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Abstract

Historical maps contain valuable information for applications such as critical mineral assess-

ment. However, most maps are available only in raster format, hindering automated analysis.

We target the problem of learning to interpret historical maps by colorizing, recoloring, and

digitizing polygonal features.

We present a metadata-driven machine-learning framework that leverages polygon meta-

data. The polygon metadata includes map keys indicating the visual appearance or semantic

attributes of polygonal features, as well as lines delineating polygon boundaries. Building

on this information, our framework jointly addresses colorization, recoloring, digitization,

and generalization. First, for draft maps with dense handwritten overlays on monochromatic

basemaps, our approach learns to colorize maps by interpreting monochromatic keys and

annotations. Second, for maps with color inconsistencies caused by production or scanning

artifacts, it learns to recolor maps by detecting and correcting mismatches between polygonal

features and their corresponding map keys. For digitization, it encodes map content and keys

into bitmaps and employs a convolutional model to learn to recognize polygonal features.

To generalize digitization across diverse map styles, it learns region representations from

map legend items and consensus-based pseudo-labels via contrastive objectives, adaptively

reweighting solutions from complementary modules.

We evaluate our framework on six public map series, spanning diverse printing techniques,

color schemas, and pattern degradation. For out-of-domain polygon digitization without

target-style annotations, our approach achieves statistically significant improvements over

state-of-the-art methods, including pre-trained large vision-language models, by 6.09% in

F1 score and by 5.88% in estimated reductions in post-editing effort. For the in-domain

historical map benchmark with predefined training data, our polygon-digitization approach

outperforms comparative methods by 4.52% in F1 score. Controlled experiments on the

xx



in-domain benchmark show that recoloring and colorization improve downstream polygon-

digitization precision by more than 8.55% and outperform comparative methods by more

than 7.51%, demonstrating their effectiveness as supporting modules.
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Chapter 1

Introduction

1.1 Motivation

Historical maps preserve long-term geographic, environmental, and geological information

that is often unavailable from modern surveys [16]. These maps document land cover,

geological formations, infrastructure development, and environmental changes across centuries.

Consequently, digitizing historical maps into structured vector representations enables a wide

range of downstream analyses, including land-use reconstruction, environmental monitoring,

geological assessment, and urban growth modeling.

A large portion of historical map archives exists only as scanned raster images. Transform-

ing these raster archives into analysis-ready vector data requires identifying and delineating

geographic entities, including polygonal regions, linear boundaries, and point features. Among

these, we target polygonal features that represent spatial extents of semantic regions such

as geological units, land cover classes, and administrative zones. However, converting raster

maps into polygonal vector layers typically requires substantial manual interpretation by

domain experts.

For instance, finding potential sites for undiscovered critical mineral deposits, such as

lithium and cobalt, is pivotal to securing the global supply chain for technologies and national

security. Accurate geological data is essential for these assessments, and the United States
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Geological Survey (USGS) has a collection of over 100,000 historical maps. However, a

significant portion of these historical archives exists only in scanned raster formats and

hinders downstream analysis.

The difficulty in digitizing geological features represented as polygons from raster maps

is four-fold. First, the cartographic styles of map keys (legend items) and their content are

highly diverse, often incorporating complex markings, textures, and textual labels for specific

regions. Second, existing color maps may suffer from significant color inconsistencies caused

by scanning artifacts, such as paper creases and shadows, or production artifacts, including

shaded relief overlays or digital elevation models, leading to mismatches between polygon

features and their intended appearances defined in the legend. Third, geological data of some

regions exists only as monochromatic draft maps produced during fieldwork. These draft

maps contain dense handwritten annotations and interwoven boundaries that are difficult to

distinguish without color encoding, yet manual colorization is prohibitively labor-intensive.

Finally, automated models typically suffer from severe domain shift. A polygon-digitization

model trained on one map series may fail when deployed on maps from different archives due

to variations in printing techniques, ink diffusion, and pattern degradation.

1.2 Problem Statement

To address these challenges, given the historical maps with identified polygon map keys

and map content area, we target the problem of automatically interpreting and digitizing

polygonal features from historical maps across diverse cartographic styles.

1.3 Thesis Statement

We can build a system that automatically learns to interpret historical maps by colorizing,

recoloring, and digitizing polygonal features using polygon metadata.
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1.4 Approach

We define the term Polygon Metadata as the external data on maps about polygonal

features. The polygon metadata can be any data that is on the map, describing or about the

polygon feature, but cannot be the geometric boundaries of the polygon feature (’a set of

line segments’) itself.

An example of polygon metadata is the map legend, which has a set of map keys that

describe the visual representation (e.g., colors and text patterns) of the corresponding polygon

features on the map. In addition to the visual representation, the map keys may reveal the

semantic meaning of the corresponding polygon features. For instance, the colors used for

each map key indicate the rock type and geological age of that polygonal feature, or geological

unit [71, 75].

Our work consists of four frameworks to address the various stages of exploiting polygon

metadata for facilitating historical map interpretation.

First, we present LOAM [49] (Legend-Oriented Automated polygon digitization from

Maps), a polygon-metadata-driven machine-learning approach to extract polygonal features

from raster maps. It encodes the raster map and its corresponding map keys into a series of

intermediate bitmaps that mimic how humans read maps. These representations are then

processed by a convolutional neural network to learn to adaptively recognize polygon features

across different map styles.

Second, to correct significant color inconsistencies between map content and polygon

map keys, we present REPOLISH [50] (REcoloring via Polygon-Oriented Learning with

Interpretative Spectra in Historical maps). It reformulates map recoloring as a constrained

image-to-image correction problem, utilizing a generative adversarial network (GAN) to

adjust saturation and value while preserving the hue identity defined by map keys. By

extracting interpretative spectra and structural sketches, it learns to correct anomalies and

maintain semantic consistency for downstream analysis.
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Then, to address the colorization of monochromatic draft maps, we propose SHAD-

ING [51] (Semantic–Harmonic Achromatic Draft Interpretation and Narration for Geological

maps). This serves as a semantic bridge to turn draft maps into a particular cartographic

style that our polygon digitization model is familiar with. We combine instance segmentation

results derived from the map content with the semantics of the polygon legend items. By

employing a conditional generative model with a cross-attention mechanism, the model learns

to colorize draft maps guided by implicit coloring conventions and spatial constraints.

Finally, we present GLYPH [52] (Generalization via Legend-guided Yoked Polygon

extraction in Historical maps), which addresses cross-domain generalization across diverse

historical map styles. This enables automated polygon digitization without requiring annota-

tions for the unseen cartographic domains. It integrates outputs from multiple complementary

expert models at the regional level. By leveraging region-level representations and optimizing

fusion weights via test-time adaptation, it learns to dynamically reconcile model outputs and

produce polygon masks that are geometrically coherent and semantically aligned with the

map keys.

1.5 Contribution of the Research

We summarize the main contributions of this dissertation as follows:

– A metadata-driven approach that generates multiple representations capturing different

aspects of map interpretation and learns adaptive recognition of polygon features.

– A machine-learning model that corrects color inconsistencies between polygon features

in map content and their corresponding map keys, improving semantic alignment.

– A conditional generative framework that integrates structural understanding of sketches

with semantic reasoning of polygon map keys to colorize achromatic draft maps.

– A legend-guided mixture-of-experts framework that performs test-time adaptation to

generalize polygon digitization across map archives with diverse cartographic styles.
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1.6 Outline of the Dissertation

The thesis is organized as follows. Chapter 2 introduces LOAM for digitizing polygonal

features from raster maps. Chapter 3 presents REPOLISH for correcting polygon coloring

inconsistencies in historical maps. Chapter 4 describes SHADING for colorizing achromatic

draft geological maps. Chapter 5 details GLYPH for cross-domain generalization of polygon

digitization. Finally, Chapter 6 concludes the dissertation and discusses future research

directions.

REPOLISH (Chapter 3) and SHADING (Chapter 4) serve as semantic restoration means

that regularize significantly noisy or incomplete maps into a standardized cartographic format.

LOAM (Chapter 2) acts as the core for the in-domain polygon digitization to handle arbitrary

unseen legend items with known cartographical map styles. Based upon LOAM’s outputs,

GLYPH (Chapter 5) supports out-of-domain polygon digitization for unseen map styles.

In addition, we introduce automated map segmentation in Appendix A to turn the entire

digitization pipeline into a fully automated process, with the only human input being the

raster map.
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Chapter 2

Exploiting Polygon Metadata to Digi-

tize Polygonal Features

Historical maps preserve critical geographic, environmental, and geological information that

is often unavailable from modern surveys. Transforming these raster archives into structured

vector representations, specifically polygonal layers, is essential for longitudinal studies in

land-use reconstruction, urban growth, and natural resource management. For instance,

locating undiscovered deposits of critical minerals requires accurate geological data. However,

most of the 100,000 historical geological maps of the United States Geological Survey (USGS)

remain in raster format. This hinders modern critical mineral assessment. We target the

problem of extracting semantic polygonal features from raster maps. We exploit polygon

metadata, which provides information on polygon features, such as map keys indicating how

the features are represented in the map content, to extract polygon features. We present a

metadata-driven machine-learning approach that encodes the raster map and map key into a

series of bitmaps and uses a convolutional model to learn to recognize the polygon features.

We evaluated our approach on USGS geological maps; our approach achieves a median F1

score of 0.809 and outperforms state-of-the-art methods by 4.52%.
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Input Raster Map
Input Map Key 

Output Polygon Feature 
(Binary image)

Map
Content

Figure 2.1: An example of extracting polygonal features represented as polygons from a
raster map. The input is a raster map (top left), and the bounding boxes of the map key (red
squares in the top-left map). The desired output is a binary image for each polygon feature
on the raster map. There are several challenges in map key extraction: 1) the map key for
MzPrgg has a solid background color, and the map key for Qmolsc has triangular markings;
2) color shift for feature Qyfs between the map key and its corresponding polygon feature in
the targeted map content; 3) similar colors between map keys, e.g., Qyfs and Qyas in the
map content (top left) despite being distinguishable from the map keys (center). The only
means to differentiate these two polygon features in the map content is the text label; 4) the
text labels of Qyw and Kgd located nearby the correct polygon feature, and the map uses a
line pointing text label of Kgd to the correct polygon feature (bottom left, brown block).

2.1 Motivation

Historical maps preserve long-term geographic, environmental, and urban information that is

often unavailable from modern surveys [16, 40]. Digitizing such raster archives into structured,

linked polygon layers enables downstream analyses such as land-cover reconstruction, urban

growth studies, and infrastructure planning [67]. Among the various cartographic elements,

we target polygonal features as they represent the spatial extent of thematic regions, such as

forest types, soil classifications, urban property boundaries, and geological units.

Figure 2.1 shows an example of extracting polygon features from a raster map. Each

polygon feature is identified by a map key specifying the feature’s color and name. For each

key, the task is to extract a binary mask image, capturing the corresponding feature to

convert raster maps into analysis-ready formats.
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The challenge of extracting polygon features from raster maps is four-fold (see Figure

2.1). First, the map keys come in different styles (e.g., colors or markings). Second, for a

certain polygon feature, the color used in the map key may differ from the color used in the

corresponding polygon feature in the map content. This is due to the scanning process or

the fact that polygon features overlap with translucent symbols. Third, multiple keys on

one map can have the same color and are differentiated only by text labels. Fourth, a text

label can be located nearby, instead of inside, the correct polygon feature. Sometimes, the

map uses a line to point the text label to the correct polygon. This is due to the size of the

polygon features.

Most previous research focuses on extracting only one specific characteristic type (e.g.,

color) for extracting polygons from raster maps [4]. These single-feature extraction approaches

consist of a series of image-processing techniques and require a tailored model for each

feature. Thus, they do not apply to processing a large number of maps and polygon features.

On the other hand, some previous studies apply foreground detection [79] and instance

segmentation [27, 36] to segment polygon features from raster images. However, these

approaches do not match the identified polygon features with the map keys. An additional

procedure is needed to either link the identified features to the targeted map key (post-process)

or fuse the map content with the map keys (pre-process).

To address these challenges, we propose a novel method that exploits the metadata that

provides information on polygonal features. Our approach first encodes the raster map and

map keys into a series of bitmaps. These bitmaps represent various aspects that people rely

on when recognizing polygon features from raster maps. These aspects include matching and

detecting colors, texts, and polygonal feature boundaries. Meanwhile, we embed the raster

map and map keys that represent their complexity. The embedding includes color variety,

color distances, and content coverage in the raster map or among keys. Next, our approach

applies a convolutional neural network model that treats the series of bitmaps as multiple

input channels. The model exploits the input bitmaps and the embedding to learn to adapt
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to different styles of raster maps and map keys to return the extracted polygon features. We

provide an overview of our approach in Figure 2.2.

We evaluate our approach using USGS geological maps [25] provided in the DARPA Critical

Mineral Assessment Competition1. This dataset serves as the primary public benchmark

for the polygon digitization framework due to its cartographic complexity, rigorous protocol,

and data integrity. The dataset provides explicit training, validation, and testing sets, with

no overlap in maps or polygon map keys across the three sets. This ensures that the tested

model learns the relationship between legend and content rather than memorizing specific

categories. With an average of more than 30 polygon map keys per map, this dataset serves

as a difficult benchmark for evaluating supervised-learning-based methods with available

in-domain training data (in-domain cartographic styles). Our approach outperforms the state-

of-the-art method that placed first in the competition in October 2022 by 4.52%. Moreover,

we present a case study that provides a qualitative analysis of the polygon-recognition model

in our approach. While we use the USGS dataset to validate the core architecture given

unseen polygon map keys with similar cartographic styles in this chapter, we present the

cross-domain evaluation, in which map keys are unseen, and maps are in distinct cartographic

styles, to demonstrate the robustness across broader map archives in Chapter 5.

The contribution of this chapter is a novel approach that exploits metadata to extract

polygonal features from raster maps with arbitrary polygon map keys in the map legend. Our

method generates multiple representations of the map for each map key. These representations

capture different aspects of map understanding, such as extracting polygon features based on

colors, textual descriptions, and boundaries. Our method then leverages these representations

to adaptively extract polygon features from maps with polygon map keys that were not seen

during training.

1https://criticalminerals.darpa.mil/The-Competition
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Figure 2.2: An overview of our approach to polygon feature extraction. There are five types
of intermediate bitmaps when encoding the map content with a map key. These bitmaps and
the embedding support the polygon-recognition model.

2.2 Approach to Polygon Extraction

2.2.1 Problem Definition

The input includes (1) a raster map and (2) a raster image of the map key (the geological

feature represented as polygons that we want to extract) from the map legend in the raster

map.

The output is a binary image for each polygonal feature in the raster map. We use binary

representation for the extracted polygon feature. We show an example of extracting polygon

features from a raster map based on keys in Figure 2.1.

2.2.2 Approach Overview

Our goal is to extract geological features from a raster map into a binary image by using the

map keys as background knowledge.

We summarize the process of people reading a map and recognizing polygon features from

the map as follows: (r1) comprehending the colors, texts, or symbols used by map keys in
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the map legend; (r2) identifying the region of interest in the map; (r3) finding the areas with

colors similar to the color of our targeted map key; (r4) distinguishing symbols and textures

overlapped with or nearby the found areas; and (r5) using texts or boundaries to further

differentiate the polygon features if multiple keys have the same colors.

Consequently, our approach mimics this process for polygon extraction. We illustrate our

approach in Figures 2.2 and 2.3. In the first stage, our approach detects the map content

of the scanned image (corresponding to r2) and embeds auxiliary information representing

the color variety and complexity of the map and map keys (corresponding to r1). Next, we

generate five types of (intermediate) bitmaps representing different aspects of understanding

the map for extracting the polygon feature of each map key. We introduce their intuitions

(the labeled Roman numerals corresponding to the ones in Figure 2.2 and Figure 2.3): (i)

identifying the polygon feature based on the color of the map key, and excluding polygons that

are labeled with texts different from the targeted one (corresponding to r5); (ii) identifying

the polygon feature based on the color of the map key, and including surrounding areas that

have different colors due to translucent symbols or textures (corresponding to r4); (iii) directly

finding the areas that have colors similar to the color of our targeted map key (corresponding

to r3); (iv) assuming that each pixel in raster maps can only belong to one map key, finding

the areas that have the most-similar colors to our targeted map key (corresponding to r1 and

r3); and (v) using boundaries to differentiate the polygon features if nearby polygons have

the same colors but belong to other map keys (corresponding to r5).

The above five types of bitmaps (map-understanding aspects) correspond to (i) the polygon

feature generated based on adaptive color thresholding with conditional dilation (extracting

areas based on colors) and text-pattern matching; (ii) the polygon feature generated based

on dynamic color thresholding (considering translucent symbols); (iii) the color differencing

showing the distances between the key and each pixel (finding areas with similar colors); (iv)

the polygon feature generated based on color-set matching; and (v) the output of boundary

detection.
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Figure 2.3: The workflow of polygon feature extraction. Our approach uses the metadata
to encode the map content and each map key into a series of bitmaps. It then applies a
convolutional model to learn to recognize the polygon feature. The Roman numerals in the
intermediate bitmaps (center, yellow block) correspond to the ones in Figure 2.2.

In the second stage, our approach treats the series of bitmaps as the input of a convolutional

neural network to learn to recognize the polygon feature of each key. Meanwhile, our polygon-

recognition model exploits auxiliary-information embedding representing the latent styles of

raster maps and map keys. Based on the identified latent styles, our polygon-recognition

model leverages different types of bitmaps to adapt to maps and keys with different styles.

The idea is that certain types of map-understanding aspects are more reliable than others,

given certain map styles.

2.2.3 Preprocessing of Polygon Metadata

We exploit metadata (polygon metadata) to (1) encode the map and map keys into a series of

bitmaps based on different aspects of understanding the map and (2) embed the map and

map keys.

There are three sub-tasks for preprocessing the metadata: (1) detecting the map content

in scanned images; (2) encoding the polygon features in the map content based on map
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keys into a series of bitmaps to support the polygon-recognition model; and (3) embedding

auxiliary information from the raster map and keys to support the polygon-recognition model.

2.2.3.1 Map-Content Detection

The map content is the specific area or region that has the geological features and information

we are interested in. Our approach identifies the map content from the input raster map

based on a connected-component analysis that considers the color variety.

The detection of map content from scanned images has two challenges: (1) there may be

inconsistency in the shape and relative location of the various components on the scanned

image, such as the map, the legend, and the auxiliary labels, photos, and text around the

scanned images; (2) because these are scanned images, there may be artifacts in the image

from the scanning process, such as creases in the paper, that cast a shadow over areas that

are not our targets and generate false positives.

To address the first challenge, we identify background colors to determine the foreground

image and then employ a connected-component analysis of the foreground image. In particular,

our approach finds the background colors of the image based on the four corners of the

image and separates the foreground image into multiple connected components. Next, by

calculating the number of distinct colors for each connected component, our approach selects

the largest connected component with its color variety higher than a lower bound that is set

empirically. The reason for setting the lower bound of the color variety is to prevent selecting

the auxiliary texts as our targeted map content; selecting the largest connected component is

to avoid selecting the legend or auxiliary photos. For instance, in Figure 2.1, the connected

component for the auxiliary texts occupies more than half of the raster image.

For the second challenge that involves the artifacts from the scanning process, our approach

performs a series of dilation and erosion of the foreground image. This allows us to better

determine the background and foreground of the scanned images. Figure 2.4 shows an input

raster map having a non-rectangular map content with auxiliary labels or having creases and
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Figure 2.4: Two examples of an input raster map (left) with its corresponding map content
(right, white). One input raster map has a non-rectangular map content (top); while the
other has creases with auxiliary labels and photos (bottom).

non-white background color with auxiliary labels and photos.

2.2.3.2 Polygon-Feature Encoding

Polygon-feature encoding provides a series of bitmaps (candidates) representing different map-

understanding aspects. Our approach generates the candidates using the Polygon Metadata

(e.g., colors and text patterns in the map keys).

The challenge of extracting polygon features from scanned geological maps is four-fold: (1)

the keys from the legend on maps come in different colors, texts, or textures; (2) the polygon

features in the map content often overlap with symbols or textures. This leads to a color shift
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between the map key and the corresponding polygon feature, making it difficult to identify

them from their surroundings. For instance, geological maps often overlap with contours,

fault lines, or terrain features; (3) multiple keys from one map come in the same color; the

only difference is the labeled text. This is usually due to the hierarchical relationships in the

map legend; (4) the text is not always labeled in the corresponding polygon features due to

the limited space of the features. These four factors make it difficult to develop a model that

can accurately extract all polygon features without retraining the model for each feature.

To address the challenges, our proposed polygon-feature encoding turns the input raster

maps and the map key into a series of bitmaps representing five map-understanding aspects.

We illustrate the workflow of polygon-feature encoding in Figure 2.3 and introduce the

components of our workflow as follows.

Dummy-Pixel Detection. The dummy pixels indicate opaque texts, contours, fault

lines, or terrain features in geological maps. During polygon feature extraction, we can ignore

these dummy pixels when they overlap with or are surrounded by our targeted polygon

features.

The dummy-pixel detection takes the map content as input. Since most USGS geological

maps label text, contours, fault lines, and boundaries in black, our approach applies color

thresholding to identify these dummy pixels. We set the threshold based on observations

from the training datasets. Besides, since most geological maps use solid lines or dashed

lines to represent the boundaries between two polygon features, these dummy pixels can also

support text-pattern matching and boundary detection.

Color Differencing. To address (1) the challenge of keys in different colors and (2) the

slight color shift between map keys and corresponding polygon feature in the map content

due to the scanning process (e.g., the feature Qyfs depicted in Figure 2.1 has different colors

in the map key and map content). Our approach evaluates the color distance between the

input map key and each pixel in the map content. We adopt the pixel-wise (1) Euclidean

distance in RGB color space and (2) the difference in H space (Hue) from the HSV color
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space to retrieve two results. We store the results into bitmaps ranging from 0 (black) to 255

(white), respectively. We assign a higher value to a pixel if it has a shorter distance to the

target map key.

In addition, we notice that the boundaries among the polygon features can induce a large

color gradient between the pixels located around the boundaries. Our approach calculates

the color gradient among pixels to help identify the boundaries among polygon features in

the map content.

Adaptive Color Thresholding with Conditional Dilation. Adaptive color thresh-

olding exploits the idea that (1) there may be a slight color shift between the polygon feature

and map key due to the scanning process or overlapping with translucent symbols, and (2)

the range of fault tolerance of this color shift depends on whether other keys are using a

similar color. If no map keys use a similar color, one can enlarge the range of fault tolerance

due to the color shift for the map key. Despite the slight color shifts of a polygon feature,

areas with shifted colors, such as translucent symbols, shall still be located by areas with no

color shifts.

Conditional dilation exploits the idea that one can ignore dummy pixels that (1) represent

opaque symbols and (2) are located by the areas extracted based on colors. We illustrate

an example of the workflow for adaptive color thresholding with conditional dilation in

Figure 2.5.

Due to the scanning process and the overlap with translucent symbols or textures, simply

applying color thresholding based on the RGB or HSV color space could yield false-negative

extraction. Accordingly, our approach first applies the mean shift for image smoothing [18].

Next, our approach automatically and iteratively relaxes the tolerance in the RGB and HSV

thresholds for each key while preventing overlapping with the thresholds of other keys.

We depict the adaptive relaxation of the color space in Equation 2.1, in which hup
th

represents the upper bound of the threshold in the H color space of a map key, hlw
th represents

the lower bound of the threshold; hup
adapt and hlw

adapt indicate the relaxed threshold. h′lw
th refers
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Figure 2.5: An example of incorporating the dummy pixels and the dilated buffer area from
the previous iteration in adaptive color thresholding with conditional dilation.

to the minimum lower bound threshold for all keys that are larger than hup
th , while h′up

th is

the maximum upper bound threshold for all keys that are smaller than hlw
th . There are two

adjustable parameters: α is the minimum relaxation value, and β is the relaxation rate. We

set α at 2 and β to 0.25 in the evaluation based on observations of the training dataset.

hup
adapt = hup

th + min(α, β(h′lw
th − hup

th ))

hlw
adapt = hlw

th −min(α, β(hlw
th − h′up

th ))

(2.1)

Dynamic Color Thresholding. Dynamic color thresholding deals with pixels sur-

rounded by the extracted polygon but not extracted by adaptive color thresholding due to an

overlap with translucent symbols. Our approach defines the relaxed color threshold based on

the pixels in the buffer area of adaptive color thresholding that do not belong to any other

keys.

