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Abstract: In the digital transformation era, video media libraries’ untapped potential is immense,
restricted primarily by their non-machine-readable nature and basic search functionalities limited to
standard metadata. This study presents a novel multimodal methodology that utilizes advances in
artificial intelligence, including neural networks, computer vision, and natural language processing,
to extract and geocode geospatial references from videos. Leveraging the geospatial information from
videos enables semantic searches, enhances search relevance, and allows for targeted advertising,
particularly on mobile platforms. The methodology involves a comprehensive process, including
data acquisition from ARD Mediathek, image and text analysis using advanced machine learning
models, and audio and subtitle processing with state-of-the-art linguistic models. Despite challenges
like model interpretability and the complexity of geospatial data extraction, this study’s findings
indicate significant potential for advancing the precision of spatial data analysis within video content,
promising to enrich media libraries with more navigable, contextually rich content. This advancement
has implications for user engagement, targeted services, and broader urban planning and cultural
heritage applications.

Keywords: natural language processing; named entity recognition; geocoding; online media repository;
geospatial information extraction; image-to-text; audio-to-text

1. Introduction

In the digital transformation era, video media libraries have emerged as vast data
repositories holding immense potential yet are largely untapped due to their non-machine-
readable nature [1]. This limitation poses a significant challenge, particularly for users
confined to basic search functionalities reliant on standard metadata such as titles, descrip-
tions, categories, and tags. Video content has witnessed exponential growth, predominantly
driven by the ubiquity of the Internet and the advent of streaming services like Netflix
and social media platforms like TikTok, YouTube, and Instagram [2,3]. These platforms
have popularized video as a medium and highlighted the limitations of current search
capabilities in media libraries. The inability to search and locate media based on geographi-
cal context impedes content exploration, limiting the scope for user engagement, targeted
services, and comprehensive analyses.

The integration of geospatial data into video content unlocks diverse applications,
such as semantic searches for location-based media, enhancing the relevance of search re-
sults [4]. It also allows for targeted advertising, especially on mobile devices where location
contexts are dynamic. Moreover, platforms like TikTok and professional media libraries
can tailor video recommendations to users’ cultural or regional preferences, enriching the
personalization of media consumption [5]. These advancements have broader implications
in areas including urban planning and cultural heritage, where insights from geocoded
historical content can inform conservation and educational initiatives [6].

Traditionally, georeferencing videos has been an area of interest, but the focus has
primarily been on specific sub-areas and use cases, leaving broader, more generalized
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approaches somewhat unexplored. The recent surge in artificial intelligence, particularly
advancements in neural networks and computer vision, has redefined the landscape of
video content georeferencing. However, a modern, multimodal approach that considers
video in its entirety—encompassing visual content, audio, subtitles, text within video
frames, and metadata—is still missing. It becomes increasingly clear that the quality of
geospatial referencing videos is intricately tied to progress in fields such as computer
science, artificial intelligence, and natural language processing (NLP). While NLP has
reached a level of maturity that significantly augments our capabilities in named entity
recognition and extraction, we acknowledge that the current evolution stages of other
techniques, like computer vision, also shape our results. This interdependence underscores
our role as beneficiaries of advancements in these related disciplines, aiming to adapt their
most potent and effective methods to our geospatial tasks. Integrating modern methods
from neighboring disciplines into a multimodal approach is critical given that different
methods may yield different yet correct geospatial references simultaneously. For example,
a video might visually depict one location while the audio narrative references another.
Our goal is to harness and integrate different established methods to advance our specific
niche of georeferencing video content, a domain which, until now, has yet to leverage the
potential of these combined technologies fully.

This gap in research, particularly the absence of a comprehensive, multimodal ap-
proach to geospatially referencing videos, presents an opportunity for significant advance-
ment in the field. Recognizing this, our research proposes an innovative combination
of established methodologies such as computer vision techniques, natural language pro-
cessing, and geospatial analysis, aiming to extract geospatial references from videos and
associate them with precise geocoordinates. This approach is not just an augmentation
of existing techniques; it is a paradigm shift toward a more holistic understanding and
utilization of video content in the realm of geoinformatics.

