map sheet (3922) was reserved for evaluation.
Each map sheet was cropped into images of size 384×384
pixels. Using an LLM, we annotated each cropped image
with a binary label for each foreground class. Given that
LLM-generated annotations may not be fully accurate, we
visualized the labels in an interactive interface, allowing
human annotators to efficiently correct errors by simply
clicking to flip incorrect labels. As the majority of labels
were accurate, this correction process was highly efficient,
typically requiring less than one minute per map sheet.

Training The cropped images result in encoded image to-
kens of shape 6, corresponding to 36 tokens per image.
In the Drop Token module, we empirically set the drop
probability to p= 0.2 and the number of encoding chan-
nels to C = 512. The model is trained with Focal loss for
100 epochs. Optimization was performed with the Adam
optimizer, using a learning rate of 5 · 10−4 and a warm-
up period of 5 epochs. We trained two separate models to
identify the foreground classes: Wood and Settlement.

3 Result and evaluation

3.1 Qualitative result

The generated attention maps for some image patches are
presented in fig. 5, while results for the whole map sheets
are in the Appendix. The attention weights are visualized
using a color gradient (fig. 5c), where red and blue rep-
resent high and low attention weights, respectively. Two
separate models are trained to produce fig. 5a and fig. 5b,
one for each class considered as foreground class. It can be
observed that the majority of image patches are correctly
classified, with foreground classes highlighted by high at-
tention weights.

Despite these promising results, the classification is not
flawless, and two primary issues are evident. First, the
model tends to misclassify certain background patches as
foreground. For instance, in fig. 5a, the patch at row 2
and column 5, denoted as P (2,5), is incorrectly classi-
fied, while in fig. 5b, P (1,2) show similar errors. This
issue is particularly noticeable at the image borders,
such as patches P (1,1),P (1,2),P (1,3),P (2,1),P (2,2)
in fig. 5a.

Second, the model struggles to accurately delineate the
boundaries between foreground and background classes.
It often extends the foreground classification beyond the
actual boundaries defined by the ground truth. For exam-
ple, in fig. 5a, the image patch P (2,1) incorrectly includes
parts of a settlement area within the wood class. Similar
boundary misclassifications are also visible in fig. 5b.

We hypothesize that these issues arise from the large re-
ceptive fields of the convolutional kernels, which expand
with increasing convolutional layers. While additional lay-
ers are necessary for improved feature embedding and cap-

Table 1. Down-sampled: patch-wise (64× 64 pixels) classifica-
tion results at attention weight threshold of 0.5.

IoU Precision Recall
Wood 0.824 0.871 0.939
Settlement 0.720 0.795 0.880

Table 2. Up-sampled: pixel-wise classification results at atten-
tion weight threshold of 0.5.

IoU Precision Recall
Wood 0.781 0.796 0.975
Settlement 0.474 0.482 0.968

turing broader contextual information, they also increase
the likelihood of neighboring patches—those close to
the foreground but belonging to the background—sharing
similar features with the foreground. Consequently, these
patches are more prone to being misclassified as fore-
ground.

3.2 Quantitative result

To quantitatively evaluate the proposed framework, we
compare the generated attention maps, denoted as A, with
the ground-truth semantic segmentation labels, denoted as
Y . However, as the attention maps and the semantic labels
have different resolutions, an alignment was necessary for
a fair comparison. Each attention weight Wi in the atten-
tion map corresponds to an image patch of size 64× 64
pixels, whereas the ground-truth Y provides pixel-wise la-
bels. To harmonize the resolutions, we employed two ap-
proaches: down-sampling the pixel-wise labels Y or up-
sampling the patch-wise attention maps A.

For the down-sampled comparison, Y is divided into
64× 64 tiles. Each tile is assigned as foreground if it con-
tains any foreground pixels; otherwise, it is labeled as
background. For the up-sampled comparison, each atten-
tion weight Wi is treated as a classification confidence
score and uniformly assigned to all pixels within their cor-
responding 64× 64 image patch. Repeating this process
across the attention map results in an up-sampled attention
map matching the resolution of Y .

In both comparisons, we apply a threshold 0< σ < 1 to
produce the final classification results. Specifically, pixels
in attention maps with values greater than σ are classified
as foreground, while those with values less than or equal
to σ are classified as background. Using these classifica-
tion results alongside the ground-truth labels of matching
resolution, we compute the Intersection over Union (IoU),
precision, and recall as evaluation metrics.