Text-Pattern Matching. Text-pattern matching addresses the challenges of (1) multiple

keys on one map having the same color and (2) texts not labeled in the corresponding polygon

feature (e.g., Qyw in Figure 2.1). The input base map of text-pattern matching is the dilation

and overlap of adaptive color thresholding and dummy-pixel detection. We apply pattern

matching on this base map to find the target map key’s text pattern. We depict its workflow
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Figure 2.6: The workflow of text-pattern matching. We apply pattern matching with
connected component analysis based on the map keys, the polygon outputs from adaptive
color thresholding with conditional dilation, and dummy-pixel detection. The text-pattern
matching handles cases in which multiple keys on one map have the same or similar colors.

in Figure 2.6.

Our approach excludes the connected components labeled with (or significantly closer

to) text labels that correspond to a map key other than the targeted one but have a similar

color. Our approach does not adopt optical character recognition due to the inconsistency in

text representation between the key and the map content (e.g., MzPrgg in Figure 2.1).

Boundary Detection. The goal of boundary detection is to provide the polygon-

recognition model with reference to denoising and smoothing the boundaries of polygon

features.

Our approach incorporates the results from dummy-pixel detection and color differencing

as the preliminary boundaries in the raster map. Next, our approach removes the pixels

corresponding to the text labels from the preliminary boundaries and treats the rest of the

pixels as the output.
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Color-Set Matching. The concept of color-set matching is that a pixel in the raster

map can only belong to one map key. Our approach first identifies the color set for each map

key per ten percentile. Next, we use a 5x5 kernel to represent the color set of each pixel in

the map content. Our approach then calculates the distance between each pair of color sets

from the map key and the pixel and assigns a pixel to the map key with the shortest distance.

Our approach considers the Euclidean distance in RGB color space and the difference

between the R, G, and B spaces to evaluate the color-set distance. The idea of considering

the difference between two spaces is to provide a reference when all keys in a raster map have

similar values in two of the three spaces.

We depict the color-set distance DistK,P in Equation 2.2, in which K stands for an input

map key, P is a pixel in the map content; Ks is the identified color set for key K, P n is the

kernel of 5x5 pixels centered at P . Rx refers to a value in the R space of the color set x, in

which x belongs to the key k ∈ Ks or the pixel p ∈ P n. On the contrary, RGx is a value of

the difference between the R and G spaces in the color set x. An adjustable parameter γ

controls the weights between the distance based on the RGB color space and the distance

based on the difference between the three spaces. We set γ to 0.95 in the evaluation based

on the observation of the training dataset. After calculating the distance of all pairs of color

sets for each pixel P in the map content, we assign the map key K with the smallest DistK,P

among all input map keys.

DistK,P =
Ks∑
k

Pn∑
p

γ

√√√√R,G,B∑
c

(ck − cp)2 + (1 − γ)

√√√√RG,GB,BR∑
c

(ck − cp)2

 (2.2)

We demonstrate an example of color-set matching in Figure 2.7, in which we generate

the reference image using the median color of each polygon map key and its corresponding

ground truth polygonal feature, illustrating the color mismatches due to overlapping artifacts.
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(a) Input raster map.

(b) The preliminary output of our color-set match-
ing.

(c) An image generated as a reference for color-set
matching.

Figure 2.7: An example of color-set matching. We generate the reference by recoloring
the raster map based on the median color of each key and its corresponding ground truth
polygonal feature.
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2.2.3.3 Auxiliary-Information Embedding

Auxiliary-information embedding assesses and quantifies the styles of the raster maps and the

map keys in two series of embeddings. The embeddings represent the latent characteristics of

the maps and keys, respectively. Our approach then uses the embedding to let the polygon-

recognition model learn which map-understanding aspects (the output of polygon-feature

encoding) are more reliable, given raster maps and map keys with different styles.

Embedding for Map. For map embedding, the concept is to retrieve general information

that demonstrates the style, complexity of a raster map and the variety of colors used by all

map keys.

We include the number of keys in a map, the color variety across keys in terms of H space,

the color range in RGB color space across keys, and the ratio of content and dummy pixels

for map embedding. For instance, given a raster map with all keys using a similar color

(indicating a small color variety regarding the H space), the candidate generated based on

color differencing is more reliable than the candidate based on adaptive color thresholding.

Embedding for Key. The motivation for key embedding is to evaluate the color distances

between the target map key and other keys. This helps the model know whether other keys

use a similar color in the raster map.

We calculate the color distances between the targeted key and other keys with a similar

color in terms of the Euclidean distance of the RGB color space, the minimum difference

among three spaces, and the difference in the H space, respectively. Our approach sorts the

values in ascending order and embeds the first ten values. For instance, if a key has a large

value for the H-space distance to the nearest color, this indicates that there is no other key

using a similar color. The candidate of color differencing will have a larger tolerance, since

our approach highlights the pixels according to the color distance to the map key.
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2.2.4 Using Metadata to Learn to Recognize Polygons

We feed the series of bitmaps (different map-understanding aspects) as multiple channels

into a convolutional model to learn to recognize the polygon feature of each key. We use

the embedding (latent characteristics of the map and keys) to teach the model to rely on

different channels given raster maps and map keys with distinct characteristics. We illustrate

the model in Figure 2.3.

For each map key, the input of our polygon-recognition model is the series of bitmaps

(split with a size of 1024x1024 pixels) with the auxiliary-information embedding. The output

is the binary image showing the corresponding polygon feature in the raster map.

2.2.4.1 U-Net-Based Convolutional Model

We feed the series of bitmaps as multiple channels into a convolutional model. Our model

follows the architecture of U-Net [64].

The adopted U-Net is a neural-network architecture for biomedical image segmentation [12].

The idea of U-Net is to exploit feature maps generated during the downsampling process

in the upsampling process. This enables precise localization and increases the resolution of

segmentation.

The architecture of U-Net consists of two parts: a series of downsampling and upsampling.

For the first half of the architecture, we apply 4 downsampling components. Each downsam-

pling component doubles the number of feature channels and has 2 series of 3x3 unpadded

convolution, rectified linear unit (ReLU), and a 2x2 max pooling operation with stride 2. For

the second half of the architecture, we apply 4 upsampling components. Each upsampling

component halves the number of feature channels, constructs a 2x2 up-convolution, concate-

nates the correspondingly cropped feature map during the downsampling process, and has 2

series of 3x3 convolution with ReLU.
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The first phase (polygon-based spatial and channel attention) follows this structure; we
treat the results of auxiliary-information embedding as attention input in the second phase
(dual-scale information-based channel attention) instead. In this workflow, ”f” is a linear
layer, ”σ” is a sigmoid layer, ”P” indicates adaptive average pooling, ”N” refers to group
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2.2.4.2 Two-Phase Shuffle Attention

We then apply two phases of the shuffle attention (SA-Net) structure [93] between the

downsampling and upsampling of the U-Net architecture, as illustrated in Figure 2.3. The

concept is to let the model learn to put different weights across channels (bitmaps) and areas

on the map to recognize the polygon feature.

The first phase of our model exploits the information from the series of bitmaps itself

and has spatial and channel attention. In contrast, the second phase leverages the auxiliary-

information embedding and turns out to be dual-scale channel attention.

Polygon-Based Spatial and Channel Attention. The first-phase attention in our

model follows the SA-Net structure [93], which is a lightweight implementation of channel and

spatial attention, as depicted in Figure 2.8. The goal is to let the model know which channels

of bitmaps and what areas in the bitmaps are meaningful by exploiting the inter-relationship
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of channels and the inter-spatial relationship of features.

SA-Net splits feature channels into groups and splits each into two branches, X1 and X2,

to capture channel dependency and pairwise relationship at the pixel level, respectively. For

channel attention, it employs 2-dimensional adaptive average pooling; on the other hand,

spatial attention applies group normalization. Finally, it concatenates the results from the

two attentions for each group and shuffles the results from each group back into the feature

channels.

We list the output of channel attention in Equation 2.3, in which X1 is one of the two

branches of feature channels, and X ′
1 is the corresponding output after applying the channel

attention. FP indicates the adaptive average pooling, and FP (X1) refers to the channel-wise

statistics of X1. σ is a sigmoid function that limits the output between 0 and 1. W1 and b1

are two parameters that the model learns to scale and shift FP (X1); while gh and gw are the

sizes of the input feature map.

X ′
1 = σ (W1 · FP (X1) + b1) ·X1

FP (X1) =
1

gh × gw

gh∑
i=1

gw∑
j=1

X1(i, j)
(2.3)

On the other hand, we list the spatial attention output in Equation 2.4, where X2 is the

other branch of feature channels and X ′
2 is the corresponding output after applying spatial

attention. FN indicates group normalization, with W2 and b2 being the parameters the model

learns to scale and shift FN(X2).

X ′
2 = σ (W2 · FN(X2) + b2) ·X2 (2.4)

Dual-Scale Information-Based Channel Attention. For the second-phase attention

in our model, our approach leverages the embedding of auxiliary information under two scales

(map and key) to let the model know which channels of bitmaps (map-understanding aspects)

are more reliable given different styles of input raster maps and map keys.

24



Our approach follows the SA-Net structure to split the feature channels into groups and

halve the group into two branches. Next, we apply 1-dimensional adaptive average pooling on

the map embedding and key embedding from the auxiliary information. We treat the results

as the channel attention for each branch, respectively. Finally, our approach concatenates the

results from the two attentions for each group and shuffles back into the feature channels.

2.3 Evaluation

To demonstrate our approach, we implement the ideas in a system named LOAM (Legend-

Oriented Automated polygon digitization from M aps). We use the USGS geological maps

released in a competition named DARPA AI for Critical Mineral Assessment Competition -

Feature Extraction Challenge1 to conduct the evaluation.

2.3.1 Dataset

We use the USGS geological maps [25] released in the competition to evaluate our approach.

Each USGS geological map is a raster image and has a corresponding JSON file that records

the bounding box of each map key in the geological map.

This series of geological maps has training, validation, and testing datasets. We use part

of the training and validation datasets to train our model and use the testing dataset to

evaluate the performance of our approach. We list the statistics of the dataset used for

training and testing in Table 2.1.

Note that following the competition setting, we do not look into the testing dataset to

tune our model.
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Table 2.1: Statistics of the USGS geological map dataset used for training and testing.

Attribute / Usage Training Testing

Number of raster maps 14 24
Number of map keys 536 849
Maximum number of map keys per map 100 103
Median number of map keys per map 31 31
Minimum number of map keys per map 13 1
Maximum size of a raster map 17,572 13,200

(pixel, width x height) x 15,950 x 18,450
Minimum size of a raster map 6,479 7,200

(pixel, width x height) x 13,614 x 11,113

2.3.2 Evaluation Metric

Following the competition setting for polygon feature extraction2, the evaluation metric is

the median value of the weighted F1 score across map keys in the testing dataset.

For each map key, pixels in the ground truth that can be extracted based on a color-

matching baseline are easy pixels. The competition set a weight of 0.3 for the easy pixels and

a weight of 0.7 for the rest of the pixels in ground truth to calculate precision and recall. The

F1 score is the harmonic mean of precision and recall, as stated in Equation 2.5.

Recall =
TP

TP + FN

Precision =
TP

TP + FP

F1 =
2 × Precision×Recall

Precision + Recall

(2.5)

in which TP indicates true-positive weighted pixels that exist in both extraction output

and the ground truth, FN is false-negative weighted pixels that exist only in the ground

truth, while FP is false-positive pixels that exist only in extraction output.

2https://criticalminerals.darpa.mil/Files/Map_Feature_Extraction_Challenge_Details.pdf
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2.3.3 Evaluation Setting

We adopt the PyTorch implementation of U-Net3. Following the implementation, we use the

dice coefficient for the loss function, a widely used metric to evaluate the segmentation output.

We set a batch size of 1, a learning rate of 1e-05, a weight decay of 1e-08, a momentum of

0.999, and split 20% of the training dataset for validation. We train the model for 40 epochs

and select the model with the best performance on the validation set to infer the test dataset.

Since there is no overlap between testing and training (including the validation set) datasets,

this prevents contamination of the datasets or further tuning based on the testing dataset.

To address the data imbalance at the pixel level, during training, we only include bitmaps

(after splitting into 1024× 1024 pixels) with a corresponding ground truth that contains more

than 25% ones (polygon features).

We implement all methods in Python on an ASUS desktop computer equipped with

an AMD Ryzen 9 5900X CPU at 3.70 GHz, 128 GB RAM at 3200 MHz, and an NVIDIA

GeForce RTX 3090 GPU. We release the source code on Github 4.

2.3.4 Comparative Method

Because we follow the evaluation setting in the competition1, we use the performance listed

on the leaderboard5 of the competition held in October 2022 as the state-of-the-art methods.

Performance on the competition leaderboard is reproducible.

The approach that won first place in polygon extraction [59] (team “ICM”) integrates

optical character recognition, adaptive histogram equalization, and a modified U-Net6.

The approach that won second place in the polygon extraction (team ”uncharted”) first

extracts pixels in the map content that can highly likely match a unique map key with a

3https://github.com/milesial/Pytorch-UNet
4https://github.com/Fandel-Lin/LOAM
5https://web.archive.org/web/20221202080740/https://criticalminerals.darpa.mil/Leaderb

oard
6https://www.ncsa.illinois.edu/nfi-ncsa-win-second-place-in-ai-competition-for-critica

l-mineral-assessment/
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convolutional model. Next, it applies spatial high-pass filtering for noise removal and expands

polygonal regions without overlapping each other7.

The approach that won third place in polygon extraction (team “ISI-UMN”, our submission

to the competition8) integrates dummy-pixel detection, adaptive color thresholding, and

text-pattern matching, as introduced in the previous section.

In addition, we use the Segment Anything Model (SAM) [36] as a comparative method.

SAM is a zero-shot generalization-based approach to identifying objects from images. It is a

state-of-the-art method for solving instance-segmentation tasks.

The baseline method is the color matching released by the competition authority. First, it

identifies the median values in the map key regarding the RGB color space. Next, it applies

a fixed value for color thresholding to extract the polygon feature. The evaluation metric

uses this color-matching baseline to identify easy pixels.

2.3.5 Evaluation Result

2.3.5.1 Overall Performance

We show the overall performance in terms of the median weighted F1 score in the testing

dataset for our proposed LOAM against comparative methods in Table 2.2. Our approach

achieves a performance of 0.809 and outperforms state-of-the-art methods by 4.52%.

The performance of the color-matching baseline shows the limitation of using a fixed color

threshold to extract polygon features from scanned images. This color-matching approach fails

to deal with cases such as overlap with translucent symbols, contours, fault lines, and terrain

features, or the color shift between the map key and the map content due to the scanning or

map-generating process. Also, the baseline can produce false positives without identifying

the map content. Thus, with map-content detection and adaptive color thresholding, LOAM

and the team “ISI-UMN” can retrieve a performance significantly better than the baseline.

7https://uncharted.software/blog/uncharted-earns-another-spot-on-the-leaderboard-in-a

i-competition-by-darpa-and-usgs/
8https://github.com/Fandel-Lin/mineral_assessment_competition
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Table 2.2: Overall performance in terms of median weighted F1 score on the testing dataset.

Method F1 Score

LOAM 0.809
Rank of polygon extraction on leaderboard5

1st-place: Team ”ICM”6 [59] 0.774
2nd-place: Team ”uncharted”7 0.632
3rd-place: Team ”ISI-UMN”8 0.629

Instance-segmentation method
SAM [36] with Color Matching 0.282

Baseline
Color Matching 0.046

By applying a convolutional model to denoise and integrate candidates from metadata

preprocessing, our LOAM and the team “ICM” perform better than the other comparative

methods. Moreover, our LOAM exploits auxiliary-information embedding in the convolutional

model to consider the latent styles of input raster maps and map keys. This allows LOAM to

outperform team “ICM”.

Besides, SAM has a limited understanding of geological symbols that overlap in the

characteristics of the target polygon features [31]. Furthermore, the use of text patterns as a

reference for SAM to identify polygons is not always accurate (Figure 2.1). SAM results in

segmenting small objects and has limited performance on our task.

2.3.5.2 Ablation Study

Table 2.3 shows our ablation study regarding the weighted precision, recall, and F1 score at

the 10th, 25th, 50th (median), 75th, and 90th percentiles on the testing dataset for LOAM.

The ablation study has three parts: removing structures from the polygon-recognition model,

removing input channels of the polygon-recognition model, and composing components in

the metadata preprocessing.

We first focus on the ablation for the model structure. LOAM -DC and LOAM -SA have

similar F1 scores, but LOAM -SA has better recall, and LOAM -DC ends up with better

precision. When comparing these two with LOAM -DC/SA, we notice that exploiting only
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the information from the series of bitmaps itself (SA) or only the auxiliary information from

the raster maps (DC ) for attention has a limited contribution to performance. Without

integrating both auxiliary-information embedding and polygon-based attention, it is difficult

for the model to learn which channels (across bitmaps) and areas (within bitmaps) are more

reliable. The results between LOAM and LOAM -DC/SA show the efficacy of using two

types of shuffle attention to help the model learn.

We notice that AT+TM has a higher precision with lower recall than AT. This demon-

strates our design of using text-pattern matching to rule out false-positive connected compo-

nents (pixels). On the other hand, DT obtains the best recall in the ablation study. This

demonstrates that in the map content, a decent number of pixels belong to a certain map key,

but have a different color from the key. Finally, although CM gets the lowest F1 score among

the preprocessing components, LOAM -CM shows that this aspect can still contribute to

the model. The model can identify the latent styles of input raster maps and map keys with

auxiliary-info embedding. Depending on the latent styles, the model exploits the candidate

based on color-set matching (CM ) to compensate for false positives or false negatives of other

candidates. We show this in the first two cases in Figure 2.9.

We then focus on comparing the performance at different percentiles. Regarding precision,

LOAM gets the better performance among the ablation study for most cases. LOAM -CD

gets the best performance for lower percentiles. This can be attributed to the limited efficacy

of including color differencing (CD) when multiple map keys use similar colors in a raster

map. It is worth mentioning that color-set matching (CM ) has the best precision with the

worst recall at the 90th percentile. This shows that CM can contribute extraction results

with fewer false positives in some particular cases.

Regarding recall, we notice that metadata preprocessing components such as AT and

DT tend to perform better than those based on the polygon-recognition model for higher

percentiles. The main reason is that our polygon-recognition model cannot compensate for

false negatives, as depicted in the third and fourth case in Figure 2.9.
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Input Output

GroundtruthRaster Image
Map Key

Input Channels of LOAM Polygon-Recognizing Model
(partial image, overall performance for median precision, recall, and F1 score) LOAM

Overview Partial AT+TM DT CD CM BD

WY_LakeOwen Xq_poly (0.424, 0.122, 0.189) (0.573, 0.994, 0.727) N.A. (0.862, 0.667, 0.752) N.A. (0.894, 0.989, 0.939)

WY_CO_Peach Kled_poly (0.382, 1.000, 0.553) (0.359, 1.000, 0.529) N.A. (0.998, 0.630, 0.773) N.A. (0.733, 0.995, 0.844)

CO_DenverW TRPl_poly (0.761, 0.874, 0.813) (0.633, 0.880, 0.736) N.A. (0.289, 0.638, 0.398) N.A. (0.937, 0.896, 0.916)

WY_FortCollins Qc_poly (0.748, 0.844, 0.793) (0.678, 0.866, 0.760) N.A. (0.760, 0.216, 0.336) N.A. (0.809, 0.726, 0.765)

OR_JosephineCounty Jgs_poly (0.909, 0.998, 0.951) (0.840, 0.999, 0.913) N.A. (0.968, 0.843, 0.901) N.A. (0.975, 0.985, 0.980)

Figure 2.9: Case study for our LOAM and its input channels (corresponding to the outputs
from metadata preprocessing) on the testing dataset. The abbreviations of LOAM components
are listed as follows. AT: adaptive color thresholding with conditional dilation; TM: text-
pattern matching; DT: dynamic color thresholding; CD: color differencing; CM: color-set
matching; BD: boundary detection. We highlight the best precision, recall, and F1 score for
each case in red. The overall performance for CD and BD is not applicable, as CD is not a
binary image and BD does not directly correspond to the targeted polygon feature.

For the F1 score, LOAM performs best at almost all percentiles. The ablation study

shows that each component of our approach (including polygon-recognizing model structures,

input channels of the model, and metadata preprocessing components) contributes to the

final performance.

2.3.5.3 Case Study

We show the case study of our proposed LOAM and its input channels on the testing dataset

in Figure 2.9. We demonstrate five cases to provide a qualitative analysis of our design for
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the input channels of the polygon-recognition model.

For the first case (map: WY LakeOwen, key: Xq poly), we demonstrate a scenario with

a color shift between the map key and the map content. Due to the color shift, adaptive

color thresholding (AT+TM ) cannot fully capture the polygon feature in the map content.

However, dynamic color thresholding (DT ) successfully updates the threshold to include the

colors belonging to the targeted polygon and obtains the best recall among input channels.

On the other hand, color-set matching (CM ) manages to identify color-shifted pixels and

retains the best F1 score among input channels. Consequently, LOAM observes such a

characteristic of color shift based on the two-phase shuffle attention and therefore ignores the

output of AT+TM. It then focuses on refining the polygon feature of DT based on CM and

BD. LOAM retains a precision better than CM and a recall slightly worse than DT.

For the second case (map: WY CO Peach, key: Kled poly), we demonstrate a scenario in

which the text pattern detection fails. In this case, AT overrelaxes the color threshold, and

TM does not exclude false positive connected components. On the contrary, CM retrieves a

conservative result with the best precision among the input channels. With the embedding of

auxiliary information showing the color distance to other map keys, LOAM suggests refining

AT+TM and DT based on CM and CD. It compensates for the failure of TM and ends up

with an F1 score better than all input channels.

For the third and fourth cases (map: CO DenverW, key: TRPl poly ; map: WY FortCollins,

key: Qc poly), we demonstrate a scenario with a slight color shift due to complex and

translucent symbols. All approaches retrieve several false positives in the third case and false

negatives in the fourth case. LOAM manages to denoise and remove some false positives

in both cases. However, we observe that the improvement regarding false negatives is

limited. Since LOAM cannot use BD to identify possible boundaries of polygons due to

the complex background, it is difficult to recover false-negative pixels if none of the other

channels highlights these pixels.

For the fifth case (map: OR JosephineCounty, key: Jgs poly), we demonstrate a scenario
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in which there are opaque contours and symbols in the map content. In this case, with

dummy-pixel detection, all input channels obtain decent performance, and LOAM retains

the precision and F1 score better than all input channels.

2.3.5.4 Running Time Performance

We list the running time performance of each component in LOAM per map on the testing

dataset in Table 2.4. The running time is based on the hardware we use to implement and

evaluate our approach, as described in Section 2.3.3.

Extracting polygon features for all map keys from the testing dataset takes around 35

hours, since the color-set matching and the text-pattern matching are not on the critical

path of each other. By applying parallel processing for the model inference and metadata

preprocessing across input raster maps, our approach can execute the whole procedure within

24 hours, the competition time limit.

Nonetheless, our proposed LOAM can extract polygon features from raster maps in a

timely manner compared to manual labeling.

2.4 Related Work

Understanding Raster Maps. Maps are often the only source of information about the

Earth surveyed using geodetic techniques [16]. Geographic information extraction from maps

helps to understand several fields of geography-related research [55].

Extracting different types (e.g., point, line, or polygon) of features from raster maps

requires distinct technologies to tackle significantly different technical challenges, as evidenced

by the fact that most publications focus on one feature type.