2. Related Work

Traditionally rooted in translating textual descriptions of locations into geographic
coordinates, geocoding is a cornerstone in spatial data analysis’s edifice [7]. Applying NLP
in geocoding has been pivotal, employing techniques such as named entity recognition
(NER) to extract and categorize place names from unstructured text data [8,9]. Seminal
works in this domain have leveraged NLP to recognize textual location references and
transform them into mappable coordinates, forming the basis of text-based geospatial
data mining [10–13]. NER’s evolution, spurred by expansive datasets, has shifted from
rule-based to learning-driven paradigms, embracing the subtleties of human language
from regional dialects to location ambiguities. This transformation has been particularly
significant for geospatial analysis, allowing systems to transition from simple extraction
to the nuanced task of entity linking (EL). EL tasks extend further, tethering extracted
entities to corresponding entries in knowledge bases such as Wikipedia, thus enriching
the spatial data with semantic depth [14]. Geoparsing extends NLP reach into the spatial
realm, extracting geographical coordinates from place names recognized in texts. This
dual-step process involves toponym recognition followed by toponym resolution, the
latter equating to geocoding [15–18]. The rich suite of tools available for these tasks, such
as spaCy and Stanford NLP, cater to various applications, from Geographic Information
Retrieval (GIR) to emergency response [19]. The methodologies employed range from
rule-based to gazetteer-based, statistical, and hybrid approaches, each with its domain of
efficacy [20].

Transitioning from text to video presents unique challenges. Early multimodal georef-
erencing approaches, such as the bag-of-scenes (BoS) technique and histograms of motion
patterns (HMPs), integrated traditional text-based geocoding with visual cues, showcasing
initial success [21–23]. However, as technologies advanced, these methods saw reduced
adoption, overshadowed by metadata-centric strategies, particularly within social media
realms in which user-generated content provides a plethora of metadata ripe for geocod-
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ing [24,25]. Based on the same approach, Horbach et al. (2022) [26] also focus on mere
metadata analysis but show the basic usability of image and audio analysis.

Since professional media libraries do not have this rich metadata at their disposal,
AI-supported methods have come to the foreground in recent research. These advanced
approaches have demonstrated their efficacy in video classification and multimodal senti-
ment analyses utilizing convolutional neural networks (CNNs) [27–32]. Like other areas
of artificial intelligence, CNN-based place recognition has made great progress in recent
years. Models like OverFeat [33–35], AlexNet [36–41], and VGG16 [42–45] and hybrid
approaches [46,47] were utilized with great success. The NetVLAD architecture redefined
benchmarks in place recognition when applied to significant datasets like Google Street
View [48]. The release of the Google Landmarks Dataset v2 provided a vast benchmark for
image retrieval and instance recognition, contributing to the training of robust models for
place recognition [49,50].

Furthermore, the advent of Optical Character Recognition (OCR) [51–53] and auto-
matic speech recognition [54,55] has opened new avenues for extracting geospatial data
from videos. OCR technology can convert visual information into machine-encoded text,
enabling the identification of textual information embedded in video frames, such as street
signs or text overlays [56–58]. Similarly, audio-to-text transformation tools can transcribe
spoken words within videos, processing them like subtitles to parse location references [59].

3. Methodology

The primary objective of this study is to extract and geocode location references
from video files using a combination of different methods. This multimodal methodology
involves several stages: acquiring data and extracting location data from the visible image,
from text in the image, and from audio and subtitles.

As a reference or comparison data set, the location references of the videos for the
automated analysis are first manually extracted from the image, audio, and subtitle sources
and provided with time stamps. The hits, misses, and false positives of the automated
methods to be subsequently evaluated are determined based on this reference data set.

The individual processing steps, especially the computationally intensive ones, were
implemented side by side and are thus scalable. This ensures that our methods are effi-
cient and capable of processing large amounts of data, which is crucial for the potential
application of our methodology in real large-scale video media libraries.