The down-sampled comparison results, presented in ta-
ble 1, indicate that most image patches (64× 64) are cor-
rectly classified. For example, the precision reaches 87.1%
for wood and 79.5% for settlement class. The recall values
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Figure 6. Down-sampled: patch-wise (64×64 pixels) classifica-
tion results with different thresholds for attention weights.
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Figure 7. Up-sampled: classification results with different
thresholds for attention weights.

are even higher, indicating the most foreground patches
are successfully identified. The wood class outperforms
settlement, likely due to its higher spatial coverage, which
increases the likelihood of patches being classified as fore-
ground.

In contrast, the up-sampled comparison (table 2) yielded
lower IoU and precision. This decline can be attributed
to the coarse-grained predictions failing to align pre-
cisely with the fine-grained ground-truth labels, even after
up-sampling. Furthermore, recall remained significantly
higher compared to IoU and precision. This trend aligns
with qualitative observations where background patches
near foreground boundaries were often misclassified as
foreground. The elevated recall suggests that the model
reliably identifies most instances of the target foreground
class, which is particularly beneficial for applications such
as content-based historical map retrieval.

We also evaluated the model’s performance across various
attention weight thresholds, as shown in fig. 6 and fig. 7.
The results demonstrate that increasing the threshold im-
proves IoU and precision, though it slightly reduces recall.
This effect was less pronounced for the settlement class,
where metrics stabilized at lower thresholds but achieved
lower maximum values—IoU of 0.72 (down-sampled) and
0.47 (up-sampled), and precision of 0.80 (down-sampled)
and 0.48 (up-sampled). In contrast, the wood class demon-
strated superior performance, with IoU reaching 0.85 and
0.81 for down- and up-sampled comparisons, respectively.
Precision peaked at 0.93 (down-sampled) and 0.84 (up-
sampled) when the threshold was set to σ = 0.9.

4 Conclusion and future work
In this paper, we proposed a method for distilling the
knowledge of LLMs into compact, attention-based mod-
els for recognizing content in historical maps. Specifi-
cally, we utilized LLMs to annotate large historical image
patches by determining the presence of specific seman-
tic classes. These labelled patches were then employed
to train an attention-based classification model. By lever-
aging the attention weights from the trained model, we
were able to trace the location of target semantic classes
within the image, enabling the refinement of semantic la-
bels at higher resolutions. Experimental results demon-
strate that these refined semantic labels closely align with
ground-truth pixel-wise annotations, achieving a high re-
call rate of more than 90%. Nonetheless, some misclassifi-
cations were observed at class boundaries, where patches
near edges were incorrectly labelled as foreground. Future
work will investigate the influence of such label noise on
subsequent processes, as described in the introduction. In
the current approach, the LLM-generated labels had an ac-
curacy of approx. 70%. While a quick correction of those
labels is possible due to the large patch-sizes, future work
will also try to improve the labelling results.

Also, we will research possibilities to improve the cur-
rent results. In our experiments, we adopted a fixed in-
put patch size of 384× 384 pixels and an output patch
size of 64× 64 pixels. Future work could explore the ef-
fects of varying input and output patch sizes to further
optimize model performance. Additionally, hierarchical
model architectures could be investigated to progressively
reduce output patch sizes, enabling more fine-grained se-
mantic labelling. While this study focused on binary clas-
sification—requiring separate models for each semantic
class—future research could aim to develop unified mod-
els capable of multi-class classification within a single
framework. In this work, we demonstrated the feasibil-
ity of generating fine-grained semantic labels from coarse
labels using a simple encoder. As a next step, future re-
search could explore leveraging deeper, pre-trained foun-
dation models—such as Vision Transformers (Dosovitskiy
et al., 2020), and CLIP (Radford et al., 2021)—to enhance
the performance.

5 Data and software availability

The data and code used in the paper are available at https:
//github.com/YuanYunshuang/llm-attn.
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Appendix

Figure 8. Attention map for whole map sheet of Wood class compared to ground-truth semantic labels. Left: Attention mask overlaid
on historical map. Right: Ground-truth labels for Wood class.

Figure 9. Attention map for whole map sheet of Settlement class compared to ground-truth semantic labels. Left: Attention mask
overlaid on historical map. Right: Ground-truth labels for Settlement class.
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