The challenges of extracting line features include: (1) the map keys only demonstrate

parts of the line feature, making it difficult to extract a continuous feature from maps; (2)

marginal differences due to the scanning process make it difficult to distinguish the targeted
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lines from other similar lines in the maps (e.g., topographic contours in USGS geological

maps also use solid lines). To address the challenges, Chiang and Knoblock [14] apply mean

shift to reduce noise in colors and use Hough transform to identify road centerlines based

on the colors. Duan et al. [21] adopt a convolutional model to align contemporary vector

data with the corresponding line features on historical raster maps. Xia et al. [85] apply

transformer with contrastive learning. Despite their accuracy, both approaches require a

tailored model for each type of line feature.

The challenges of extracting point features include: (1) maps usually contain much

information, making it difficult to distinguish a single point feature from the noisy backgrounds;

(2) the symbols representing point features come in different shapes, colors, and sizes. Previous

works on point-feature extraction often address single-feature extraction. For instance, Chiang

and Knoblock [15] apply image processing and graphics recognition methods to extract road

intersections from raster maps. Saeedimoghaddam and Stepinski [65] use a convolutional

model to extract road intersections.

Although there is a plethora of work on point or line extraction, one future direction is to

exploit the ability of our method to handle input raster maps and keys of diverse styles. With

some further research in metadata preprocessing for encoding and embedding maps along

with map keys, our approach could synergize with state-of-the-art methods to generalize to

multiple point or line features from maps of diverse styles.

Polygon Extraction from Raster Maps. For polygon extraction from raster maps,

most research focuses on extracting only one type of feature from a map. For instance,

Arteaga [4] applies a series of image-processing techniques in extracting buildings represented

as polygons from historical maps. Since there is only one thing to extract from the map, this

is similar to a boundary or foreground detection problem.

On the other hand, the U-Net architecture [64] has demonstrated its efficacy in binary

segmentation tasks for medical images [69] and single-feature segmentation from historical

maps. We et al. [81] integrate U-Net with a transformer to extract water bodies from
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historical maps. Since water bodies have fixed representations (e.g., colored in blue) across

different maps, their approach does not consider the map key and can only extract one type of

polygonal feature (the water bodies). Similarly, some previous research applied U-Net-based

model to segment polygon features for buildings [28], roads [32], hydrological features [82],

or archaeological features [24] from historical maps. However, all the above approaches to

single-feature extraction do not apply to our targeted problem, since they require a tailored

model for each feature. Instead, we aim to provide a unified model that can handle all input

map keys, which come in different colors, texts, or textures, without retraining the model for

each map key.

Geographical Feature Extraction from Images. Some previous research aims to

identify polygonal features from sensing data instead of maps. For example, the work of

Song and Jung incorporates morphological and filtering techniques to extract buildings

from LiDAR data [70]. Xu suggests using terrain ruggedness index and vector ruggedness

measurement to help identify flat surface areas [89], while Chen et al. generate a domain

knowledge-informed feature based on input LiDAR images and apply a deep-learning model

to identify buildings [13]. For remote sensing data, Wang et al. [77] integrate convolutional

neural networks with various matching and spectral segmentation models to generate a series

of intermediate outputs. They then fuse the intermediate outputs to get the segmentation

result of a certain object type.

For multi-feature extraction, Lee et al. suggest using 3D geospatial data with a convolu-

tional model to classify the terrain features [37]. Some previous work formulates polygon

extraction into boundary detection and proposes a graph neural network to identify the

boundaries of buildings in satellite images [45, 95].

Although the above works are not applicable to our targeted problem due to the nature of

single-feature extraction or the usage of external data, some approaches inspire parts of the

design of our method. Specifically, we apply morphological analysis during conditional dilation

in metadata preprocessing. Meanwhile, we generate an auxiliary-information embedding
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based on the input raster map and use this embedding to help recognize the polygons.

Instance Segmentation from Images. From another perspective, we can formulate our

target problem into a variation of combining foreground detection with instance segmentation.

However, most approaches to these research problems do not apply to our target problem,

since they do not conduct extraction based on specified keys and are not fully automated.

For example, FreeSOLO [79] is a weak supervised approach based on a bounding box for

instance segmentation, and SAM [36] is a method based on zero-shot generalization to identify

unfamiliar objects from images. Nevertheless, these approaches inspire our design regarding

two-phase attention, informing the model which channels or areas are reliable.

Critical Mineral Assessment Competition. DARPA and USGS held the AI for

Critical Mineral Assessment Competition1 with two challenges: map georeferencing and

map feature extraction, in October 2022. The map feature extraction challenge aims to find

solutions to extract multiple geological features (including polygons, lines, and points) from

raster maps.

The approach that won second place in polygon extraction (team “uncharted”) integrates

entropy analysis and convolutional neural networks7. However, since they have not published

their method yet, we do not have enough information to discuss the theoretical differences

between our method and theirs.

The approach that won first place in polygon extraction [59] (team “ICM”) integrates

optical character recognition (OCR), adaptive histogram equalization, and a modified U-Net6.

The main differences between the team “ICM” [59] and our approach are three-fold. First,

they apply OCR instead of text-pattern matching. This allows their approach to retrieve

more accurate results in text detection, but their performance may be limited regarding

maps with a lower resolution. Second, their approach treats the map key as a prompt and

feeds it into a 6-channel U-Net. On the contrary, we treat the map key as a reference to

turn the original map into multiple representations. This allows our approach to exploit

information from maps in addition to colors. Third, they apply data augmentation such as
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re-scaling, channel shuffle, and RGB shift to enhance the generalizability. Instead, we propose

the auxiliary-information embedding that implies latent characteristics of the map and keys

to enhance the adaptability of our model.

2.5 Summary

This chapter addresses the research problem of extracting geological features from raster

maps. We leverage the metadata of the maps that describe the geological features represented

as polygons. We presented a metadata-driven approach to use map keys as background

knowledge in polygon extraction. Our approach can handle raster maps and map keys that

come in different styles. The comprehensive evaluation shows the efficacy of our approach in

exploiting background knowledge in raster maps for polygon recognition. Our approach can

facilitate raster map vectorization and the investigation of geography-related topics.

However, there are three important problems to address in future work. First, we believe

that a more accurate boundary extraction can help determine text labels and prevent text-

pattern matching from producing incorrect results. Second, the parameter setting in color-set

matching can be adaptive to the latent styles of input raster maps and map keys to improve

its performance. Third, we aim to extend the polygon-recognition model to the geological

features of other representations (lines and points). Extracting different types of features

from raster maps requires distinct technologies to tackle significantly different technical

challenges. Therefore, we need some modifications to metadata pre-processing to capture the

corresponding information from the raster map.
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Chapter 3

Exploiting Polygon Metadata to Re-

color Historical Maps

Historical maps often suffer from coloring errors caused by artifacts during map production

or scanning. These errors result in color mismatches between important map features (e.g.,

polygon layers) and their corresponding map keys, which hinder both human interpretation and

automated feature extraction. This chapter targets the problem of automatically correcting

polygon coloring errors in historical maps using only in-map information, such as the map keys.

The challenge lies in the diverse visual representations of map keys and variations in coloring

errors, which differ significantly both within and across maps. We propose a machine-learning

model that automatically identifies and corrects color inconsistencies between map polygon

layers and their visual appearances defined by the map keys on the same map. Our approach

leverages polygon metadata, such as map keys describing the visual and semantic properties

of each polygon on maps, to detect mismatches in color histograms and representations and

recolor the incorrect areas in the map content accordingly. We evaluate our approach on

USGS geological maps; it outperforms comparative methods by at least 7.51%. In addition,

our approach improves the downstream automated polygon-extraction task by 18.00% in

precision.
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3.1 Motivation

Historical maps serve as invaluable resources for understanding geography, historical human

activities, monitoring environments, and preserving cultural heritages [16, 55]. These maps

are often the only available records for certain regions and time periods. However, most

historical maps exist only as scanned raster images. The quality and usability of these images

are often degraded by coloring errors introduced during map production or scanning. These

coloring errors lead to mismatches between polygon features in the map content and their

expected appearances defined in the map legend, hindering both human interpretation and

automated analysis tasks such as feature extraction and vectorization.

The challenge of recoloring historical maps is three-fold (see Figure 3.1). First, the types

of color mismatch vary significantly both within and across maps. Coloring errors and

mismatches may arise from scanning artifacts (e.g., creases, shadows), production artifacts

(e.g., overlays with shaded relief or elevation models) (see Figure 3.2), or systematic color

shifts between the map keys and map content. Second, map keys come in diverse visual styles,

including solid colors, textures, or markings. This makes it difficult to precisely detect color

mismatches and recolor those identified regions while preserving their original textures or

markings in the map content. Third, historical maps often have polygon features intertwined

with lines, points, text labels, and basemap elements (e.g, contour lines).

We present REPOLISH (REcoloring via Polygon-Oriented Learning with Interpretative

Spectra in Historical maps), a machine-learning approach that leverages polygon metadata,

including map keys and color spectra, to recolor existing historical maps while preserving

semantic consistency for the polygons in the map content.

To the best of our knowledge, we are the first to target the problem of automated

recoloring of historical maps using only in-map information. Previous works on map feature

extraction [49, 59] assume color consistency and do not explicitly address coloring errors or

mismatches. Previous works on synthetic map generation [39, 42] target style transformation
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1

2
Map content

Polygon map key

3

4 Ground truth5

Figure 3.1: Illustration of the targeted map recoloring problem. 1○ Scanning artifacts. 2○
Map content with production artifacts. 3○ The input includes the polygon map key describing
the visual appearances. 4○ Existing maps have overlap with shaded relief and other features,
leading to color mismatches with the map keys. 5○ The expected output of recoloring is
derived based on colors corresponding to each map key.

at the map level rather than correcting color inconsistencies in existing historical maps. In

related areas, line-art recoloring [56, 68] takes structural guidance such as reference images

or color scribbles to propagate color to line drawings. While natural image recoloring [9,

92] adjusts image colors based on palette or region guidance. However, these methods from

related areas can not handle the complex visual composition of historical maps, where polygon

features entangle with lines, points, and text.

Our approach leverages polygon metadata, particularly the map keys that describe the

visual and semantic properties of each polygon in the map content, to guide the recoloring

process. We reformulate the map recoloring as a constrained HSV-color-space correction

problem. REPOLISH combines metadata-driven feature engineering with a generative

adversarial network (GAN) to learn to adjust saturation and value while preserving the hue
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Original map Original map content area Recoloring map content area using 
median color of polygon map keys

Figure 3.2: Two example cases of maps with significant color mismatches between polygonal
features in the map content and the polygon map keys. We present the side-by-side images
of the original map content area and the one with its polygon features assigned the median
colors of the polygon map keys.

identity defined by the map keys.

We evaluate our approach using historical USGS geological maps [25]. REPOLISH

outperforms comparative methods by at least 7.51% in recoloring accuracy, and improves

downstream polygon extraction precision by 18.00%. This demonstrates both visual and

functional benefits of our approach. Moreover, we present a case study that provides a

qualitative analysis of REPOLISH.

To summarize, this chapter presents a novel approach that exploits in-map information

about polygon features to automatically identify and correct color mismatches while preserving

polygon semantics in the map content.
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Output 
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Figure 3.3: The workflow of our approach REPOLISH.

3.2 Approach to Map Recoloring

3.2.1 Problem Definition

Given (1) a raster map with possible coloring mismatches and (2) a list of pixel coordinates

indicating the location of map keys in the raster map, the task is to produce a recolored

raster map where polygon regions match the intended appearance defined by the key.

3.2.2 Approach Overview

We illustrate the workflow of our proposed REPOLISH in Figure 3.3. REPOLISH is a

two-stage approach. First, it exploits polygon metadata to extract structural, color, and

statistical representations of both the map content and map keys. Then, it uses these

multimodal representations with a GAN-based model to learn color corrections and derive

the recolored image.
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Figure 3.4: An example of sketch extraction in REPOLISH.

3.2.3 Preprocessing of Polygon Metadata

We exploit polygon metadata to extract sketch, color palette, and spectra embeddings from

the map content and polygon map keys.

3.2.3.1 Sketch Extraction

We apply heuristics to generate a binary sketch image Msketch by extracting dark lines from

the map crop Mref . This sketch serves as the structural backbone for recoloring, supporting

the segmentation of polygon features in the map content. We convert the map to CIELAB

color space and threshold the L* channel to isolate dark lines [23]. In addition, we apply

Canny-edge [6] and color-gradient detection to identify lines that separate polygons using

statistically significantly different colors.

We show an example of sketch extraction in Figure 3.4.

3.2.3.2 Color Palette Hinting

We derive a colorgram embedding Ecg from the polygons associated with each map key. We

apply K-Means clustering to store up to 16 colors per image crop. This captures the dominant

target color distribution and serves as an explicit palette hint to the model.
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Figure 3.5: The adopted color spaces for palette hinting and spectra embedding in REPOLISH.

3.2.3.3 Interpretative Spectra Embedding

The color spectra embedding Esp captures the color histograms for the overall map content

and the map keys for polygon features, respectively. This spectra embedding encodes the

broader semantic context of polygon features in the map, highlighting the coloring difference

between map content and map keys. We use binned histograms for Hue (from HSV), L*

(from CIELAB), and U/V (from YUV) channels, building a perceptual signature of color

distributions.

We show the range and corresponding visual representations of the adopted color spaces,

including RGB, HSV, CIELAB, and YUV, for color palette hinting and interpretative spectra

embedding in Figure 3.5.
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Extracted sketch
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Output

Update

Figure 3.6: The multi-scale recoloring model structure in REPOLISH.

3.2.4 Using Metadata to Learn to Recolor Maps

We feed the processed polygon metadata into a GAN-based model to learn to recolor the

maps. We depict the multi-scale recoloring model structure in Figure 3.6.

3.2.4.1 Color Style Extractor

We apply a ResNet-based encoder to process Mref , with two branches handling the Ecg and

Esp, respectively, capturing visual and metadata-driven map-style cues.

3.2.4.2 Learning-based Recoloring Generator

As scanning or production artifacts often lead to color shifts only in saturation and value

rather than hue, we feed Ecg and Esp to the generator to adaptively adjust the saturation

and value in Mref . So that the U-Net-based generator can learn to update Mref with Msketch

treated as a mask for color corrections.
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3.2.4.3 Multi-Scale Discriminator and Loss Functions

We use a multi-scale PatchGAN discriminator [11, 29, 56] to ensure that the generated images

are both visually plausible and consistent with the style of historical maps. The discriminator

operates at multiple image resolutions to capture both fine-grained texture details and global

color consistency. This is crucial for downstream tasks that require distinguishable and

consistent polygon topology, such as polygon extraction. Precisely, we downsample the

input image to multiple scales and apply the same PatchGAN discriminator to each scale,

encouraging the generator to produce realistic outputs across different spatial resolutions.

We use a combination of adversarial loss and reconstruction loss for the generator. The

adversarial loss encourages the generator to produce outputs indistinguishable from real

recolored maps. On the other hand, reconstruction loss consists of L1 loss and perceptual

loss, enforcing fidelity to the ground truth. The generator objective is a weighted sum of the

adversarial and reconstruction losses:

Ltotal = LG + λrec(λcontentLcontent + λpercLperc) (3.1)

where LG is the adversarial loss, Lcontent refers to the L1 loss, and Lperc indicates the

perceptual loss. λ are their weights.

This multi-scale discriminator design ensures that both local characteristics, such as

textures or markings within polygon features, and global color histogram, particularly

polygon-level color consistency, are preserved in the recolored output.

3.3 Evaluation

3.3.1 Dataset

We use USGS geological maps [25], as in Chapter 2, for evaluation. Each map is a raster

image and has a corresponding JSON file that records the bounding box of each map key in
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the map content. This series of geological maps has training, validation, and testing datasets.

We use 70 maps from the training and validation datasets to train our model and use all 32

maps from the testing dataset to evaluate the performance of our approach. Among the 32

testing maps, at least half have noticeable or significant coloring errors and mismatches.

3.3.2 Evaluation Metric

To quantitatively evaluate recoloring accuracy, we adopt two metrics: peak signal-to-noise

ratio (PSNR) and structural similarity index measure (SSIM).

PSNR measures the pixel-wise reconstruction quality between the generated image and

ground truth based on the mean squared error (MSE) between the two images. PSNR is

defined as:

PSNR = 10 · log10

(
MAX2

MSE

)
(3.2)

where MAX is the maximum possible pixel value (255 for 8-bit images).

On the other hand, SSIM evaluates the perceptual similarity between two images by

considering luminance, contrast, and structural information. SSIM is defined as:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(3.3)

where µx and µy are the means of images x and y, σ2
x and σ2

y are the variances, σxy is the

covariance between x and y, and C1, C2 are small constants to stabilize the division.

For both PSNR and SSIM, a higher value indicates better similarity between the generated

image and the ground truth. However, SSIM is bounded to 1.

In addition, we evaluate the effect of recoloring on downstream tasks, particularly polygon

extraction. We adopt the weighted F1 score (precision and recall) [25] to evaluate the accuracy

of extracted polygons. By using the same polygon-extraction model [49] with different input

images (before/after recoloring), we compare the polygon-extraction accuracy accordingly.
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3.3.3 Evaluation Setting

We implement REPOLISH in PyTorch. We set a batch size of 6, Adam optimizer, a learning

rate of 1e-04, λcontent = 10, λperc = 1, λrec = 100, and split 20% of the training dataset for

validation. We train the model for 60 epochs and select the model with the best performance

on the validation set to proceed to the test dataset. Since there is no overlap between

testing, training, and validation sets in the public USGS dataset (benchmark), this prevents

contamination of the datasets or further tuning based on the testing dataset.

To address data imbalance, we only include image crops (after splitting into 512 × 512

pixels with 32-pixel overlaps) with a corresponding ground truth that contains more than

50% non-background pixels and 5 distinct polygon features in the training data.

We implement all methods in Python on a Gigabyte workstation equipped with an Intel

Xeon w9-3595X CPU at 2.00 GHz, 512 GB RAM at 4800 MT/s, and two NVIDIA A6000

GPUs.

3.3.4 Comparative Method

We select two state-of-the-art methods for solving problems with similar settings as compara-

tive methods. (a) Reference-based Recoloring [56] is a GAN-based approach that exploits

structure-oriented color styles from the original image to support recoloring; and (b) Color-

set-based Recoloring (a variant of [49]) is a heuristic approach that recolors a pixel based on

the lowest color-set distance across all the map keys in RGB and HSV color spaces.

3.3.5 Evaluation Result

3.3.5.1 Overall Performance

We show the overall performance in terms of the PSNR and SSIM on the testing dataset for

our proposed REPOLISH against comparative methods in Table 3.1. Our approach achieves

a performance of 21.652 in PSNR and 0.930 in SSIM, outperforming state-of-the-art methods
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Table 3.1: Overall performance in terms of PSNR and SSIM. We report the average perfor-
mance with standard deviation.

Method PSNR (↑) SSIM (→1)

REPOLISH (Ours) 21.652 ± 3.508 0.930 ± 0.048
Reference-based Recoloring 20.015 ± 2.821 0.865 ± 0.061
Color-set-based Recoloring 16.451 ± 2.200 0.459 ± 0.043

by 7.51%. In addition, by treating the images recolored based on our approach as the input to

the downstream polygon-extraction model, we observe an improvement of 18.00% in precision

and 3.60% in F1 score for maps with significant coloring errors and mismatches.

We notice that reference-based recoloring is able to recognize the dominant color usage

with its spatial correlation in the image crop. However, it fails to ensure consistency and tends

to recolor a polygon into multiple color patches due to translucent symbols. Color-set-based

recoloring guarantees the color consistency between map content and map keys. However, it

is unable to maintain polygon topology, which results in noisy pixels within polygons.

3.3.5.2 Case Study

We present a case study showing input, REPOLISH output, and polygon extraction results

before/after REPOLISH’s correction in Figure 3.7. With recoloring, downstream polygon

extraction tends to have better precision for maps with significant color mismatches due to

overlap with shaded relief.

The quantitative and qualitative results demonstrate that REPOLISH can address color

inconsistency in historical maps with sufficient training data from similar cartographic styles.

Target Original Map Recolored Map - REPOLISH Downstream Polygon Extraction
Map key Input map Image crop Input map Image crop Based on 

original map
Based on 

recolored map
Ground truth

Figure 3.7: Case study for our REPOLISH. We provide the polygon features extracted based
on the map before/after REPOLISH. The adopted extraction model is presented in Chapter 2.
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3.4 Related Work

Historical map understanding. Historical maps are often the only source of information

for studying historical geography and supporting modern applications [16, 55]. Previous

research on map feature extraction [49, 59] assumes color consistency and does not explicitly

address coloring errors. Some previous works generate synthetic historical maps [39, 42]

to simulate particular map styles or augment training data, but they do not address color

inconsistencies in existing maps. In contrast, our approach targets color transformation

guided by polygon metadata and structural cues.

Line-art recoloring. Previous research on line-art recoloring exploits various guidance

to propagate colors to particular areas. Image-based approaches [56, 68] transfer color styles

from reference images, while scribble-based approaches [8, 17, 26] use spontaneous markings

combined with diffusion or adversarial models. These methods rely on explicit and strong

alignment between the input image and guidance, whereas our method leverages polygon

metadata to learn to recolor maps with complex overlapping symbols.

Natural image recoloring. Previous research on natural image recoloring adjusts colors

by using palette [9, 92] or region guidance [62, 94]. These works apply multimodal frameworks

or optimization techniques to preserve perceptual quality, and target visual enhancement

rather than enforcing strict correspondence to the keys. Moreover, the perceptual segmentation

used in these methods is unreliable for historical maps due to overlapping features [49]. Our

method uses palette and statistical cues derived from polygon metadata to achieve semantically

consistent recoloring.

3.5 Summary

We target the problem of correcting color mismatches in historical maps using only in-map

information. We present REPOLISH, a metadata-driven learning approach that leverages

52



polygon-oriented color guidance to recolor maps while preserving the semantic consistency

of polygons in the maps. Our approach combines structural, palette, and statistical cues

to correct complex coloring mismatches in existing historical maps. The evaluation shows

that REPOLISH outperforms state-of-the-art methods in visual quality of recolored maps

and improves accuracy in downstream polygon extraction. Our approach can facilitate map

correction and support applications in map digitization.

The future work lies in generating synthetic data to broaden to a wider variety of historical

map styles.
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Chapter 4

Exploiting Polygon Metadata to Col-

orize Draft Maps

Black-and-white draft maps and field sketches, produced during fieldwork or surveys, often

contain dense handwritten annotations overlaid on monochromatic basemaps. Although

interpretable in grayscale, the lack of color makes it difficult to visually distinguish overlapping

or adjacent thematic regions, especially when boundaries are unclear and annotation styles

vary. However, colorizing these draft maps is labor-intensive but essential, as they may be

the only source of detailed geographic or environmental information for certain regions and

time periods. This hinders both human interpretation and downstream tasks such as map

digitization and critical mineral resource assessment. We target the problem of automated

colorization of draft maps. The challenge lies in interpreting noisy visual cues from uncolored

sketches and assigning appropriate colors according to their semantic categories. We propose

a novel machine learning approach that exploits polygon metadata, including map keys that

explicitly define thematic features and implicitly suggest their intended colors, along with

the semantic interpretation of the sketch content in the maps. We evaluate our method on

USGS draft geological maps; it outperforms comparative methods by 15.66%. In addition,

our approach improves downstream polygon-extraction performance by 8.55% in F1 score.
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4.1 Motivation

Historical draft maps preserve a unique record of environmental, geographic, and geological

observations that often predate and are unavailable in modern digital surveys. While many

published historical map series are available in color-coded formats, a portion of archival

collections still exists only as monochromatic draft versions. For instance, some of the USGS

geological maps in the training set introduced in Chapter 2 are monochromatic draft maps,

and no colorized versions of USGS geological maps covering neighboring regions and times

have ever been published. These drafts typically contain hand-drawn boundary lines for

the polygon features (thematic regions) and handwritten annotations overlaid on contour

basemaps. Without color encoding to separate regions, adjacent polygon features are difficult

to differentiate, especially in areas where boundary lines are faint, incomplete, or interwoven

with topographic details. This lack of visual separation creates a bottleneck for expert

interpretation and automated vectorization workflows.