3.1. Data Acquisition

Within the scope of this article, we have conducted an analysis of media sources from
ARD Mediathek [60]. ARD Mediathek was selected as the primary source for this study
due to its status as an open and legally accessible library that allows for the downloading
and processing of files. This media library offers a diverse array of content, including
documentaries, series, movies, and news, providing a rich dataset for analyzing various
formats. The availability of high-quality video streams and associated metadata, such as
subtitles, titles, descriptions, and categories, makes it an ideal candidate for comprehen-
sive geospatial analysis. The data acquisition process is designed to interface seamlessly
with the ARD Mediathek API for the retrieval of video content. This process efficiently
ensures the automatic selection and download of the highest-quality video stream, which
is crucial for maintaining the clarity of frames required for precise image-based analysis.
In parallel, available subtitles in WebVTT format, along with essential metadata such as
titles, descriptions, and keywords, are also retrieved. The system is optimized for batch
processing and scalability to enhance efficiency, enabling the simultaneous download of
multiple videos and subtitles. This capability is instrumental in compiling a large and
varied dataset within a manageable timeframe, especially considering the necessity of the
highest available video quality. The data acquisition pipeline, as shown in Figure 1, creates
a specific folder structure and naming convention for further analysis. If organized within
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the same structure, other sources can similarly be subjected to an automated analysis using
the methodology outlined in the subsequent steps.
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The primary sources of visual information within the video content are twofold: the
visible images of the video as a whole and recognizable text within these images, which can
appear either as overlayed text (e.g., the names of interview partners, insertions of place
names) or as part of the recorded scenes themselves (e.g., recorded street signs). To enable
a more precise analysis, the video stream is divided into a sequence of individual images.
This discrete splitting of the stream into individual images enables a more detailed and
precise analysis of the visual data and, at the same time, makes it more compatible with
established image recognition methods.

Following the successful acquisition of videos, the subsequent phase is responsible for
extracting images from the downloaded videos, utilizing the image processing capabilities
of OpenCV [61]. One key feature of the image extraction process is adaptability in setting
the intervals for image extraction, allowing for the extraction of an image each second
for the actual automated analysis and every 10 or 30 s for quality control. The extracted
images are organized into designated folders corresponding to their source video file
and the intended purpose, e.g., analysis or quality control. Like the video and subtitle
acquisition, this script is also tuned for large-scale processing to ensure fast but consistent
image extraction.

3.2. Analyzing the Visible Image

After the image extraction, we carry out an analysis of the visible image. In this stage,
presented in Figure 2, we identify landmarks within the images extracted from the ARD
Mediathek videos. Landmark recognition is integral to our methodology as it directly
informs the geographical content of videos. By identifying landmarks, we can ascertain
specific locations depicted within media, offering a visual anchor point for geospatial
analysis. The key player in this process is an advanced machine learning model trained on
the Google Landmarks Dataset v2 and further tuned for Europe [49,62], making it highly
practical and relevant for our task. The model was selected because it is the only freely
available model that was explicitly trained for landmark recognition based on a sufficiently
large and recognized corpus.

Before the images are fed into the model, they undergo an additional preprocessing
step to prepare them for analysis. This process begins with the initial loading of the
image using OpenCV, which typically reads the image in a blue, green, and red (BGR)
format. However, since most image processing operations and models, including ours, are
optimized for the red, green, and blue (RGB) format, the first step involves converting the
image from BGR to RGB. This conversion ensures compatibility with subsequent processing
steps and the machine learning model used for landmark recognition.

Once the image is in the correct color space, it is resized to fit the model’s input
requirements. This resizing is not a straightforward scale-down or scale-up process; instead,
it involves a calculated approach to maintain the image’s aspect ratio and focal integrity.
The script calculates the center of the image and uses this point to determine the dimensions
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of a square cropping box, ensuring that the cropped portion retains the most significant
parts of the image. After cropping, the image is resized to the target dimensions, set by
default to 321 by 321 pixels. This step is crucial as it standardizes the image size across all
inputs, a prerequisite for consistent model performance.
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The final steps in preprocessing involve normalizing the pixel values and preparing
the image for the model input. Normalization is conducted by scaling down the pixel
intensities to a range between 0 and 1, a common practice in image processing for machine
learning to facilitate efficient and stable model training.