The challenge of colorizing these draft maps is threefold. As shown in Figure 4.1, the

draft maps, or map sketches, are inherently noisy and may lack closed boundaries, making

traditional segmentation-based methods unreliable ( 1○ and 2○ in Figure 4.1, and Figure 4.2).

Furthermore, the choice of colors in thematic mapping often follows established conventions.

For instance, the color assignment for geological maps is often based on agency convention,

such as rock type and geological time period [71] ( 3○ and 4○ in Figure 4.1). Although these

conventions are non-mandatory and flexible, they are often respected to ensure interpretability

and consistency. In addition, most draft maps do not explicitly label every region with its

corresponding polygon features, and visual variations in handwriting and boundary style add

further ambiguity. As a result, automatic colorization requires both structural understanding

of the sketch and semantic reasoning about the intended map content.

To address these challenges, we present a metadata-driven machine-learning approach

named SHADING (Semantic–Harmonic Achromatic Draft Interpretation and Narration
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1

2 3 4

Figure 4.1: Illustration of the targeted map colorization problem. 1○ A draft geological map.
2○ The annotations for polygon boundaries, text labels, and contour lines in the draft map

can be interwoven. 3○ An example of a colorized geological map, in which there is a dominant
color of yellow for the polygon features, representing sedimentary rock groups. 4○ Agencies
such as USGS often have a guideline for color encoding for the polygon features in geological
maps.

for Geological maps). SHADING leverages polygon metadata derived from the input sketch,

including hierarchical superpixel-based region maps and semantic tag embeddings extracted

from the visual appearance of map keys. It uses a conditional generative model to learn to

map the monochromatic sketch to a fully colorized output, guided by spatial constraints and

semantic information.

To the best of our knowledge, this is the first work to target the problem of automated

colorization of monochromatic draft maps with an implicit color schema. Previous research in

line-art colorization [34, 56, 78] and natural image colorization [80] do not address this task,

as they lack the ability to enforce the strict region-based semantics and spatial consistency

required for thematic maps.

Evaluation results show that SHADING outperforms comparative methods in colorization
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Figure 4.2: An example case of part of a draft map and its corresponding polygon features
(thematic regions), including binary masks and a color-coded image.

accuracy by 15.66% and improves downstream polygon extraction performance by more than

8.55%.

To summarize, this chapter presents a novel metadata-driven approach that learns to

effectively integrate the spatial and semantic properties for draft map colorization.

4.2 Approach to Map Colorization

4.2.1 Problem Definition

Given (1) a monochromatic draft map and (2) a list of pixel coordinates indicating the

location of map keys in the draft map, the goal is to generate a colorized map where each

polygonal feature is assigned an appropriate and spatially consistent color, harmonized with

its corresponding map key. The output must preserve the flat-color cartographic style of

thematic maps while respecting the semantic relationships between polygon features (thematic

regions) and their visual representations.
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Figure 4.3: The workflow of our approach SHADING.

4.2.2 Approach Overview

We formulate the map colorization problem as a conditional image generation task guided

by polygon metadata. The core idea of SHADING is to leverage both high-level semantic

cues (e.g., polygonal thematic categories) and low-level spatial constraints (e.g., polygon

boundaries) to produce colorized maps faithful to thematic conventions [75] or agency

guidelines [71].

As illustrated in Figure 4.3, we design a conditional Generative Adversarial Network

(cGAN) framework where a U-Net-based generator is conditioned on polygon metadata

embeddings. In addition, we exploit a cross-attention mechanism to align encoded sketch

features with semantic tag information. For the discriminator, we design a region consistency

loss that encourages the colorized maps to maintain consistent flat coloring within each

polygon, conforming to the polygon topology in thematic maps.

4.2.3 Preprocessing of Polygon Metadata

To support guiding the generator, we exploit polygon metadata from the input sketch (draft

map) via both map content and map keys. For the map content, we generate a region map
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using hierarchical superpixel segmentation based on the sketch lines. For map keys, we

extract semantic tag embeddings from their visual appearance.

4.2.3.1 Region Map Generation

We generate the region map from the map content through a hierarchical integration of the

SLIC superpixel [1]. The intuition is that the thematic regions in draft maps exhibit varying

degrees of visual and spatial coherence. We may recognize some units primarily by boundaries

in the sketch, but rely more on overall shape or local textures to identify other units.

Accordingly, we apply fast-SLIC segmentation [33] at four hierarchical levels, varying

two key parameters: target number of superpixels and shape compactness. For higher levels,

we aim to derive fewer superpixels to encourage broader, color-oriented segmentation. In

contrast, lower levels target a larger number of superpixels to capture finer shape details that

follow boundaries of the input sketch.

By varying these parameters, we obtain both color-oriented and shape-oriented segmen-

tation across levels. We then reconcile these segmentations by fusing them into a unified

oversegmentation, in which each pixel is assigned to a region that is consistent across levels.

The result is an integer-labeled region map, used as a hard spatial constraint during learning,

where pixels within the same region are expected to receive the same color in the output.

This enforces the flat-color style of thematic maps and improves the robustness against sketch

noise.

While reconciling segmentations into a single region map for oversegmentation, we preserve

the original segment identifier in the region map to support efficient indexing in subsequent

steps. We illustrate the schematic diagram of this region map generation process in Figure 4.4.

4.2.3.2 Semantic Tag Embedding

We embed map keys’ visual appearance and semantic identity, crucial to determining their

colors. We present a schematic diagram of this semantic tag embedding in Figure 4.5.
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Visual coherence

Spatial coherence

SLIC

Figure 4.4: A schematic diagram of the region map generation in SHADING. We apply
fast-SLIC at hierarchical levels to address spatial or visual coherence. The segmentations are
then reconciled into a region map for oversegmentation, with the indexing back to each SLIC
segmentation preserved.

For each map key, we identify its centroid of visual pattern and apply pattern filtering

with 64 convolution kernels of various sizes and patterns (lines, diagonals, etc.). From each

filtered output, we extract the first four magnitudes of the Fast Fourier Transform (FFT)

components, yielding an 8-dimensional vector per kernel.

Concatenating across all kernels produces a 512-dimensional semantic tag embedding per

map key. This embedding captures multi-scale structural and textural patterns and serves

as a compact representation of the map key’s visual appearance. In addition, we apply a

boolean mask to indicate which tags are active so that the model can handle an arbitrary

number of map keys in a map.
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Figure 4.5: A schematic diagram of the semantic tag embedding in SHADING.

4.2.4 Using Metadata to Learn to Colorize Maps

We feed the processed polygon metadata into a cGAN framework composed of three compo-

nents: a tag encoder, a conditional generator, and a conditional discriminator. We depict the

conditioned colorization model structure in Figure 4.6.

4.2.4.1 Tag Encoder

The tag encoder is a multi-layer perceptron that processes the semantic tag embeddings

of the active map keys to produce (a) style vectors representing global color style and (b)

attention features representing spatial alignment between sketch features and semantic intent.

4.2.4.2 Conditional Colorization Generator

The generator is a U-Net architecture with skip connections. The encoder downsamples

the sketch into hierarchical feature maps. The decoder upsamples these maps to produce

61



Input map sketch

Semantic tag encoding

rAtten rAtten
rAtten

rAtten

Multi-scale 
Discriminator

Ground truthL1, perceptual, adversarial, 
and region-consistency loss 

against ground truth

Colorized
output

Update

Region map

Spatial 
Alignment

Color-style 
Schema

Region 
Alignment

Multi-layer 
Query

Figure 4.6: The conditioned colorization model structure in SHADING.

a colorized output. This architecture supports both global semantic guidance and local

structural fidelity, allowing SHADING to colorize maps from coarse to fine scales.

We employ a cross-attention mechanism to enhance spatial correspondences between the

regions in the sketch and the map keys. The sketch feature maps act as queries to direct

attention towards relevant information belonging to the tag attention features. These tag

features then serve as both keys (identified semantic concepts) and values (estimated colors).

This allows the model to learn to identify where each semantic concept is located within the

sketch.

4.2.4.3 Conditional Discriminator and Loss Functions

We adopt a multi-scale PatchGAN-based Conditional Discriminator [56] that receives both the

image (real or generated) and the corresponding semantic tag embeddings. This encourages

the generator to produce outputs that are not only visually realistic but also semantically

consistent. The total loss function is:

Ltotal = λadvLadv + λrecLrec + λregionLregion (4.1)
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where Ladv is the adversarial hinge loss from the discriminator. Lrec combines L1 and

perceptual losses to ensure fidelity to ground truth. Lregion is the region consistency loss,

which penalizes color variance within each region of the region map, explicitly enforcing

flat-color styling.

4.3 Evaluation

4.3.1 Dataset

We use USGS geological maps [25] for evaluation. In the dataset, each map is a raster image

and has a corresponding JSON file that records the bounding box of each map key in the

map content. We remove colors from the map to derive the monochromatic sketch, with

the original colorized image treated as the ground truth. This series of geological maps has

training, validation, and testing datasets. After removing maps in which no patterns are used

in map keys, we take 30 maps from the training and validation datasets to train our model

and use 16 maps from the testing dataset to evaluate the performance of our approach.

4.3.2 Evaluation Metric

We select two evaluation metrics: peak signal-to-noise ratio (PSNR) and structural similarity

index measure (SSIM).

PSNR measures the pixel-wise reconstruction quality between the generated image and

ground truth according to the inverse mean squared error (MSE) between the two images.

PSNR = 10 · log10

(
MAX2

MSE

)
(4.2)

where MAX is the maximum possible pixel value (255 for 8-bit images).

SSIM is the perceptual similarity between two images based on luminance, contrast, and

structural information.
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SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(4.3)

where µx and µy are the means of images x and y, σ2
x and σ2

y are the variances, σxy is the

covariance between x and y, and C1, C2 are small constants to stabilize the division.

For both PSNR and SSIM, a higher value indicates better similarity between the generated

image and the ground truth.

In addition, we evaluate downstream performance by feeding colorized maps to a poly-

gon extraction model [49] and examining the improvement in F1 score. This evaluation

emphasizes accurate and consistent color assignment within map content rather than deriving

distinguishable colors among polygon map keys.

4.3.3 Evaluation Setting

For SHADING, we set a batch size of 6, Adam optimizer, a learning rate of 1e-05, and split

20% of the training dataset for validation. Loss weights are empirically set as λadv = 2.0,

λrec = 4.0, λregion = 1.0. The model is trained for up to 80 epochs, with early stopping based

on the validation PSNR. Since there is no overlap between testing and training (including

the validation set) datasets, this prevents contamination of the datasets or further tuning

based on the testing dataset.

We implement all methods in Python on a Gigabyte workstation equipped with an Intel

Xeon w9-3595X CPU at 2.00 GHz, 512 GB RAM at 4800 MT/s, and two NVIDIA A6000

GPUs.

4.3.4 Comparative Method

We compare SHADING against an existing method targeting line-art colorization, the modified

Tag2Pix [34], and a heuristic method based on pattern matching.
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Table 4.1: Overall performance in terms of PSNR and SSIM. We report the average perfor-
mance with standard deviation.

Method PSNR (↑) SSIM (→1)

SHADING (Ours) 19.339 0.798
Modified Tag2Pix 10.997 0.255
Pattern Filtering 16.721 0.356

4.3.5 Evaluation Result

4.3.5.1 Overall Performance

We show the overall performance in terms of PSNR and SSIM on the testing dataset for our

proposed SHADING against comparative methods in Table 4.1. Our approach achieves a

performance of 19.339 in PSNR and 0.798 in SSIM, outperforming state-of-the-art methods

by 15.66%. In addition, by treating the colorized images as the input to the downstream

polygon-extraction model, we observe an improvement of more than 8.55% in F1 score.

Due to the inconsistent amount of textual information that can be extracted from the

map legend in many of the draft maps, the performance of text-oriented approaches such as

Tag2Pix is limited. On the other hand, although pattern matching can partially identify the

textual representation from the map content, it struggles to preserve the polygon topology.

4.4 Related Work

Historical map understanding. Historical maps provide essential geographic and geological

information for supporting modern applications such as critical mineral assessment [75].

Previous works on polygon feature extraction from raster maps [49, 59] exploit polygon

metadata but require fully colorized maps and do not target colorization. Other previous

works [39, 42] generate synthetic maps to augment training data or transform map styles,

but do not address the colorization of existing monochromatic draft maps. In contrast, this

work targets automatic colorization of draft geological maps guided by polygon metadata
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and structural cues.

Line-art colorization. Line-art colorization focuses on assigning colors to black-and-

white line drawings, typically guided by reference images or auxiliary input. Image-based

methods [56] extract color styles from reference images, while region-based approaches [78]

propagate colors within predefined regions. Tag-based frameworks [34] use sparse text tags to

guide colorization. These methods rely on strong alignment between input sketches and the

guidance. However, they do not address the semi-mandatory semantic interpretation of keys

or the flat-color consistency within thematic regions required for thematic map colorization.

Natural image colorization. Natural image colorization methods aim to restore colors

to grayscale images based on statistical priors or user input. Palette-based approaches [80]

use learned color palettes to guide colorization, while other methods employ global or local

color hints. These techniques focus on perceptual realism but lack the ability to enforce

strict region-based consistency or adhere to predefined color semantics, which is critical for

thematic maps where each polygon must be mapped to a specific key-defined color.

Image colorization and recoloring. Colorization and recoloring target different tasks.

Recoloring aims to correct color inconsistencies or errors in existing color images [9], typically

restoring intended colors based on reference palettes or map keys. In contrast, colorization

targets the transformation of monochromatic or grayscale images into colorized outputs. This

work addresses the colorization problem, where the input draft maps lack any initial color

and must be transformed to a semantically consistent color map guided by polygon metadata.

4.5 Summary

We target the problem of colorizing monochromatic thematic maps using only information

derived from the map itself. We present a metadata-driven learning approach that exploits

polygon metadata, including boundary lines and map key semantics, to guide the colorization

process. Our approach combines hierarchical superpixel-based spatial constraints with seman-
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tic tag embeddings to enable consistent and semantically accurate colorization. Evaluation

results demonstrate that our proposed method outperforms comparative approaches in both

visual quality and downstream polygon extraction accuracy.

Future work lies in generating synthetic training data to broaden the range of map styles

supported and in adapting the framework to handle more diverse thematic map designs or

map legend conventions.

67



Chapter 5

Exploiting Polygon Metadata to Gen-

eralize Digitization across Styles

Historical maps are critical for understanding long-term environmental, geographical, and

urban systems. Previous research on automated polygonal feature extraction has shown

promising results for map series with uniform styles. However, generalizability across diverse

printing techniques and color schemas with insufficient labeled data remains limited. This

hinders scalable digitization of historical archives. We target the problem of generalizing

cross-domain polygon extraction from historical maps. The challenge lies in domain shift

across various printing techniques, color schemas, and pattern degradation. To address

these unseen styles without target-domain polygon annotations, we propose a legend-guided,

test-time adaptive mixture-of-experts framework that fuses solutions from complementary

modules. Our approach learns region representations from polygon map key (legend item)

cues and consensus-based pseudo-labels via contrastive objectives, adaptively reweighting

expert solutions to produce region-consistent polygon masks. It adapts per map at inference

time while keeping the underlying expert models fixed. We evaluated five diverse historical

map datasets. Our approach statistically significantly outperforms state-of-the-art methods,

including pre-trained large vision-language models, by 43.89% in instance-based accuracy, by

5.45% in pixel-based F1 score, and by 2.05% for estimated reductions in post-editing effort.
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5.1 Motivation

Historical maps preserve long-term geographic, environmental, and urban information that

is often unavailable from modern surveys. Digitizing such raster archives into structured,

linked polygon layers enables downstream analyses such as land-cover reconstruction, urban

growth studies, infrastructure planning, and others that rely on linked historical geographical

information [16, 40, 57]. However, automating polygon extraction from historical maps

remains challenging because map collections vary widely in printing technologies (e.g.,

chromolithography, offset printing, hand-drawn styles), color schemas, and degradation

artifacts including fading, ink diffusion, scanning noise, and textual overlays [49, 66]. These

variations induce severe domain shift, causing extraction models trained on one map series to

fail when deployed on unseen collections.

Previous research only partially addresses this gap. Some learning-based pipelines [81, 84]

are designed for a fixed and small set of polygon categories (e.g., water bodies) and do not

incorporate polygon map keys (legend items) during inference. Hence, supporting new polygon

map keys requires retraining parts of the model. Other legend-oriented approaches [49, 59]

can incorporate arbitrary polygon map keys at inference time, but are typically trained on a

single map series (e.g., geological maps with consistent cartographic conventions) and have

limited ability to generalize to unseen styles with different symbolization, color drift, and

boundary rendering. Generic segmentation foundation models [36, 63] can delineate coherent

regions, yet they are not map-specialized and usually require nontrivial post-processing to

link segments to polygon map keys. In addition, pre-trained large vision-language models [2,

72] can condition on polygon map keys and provide semantically informed predictions, but

their pixel-level localization and accuracy are still limited.

We target cross-domain polygon extraction from historical maps without target-domain

polygon annotations. Following the setting in modern digitization systems, the input includes

(i) the raster map, (ii) a region-of-interest (ROI) mask for the map content area, and (iii) a
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set of pre-parsed legend keys in JSON format. The output is a series of binary image for

polygon map keys in the map, as depicted in Figure 5.1.

To address the challenges, we leverage three complementary expert models that provide

class-wise segmentation masks for the legend-defined polygon categories. The expert models

include a learning-based dedicated historical-map polygon-extraction model (LOAM [22, 49])

trained on a disjoint map collection, a pre-trained segmentation model (SAM2 [63]) with

post-processing entity linking to polygon map keys, and a pre-trained large vision-language

model (Gemini 3 Flash [72]). Then, we propose GLYPH (Generalization via Legend-guided

Yoked Polygon extraction in Historical maps), a legend-guided semantic fusion framework

that generalizes polygon extraction by integrating these solutions at the instance level (region

level). GLYPH constructs region partitions from cross-solution boundary consensus, learns

lightweight region representations and fusion weights at test time using polygon map keys and

agreement-based pseudo labels. It then outputs region-consistent per-legend masks without

fine-tuning the expert models or using any target-domain polygon supervision.

GLYPH learns to adaptively leverage the dedicated model to distinguish polygon map keys

with similar colors and patterns, producing geometrically coherent outputs within limited

map styles. For the VLM, GLYPH aims for semantic generalization across diverse map

appearances despite its coarse, geometrically imprecise predictions. For the segmentation

model, GLYPH focuses on sharp polygon boundaries, despite its limited semantic grounding.

We collect five public historical map datasets that span distinct cartographic conventions,

printing technologies, and spatio-temporal ranges, and manually annotate their polygon

ground truth to support quantitative evaluation of cross-domain generalization. Our approach

achieves statistically significant improvement over state-of-the-art methods, including pre-

trained large vision-language models (VLMs), by 43.89% in the instance-based evaluation

metric, 5.45% in the pixel-based evaluation metric, and 2.05% estimated reduction in post-

editing effort on modern map digitization systems. In addition, we present the trade-offs

among accuracy, runtime, and monetary cost for each method for deployment.
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Input map

Output mask
per map key

Figure 5.1: The input and output examples, with the JSON-indicated polygon map keys
(legend items) attached to each of the output masks. None of the exact same maps or polygon
map keys exist in the training dataset of the employed expert model LOAM (Chapter 2).
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Figure 5.2: The schematic diagram of how we exploit polygon metadata in GLYPH.

5.2 Approach to Generalize Polygon Digitization

5.2.1 Problem Definition

We target the extraction of polygonal features from a raster map image I, along with a

binary mask defining the map content area Ω and a set of geometries L specifying the pixel

coordinates of the polygon map keys in the map. The L only includes polygon map keys

that have their corresponding polygon features that exist in Ω.

Our framework leverages three expert-model solutions representing distinct paradigms:

a dedicated historical-map polygon-extraction model (LOAM), a pre-trained large vision-

language model (VLM) (Gemini), and a segmentation model (SAM2).

Given these inputs, our goal is to produce refined polygon masks without target-domain

pixel supervision. The framework must reconcile the semantic and geometric strengths of

these distinct experts while adapting to map-specific color drift and printing degradation at

inference time.

5.2.2 Approach Overview

We propose GLYPH, a polygon metadata-driven semantic fusion framework to generalize

polygon digitization across diverse cartographic styles without requiring additional supervision.

GLYPH exploits polygon metadata in two complementary ways, as illustrated in Figure 5.2.
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Figure 5.3: The workflow of our approach GLYPH.

We first use polygon map keys to extract preliminary solutions of various expert models.

Then, we standardize expert inputs, partition the map into semantic-homogeneous regions,

and learn to gate among solutions based on their uncertainty matching and contrastive

representation alignment at test time, to produce geometrically regularized outputs. We

illustrate the workflow of the proposed GLYPH in Figure 5.3.

5.2.3 Processing of Polygon Metadata

We first process polygon metadata via an optional polygonal entity linking and a consensus-

driven region partitioning. We exploit the polygon map keys, along with their corresponding

polygon digitization results from expert models, including legend-oriented polygon digitization,

legend-based VLM retrieval, and general segmentation results. By reconciling the polygon

metadata and its relevant preliminary solutions, we aim to derive minimal polygon instances

with distinct confidence levels to support further self-calibration.
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5.2.3.1 Entity Linking via Legend Matching

Expert models such as SAM2 [63] may generate class-agnostic segments. To transform

these into a class-aware expert, we implement an entity-linking module that maps individual

segments to polygon map keys.

We first identify a reference median color for each polygon map key using its localized

geometry. For each class-agnostic segment, we compute its median color in the CIELAB

color space [19] (as illustrated in Figure 3.5) and assign the segment to the map key with the

minimum Euclidean color distance. Segments exceeding a specified distance threshold are

discarded as background noise. Finally, we merge all segments assigned to the same label

to form class-aware expert masks. This grounding process ensures that segmentation-based

experts are semantically aligned with the specific map keys.

5.2.3.2 Consensus-driven Region Partitioning

To reconcile conflicting expert predictions and ensure geometric stability, GLYPH partitions

the map into regions through a consensus-driven polygon-boundary extraction process. The

intuition is to leverage the expert models to identify high-confidence structural boundaries.

From each expert’s segmentation, we derive a binary boundary map and construct a union

boundary map by identifying pixels where the density of expert boundaries meets a voting

threshold. To eliminate fragmentation, tiny regions below an area threshold are merged

into their most similar neighbor based on expert label enclosure and color closeness. We

then assign a unique ID to each connected component separated by these reconciled polygon

boundaries and propagate the IDs back to the boundary pixels to ensure a dense partition

and efficient indexing [51]. We depict an example in Figure 5.4.

This process yields a stable region map in which each region serves as the minimal instance

for polygon extraction. We assume these resulting instances to be semantically homogeneous,

providing a geometrically consistent basis for subsequent fusion and inference.
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Figure 5.4: An example of consensus-driven region partitioning in GLYPH.

5.2.4 Using Metadata to Learn to Generalize Digitization

With minimal instances of polygons and their corresponding confidence labels, we apply a

test-time adaptive mixture-of-experts approach to self-calibrate the polygon features. We

illustrate a schematic diagram in Figure 5.5. GLYPH treats the map keys as anchors to

identify reliable positive samples of polygon instances, uses the discrepancies among three

preliminary solutions to learn the representations of map keys under contrastive objectives,

and adaptively updates the weights among them with respect to the map and map keys

in it to determine the final output for each polygon instance. We provide the details in

Appendix B.1.

5.2.4.1 Test-time Adaptive Mixture-of-experts

GLYPH handles domain shift by adapting to the specific cartographic style and color schema

of each map at inference time. The intuition is to leverage the map legend and expert

consensus as localized weak supervision to calibrate the extraction process. We represent
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Figure 5.5: A schematic diagram of the test-time adaptive mixture-of-experts with semantic
fusion and inference in GLYPH.

each reconciled region using its perceptual color statistics and a global context vector that

captures the map’s overall visual complexity and expert reliability.

The adaptation workflow employs a lightweight representation learning strategy. We

optimize a color embedding network fθ and an expert gating module gϕ using a contrastive

objective. This process aligns regional features with learned legend prototypes by maximizing

the similarity between embeddings sharing the same semantic label while separating embed-

dings with dissimilar labels. It utilizes training signals from two complementary sources:

Legend Anchors and Cross-Expert Consensus. While polygon map keys serve as the canonical

semantic targets, they often deviate from their corresponding polygon features in the map

content area due to fading, overlapping context, or printing artifacts. To bridge this semantic

gap, we identify regions where at least two experts reach a majority consensus and utilize these
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as agreement-based pseudo-labels. This dual-source logic allows the model to learn a mapping

that reconciles the idealized legend-item metadata with the degraded reality of polygon

features in the map content area. By utilizing consensus-driven regions as positive samples,

the embedding space is regularized to recognize the ”on-site” polygon-feature appearance of

map keys. Simultaneously, the gating module adapts the mixture sharpness of the expert

ensemble based on global style statistics and inter-expert reliability signals.

Unlike classical mixture-of-experts models trained with explicit gating supervision, the

gating mechanism here operates at test time via self-regulation based on ensemble-uncertainty

signals. The gating module does not receive explicit supervision on per-expert correctness;

instead, it takes (i) global color-style features extracted from the map image and (ii) summary

statistics of expert agreement and majority confidence. The gating objective regularizes the

entropy of the mixture weights to match the observed level of inter-expert disagreement.

Thus, the module controls how decisive or conservative the ensemble should be under varying

style and uncertainty conditions, rather than directly optimizing expert selection accuracy.

This allows GLYPH to formulate the original zero-shot extraction task as a self-calibrating

optimization problem. Rather than relying on static global priors, the per-map adaptation

loop bootstraps a map-specific classifier. By iteratively refining the latent representation

against localized weak signals, GLYPH compensates for expert hallucinations and domain

shift using only the internal evidence provided by the map itself. This ensures that the final

fusion is not a simple or heuristic averaging of experts, but an automatically and adaptively

modulated ensemble and semantically grounded selection tailored to specific artifacts and

uncertainty characteristics of the target archive.

5.2.4.2 Semantic Fusion and Inference

The semantic assignment for each region is performed by integrating gated expert evidence

with learned visual similarity. The intuition is to reconcile the high-level semantic knowledge

of expert models with the low-level chromatic grounding provided by the polygon map keys.
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We utilize the learned gating module to determine the relative weights of the experts based

on the map’s global style and agreement statistics, producing a weighted consensus for each

reconciled region. The gating weights are adaptively determined by the gating module and

conditioned on style and agreement features, rather than supervised expert ranking.

This consensus is then combined with a similarity score between the region’s embedding

and the learned legend prototypes. The final label is determined by the joint maximization of

the expert vote and the legend similarity. To ensure robustness, we incorporate a background

rejection mechanism that filters out regions with low confidence or weak similarity to the

legend. This fusion ensures that the final labels are both regionally consistent and semantically

grounded in the localized metadata.

By weighting experts according to the global context, favoring certain models for sharp

hand-drawn maps and others for complex geological prints, GLYPH ensures the final polygon

extraction is tailored to the specific artifacts across various archives. To support the real-

world map digitization process, GLYPH tends to be conservative and prioritizes precision

by rejecting ambiguous regions that do not strongly align with the expert consensus or the

learned legend prototypes.

5.2.4.3 Structural and Geometric Post-processing

To produce vectorized outputs that conform to the modern map digitization systems, GLYPH

performs a multi-stage structural refinement. We apply a series of morphological filters to

eliminate isolated noise and small fragments potentially due to scanning or printing artifacts.

The refined polygon entities can then be treated as the final output to support efficient

indexing on the map digitization systems and to support downstream analysis.
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5.3 Dataset

We evaluate on five historical map datasets that span distinct geographic regions, temporal

ranges, cartographic conventions, and printing technologies. The selected five datasets are

intentionally diverse in both visual appearance and structural complexity, enabling a rigorous

assessment of cross-domain generalization. We show representative examples in Figure 5.6.

The dedicated learning-based approach, LOAM (Chapter 2), was trained on a separate

geological map collection from the USGS [25], referred to as GE in the following subsections.

This GE dataset is excluded from our main evaluation for GLYPH and has no overlap with

the five datasets at the map or polygon map key levels. Moreover, the printing techniques,

cartographic agencies, and publishers of GE differ from those of the five selected datasets.

This allows us to better examine the out-of-domain performance across all methods.

5.3.1 Dataset Overview

We summarize the five datasets used for our main evaluation for this chapter in Table 5.1.

Forest Type Maps (FT). The FT dataset consists of thematic forest maps released

by Academia Sinica between 1954 and 1955. These maps contain irregular polygon features

around mountainous areas, with thick polygon boundaries to indicate gradual changes and

separations among forest types. In addition to the overlaid topographic lines and text, the

color within each polygon in the map content area is uneven, with creases and fading. This

dataset can support long-term environmental monitoring and landscape change research.

Sanborn Maps (SA). The SA dataset is published by Sanborn Map Company and

available from the Library of Congress. These maps contain information about properties

and individual buildings spanning 1920 to 1960, supporting fire insurance assessments or

studies on historical architecture and settlement. The polygon features tend to be regular in

shape, with overflows to roads. They suffer from dense overlapping text and color mismatches

between polygon features in the map content area and their corresponding map keys.
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Soil Maps (SO). The SO dataset is published by the United States Department of

Agriculture (USDA) and available from the David Rumsey Historical Map Collection. These

maps record soil types and range from 1903 to 1908. Similar to USGS geological maps,

adjacent soil classes often differ subtly in color and can only be distinguished by their

associated text or patterns. In addition, we notice ink overflows across dashed polygon

boundaries separating adjacent irregular polygon features of distinct map keys. Rather than

supporting fine-grained analysis, this dataset is helpful for large-scale agriculture modeling,

infrastructure siting, and hydrologic modeling.

Street Plan Maps (SP). The SP dataset aggregates historical urban maps from

Academia Sinica and a historical map collection in Tokyo. These maps record the purpose of

properties and the density of individual buildings, with only one or two polygon map keys

per map and polygon features in regular shapes. Most of the maps were originally produced

from 1911 to 1950 and later printed on paper. We then scan the paper maps at 1200 dpi,

resulting in noticeable CMYK halftone dot patterns on the raster images. In addition, these

maps suffer from significant ink overflows and severe fading. This dataset can support studies

on historical settlement and urban planning across time and locations.

Water Resource Maps (WR). The WR dataset is published by domestic irrigation

associations and available from Academia Sinica. These maps document irrigation plans for

the farmland of two regions spanning 1921 to 1995. While the polygon features tend to be in

regular shapes, there is a significant amount of overlaid or adjacent transportation networks,

water channels, and text. In addition, the color within each polygon feature is uneven, and

there are noticeable ink overflows across adjacent polygon features with no explicit solid or

dashed polygon boundary lines. This dataset can support studies on historical settlement as

well as agricultural planning across time and locations.

82



5.3.2 Dataset Annotation

To support the evaluation of polygon extraction and quantification when comparing the

post-launch performance, we manually annotate the polygon ground truth from scratch for

the five datasets and record the corresponding annotation time.

5.3.2.1 Polygon Ground Truth Annotation

The polygon ground truth is manually annotated by three independent voluntary annotators,

including one Ph.D. candidate (myself) and two retired professors. One annotator has received

formal training in GIS-related subjects at the university level. All three annotators are familiar

with English, Chinese, and Japanese, enabling accurate interpretation of multilingual legends

and textual elements on historical maps.

A unified guideline is agreed upon prior to annotation, covering polygon inclusion criteria,

boundary interpretation under degradation, nested or overlapping regions, and ambiguous

areas. Annotations are conducted independently following these shared instructions. Each

annotator uses GIMP 3.0.4 with a drawing pad to trace the centerline of polygon boundaries

with a 1-pixel width for each map and to fill each region with a color (ID) that links to a

polygon map key the annotator believes to be corresponding to.

The polygon ground truth follows the same setup as our targeted polygon extraction task:

we only target polygon map keys that have corresponding polygon features that exist in the

map content area, and we only annotate polygon features in the map content area that can

correspond to a polygon map key.

5.3.2.2 Inter-Annotator Agreement

To assess annotation reliability, at least one map from each dataset is annotated by all three

annotators. We present the inter-annotator agreement in Fleiss’ κ in Table 5.2 along with

annotation statistics, including annotation time and the number of annotated vertices.
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The inter-annotator agreement is above 0.96 across all five datasets, indicating near-perfect

agreement among the three annotators. This demonstrates the clarity of the annotation

protocol and the consistency of polygon interpretation despite substantial stylistic and

linguistic variation. For maps with multiple annotators, the final ground truth polygons are

obtained by consolidating annotations via majority agreement, with remaining ambiguities

resolved through joint review.

5.4 Evaluation

We evaluate out-of-domain performance on the five datasets introduced in Section 5.3. This

allows us to better assess the cross-domain generalizability in the polygon digitization task

across methods. Still, we include a subsection for in-domain evaluation using the GE dataset.

5.4.1 Evaluation Metric

We evaluate extraction quality from three quantitative aspects: (1) whether polygon instances

are correctly identified and grouped, (2) whether polygon boundaries align with ground truth

at the pixel level, and (3) how much manual geometric correction would be required for

post-extraction? Accordingly, we report three primary metrics, each emphasizing a distinct

evaluation perspective: MMPQ for instance-level structural correctness, F1@8 for pixel-level

polygon boundary alignment, and NBDR for estimated post-editing effort.

Let I denote a map image with N pixels. Let G = {Gi} and P = {Pj} denote the sets of

ground truth and extracted polygon instances, respectively, where each instance corresponds

to a binary pixel mask. For a pixel set S ⊆ I, |S| denotes its cardinality. For two pixel sets

A and B, the Intersection over Union (IoU) is defined as

IoU(A,B) =
|A ∩B|
|A ∪B|

.

Many-to-Many Panoptic Quality (MMPQ)
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Since most downstream tasks of polygon extraction from historical maps rely on their

vectorized polygon instances, MMPQ evaluates the polygon extraction quality at the instance

level. It assesses whether the extracted polygons form structurally correct instances with

appropriate spatial extent.

We construct a bipartite graph between ground truth polygon instances G and extracted

polygon instances P . We create an edge in the graph between Gi and Pj if

IoU(Gi, Pj) ≥ τ,

where τ is an overlap threshold and set to 0.1 for our evaluation.

Each connected component c in this graph defines a many-to-many matched group with

union masks

Gc =
⋃
Gi∈c

Gi, Pc =
⋃
Pj∈c

Pj.

For each matched component, we compute a group-level IoU

IoUc =
|Gc ∩ Pc|
|Gc ∪ Pc|

.

Following the Panoptic Quality (PQ) similar to [54], we define the Segmentation Quality

(SQw) as the area-weighted average IoU over matched components and the Recognition

Quality (RQw) as an area-weighted component-level F-score,

SQw =

∑
c∈TP wc · IoUc∑

c∈TP wc

, wc = |Gc ∪ Pc|;

RQw =

∑
c∈TP wc∑

c∈TP wc + 1
2

∑
c∈FP wc + 1

2

∑
c∈FN wc

.
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Then we can derive MMPQ accordingly

MMPQ = SQw · RQw.

MMPQ jointly captures region coverage accuracy and instance recognition quality, while

weighting errors by the affected area. It ranges from 0 to 1, and the higher the better.

Pixel F1 with Tolerant Radius (F1@8)

As an evaluation metric suggested in [25], the F1 score evaluates extraction quality at the

pixel level, focusing on polygon boundary alignment. We relax the definition of true positives

to account for minor spatial inconsistency caused by thick polygon boundaries that can span

up to 20 pixels in the historical maps.

A predicted pixel p is considered correct if its Euclidean distance to the nearest ground

truth pixel is within a tolerance radius r:

min
q∈Gi

∥p− q∥2 ≤ r.

Let TPr, FPr, and FNr denote the number of true positives, false positives, and false

negatives under tolerance r. Pixel-level precision, recall, and F1 score are then defined as

Precisionr =
TPr

TPr + FPr

,

Recallr =
TPr

TPr + FNr

,

F1r =
2 · Precisionr · Recallr
Precisionr + Recallr

.

We report F18 with r = 8 pixels, named F1@8, to emphasize local geometric alignment

with tolerance to small boundary shifts. It ranges from 0 to 1, and the higher the better.

Normalized Boundary Displacement Ratio (NBDR)
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NBDR estimates the post-editing effort required for humans to fix the extracted polygons.

It measures the average symmetric polygon boundary displacement normalized by the size:

NBDRi =
ASSDi√

|Gi|
,

where ASSDi is the Average Symmetric Surface Distance between the polygon boundaries

of Gi and Pi. Let ∂Gi and ∂Pi denote the boundary pixel sets of Gi and Pi, respectively,

ASSDi =
1

|∂Gi| + |∂Pi|

(∑
x∈∂Gi

min
y∈∂Pi

∥x− y∥2 +
∑
y∈∂Pi

min
x∈∂Gi

∥y − x∥2

)
.

Here, polygon boundaries are extracted as 1-pixel-wide contours from binary masks. A

lower NBDR indicates less estimated post-editing effort per unit of polygon scale.

Reminder of the Evaluation Metrics

The three metrics capture complementary aspects of polygon extraction quality and may

exhibit divergent trends. NBDR is used to estimate post-editing effort, but the actual effort

is highly dependent on the user interface (UI). One must still consider MMPQ and F1@8

when assessing results, especially in terms of universal accuracy. For instance, a method

may achieve high F1@8 by closely following boundary pixels but split into smaller polygon

instances, resulting in lower MMPQ. In contrast, a method may preserve the structure of the

polygon instances (high MMPQ) but yield misaligned boundaries, resulting in lower F1@8.

Similarly, a method with high MMPQ and F1@8 may still achieve high (worse) NBDR if the

polygon geometry is overly complicated, even though the polygon boundaries are close to

the ground truth and their errors are small. In this case, the NBDR-identified potentially

increased post-editing cost may not be accurate.

5.4.2 Evaluation Setting

We implement all methods in Python on a Gigabyte workstation equipped with an Intel Xeon

w9-3595X CPU at 2.00 GHz, 512 GB RAM at 4800 MT/s, and two NVIDIA A6000 GPUs.
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All evaluations are conducted under a strict zero-shot setting, with no pixel-level supervi-

sion, polygon ground truth annotations, or dataset-specific calibration provided to the models.

The legend JSON and ROI are used solely to localize semantic cues and restrict extraction

to the map content area, reflecting realistic historical map digitization scenarios.

We compute evaluation metrics per map and report the mean and standard deviation

across maps for each dataset.

5.4.3 Comparative Method

We compare GLYPH against individual experts: LOAM (Chapter 2), SAM2 [63] with legend-

based entity linking, and Gemini 3 Flash. In addition, we include the image segmentation

model with image exemplars as inputs (SAM3) [7], as well as other proprietary pre-trained

large visual-language models, including Gemini [72] (Gemini 3.1 Pro and Gemini 2.5 Pro),

GPT [2] (GPT 4o and GPT 5.2 Pro), and Claude (Claude Sonnet 4.5 and Claude Opus 4.6).

To assess whether tiling affects extraction quality for methods that operate on cropped

inputs, we vary the tile size for comparative methods and report performance accordingly,

including 4096 × 4096, 2048 × 2048, 1024 × 1024, 512 × 512, and 256 × 256, with 128 × 128 if

applicable. This analysis is only applied to comparative methods. GLYPH is not tuned by

tile size and always fuses expert masks generated under the fixed 1024 × 1024 tiling setup.

Prompt to VLMs

We provide the prompt to VLMs for polygon extraction in Figure 5.7. For each prompt,

we attach the cropped map tile and a key-value set containing the name and image of each

polygon map key in the map legend, which is similar to the structure shown in Figure 5.1.

VLMs are expected to return the polygon feature geometries of all indicated map keys.

Prompt to SAM3

We use SAM3 [7] with an instance segmentation setup using positive and negative image

exemplars as parts of its inputs. We show an example of the prompt to SAM3 in Figure 5.8.

Similarly, we crop the original map into smaller tiles. Then, we integrate all polygon map
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**GOAL**

Identify fine -grained polygonal regions in this specific MAP TILE

that match colors and textures for each of the MULTIPLE provided

legend item crops.

** Context **

- This image is a TILE (sub -section) of a larger map.

- Tile Dimensions: {tile_w}px width x {tile_h}px height.

- **Pixel Coordinates **: Return pixel coordinates normalized to a

{COORD_SCALE}x{COORD_SCALE} scale

relative to the TOP -LEFT of this tile.

**Input Description **

1. Map Tile image. Irrelevant/Out -of -bound areas are black.

2. A list of Legend item crops , each with a unique Name.

** Instructions **

1. For EACH legend item provided:

a. Understand its major colors , textures , markings , and text

patterns.

b. Identify fine -grained regions (pixels) in the map tile that

match or are similar.

c. Build fine -grained multi -polygon boundaries for the

identified regions (can have holes if needed ).

2. Organize the results into a JSON object where keys are the

Legend Names.

** Output JSON Format **

JSON Format: {{

’LegendName_A ’: [ [[x1 , y1], [x2 , y2], ...], ... ],

’LegendName_B ’: [ ... ]

}}

** Constraints **

- Do not hallucinate points.

- Ignore masked -out (black) areas.

- If the feature is cut off by the tile edge , trace the edge to

enclose the multi -polygon boundaries.

**Input Data**

- Map Tile: Provided below.

- Legend Items: Provided below.

Figure 5.7: Prompt used for large visual-language model polygon-feature extraction.
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Figure 5.8: Prompt used for SAM3. For visualization purposes, the positive image exemplar
is highlighted with a green bounding box, and negative image exemplars are highlighted with
red bounding boxes.
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keys in the map into a legend patch, as shown in the upper portion of Figure 5.8, and append

them to each map tile, as shown in the lower portion. The prompt includes the appended

image with the bounding box coordinates for the positive and negative image exemplars. For

each map tile, we iterate through all polygon map keys, treating each as the positive image

exemplar once to derive the corresponding polygon feature geometries. Finally, for each map

key, we merge the polygon features back.

5.4.4 Evaluation Result

Our evaluation results aim to answer the following questions:

– EQ 1: Does GLYPH outperform comparators across evaluation metrics and datasets?

– EQ 2: How does tiling size affect the performance of comparative methods?

– EQ 3: Is there a statistical significance between GLYPH and comparative methods?

– EQ 4: How is the trade-off of accuracy, runtime, and monetary cost in deployment?

– EQ 5: What is the potential improvement to post-editing effort by GLYPH?

– EQ 6: How does each component in GLYPH contribute to the final outputs?

– EQ 7: How sensitive is parameter setting to the final outputs of GLYPH?

– EQ 8: How is the trade-off of integrating the expert models at various tile sizes?

– EQ 9: What are the qualitative results of GLYPH against comparative methods?

– EQ 10: What is the quantitative performance of GLYPH on in-domain dataset?

5.4.4.1 Overall Performance

For EQ 1, we present the main evaluation results of GLYPH against comparative methods

in Table 5.3, covering dataset-level performance under three complementary metrics: instance-

level structural correctness (MMPQ), pixel-level boundary alignment (F1@8), and estimated

post-editing effort (NBDR).
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For GPT 5.2 Pro, Claude Sonnet 4.5, and Claude Opus 4.6, they fail to return any polygon

geometry across various tiling sizes, which may be due to their focus on code processing. In

addition, we fail to complete the Gemini and SAM series with a tile size of 128 × 128 due to

their high monetary cost and runtime, respectively.

In terms of instance-level quality, our proposed CLYPH achieves the best MMPQ scores

across all five datasets compared to other methods. This shows that legend-guided semantic

fusion effectively preserves the topological structure of polygons compared to individual

experts. For pixel-level boundary alignment, GLYPH achieves high F1@8 scores and the best

quantitative results across four out of five datasets, demonstrating that the fusion mechanism

does not sacrifice local geometric precision for global consistency. GLYPH slightly falls short

of LOAM on the WR dataset in F1@8, but it significantly outperforms LOAM in MMPQ.

Regarding the estimated manual post-editing effort, GLYPH achieves the lowest NBDR

for three out of five datasets. Compared to most other methods, GLYPH can still achieve

a decent reduction in manual correction in a modern digitization pipeline. When assessing

NBDR results, the complexity of the polygon geometry can significantly affect the results.

Therefore, the NBDR results across all methods for the FT and SP datasets tend to be higher

than those for the other three datasets.

In addition, by combining pixel-based (LOAM) and instance-based (SAM2 and Gemini

3 Flash) results, GLYPH aims to produce fine-grained polygonal geometry, resulting in

a large number of vertices. Therefore, although individual experts, including LOAM or

Gemini 3 Flash, demonstrate competitive performance on WR or FT datasets in NBDR,

their NBDR performance fluctuates significantly across multiple datasets, and they often

have worse instance-level (MMPQ) or pixel-level (F1@8) accuracy compared to GLYPH.

For instance, LOAM outperforms GLYPH in NBDR but performs worse in MMPQ for the

WR dataset, whereas Gemini 3 Flash surpasses GLYPH and LOAM in NBDR for the FT

datasets but performs worse in MMPQ and F1@8 compared to both GLYPH and LOAM.

Most importantly, comparative methods such as Gemini 3 Flash and Gemini 3.1 Pro do not
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always outperform GLYPH and LOAM in NBDR across all their tiling sizes. The best setting

for these comparative methods varies across datasets and is difficult to estimate before using

them.

For segmentation-based methods, while SAM2 consistently achieves competitive quanti-

tative accuracy in MMPQ and F1@8 across all five datasets, sometimes outperforming the

Gemini series at the same tiling sizes, it still fails to achieve the best performance in NBDR.

On the other hand, SAM3 surprisingly performs significantly worse across all five datasets.

Although SAM3 can directly take image exemplars as input, its accuracy under this

setup is statistically significantly worse than that of SAM2 with entity linking across all

tiling sizes and five datasets. We notice that SAM3 seems to fail to effectively leverage the

input ontology to correctly perform polygonal entity linking to the targeted map keys. This

results in either no polygon features being identified or, in most cases, polygon features being

assigned to multiple map keys. We attribute the SAM3’s failure to three reasons. First,

the image exemplars (polygon map keys) are always in a rectangular shape, as shown in

the upper portion of Figure 5.8 and in Figure 5.1. However, the actual polygon features

in the map content area are not in a rectangular or similar shape, as shown in the lower

portion of Figure 5.8. This nature may make the image exemplars too implicit as a concept

reference for SAM3. As a comparison, our LOAM (Chapter 2) explicitly applies text pattern

matching and combines it with color-based results. The second reason is the over-complicated

ontology indicated by the input image exemplars. As we provide all remaining polygon

map keys in the map as negative image exemplars, SAM3 might be overwhelmed by the

ontology of potential instances and the negative weighting for most of its identified instances.

Third, there are significantly fewer adjustable parameters for SAM3 with this image-exemplar

setup than for SAM2 with the segment-anything setup we exploited. This might limit the

granularity of the instances that SAM3 can find. However, this third hypothesis might not

be the primary reason for SAM3’s significant failure, since we already tried SAM3 with all

tiling sizes, including 256 × 256, in which each image tile includes only a small portion and a
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limited number of potential polygon features.

Most importantly, this observation supports our design choice regarding SAM2 to use its

segment-anything setup and then link entities to support GLYPH. Moreover, the significant

difference shows that the general research problem of this dissertation, legend-item-based

polygonal feature digitization from historical maps, remains challenging for the state-of-the-art

general segmentation model that can directly incorporate image (concept) prompts. This

comparison with SAM3, using their dedicated setup of positive and negative image exemplars,

demonstrates the efficacy of our proposed GLYPH under a zero-shot scenario.

It should be noted that the three metrics (MMPQ, F1@8, and NBDR) capture comple-

mentary aspects of polygon extraction quality and can exhibit distinct trends. The NBDR is

an estimated manual post-editing effort adapted based on the current post-editing workflow

and domain expert evaluations [22], rather than an accuracy assessment at the instance-

or pixel-level. The actual post-editing effort might vary significantly depending on the

post-editing system or user interface used, and NBDR might no longer be applicable or

meaningful in those scenarios. However, MMPQ and F1@8 themselves are universal metrics

for assessing quantitative accuracy and may not change significantly across different scenarios

or downstream purposes.

The proposed GLYPH achieves the best instance-level accuracy (MMPQ) across five

out-of-domain datasets, surpassing the dedicated learning-based approach LOAM, VLMs, and

segmentation-based methods. In addition, GLYPH also achieves the best pixel-level accuracy

(F1@8) for four out of five datasets. This demonstrates GLYPH’s ability to generalize across

cartographic styles not encountered in the training dataset.

5.4.4.2 Discussion on Comparative Methods

For EQ2 (How does tiling size affect the performance of comparative methods? ), regarding

individual expert solutions and other comparative methods, the trends vary across three

evaluation metrics. For the instance-level accuracy (MMPQ), VLMs such as Gemini 3 Flash
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and Gemini 3.1 Pro, under some ideal settings, can outperform a dedicated learning-based

approach LOAM on the FT and SA datasets, where polygon features in the map content area

are either distinguishable from one another or more regular in shape. However, for pixel-level

boundary alignment (F1@8), many VLMs and SAM2, under some ideal settings, can surpass

LOAM in SA and SP datasets, in which most polygon features are of regular shape. This is

also supported by the lower NBDR of Gemini 3 Flash, Gemini 3.1 Pro, Gemini 2.5 Pro, and

GPT 4o in SA and SP datasets compared to LOAM. For the segmentation-based method,

SAM2 outperforms the dedicated learning-based approach when the number of polygon map

keys per map is limited. For SP datasets with fewer than 2 polygon map keys per map, SAM2

consistently outperforms LOAM across various tile sizes across most evaluation metrics. For

the SA and WR datasets, where there are approximately 4 polygon map keys per map, SAM2

achieves a competitive MMPQ compared to LOAM.

For VLMs, while GPT 5.2 Pro and Claude series failed, Gemini 3 Flash achieves competi-

tive accuracy for most datasets compared to the dedicated LOAM. Followed by Gemini 3.1

Pro, Gemini 2.5 Pro, and GPT 4o. For the SP and WR datasets, GPT 4o tends to achieve

higher accuracy than the Gemini series. This may be attributed to CMYK and offset printing

noise, as well as the significant degradation of the maps caused by these printing techniques.

For comparative methods that operate on cropped inputs, we evaluate multiple tile sizes

(e.g., 4096, 2048, 1024, 512, etc.) to test whether smaller crops mitigate domain shift or reduce

boundary ambiguity. We observe that tiling can affect performance for both VLM-based

and segmentation-based methods, but the optimal tile size varies across datasets. With a

smaller tile size, although methods can examine detailed colors and patterns in the image,

they lose the overview, resulting in a binary decision on whether to include a full image

tile and often yielding bitmap-like results. For VLMs, this is supported by the increase in

NBDR observed across four datasets as tile size decreases. The SP dataset is the only case in

which decreasing tile size consistently improves NBDR, due to its simpler polygon geometry

and fewer polygon map keys per map. In contrast, SAM2 achieves consistent performance
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across three evaluation metrics but shows fluctuations with tile size, with no clear trend

across datasets. Similarly, while SAM3 fails in most cases with the prompt of Figure 5.8, its

performance fluctuates with tile size, with no clear trend across datasets.

As indicated in the previous subsection, the optimal settings for these comparative

methods vary significantly across datasets and tiling sizes, and it is extremely difficult to

estimate them before use.

5.4.4.3 Statistical Analysis

For EQ 3 (Is there a statistical significance between GLYPH and comparative methods? ),

to evaluate the statistical significance of our results, we conduct a one-way ANOVA followed

by Fisher’s Least Significant Difference (LSD) test at α = 0.05. One-way ANOVA can

show whether there is a significant difference between solutions derived by different methods.

Applying Fisher’s LSD can then cluster all methods into tiers based on their performance.

We summarize the grouping results in Table 5.4, where ”A” denotes the statistically best

group. These statistical groupings reflect distributional overlap across maps rather than a

simple ordering of dataset-level means; thus, multiple methods may share the same group if

their performance differences are not statistically significant. Similarly, methods may have

better average performance at the dataset level in Table 5.3 but worse grouping results here

in Table 5.4. For instance, a method performs decently across all maps, while the other

method performs statistically significantly better on most maps but fails drastically on a

small subset. The first method may have better average performance, but the second method

may be clustered to a better group in Fisher’s LSD test.

The ANOVA p-values reported in the final rows of Table 5.4 are consistently extremely

small, lower than e−7 across metrics and datasets. This indicates that there exist statistically

significant differences between solutions from all methods across metrics and datasets. Our

proposed GLYPH is the only approach that consistently achieves the ”A” group across all

metrics (MMPQ, P@8, R@8, F1@8, and NBDR) and all five datasets.
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The dedicated learning-based approach LOAM frequently ranks in the ”A” group for

P@8, F1@8, and NBDR across some datasets; it falls into lower groups for MMPQ and

R@8. Similarly, SAM2 and Gemini series can reach the ”A” group on specific metrics when

configured with optimal tile sizes, but they fail to maintain this standing across all evaluation

categories. These results show that our proposed fusion framework provides a statistically

significant improvement and a more stable solution for cross-domain polygon extraction than

any single expert model or baseline configuration.

5.4.4.4 Complexity and Cost Analysis

For EQ 4 (How is the trade-off of accuracy, runtime, and monetary cost in deployment? ),

we present the average runtime and API cost per map for our proposed GLYPH and the

comparative methods in Table 5.5. The runtime and cost for GLYPH in the table already

include the three incorporated expert models. For API-based methods, e.g., VLMs, the

runtime may not reflect algorithmic efficiency as it is dominated by network and external

service latency or paid-tier limitations. Still, we tried to maintain a fair comparison among

methods; both the Gemini API and the OpenAI API are called at their highest tiers.

Combined with the quantitative results presented in Table 5.3, we observe a trade-off

between extraction granularity, computational overhead, and financial cost. For large VLMs,

reducing the tile size to 256 × 256 or 128 × 128, if applicable, often improves local extraction

accuracy but leads to an exponential increase in API costs. Gemini 3.1 Pro and Gemini 2.5

Pro with 256 × 256 tile size and GPT 4o with 128 × 128 tile size both reach a skyrocketing

cost of around $60 per map, making it economically unfeasible for large-scale map archive

digitization. Similarly, while smaller tile sizes improve the boundary alignment of SAM2, the

computational cost becomes prohibitive. SAM2 with 256 × 256 tile size requires over 100

minutes to process a single map. Although SAM3 is more efficient in terms of time spent

than SAM2, its accuracy on MMPQ, F1@8, and NBDR is significantly worse than that of

SAM2.
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GLYPH provides a highly effective balance for practical applications. With parallel

processing, the runtime for GLYPH is bounded by the longest one among three experts:

LOAM-1024, Gemini-3-flash-1024, and SAM-1024. By utilizing expert masks generated at a

fixed 1024 × 1024 tile size, it achieves the state-of-the-art accuracy with a moderate runtime

of approximately 11 minutes per map and a significantly lower API cost of around $0.38

per map. This efficacy makes GLYPH a scalable solution for processing vast historical map

collections where both time and budget are limiting factors. Additionally, when time or

budget are not limiting factors, GLYPH’s scalability and modularity enable integration with

expert models at fine-grained tile sizes when appropriate.

5.4.4.5 Estimated Benefits to Post-editing Effort

For EQ 5 (What is the potential improvement to post-editing effort by GLYPH? ), we can

estimate potential labor savings by comparing GLYPH’s NBDR with the baseline NBDR of

models that return nearly nothing. As shown in Table 5.2, full manual digitization typically

requires several hours per map.

Based on Table 5.3, the reduction in NBDR for GLYPH indicates that the vast majority

of polygon vertices and structures are correctly placed automatically. In the SA and WR

datasets, the ”first draft” of GLYPH is geometrically nearly complete, leaving only minor

topological refinements for manual post-editing. Even in the complex SP dataset, with an

over 90% reduction in NBDR, the labor-intensive process of identifying and tracing irregular

boundaries is significantly mitigated.

As mentioned in the previous subsection, the exact post-editing time may not be strictly

linear with geometric distance for vertex correction and may depend heavily on UI efficiency.

However, based on the results presented in DIGMAPPER [22], which includes polygon

extraction accuracy similar to LOAM, the post-editing time can be reduced by more than 30-

fold. Accordingly, GLYPH’s performance still suggests a transformative shift in productivity

regarding out-of-domain polygon digitization from historical archives.
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Table 5.5: Average runtime and API cost per map. For API-based methods, their runtime
is dominated by external service latency or limitations and may not be algorithmically
meaningful. N.A. indicates that no API request is required. The best performance within a
method family is in bold.

Method - Tile Size Avg. Time / Map (min.) Avg. API Cost / Map (USD)

GLYPH-1024 (Ours) 10.68 0.38
LOAM-1024 10.12 N.A.
SAM2-4096 7.08 N.A.
SAM2-2048 5.37 N.A.
SAM2-1024 7.55 N.A.
SAM2-0512 28.78 N.A.
SAM2-0256 101.23 N.A.
SAM3-4096 0.52 N.A.
SAM3-2048 0.75 N.A.
SAM3-1024 1.68 N.A.
SAM3-0512 5.55 N.A.
SAM3-0256 27.37 N.A.
Gemini-3-flash-4096 1.93 0.04
Gemini-3-flash-2048 2.95 0.12
Gemini-3-flash-1024 3.58 0.38
Gemini-3-flash-0512 4.90 0.77
Gemini-3-flash-0256 28.04 6.92
Gemini-3.1-pro-4096 4.34 0.34
Gemini-3.1-pro-2048 14.77 1.13
Gemini-3.1-pro-1024 8.50 6.98
Gemini-3.1-pro-0512 13.02 17.96
Gemini-3.1-pro-0256 28.12 65.76
Gemini-2.5-pro-4096 17.82 0.39
Gemini-2.5-pro-2048 9.37 0.86
Gemini-2.5-pro-1024 5.37 3.14
Gemini-2.5-pro-0512 11.52 6.36
Gemini-2.5-pro-0256 36.66 57.18
GPT-4o-4096 5.42 0.31
GPT-4o-2048 2.48 0.19
GPT-4o-1024 2.82 0.58
GPT-4o-0512 1.20 1.54
GPT-4o-0256 2.17 10.38
GPT-4o-0128 15.52 58.46

102



By providing a high-quality first draft that achieves decent structural correctness (MMPQ)

and boundary alignment (F1@8) across nearly all datasets, GLYPH can drastically shorten

the path from raw archival image to digitized linked data.

5.4.4.6 Ablation Study for GLYPH

For EQ 6 (How does each component in GLYPH contribute to the final outputs? ), we conduct

an ablation study to remove or replace components in our proposed GLYPH to assess whether

each component contributes to the final output. We present the results of our ablation

study in terms of MMPQ, F1@8, and NBDR in Table 5.6. Similar to our main evaluation,

we conduct a one-way ANOVA followed by Fisher’s Least Significant Difference (LSD) test

at α = 0.05 to assess the statistical significance in the ablation study and summarize the

grouping results in Table 5.7.

We include the following ablation setups:

• GLYPH: The standard GLYPH pipeline.

• ⇒ RGB space: Use RGB color space instead of CIELAB color space, while keeping

the remaining components the same.

• ⇒ Pixel majority: Apply only pixel-wise majority voting among three expert models.

(keep only Section 5.2.3.1)

• ⇒ Region majority: Apply only region-wise majority voting among the expert models.

(keep only Section 5.2.3.1 + Section 5.2.3.2)

• - Psuedo: The training signal of contrastive learning for color embedding does not

consider cross-expert consensus pseudo-labels; it relies only on input map keys. (change

in Section 5.2.4.1)

• - Anchor: The training signal of contrastive learning for color embedding does not

consider input map keys; it relies only on cross-expert consensus pseudo-labels. (change

in Section 5.2.4.1)
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• - Gating: The gating in test-time adaptation is not optimized from global style or

reliability features; instead, it directly applies uniform weighting for semantic fusion.

change in Section 5.2.4.1)

• - Evidence: The semantic fusion does not consider expert evidence; it relies only on

similarity between region embedding and legend prototypes.

(change in Section 5.2.4.2)

• - Similarity: The semantic fusion does not consider similarity between region embedding

and legend prototypes; it relies only on expert evidence.

(change in Section 5.2.4.2)

• - Post: The structural and geometric post-processing is skipped.

(removal of Section 5.2.4.3)

Regarding the quantitative results, integrating all components tends to yield better results,

or at most 0.03 variance, in MMPQ and F1@8. The two exceptions appear at the MMPQ of

the SA dataset and the F1@8 of the SP dataset. However, the decrease is due to a different

component in GLYPH. In the SA dataset case, uniform weighting for semantic fusion (”-

Gating”) yields better MMPQ than test-time adaptation. This may be due to the significant

color shift and insufficient cues from the polygon map keys; these potentially misleading cues

limit the ability to learn meaningful geometric information from experts’ solutions and refine

the final solutions accordingly. This is supported by the similar F1@8 and NBDR between

GLYPH and ”- Gating”. Another case is the SP dataset; conducting contrastive learning

for color embedding solely on cross-expert consensus pseudo-labels (”- Anchor”) seems to

outperform learning with the integration of input map keys. This is due to the extremely

small number of polygon map keys per map (e.g., 2 or fewer), which naturally limits the

efficacy of contrastive learning.

The ANOVA p-values reported in the final rows of Table 5.7 are lower than 0.05 for R@8

except in the SP dataset. While p-values are lower than 0.05 for MMPQ, F1@8, and NBDR
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in the FT, SA, and WR datasets, FT dataset is the only one that has its p-values for P@8

lower than 0.05. It shows that ablation of components in GLYPH mostly affects extraction

recall and has no statistically significant effect on extraction precision. We believe that the

FT, SA, and WR may be viewed as out-of-domain datasets with moderate difficulty, leading

to statistically different performance across ablation setups. SO can be interpreted a ”simpler”

out-of-domain dataset as it has a similar characteristics compared to the in-domain GE

dataset. In contrast, SP can be considered a ”difficult” out-of-domain dataset, as the printing

techniques, degradation, and the number of polygon map keys per map are significantly

different from those in the GE dataset.

Although integrating all components does not yield the best quantitative results among

all ablation setups, it is the only setup to achieve the statistically best-performing group

across all evaluation metrics and datasets. All the remaining ablation setups have at least

one metric or dataset not achieving the ”A” rank based on the Fisher’s LSD test. The results

of Fisher’s LSD test support the design of our proposed GLYPH for generalizing polygon

extraction across historical maps with diverse styles.

5.4.4.7 Parameter Setting for GLYPH

For EQ 7 (How sensitive is parameter setting to the final outputs of GLYPH? ), the main

adjustable parameter in GLYPH is its learning rate. We present the quantitative evaluation

results on the parameter setting of learning rate in GLYPH in Table 5.8. To assess the

statistical significance among various settings, we conduct a one-way ANOVA followed by

Fisher’s LSD test at α = 0.05 and summarize the results in Table 5.9.

We notice that there is no significant difference nor clear trend in terms of performance

across different learning rate settings for GLYPH. The best performance appears at different

learning rate values across both evaluation metrics and datasets. This is supported by the

high ANOVA p-values and the fact that, almost all setups achieve the statistically best group.

However, the worst performance seems to appear at the highest or the lowest learning rate.
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We assume that a low learning rate may not be able to address the significant color shift in

SA dataset, and a high learning rate may not be able to stabilize the uneven coloring within

polygon features in FT and WR datasets.

For simplicity, we set a learning rate of 5e-5 for GLYPH for the remainder of evaluation.

5.4.4.8 Evaluation on GLYPH with Other Experts

For EQ 8 (How is the trade-off of integrating the expert models at various tile sizes? ), we

combine LOAM with Gemini 3 Flash and SAM2 at various tile sizes and present the results

in Table 5.10 and Table 5.11, with some additional results left in Appendix B.2. There is

no statistically significant difference in accuracy. However, we notice that the 4096 × 4096

setup sometimes falls out from the ”A” rank in Fisher’s LSD test. This degraded R@8 can

be attributed to the increased number of polygon features to extract per image tile.

Considering the cost and runtime of Gemini 3 Flash and SAM2 at smaller tile sizes, the

results here support the decision to deploy a 1024 × 1024 tile size for all incorporated models.

5.4.4.9 Case Study

For EQ9 (What are the qualitative results of GLYPH against comparative methods? ), we

present the case study in Figure 5.9 to Figure 5.13. For each dataset, we demonstrate six

cases to provide a qualitative analysis of our design for adaptively leveraging expert models

of cross-domain polygon digitization.

FT Dataset

The FT dataset is characterized by mountainous terrain, large contiguous thematic regions,

and irregular polygon boundaries with uneven intra-polygon color caused by printing artifacts

and scanning degradation. As illustrated in Figure 5.9, the dedicated learning-based method,

LOAM, occasionally achieves high precision but suffers from low recall due to uneven color

distributions within polygon features. Similarly, SAM2 achieves high precision when the color

of a particular polygon map key is significantly different compared to the others from the map
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legend. However, it may entirely miss low-contrast classes, such as the 1 poly for spruce-fir

and hemlock in FT Taiwan1956r2, resulting in extremely low performance. On the other

hand, Gemini 3 Flash produces semantically plausible but geometrically fragmented and

sometimes over-simplified masks, resulting in mediocre pixel-based performance compared to

other methods.

Our proposed GLYPH consistently reconciles large-scale structural coherence with im-

proved recall. An exceptional case is the map of FT Taiwan1956r5, with the cases of 2 poly,

3 poly, and 7 poly depicted in the Figure. GLYPH corrects under-segmentation or fragmented

geometries introduced by LOAM, and it reduces false positives or over-simplified geometries

produced by SAM2 and Gemini 3 Flash. In addition, as GLYPH and all three employed

expert models consider all polygon map keys, the mutual exclusiveness of polygon features

across map keys is preserved, despite not being a hard constraint, enabling the contrastive

learning process to affect the final polygon feature outputs. Thus, GLYPH can preserve

polygonal instance integrity while mitigating hallucinated fragments, yoking results from

distinct models and perspectives to yield balanced precision–recall trade-offs for the polygon

features.

SA Dataset

The SA dataset consists of densely structured maps with regular, rectangular building

footprints, and heavy textual overlays. As illustrated in Figure 5.10, LOAM often fails in

recall due to the strong text interference. SAM2 performs well in geometric delineation but

exhibits unstable semantic grounding across legend categories. Gemini 3 Flash captures

semantic intent but produces polygon boundary irregularities and occasional merging of

adjacent structures. GLYPH substantially improves both color recognition and polygon

boundary alignment, especially in dense grids such as Alameda 1948, where it suppresses

false-positive fragments and restores compact rectangular footprints. The gains are evident

in cases where GLYPH combines two or more expert models with low accuracy into a final

output above 0.8, leveraging cross-expert agreement and region-level semantic embedding.
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Input Output
Input Expert Models of GLYPH

(partial image, overall performance for precision, recall, and F1 score)
Raster Image

Overview Partial

Map Key

LOAM-1024 SAM2-1024 Gemini-1024

GLYPH Groundtruth

FT_Taiwan1956r2 1_poly (Spruce-fir, hemlock)

FT_Taiwan1956r2 3_poly (Pine)

FT_Taiwan1956r4 8_poly (Denuded-plantable)

FT_Taiwan1956r5 2_poly (Cypress)

FT_Taiwan1956r5 3_poly (Pine)

(0.965, 0.831, 0.893) (0.000, 0.000, 0.000) (0.327, 0.678, 0.441) (0.709, 0.962, 0.816)

(1.000, 0.152, 0.264) (0.851, 0.283, 0.425) (0.573, 0.758, 0.653) (0.780, 0.848, 0.813)

(0.000, 0.000, 0.000) (0.999, 0.582, 0.736) (0.518, 0.467, 0.491) (0.352, 0.852, 0.498)

(0.980, 0.839, 0.904) (0.010, 0.014, 0.011) (0.657, 0.940, 0.774) (0.990, 0.961, 0.976)

(1.000, 0.869, 0.930) (0.439, 1.000, 0.611) (0.273, 0.885, 0.418) (0.943, 0.955, 0.949)

(0.992, 0.174, 0.296) (0.983, 0.458, 0.625) (0.902, 0.902, 0.902) (0.996, 0.922, 0.958)FT_Taiwan1956r5 7_poly (Rice paddies, dry forming)

Figure 5.9: Case study for our GLYPH and its input expert models on the FT dataset.
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SO Dataset

Although the SO dataset seems to have similar characteristics compared to the in-domain

GE dataset, the challenge of this dataset lies in distinguishing adjacent soil types whose

chromatic distributions overlap and whose borders are thin and meandering. As illustrated in

Figure 5.11, LOAM frequently achieves near-perfect precision in high-contrast map keys but

over-extends boundaries or misses narrow regions in a few cases. SAM2 captures boundary

continuity well but may oversegment polygon features, leading to a large number of small

segments. Gemini 3 Flash exhibits fragmented masks with moderate recall but poor geometric

coherence.

GLYPH demonstrates substantial qualitative improvement by recovering boundary con-

tinuity while suppressing interior noise. For the 2 poly in SO Illinois1905 and 3 poly in

SO Utah1905, GLYPH preserves contiguous region shapes and achieves a decent preci-

sion–recall balance. The fusion mechanism appears particularly effective when at least two

experts agree on boundary placement, enabling smooth region-wise consolidation. Overall,

GLYPH exhibits strong structural consistency on geological-style maps, where boundary

precision and instance completeness are both critical for downstream digitization.

SP Dataset

Among the five datasets, the SP dataset is the most difficult and includes small polygonal

features, overlapping graphical elements, and CMYK printing and scanning artifacts. As

illustrated in Figure 5.12, LOAM fails to address this dataset and tends to achieve extremely

low precision, demonstrating the significant difference between this SP dataset and the GE

dataset on which LOAM is trained. In addition, this result shows the limitations of the

pixel-based method for CMYK-printed maps with extremely high resolution, leading to less

reliable color-set information from polygon map keys. Meanwhile, similar trends can be

observed in the previous subsections, where the optimal tile size for this SP dataset often

differs from that of the other datasets and can fluctuate within or across methods.

Since there are at most two polygon map keys per map, SAM2 performs relatively well
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Input Output
Input Expert Models of GLYPH

(partial image, overall performance for precision, recall, and F1 score)
Raster Image

Overview Partial

Map Key

LOAM-1024 SAM2-1024 Gemini-1024

GLYPH Groundtruth

(0.963, 0.039, 0.075) (0.997, 0.778, 0.874) (0.856, 0.870, 0.863) (0.939, 0.898, 0.918)

(0.550, 0.179, 0.271) (0.277, 0.586, 0.376) (0.776, 0.886, 0.828) (0.973, 0.928, 0.950)

(0.640, 0.061, 0.112) (0.568, 0.852, 0.681) (0.810, 0.778, 0.793) (0.815, 0.822, 0.818)

(0.533, 0.714, 0.611) (0.991, 0.926, 0.957) (0.273, 0.845, 0.413) (0.974, 0.959, 0.967)

(0.456, 0.579, 0.510) (0.217, 0.991, 0.356) (0.284, 0.899, 0.432) (0.925, 0.987, 0.955)

(1.000, 0.280, 0.438) (0.997, 0.999, 0.998) (0.858, 0.897, 0.877) (0.984, 0.925, 0.953)

SA_Alameda1902v1 2_poly (Brick building)

SA_Alameda1903v2 5_poly (Frame special)

SA_Alameda1928 2_poly (Stone building)

SA_Alameda1948 3_poly (Frame building)

SA_Alameda1948 4_poly (Frame special)

SA_LosAngeles1907v7 2_poly (Brick building)

Figure 5.10: Case study for our GLYPH and its input expert models on the SA dataset.
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Input Output
Input Expert Models of GLYPH

(partial image, overall performance for precision, recall, and F1 score)
Raster Image

Overview Partial

Map Key

LOAM-1024 SAM2-1024 Gemini-1024

GLYPH Groundtruth

(0.201, 0.734, 0.316) (0.065, 0.500, 0.116) (0.244, 0.564, 0.341) (0.626, 0.917, 0.744)

(0.994, 0.998, 0.996) (0.808, 0.562, 0.663) (0.305, 0.505, 0.380) (0.887, 0.869, 0.878)

(0.902, 1.000, 0.948) (0.469, 0.999, 0.639) (0.125, 0.355, 0.185) (0.839, 0.880, 0.859)

(1.000, 0.764, 0.866) (1.000, 0.507, 0.673) (0.259, 0.677, 0.375) (0.972, 0.960, 0.966)

(1.000, 0.877, 0.935) (0.988, 0.584, 0.734) (0.342, 0.832, 0.485) (1.000, 0.991, 0.995)

(1.000, 1.000, 1.000) (0.757, 1.000, 0.862) (0.081, 0.662, 0.145) (1.000, 1.000, 1.000)

SO_Illinois1905 2_poly (Kaskaskia loam)

SO_Pennsylvania1905 3_poly (Stony loam)

SO_Pennsylvania1905 5_poly (Clay loam)

SO_Pennsylvania1905 6_poly (Norfolk loam)

SO_Utah1905 3_poly (Fresno sand)

SO_Utah1905 4_poly (Salt Lake loam)

Figure 5.11: Case study for our GLYPH and its input expert models on the SO dataset.

114



at the task of segmenting polygons. Similarly, although Gemini 3 Flash achieves better

accuracy than LOAM, it still produces some fragmented masks with lower precision than

SAM2. GLYPH significantly stabilizes extractions across these heterogeneous cases. For

SP Tokyo1926v1, GLYPH combines the boundary sharpness of SAM2 with the semantic

discrimination of Gemini 3 Flash, improving F1 to around 0.8 while removing scattered false

positives. This is a significant improvement over the results of the dedicated learning-based

method for an out-of-domain dataset. In more degraded cases, such as SP Tokyo1945v1,

GLYPH suppresses isolated noise clusters and restores contiguous urban blocks. The quali-

tative improvements suggest that region-consensus partitioning is beneficial in high-density

urban cartography, where instance adjacency and line-art interference are common.

WR Dataset

The WR dataset comprises extensive color overlays, textual annotations, and dashed or

partially visible boundaries. Polygons are large but visually cluttered by water channels and

annotation marks. As illustrated in Figure 5.13, LOAM maintains structural coherence and

achieves the most balanced results among expert models. SAM2 tends to have limited recall

with cluttered polygon features, whereas Gemini 3 Flash produces mediocre results.

For maps with unclear polygon map keys such as 2 poly in WR Irrigation1930, GLYPH

improves both precision and recall, correcting under-segmentation while removing spuri-

ous fragments. However, frequent overlapping polygon features result in mixed colors that

correspond to an incorrect polygon map key. Along with the increased emphasis on segmen-

tation, this contributes to an increase in false positives (3 poly in WR Irrigation1978 and

2 poly in WR Irrigation1995) or false negatives (2 poly in WR Irrigation1976 and 5 poly

in WR Irrigation1996).

5.4.4.10 In-domain Evaluation of Polygon Generalization

For EQ10 (What is the quantitative performance of GLYPH on in-domain dataset? ), we

evaluate our proposed cross-domain generalization approach, GLYPH, on the in-domain
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Input Output
Input Expert Models of GLYPH

(partial image, overall performance for precision, recall, and F1 score)
Raster Image

Overview Partial

Map Key

LOAM-1024 SAM2-1024 Gemini-1024

GLYPH Groundtruth

(0.256, 1.000, 0.408) (0.612, 0.966, 0.749) (0.354, 0.416, 0.383) (0.581, 0.970, 0.727)

(0.152, 1.000, 0.263) (0.061, 0.937, 0.114) (0.076, 0.323, 0.123) (0.295, 0.307, 0.301)

(0.273, 0.893, 0.418) (0.364, 0.602, 0.454) (0.655, 0.792, 0.717) (0.691, 0.884, 0.775)

(0.069, 0.337, 0.115) (0.977, 0.874, 0.922) (0.693, 0.930, 0.794) (0.865, 0.931, 0.897)

(0.000, 0.000, 0.000) (0.102, 0.192, 0.133) (0.227, 0.804, 0.355) (0.568, 0.541, 0.554)

(0.079, 0.999, 0.146) (0.583, 0.644, 0.612) (0.338, 0.659, 0.447) (0.440, 0.827, 0.575)

SP_Tainan1928 1_poly (House)

SP_Tainan1948 2_poly (Mod built-up)

SP_Tokyo1926v1 1_poly (Walkway)

SP_Tokyo1926v1 2_poly (Parking lot)

SP_Tokyo1945v1 1_poly (Full used)

SP_Tokyo1945v1 2_poly (Partial used)

Figure 5.12: Case study for our GLYPH and its input expert models on the SP dataset.
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Input Output
Input Expert Models of GLYPH

(partial image, overall performance for precision, recall, and F1 score)
Raster Image

Overview Partial

Map Key

LOAM-1024 SAM2-1024 Gemini-1024

GLYPH Groundtruth

(0.899, 0.926, 0.912) (0.984, 0.100, 0.182) (0.727, 0.748, 0.737) (0.912, 0.930, 0.921)

(0.990, 0.993, 0.992) (0.981, 0.709, 0.823) (0.504, 0.582, 0.540) (0.992, 0.942, 0.966)

(0.991, 0.999, 0.995) (0.828, 0.950, 0.885) (0.392, 0.902, 0.546) (0.995, 0.990, 0.992)

(0.926, 0.743, 0.825) (0.650, 0.409, 0.502) (0.093, 0.377, 0.149) (0.358, 0.836, 0.502)

(0.972, 0.818, 0.889) (0.884, 0.634, 0.738) (0.379, 0.407, 0.392) (0.627, 0.761, 0.687)

(0.980, 0.986, 0.983) (0.978, 0.290, 0.447) (0.750, 0.666, 0.706) (0.993, 0.967, 0.980)

WR_Irrigation1930 2_poly (Zone 3)

WR_Irrigation1976 2_poly (Zone 2)

WR_Irrigation1976 5_poly (Annual crop)

WR_Irrigation1978 3_poly (Mixture area)

WR_Irrigation1995 2_poly (Annual crop)

WR_Irrigation1995 4_poly (2 crop / 3 year)

Figure 5.13: Case study for our GLYPH and its input expert models on the WR dataset.
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dataset used to train the dedicated polygon digitization LOAM (Chapter 2).

We present the overall performance in MMPQ, F1@8, and NBDR in Table 5.12. Although

GLYPH outperforms the dedicated learning-based model LOAM in MMPQ, LOAM achieves

the best F1@8 among all methods, including GLYPH. This can be attributed to the increased

emphasis on instance-level processing in GLYPH compared to LOAM, a pixel-level inference

model introduced in Chapter 2.

Table 5.12: Summary of evaluation performance on the USGS datasets (GE). For each
evaluation metric, the best performance within a method family is in bold, and the best
performance overall is in red. Values are presented in mean±std unless otherwise noted.
”N.A.” indicates NBDR is not applicable when a method returns empty results across all
cases.

Dataset / Metric GE

Method - Tile Size MMPQ ↑ F1@8 ↑ NBDR ↓
GLYPH-1024 (Ours) 0.67 0.67±0.32 15.28±115.11
LOAM-1024 0.61 0.71±0.37 9.65±53.65
SAM2-4096 0.24 0.31±0.35 38.50±134.32
SAM2-2048 0.32 0.38±0.36 27.48±124.20
SAM2-1024 0.36 0.39±0.36 24.82±115.70
SAM2-0512 0.39 0.42±0.36 20.81±108.15
SAM2-0256 0.38 0.44±0.36 18.31±103.33
SAM3-4096 0.00 0.00±0.01 56.44±88.46
SAM3-2048 0.00 0.01±0.05 24.04±44.60
SAM3-1024 0.01 0.01±0.03 19.47±41.89
SAM3-0512 0.01 0.01±0.03 17.76±41.53
Gemini-3-flash-4096 0.19 0.14±0.20 14.43±44.06
Gemini-3-flash-2048 0.27 0.26±0.23 13.39±66.10
Gemini-3-flash-1024 0.33 0.41±0.23 5.02±29.93
Gemini-3-flash-0512 0.32 0.40±0.23 5.52±21.30
Gemini-3-flash-0256 0.35 0.43±0.26 6.20±18.58
Gemini-3.1-pro-4096 0.03 0.03±0.10 46.23±141.72
Gemini-3.1-pro-2048 0.12 0.11±0.16 15.40±62.39
Gemini-3.1-pro-1024 0.25 0.36±0.23 4.60±36.94
Gemini-3.1-pro-0512 0.26 0.38±0.22 9.95±96.01
Gemini-3.1-pro-0256 0.31 0.42±0.24 6.58±33.54
GPT-4o-4096 0.00 0.00±0.02 83.40±159.62
GPT-4o-2048 0.00 0.01±0.04 47.39±131.50
GPT-4o-1024 0.03 0.04±0.08 21.07±71.43
GPT-4o-0512 0.05 0.07±0.11 18.28±68.52
GPT-4o-0256 0.15 0.18±0.18 7.25±30.84
GPT-5.2-pro 0.00 0.00±0.00 N.A.
Claude-sonnet-4.5 0.00 0.00±0.00 N.A.
Claude-opus-4.6 0.00 0.00±0.00 N.A.

With the increased number of average polygon map keys per map and the greater reliance
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on patterns or text to distinguish among polygon features, the accuracy of other expert

models decreased significantly for this in-domain dataset with respect to LOAM compared to

the five out-of-domain datasets (FT, SA, SO, SP, and WR). Nonetheless, both GLYPH and

LOAM statistically significantly outperform all remaining comparative methods, including

SAM2, SAM3, the Gemini series, and the GPT series.

We conduct statistical analysis and present Fisher’s LSD grouping results in Table 5.13.

The ANOVA p-values reported in the final rows of the table are consistently smaller than

5e−324 and underflows to zero in double precision across metrics. This indicates that there

are statistically significant differences between solutions across all methods and metrics.

Despite having a better average NBDR compared to LOAM and GLYPH, all the other

expert models and comparative methods fail to achieve either ”A” or ”B” grouping in

Fisher’s LSD test. The dedicated learning-based model, LOAM, consistently achieves the

best statistical grouping results on all evaluation metrics for this in-domain GE dataset.

The cross-domain generalization approach, GLYPH, achieves slightly worse results for this

in-domain dataset and consistently achieves the second-best statistical grouping results across

all evaluation metrics. Although Gemini 3.1 Pro with a tile size of 1024 × 1024 achieves the

best quantitative NBDR as reported in Table 5.12, it falls to the second tier in Fisher’s LSD

test as presented in 5.13. This shows that even though Gemini 3.1 Pro under this optimal

tile size setting (ranked ”B”) may achieve results with decent average and a lower standard

deviation in NBDR metric, LOAM (ranked ”A”) and GLYPH (ranked ”B”) are able to have

their solutions achieving superior performance in NBDR for most or more cases with some

outliers compared to those of Gemini 3.1 Pro.

Regarding comparative methods, SAM2 shows less fluctuation in accuracy when adjusting

its tile sizes than the Gemini series does. It is difficult to determine or estimate the optimal

tile size in advance for all these methods. Still, under the optimal settings for each method

and metric, their quantitative performance is similar, and there is no statistically significant

difference among the solutions of SAM2, Gemini 3 Flash, and Gemini 3.1 Pro. However,
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Table 5.13: Fisher’s LSD grouping results on the USGS datasets (GE) and across evaluation
metrics. Each cell shows the Fisher-LSD grouping letter from one-way ANOVA and Fisher’s
LSD test at α=0.05 over map-level quantitative results; A denotes the statistically best group.
For each metric, the best group within a method family is in bold, and the best group overall
is in red. The last two rows report the one-way ANOVA p-value and the LSD threshold.
We use log(NBDR) to stabilize variance across methods in the NBDR metric, and p-values
are shown in a compact scientific form enm to denote m× 10n. P@8, R@8, and F1@8 refer
to precision, recall, and F1 score, respectively, with a tolerance radius of 8 pixels. ”N.A.”
indicates NBDR is not applicable when a method returns empty results across all cases. The
”→ 0” indicates that the p-value is smaller than 5e−324 and underflows to zero in double
precision.

Dataset / Metric GE

Method - Tile Size MMPQP@8R@8 F1@8NBDR

GLYPH-1024 (Ours) B B B B B
LOAM-1024 A A A A A
SAM2-4096 E E I G I
SAM2-2048 D D G E G
SAM2-1024 D D G D G
SAM2-0512 C C F C F
SAM2-0256 C C E C F
SAM3-4096 K M P N M
SAM3-2048 K M P N L
SAM3-1024 K M O N K
SAM3-0512 K M O N K
Gemini-3-flash-4096 I I L J I
Gemini-3-flash-2048 H G J H E
Gemini-3-flash-1024 F D E D C
Gemini-3-flash-0512 F E D D E
Gemini-3-flash-0256 E E C C F
Gemini-3.1-pro-4096 K K O M K
Gemini-3.1-pro-2048 J I M K H
Gemini-3.1-pro-1024 G F H F B
Gemini-3.1-pro-0512 G E G E D
Gemini-3.1-pro-0256 E D D C E
GPT-4o-4096 K M P N N
GPT-4o-2048 K L P N L
GPT-4o-1024 K J O M J
GPT-4o-0512 K H N L I
GPT-4o-0256 I G K I F
GPT-5.2-pro K N P N N.A.
Claude-sonnet-4.5 K N P N N.A.
Claude-opus-4.6 K N P N N.A.
ANOVA p-value → 0 → 0 → 0 → 0 → 0
LSD (α=0.05) 0.02 0.03 0.02 0.02 0.20
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SAM2 seems to perform slightly better in MMPQ and P@8, Gemini 3 Flash has better

R@8 and F1@8, while Gemini 3.1 Pro has better NBDR. This can be attributed to their

characteristics. SAM2 excels at instance segmentation and thus achieves decent instance-level

accuracy. With our proposed post-entity-linking process, it is able to obtain better precision

compared to VLMs, which may not strictly consider the mutual exclusiveness among polygon

map keys. Gemini 3 Flash is currently the state-of-the-art model for visual-language tasks in

the Gemini series and achieves higher recall and F1 scores at the pixel level than the remaining

comparative methods. On the other hand, while Gemini 3.1 Pro was not particularly designed

for handling visual-language tasks, as the most advanced reasoning Gemini model, it is still

able to derive simplified polygon geometries from complex USGS geological maps, with better

NBDR than other VLMs. While Gemini 3.1 Pro seems to achieve slightly better accuracy in

terms of P@8 compared to Gemini 3 Flash, Gemini 3 Flash still surpasses Gemini 3.1 Pro for

most metrics under the same tile size.

As reported in Table 5.3 for the out-of-domain datasets, Gemini 3.1 Pro tends to achieve

slightly better performance compared to Gemini 2.5 Pro. Based on Table 5.5, we expect

Gemini 2.5 Pro to have a similar monetary cost compared to Gemini 3.1 Pro. Therefore,

we skip evaluating Gemini 2.5 Pro on this GE dataset, given its potentially high cost and

limited accuracy compared to other VLMs in the Gemini series, especially Gemini 3 Flash.

Regarding the remaining comparative methods for Table 5.12 and 5.13, decreasing the

tile size generally leads to a better quantitative performance of metrics and grouping tier in

Fisher’s LSD test. GPT 4o, even at its optimal tile size setting, still fails to surpass SAM2.

With a tile size of 256 × 256, GPT 4o can achieve a similar or slightly better grouping tier to

the worst cases of Gemini 3 Flash and Gemini 3.1 Pro. Similar to the results in Table 5.12,

while SAM3 can retrieve some polygon feature geometries for maps with extremely few

polygon map keys (e.g., 2 or fewer), it consistently falls into the worst or second-worst tier.

As with the five out-of-domain datasets, GPT 5.2 Pro, Claude Sonnet 4.5, and Claude Opus

4.6 still return nothing for this GE dataset.
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Regarding cost and efficiency, as listed in Table 2.1, the number of polygon map keys per

map is significantly higher for this in-domain GE dataset than for the five datasets. This

leads to an increase in the token size per API request. We provide the runtime and monetary

API cost per map on this GE dataset in Table 5.14. Based on the SAM2-0256 entry (SAM2

with a tile size of 256× 256), given the growing runtime relative to the five smaller datasets in

Table 5.5, we skip evaluating SAM2 with a tile size of 128×128. Similarly, for the SAM3-0256

entry (SAM3 with a tile size of 256 × 256), we only process this setup with parts of the

maps in the GE dataset due to its long runtime with extremely low accuracy, as shown in

Table 5.12. For the GPT-4o-0128 entry (GPT 4o with a tile size of 128 × 128), since its

monetary cost per map is significantly higher than the other methods, we process this setup

only on parts of the maps in the GE dataset and report the runtime and API cost here, while

skipping its accuracy and corresponding statistical grouping results.

To conclude, while the cross-domain GLYPH achieves slightly worse performance than

the dedicated learning-based approach LOAM trained on the in-domain GE dataset, it still

outperforms other comparative methods with statistically significant improvements.

5.5 Related Work

Digitizing Historical Maps. Maps are often the only source of information about the Earth

surveyed using geodetic techniques [16]. Extracting and digitizing geographic information from

historical maps helps experts, whether researchers from other domains or not [3], understand

and conduct research on several geography-related topics more easily [40, 55]. However,

extracting different types of features, including texts [35, 53], points [66], lines [20, 32, 85], or

polygons [66, 81, 86, 84], and georeferencing them [43] from historical maps requires diverse

technologies to address distinct technical challenges. Accordingly, DIGMAPPER [22] is a

modern historical map digitization system that provides a holistic framework with modular

components for georeferencing and feature extraction from the map. Our work follows its
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Table 5.14: Average runtime and API cost per map on the USGS dataset (GE). For API-based
methods, their runtime is dominated by external service latency or limitations and may not
be algorithmically meaningful. N.A. indicates that no API request is required. The best
performance within a method family is in bold.

Method - Tile Size Avg. Time / Map (min.) Avg. API Cost / Map (USD)

GLYPH-1024 67.36 1.67
LOAM-1024 38.66 N.A.
SAM2-4096 6.90 N.A.
SAM2-2048 5.60 N.A.
SAM2-1024 8.69 N.A.
SAM2-0512 24.61 N.A.
SAM2-0256 106.98 N.A.
SAM3-4096 2.65 N.A.
SAM3-2048 4.69 N.A.
SAM3-1024 11.55 N.A.
SAM3-0512 37.38 N.A.
SAM3-0256* 79.55 N.A.
Gemini-3-flash-4096 2.88 0.15
Gemini-3-flash-2048 4.50 0.68
Gemini-3-flash-1024 9.19 1.67
Gemini-3-flash-0512 12.51 6.67
Gemini-3-flash-0256 25.11 32.77
Gemini-3.1-pro-4096 0.56 0.74
Gemini-3.1-pro-2048 0.92 3.07
Gemini-3.1-pro-1024 22.85 12.48
Gemini-3.1-pro-0512 15.85 33.75
Gemini-3.1-pro-0256 44.51 139.95
GPT-4o-4096 1.36 0.16
GPT-4o-2048 2.44 0.59
GPT-4o-1024 2.74 2.18
GPT-4o-0512 5.04 8.39
GPT-4o-0256 15.62 41.53
GPT-4o-0128* 291.06 544.79
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modularized setting to constrain polygon feature extraction.

Polygon Extraction from Raster Maps. For polygon extraction from raster maps,

most research focuses on extracting few types of polygon features from maps. For instance,

some formulate it as a foreground detection problem and apply a series of image-processing

techniques [4]. While the U-Net architecture [64] has demonstrated its efficacy in binary

segmentation tasks for medical images [69] and single-feature segmentation from historical

maps. Some previous research integrates the U-Net with a transformer to extract water

bodies [81], buildings [28], roads [32], hydrological features [82], or archaeological features [24]

from historical maps. Similarly, some previous research leverages pre-trained segmentation

models such as SAM [36] or SAM2 [63] to extract based on few targeted polygon types,

achieving promising accuracy under limited training data [86, 84]. Some frame it as a polygon

boundary detection or instance segmentation problem and apply a transformer architecture

that leverages common characteristics or constraints [81, 87, 90]. Despite their promising

accuracy, the above-mentioned approaches require additional processing to handle arbitrary

polygon map keys that are not present in the training dataset.

Some legend-oriented approaches [49, 59] treat map keys as dynamic prompts or references,

allowing for the extraction of arbitrary polygon items at inference time. However, these

models are frequently trained on specific map series with consistent cartographic conventions

and exhibit limited generalization when applied to map styles that differ significantly [50, 51].

Domain Adaptation and Large Visual-language Models.

Some previous research has leveraged common semantic cues across historical maps to

propagate knowledge and to support better segmentation or feature extraction with minimal

human intervention [83, 90]. While some focus on generating synthetic training data to

reduce the reliance on manual annotations and increase the coverage of map styles [5, 42, 58].

Beyond map-specific literature, combinations of test-time adaptation (TTA) and mixture-

of-experts (MoE) mechanisms offer strategies for identifying and adapting domain shift with

pseudo-label guidance [38, 76]. On the other hand, with rapid development in recent years,
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pre-trained large vision-language models have shown promising results on reasoning geospatial

information, whether from historical maps [61, 88] or not [30, 44].

Altogether, these approaches inspire parts of our design, in which GLYPH applies a

combined TTA with MoE to leverage expert models’ polygon-extraction solutions and adapt

to various map styles.

5.6 Summary

This chapter addresses the research problem of cross-domain polygon extraction from historical

maps under significant domain shift and a lack of target-domain annotations. We leverage

the map legends to guide a test-time adaptive mixture-of-experts framework, GLYPH, which

reconciles the semantic and geometric strengths of dedicated models, segmentation foundation

models, and large vision-language models. Our comprehensive evaluation across five diverse

historical map datasets demonstrates the efficacy of our approach, outperforming state-of-the-

art methods on both structural correctness and boundary alignment. The results show that

integrating specialized domain models with general-purpose vision models through adaptive

fusion can overcome the limitations of individual experts in unseen domains. In addition,

by facilitating large-scale vectorization of historical archives, this enables the investigation

of long-term environmental and urban systems, supporting downstream analyses related to

historical geographic information science.
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Chapter 6

Conclusion and Future Direction

6.1 Conclusion

This dissertation addresses the challenge of converting the polygonal features in massive

archives of historical thematic raster maps into structured, analysis-ready vector data. While

these maps contain invaluable information for critical mineral assessment and long-term

environmental studies, their interpretation is often hindered by numerous unseen and varied

polygon map keys, significant color inconsistencies, the presence of uncolored field drafts,

and significantly diverse cartographic styles. We define polygon metadata and present a

comprehensive metadata-driven machine-learning framework that leverages polygon metadata,

such as map keys, textual labels, and polygon boundaries in raster format, to automate the

digitization, recoloring, and colorization of polygonal features in historical maps.

The proposed frameworks address distinct stages and needs for map interpretation. For

uncolored draft maps, SHADING learns to transform achromatic sketches into colorized

maps with respect to geological conventions. To address color inconsistencies in existing map

archives, REPOLISH learns to correct and align map content with legend definitions. Then,

LOAM encodes polygon metadata into intermediate bitmaps for precise feature extraction

of in-domain map collections. Finally, to enhance the efficacy across diverse historical map

collections, GLYPH establishes a generalized mixture-of-experts framework that adapts to
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unseen map styles at inference time without requiring target-domain annotations. Together,

these frameworks provide a robust pathway for preserving and utilizing historical geographic

information at a large scale.

6.2 Contribution of the Research

This dissertation presents a unified framework for automated polygon digitization and inter-

pretation from historical thematic maps under both in-domain and cross-domain settings.

First, we develop a metadata-driven approach that generates multiple intermediate represen-

tations, capturing color, text, and boundaries, to learn to extract polygon features from raster

images for in-domain datasets. Second, we propose a map-recoloring method to automatically

identify and correct inconsistencies in color assignments between polygonal features in the

map content area and the map legend for in-domain datasets, thereby improving the reliability

of downstream tasks. Third, we introduce a semantic-restoration approach to automatically

colorize achromatic draft maps using a conditional generative framework that integrates

sketch and semantic reasoning over the referenced visual appearances for in-domain datasets.

Finally, we present a legend-guided, test-time adaptive mixture-of-experts framework that

learns to generalize polygon digitization across diverse historical map collections without

requiring target-domain annotations. Together, these contributions advance the automation,

robustness, and generalizability of large-scale polygon digitization from historical maps.

6.3 Future Direction

Building upon the frameworks presented in this dissertation, several directions remain for

future research. We present the future directions as follows.

For polygon extraction, one direction is to refine the incorporation of geometric constraints

for the polygonal features, whether in historical maps or not. Precisely, one may explore

more accurate boundary extraction and dynamically incorporate various polygonal geometric
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priors. This would ensure that the outputs are applicable to distinct downstream tasks and

reduce the need for post-editing by the domain experts. One interesting direction is to further

involve domain experts, annotators, or downstream users in the machine-learning process [57,

60]. This includes quantitative, qualitative, and narrative feedback on the preliminary and

final outputs, which would help improve understanding of the process and needs of polygon

digitization from historical maps, as well as the divergence across various domains. By

learning from feedback through active learning or other adaptive enhancements, the machine

might be able to better understand and digitize polygon features from maps under different

circumstances [41, 46, 61]. Another interesting direction is to further refine the text-label

association and prevent pattern matching from producing false positives [53, 54]. By better

addressing misaligned text labels or patterns caused by limited polygonal space or printing

artifacts, this can improve the completeness of polygonal features and significantly reduce

manual post-editing effort. The other direction is to extend to multi-feature extraction [22,

66]. As some previous research has formulated line extraction as a polygon extraction

problem [84], we may extend the metadata-driven recognition models to other geographic

representations, specifically line and point features. This will require modifications to the

metadata preprocessing stage to capture distinct structural and semantic information relevant

to roads, contours, etc. However, our approach may serve as a good baseline component or

comparator for feature extraction of unseen feature styles, regardless of whether the features

are polygons, lines, or points.

For map recoloring, one direction is to enhance the reasoning of complex symbols. While

current region representations are primarily color-based, cartographic symbols such as intricate

hatching patterns and overlapping translucent textures may be crucial for distinguishing

distinct polygon map keys in some historical archives [66]. Therefore, expanding the recoloring

framework to handle more complex cartographic symbolization or out-of-domain datasets

might also help improve its generalizability. Another potential direction might be to further

exploit contextual information, such as the shapes of polygonal features and their neighboring
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features [67]. On the other hand, since the recoloring model is domain-dependent, another

direction is to conditionally generate synthetic data to support its training [42, 84].

For map colorization, the main limitation lies in its domain-dependent nature and the

reliance on textual patterns in polygon map keys. To overcome the domain-dependent

limitation, one direction is to generate synthetic training data to simulate a broader range of

historical map styles and degradation artifacts [5, 42], which would enhance model robustness.

To overcome the reliance on textual patterns, one may further exploit the geographic priors

of the polygonal features [10]. Despite the need for additional training data and limited

accuracy in semantic color coding, one can still achieve decent results in colorization. Another

interesting direction is to exploit combinatorial optimization [48, 91] or distance-based learning

techniques [73, 74] for the semantic color coding and polygonal entity linking in colorization.

Based on most color-coding schemas across various historical map collections, a conditioned

hierarchical optimization approach might be suitable with some reformulations [47, 96].

For generalization across map styles, despite already achieving better performance than

all incorporated expert models at this stage in most cases, one direction is to further

investigate the ability and limitations of different expert models at test time. With sufficient

understanding of the incorporated models, this may help achieve better, or at least decent,

results, even if all expert models fail drastically under particular cartographic styles. In

addition, we aim to extend the framework to handle more complex cartographic symbolization,

which remains challenging for current color-based region representations. Besides, we plan to

explore the geometry priors and constraints of polygon features to further reduce the manual

post-editing required to transform raster archives into structured, linked geospatial data.
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Appendix A

Segmenting Content Area and Map Keys

A.1 Automated Map Segmentation

The main digitization modules (LOAM and GLYPH) and the supplementary modules

(REPOLISH and SHADING) both take the raster map with identified polygon map keys and

the map content area as input. Humans can label the bounding boxes of the polygon map

keys and the map content area with a few clicks, which is accurate enough and relatively

easier than annotating polygonal features in the map content. Still, we provide an automated

approach to segment the map content area and polygon map keys from the raster map,

turning the entire polygon digitization pipeline into a fully automated process with zero

human input, aside from providing the raster map.

Some of the following content for this automated map segmentation module is presented

in MapLocator [43] to support map georeferencing.

A.2 Approach to Map Segmentation

The map segmentation module aims to isolate the map content area from frames, margins,

legends, and background regions that commonly appear in historical maps. First, we employ

the Segment Anything Model (SAM) [63] to extract high-level, visually coherent areas. To

refine these regions, we use color gradients and Canny edge detection [6] to capture fine-
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grained cartographic structures, such as map borders, graticules, and coastline-like outlines.

Morphological consolidation and connected-component analysis are then used to consolidate

a single dominant map region. To enforce local spatial regularity, we apply fast SLIC [33] to

derive superpixels that preserve color and texture consistency within each segment. Followed

by a second SAM pass to compensate for incomplete or broken boundaries caused by scanning

or storage artifacts.

This module outputs a bounding polygon along with its associated bounding box. While

most map content areas are rectangular, integrating SAM enables the recovery of irregular

boundaries, providing geometric priors for downstream tasks.

A.3 Dataset

For the polygon map keys, we use the USGS geologic map benchmark as introduced in

Chapter 2. We treat the labeled bounding box of the polygon map keys as the ground truth.

Since the USGS geologic map benchmark lacks an explicit ground truth label for the

map content area, we use a series of sampled topographic maps (Historical Topographic Map

Collection, or HTMC). Proposed in MapLocator [43], the dataset comprises 505 maps and

is selected using a stratification strategy to ensure balanced map scale, publication era, and

geographic coverage.

For this map segmentation task, no map is used for training, and all datasets are treated

as out-of-domain.

A.4 Evaluation

For map-key segmentation, our approach achieves an instance-based F1 score of 0.71 with an

area thresholding ratio of 0.50. Despite its lower accuracy compared to manual labeling, the

results can serve as preliminary labels and reduce the time spent identifying all polygon map

keys from the raster map.
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Table A.1: Map segmentation performance on the HTMC dataset.

Method IoU ↑ Precision ↑ Recall ↑ F1 Score ↑ Complet. ↑
Ours 0.98±0.04 0.99±0.03 1.00±0.02 0.99±0.02 100.0%
Gemini 3 Flash 0.95±0.12 0.99±0.03 0.96±0.12 0.97±0.08 95.4%
GPT 4o 0.43±0.15 0.86±0.11 0.47±0.17 0.58±0.16 5.5%

Ground truth

Ours

Gemini 3 Flash

GPT 4o

GCP1 GCP2 GCP3 GCP4

Figure A.1: Comparison of map segmentation results. We display the geocoordinates alongside
the identified corners (i.e., source GCPs). GPT fails to predict the map content area.

For map-content segmentation, we report the accuracy in terms of IoU, precision, recall,

and F1 score in A.1. Our approach outperforms Gemini 3 Flash and GPT 4o across all metrics,

achieving IoU, precision, recall, and F1 scores above 0.98. In addition, we present a case

study in A.1. Although Gemini 3 Flash achieves precision comparable to our approach with

accurate text-based geocoordinate detection, it has lower, fluctuating recall and IoU due to its

limited ability to locate pixel coordinates. While GPT 4o can extract text related to ground

control points (GCPs), it suffers from a low completion rate due to an insufficient number of

identified GCPs and fails to accurately locate pixel coordinates for this segmentation task.
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Appendix B

Details for Generalizing Digitization

B.1 Test-time Representation and Optimization

To ensure the completeness of Chapter 5, we provide a unified formulation of how the

components introduced in the methodology section (Section 5.2.3 to Section 5.2.4) interact

at test time to produce the final prediction for GLYPH.

Region and Legend Representations. Let R = {ri} denote the set of minimal

polygonal instances obtained from boundary-guided region partitioning. For each minimal

polygonal instance ri, a feature representation is extracted as

zi = ϕ(ri),

where ϕ(·) corresponds to the feature extraction procedure, embedding color statistics and

gradient-based descriptors.

For each polygon map key ℓk, we similarly obtain an anchor representation

z
(L)
k = ϕ(ℓk),

which serves as a reference for that class.

Expert Predictions and Vote Aggregation. Let v
(A)
i , v

(B)
i , v

(C)
i ∈ RK+1 denote the
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region-level vote counts obtained from the three expert model solutions, where K is the

number of polygon map keys. The index k ∈ {0, 1, . . . , K} corresponds to class indices, with

k = 0 representing the background class and k ≥ 1 corresponding to polygon map keys.

These vote counts are normalized to obtain

p
(A)
i =

v
(A)
i∑
k v

(A)
ik

, p
(B)
i =

v
(B)
i∑
k v

(B)
ik

, p
(C)
i =

v
(C)
i∑
k v

(C)
ik

.

Each expert also produces a majority label for region ri, denoted as

y
(A)
i , y

(B)
i , y

(C)
i ∈ {0, 1, . . . , K}.

Pseudo-label Generation from Expert Agreement. To obtain reliable self-supervision

signals at test time, we derive pseudo labels based on inter-expert agreement. A region is

considered reliable if at least two experts agree:

y
(A)
i = y

(B)
i or y

(A)
i = y

(C)
i or y

(B)
i = y

(C)
i .

For such regions, the pseudo label ỹi is assigned by a majority vote among the agreeing

experts. Regions without sufficient agreement are excluded from pseudo-label supervision.

Representation Learning via Contrastive Loss. GLYPH performs lightweight per-

image representation learning to align region features with legend anchors. Let z denote

the embedded features produced by a learnable embedding function. We apply a supervised

contrastive loss

Lcontrast = − log

∑
j∈P(i) exp(sim(zi, zj)/T )∑
j ̸=i exp(sim(zi, zj)/T )

,

where P(i) denotes the set of samples (map-key pixels and pseudo-labeled regions) sharing

the same polygon map key as sample i, and sim(·, ·) is cosine similarity. T is a temperature

parameter that controls the concentration of the contrastive distribution, and it is set to 0.2.

Two types of samples are used: (1) pixels extracted from polygon map keys with known
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labels, and (2) minimal polygonal instances with pseudo labels obtained from expert agree-

ment.

We then define

Llegend =
1

|Slegend|
∑

i∈Slegend

Lcontrast(i),

and

Lregion =
1

|Sregion|
∑

i∈Sregion

Lcontrast(i),

where Lcontrast(i) denotes the contrastive loss computed for sample i.

The overall representation learning objective is

Ltrain = Llegend + λregionLregion,

where λregion = 0.5.

Adaptive Weighting (Gating). To adaptively balance the contributions of different

expert solutions, GLYPH employs a gating module that produces weights per image

w = (wA, wB, wC),
∑
e

we = 1,

where e ∈ {A,B,C} indexes the expert solutions.

The gating input is a feature vector

x = [xstyle, xagreement],

where xstyle consists of global image statistics, including the mean and standard deviation

in various color spaces, and average gradient magnitude. While the xagreement consists of

aggregated agreement statistics derived from expert predictions, including mean and median

of majority confidence, and consistency across experts.
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The gating function is implemented as a lightweight neural network

w = softmax(MLP(x)),

where the MLP is a shallow network with a single hidden layer that maps the input feature

vector to three output scores corresponding to the expert solutions. This design allows the

gating module to adaptively adjust expert contributions based on both global style variations

(xstyle) and the reliability of expert predictions (xagreement).

The gating module is jointly optimized with the representation learning component during

per-image test-time adaptation.

Gating Regularization. To control the sharpness of expert weighting, we introduce an

entropy-based regularization term

Lgate = λgate |H(w) − τg| ,

where

H(w) = −
∑
e

we logwe.

The target entropy τg is determined by inter-expert disagreement:

τg = τbase + τscale · disagree rate,

where disagree rate is defined based on the majority labels y
(A)
i , y

(B)
i , y

(C)
i assigned by the

expert solutions as

di =
1

3

(
1[y

(A)
i ̸= y

(B)
i ] + 1[y

(A)
i ̸= y

(C)
i ] + 1[y

(B)
i ̸= y

(C)
i ]
)
,

disagree rate =
1

|R|
∑
i

di.

In our implementation, we set τbase = 0.4, τscale = 0.8, and λgate = 0.1. This regularization
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is applied during per-image optimization to adaptively control the confidence of expert

weighting based on agreement.

Adaptive Fusion. The fused prediction for each region is computed as

pi = wAp
(A)
i + wBp

(B)
i + wCp

(C)
i .

where pi ∈ RK+1 denotes the fused class score vector, and pik denotes its k-th entry (k-th class)

corresponding to polygon map key ℓk (with an additional index k = 0 for the background

class).

Similarity-based Refinement. To incorporate legend guidance, we compute cosine

similarity between region embeddings and legend anchors:

Sik = sim(zi, z
(L)
k ).

The foreground score is computed as

scoreik = pik + λsimSik,

where pik denotes the fused score of assigning minimal polygonal instance ri to the polygon

map key ℓk, and Sik denotes the cosine similarity between the region embedding zi and the

legend anchor z
(L)
k . The λsim is set to 1.0 in our implementation.

Each minimal polygonal instance ri is then assigned the label corresponding to the

maximum foreground score.

To handle background assignment, we compute a background score as pi0 + λbg, where

λbg is a background buffer and is set to 0.25 in our implementation. A region is assigned to

the background class if

pi0 + λbg > max
k≥1

scoreik,
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or if

max
k≥1

Sik < τbg and pi0 > (1 − τbg).

where τbg is the rejection threshold and is set to 0.80 in our implementation.

The above formulation describes how GLYPH integrates per-image representation learning,

agreement-based pseudo labeling, adaptive expert weighting, and similarity-guided refinement

to produce final polygon digitization results without requiring supervision in the target map

domain.

B.2 Results on Pairwise Fusion Improvement

Following Section 5.4.4.8 and to assess the robustness of GLYPH (Chapter 5) in improving

suboptimal inputs, we conduct a pairwise fusion analysis across comparative methods. Since

GLYPH operates on three inputs, we construct each evaluation setting by fixing one input as

LOAM (Chapter 2) and pairing it with two additional methods. This ensures a consistent

anchor while enabling controlled comparison across diverse model combinations.

For each pair of comparative methods, we evaluate GLYPH’s performance relative to the

best-performing individual input among the three candidates. We present the results in a

series of tables, with each cell in the table reporting the performance improvement of GLYPH

over the “best-of-three-inputs” baseline. This quantifies the benefit of the fusion achieved by

GLYPH beyond selecting the strongest standalone models.

Each block in the table represents a pair of comparative methods. The row and column

ordering reflects progressively smaller tile sizes from left to right and from top to bottom,

allowing us to examine how spatial granularity affects fusion behavior. The diagonal cells

correspond to cases where the same method and tile size are paired with itself, effectively

isolating LOAM’s contribution to GLYPH. These cells serve as a reference to understand

whether gains arise from complementary information across methods or simply from the

fusion mechanism itself.
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FT Dataset

We present the pairwise expert fusion improvement under GLYPH for the FT dataset in

Figure B.1 for MMPQ, Figure B.2 for F1@8, Figure B.3 for P@8, and Figure B.4 for R@8.

In these figures, rows and columns enumerate candidate expert models (comparative

methods, in the order of tile sizes for each method), and each cell represents a pair. The

value in each cell denotes the improvement of GLYPH when combining LOAM with the pair

of comparative methods. The improvement is defined as the performance of GLYPH minus

the best performance among LOAM and the pair of two integrated comparative methods.

Larger positive values indicate stronger complementarity among the methods. This series of

pairwise results enables the interpretation of GLYPH’s ability to synergize LOAM’s solutions

with different pairs of models’ solutions and conditions.

With its emphasis on polygonal geometries, GLYPH achieves improved MMPQ compared

to the best standalone methods, including LOAM, for most pairs. The improvement in

MMPQ seems more obvious when integrated with at least one VLM at a smaller tile size. The

tile size of the integrated SAM2 or SAM3 solutions does not seem to affect the improvement.

By setting a smaller tile size (rightward for each method; downward-rightward for each

block of cells), most pairs of combinations achieve better R@8 improvement across their three

integrated solutions. In contrast, there is no clear trend in P@8 improvement across pairs

of fused methods. This may be due to the generally high precision of solutions derived by

LOAM. Consequently, most pairs of combinations yield a slightly improved F1@8 across all

integrated solutions. The only exception is the SAM3, which results in an exceptionally good

improvement in F1@8 when integrated with Gemini 3 Flash compared to the integration with

other methods. This may be attributed to the significant difference between the solutions

of Gemini 3 Flash, as well as LOAM, against SAM3, which makes GLYPH to rely only on

LOAM and Gemini 3 Flash to produce the self-calibrated results.

The results for the FT dataset show that GLYPH can synergize LOAM’s solutions across

different model pairs, even when one of the two integrated methods produces poor solutions.
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Figure B.1: Pairwise expert fusion improvement under GLYPH for the FT dataset in MMPQ.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.2: Pairwise expert fusion improvement under GLYPH for the FT dataset in F1@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.3: Pairwise expert fusion improvement under GLYPH for the FT dataset in P@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.4: Pairwise expert fusion improvement under GLYPH for the FT dataset in R@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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SA Dataset

We present the pairwise expert fusion improvement under GLYPH for the SA dataset in

Figure B.5 for MMPQ, Figure B.6 for F1@8, Figure B.7 for P@8, and Figure B.8 for R@8.

While setting a smaller tile size for VLMs tends to yield a more significant improvement

in R@8, the trends in P@8 and F1@8 improvements are less clear. As presented in Table 5.3,

LOAM’s solutions achieve performance worse than many of the comparative methods. There-

fore, we can observe clearer improvements in both MMPQ and F1@8 across all pairs of

combinations when treated as the input solutions, along with LOAM’s, to GLYPH.

The pairwise improvement results in the SA dataset demonstrate GLYPH’s ability to lever-

age and reconcile three methods’ solutions, each with mediocre standalone performance, into

a self-calibrated solution with significantly better instance-based and pixel-based accuracies.

SO Dataset

We present the pairwise expert fusion improvement under GLYPH for the SO dataset in

Figure B.9 for MMPQ, Figure B.10 for F1@8, Figure B.11 for P@8, and Figure B.12 for R@8.

Given that LOAM’s solutions achieve high accuracy on this out-of-domain dataset, the

improvements GLYPH can bring across all metrics are limited. Still, we observe slight

improvements in MMPQ across different sets of three integrated methods. The pair of

adopting two SAM3-based solutions consistently yields negative gains for the GLYPH, which

may be due to the limited consistency and informative patterns within SAM3’s solutions on

our task. This negative effect is mitigated when combining SAM3 solutions with another

method, in which case GLYPH can rely on methods with more identifiable success or failure

patterns, including LOAM and any of the remaining comparative methods. For pixel-level

accuracy (F1@8, P@8, and R@8), the differences for the remaining pairs are not significant

relative to each set’s best model, which is LOAM in most cases.

The pairwise improvement results in the SO dataset demonstrate GLYPH’s ability to

maintain decent accuracy when one of the three integrated methods consistently produces

high-quality results, identified via the legend anchor and consensus mechanism.
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Figure B.5: Pairwise expert fusion improvement under GLYPH for the SA dataset in MMPQ.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.6: Pairwise expert fusion improvement under GLYPH for the SA dataset in F1@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.7: Pairwise expert fusion improvement under GLYPH for the SA dataset in P@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.8: Pairwise expert fusion improvement under GLYPH for the SA dataset in R@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.9: Pairwise expert fusion improvement under GLYPH for the SO dataset in MMPQ.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.10: Pairwise expert fusion improvement under GLYPH for the SO dataset in F1@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.11: Pairwise expert fusion improvement under GLYPH for the SO dataset in P@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.12: Pairwise expert fusion improvement under GLYPH for the SO dataset in R@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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SP Dataset

We present the pairwise expert fusion improvement under GLYPH for the SP dataset in

Figure B.13 for MMPQ, Figure B.14 for F1@8, Figure B.15 for P@8, and Figure B.16 for

R@8.

The SP dataset is an out-of-domain dataset with significantly different cartographic styles

compared to the in-domain GE dataset; hence, LOAM’s accuracy is limited by extremely

high recall and low precision, and we observe some improvement for each set of the three

integrated methods, especially in MMPQ, P@8, and F1@8.

The degradation in R@8 is universal, due to LOAM’s high recall. However, we observe a

clear improvement in P@8 for most pairs, except for SAM2, which also shows less degradation

in R@8. This may be attributed to the higher P@8 and stability due to entity linking in SAM2’s

standalone solutions. Although the integration of SAM3’s solutions bring improvement in

P@8, this does not contribute to their F1@8. For VLMs, setting a smaller tile size tends to

bring a larger improvement in pixel-based accuracy, as depicted in the downward-rightward

direction for each block of F1@8 in Figure B.14, demonstrating their ability to address

CMYK-printed images. However, this trend is not that obvious for instance-based accuracy.

The pairwise improvement results in the SP dataset demonstrate GLYPH’s ability to

adaptively leverage methods’ solutions with identifiable patterns in their accuracies across

cartographic styles. This enables GLYPH to achieve decent results and noticeable improvement

over the three integrated solutions, despite their mediocre standalone performance.

WR Dataset

We present the pairwise expert fusion improvement under GLYPH for the WR dataset in

Figure B.17 for MMPQ, Figure B.18 for F1@8, Figure B.19 for P@8, and Figure B.20 for

R@8.

The pairwise improvement results show an interesting trend: all combinations achieve

significant improvements in MMPQ, but with a slight negative gain in pixel-based metrics.

This is due to the exceptionally high F1@8 for LOAM’s solutions, and the generally low
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instance-based accuracy across all methods, including LOAM. As most integrated comparative

methods struggle with this offset-printing dataset, GLYPH has difficulty improving the pixel-

based accuracy of the final outputs. Meanwhile, the uneven color, nested polygon geometries,

incomplete anchoring, and overlapping features limit GLYPH’s ability to better identify the

strengths and weaknesses across integrated solutions at test time.

The pairwise improvement results in the WR dataset reveal GLYPH’s limitations, as all

integrated methods produce inaccurate, overly complicated polygon geometries.

Figure B.13: Pairwise expert fusion improvement under GLYPH for the SP dataset in MMPQ.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.14: Pairwise expert fusion improvement under GLYPH for the SP dataset in F1@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.15: Pairwise expert fusion improvement under GLYPH for the SP dataset in P@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.16: Pairwise expert fusion improvement under GLYPH for the SP dataset in R@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.17: Pairwise expert fusion improvement under GLYPH for the WR dataset in
MMPQ. Each cell reports the performance gain for using the pair of two experts with LOAM
as the third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.18: Pairwise expert fusion improvement under GLYPH for the WR dataset in F1@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.19: Pairwise expert fusion improvement under GLYPH for the WR dataset in P@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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Figure B.20: Pairwise expert fusion improvement under GLYPH for the WR dataset in R@8.
Each cell reports the performance gain for using the pair of two experts with LOAM as the
third one. Positive values (green) indicate that GLYPH outperforms the best individual
expert, while negative values (red) indicate degradation.
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