As the model processes the images, it generates predictions and confidence scores for
each potential landmark. They not only identify the landmarks present in each frame but
also provide a measure of confidence in these identifications. This measure is instrumental
in assessing the reliability of the recognition. This information becomes even more crucial
in our use case as we feed the model an unfiltered selection of all video frames, which may
contain only poorly recognizable landmarks. The predictions are stored in a data structure
which, in addition to the timeframe, contains a selection of the predictions with the three
highest confidence values and the confidence values themselves. This structure allows us to
quickly identify the frame images with the same names extracted in the previous phase and
precisely enrich further information in subsequent steps. Further geoparsing is unnecessary
as the recognized landmarks correspond to specific locations for which coordinates can be
retrieved from Wikimedia Commons [63] and added to the referred data structure.

3.3. Analyzing Text in the Visible Image

Extracting text from images is integral to obtaining location data beyond mere land-
marks. This dual approach offers a thorough understanding of the location-specific infor-
mation presented in the media.

We employ the Tesseract OCR engine [51], renowned for its precision in converting
diverse image formats into machine-encoded text for text extraction from video frames. Al-
ternatives such as ABBYY FineReader PDF [64] or Adobe Acrobat Pro [65] delivered good re-
sults but are challenging to integrate into an automated processing pipeline. Google Cloud
Vision API [66], Microsoft Azure Computer Vision API [67], and Amazon Textract [68]
allow such integration but are not free to use or are not as flexible and customizable as
Tesseract OCR due to their proprietary nature. While Tesseract OCR is robust in handling
various image qualities, special attention is given to preprocessing and normalizing the
images to mitigate the challenges posed by diverse video formats and resolutions. This
normalization includes adjusting contrast and brightness and applying noise-reduction
techniques tailored to optimize OCR performance across different video qualities. Once
preprocessed, the frames are fed into the Tesseract OCR engine, which scans, detects, and
converts text regions into digital text which is subsequently stored in our data structure at
the corresponding time frame.

The unstructured text can be analyzed using NLP methods. NER can examine the text
for entities such as persons, organizations, and locations and aims to extract the specific
names or entities in the text to understand the meaning and structure of the text.
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We iteratively perform NER for every frame to process all the contents of the extracted
text. The complete process is visualized in Figure 3.
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Figure 3. Workflow diagram illustrating the extraction of text from the visible image and performing
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In the next step, geocoded coordinates are added to these extracted locations. The
geocoding of locations plays a crucial role in spatial analysis. A detailed spatial analysis
can be performed by assigning geographic coordinates to identify patterns, trends, and
relationships between locations. In addition, geocoding enables the visualization of in-
formation on maps. The entities of the type Location recognized in the previous step are
geocoded by Nominatim [69] based on OpenStreetMap [70] data. If geocoding is successful,
a point coordinate pair consisting of latitude and longitude is added to the data structure.

3.4. Analyzing Audio and Subtitles

The audio component of videos is a rich source of data for analysis. These data are
converted into text using OpenAI’s Whisper, a proven, reliable tool in our transcription
process [55]. Whisper accurately captures spoken content, and we additionally embed
timestamps to produce transcripts in WebVTT format, which allows for a direct comparison
with existing subtitles, ensuring the accuracy and integrity of the transcription and the
reuse of our NER method.

We employ the Levenshtein ratio metric, a key component in our evaluation process,
to assess the transcription quality by comparing the Whisper-generated entries against the
original subtitles [71]. This method enables a differentiated assessment of the accuracy
of the transcription against the spoken word. The subtitles are a valuable benchmark in
this process due to their alignment with the audio track. After transcription, the text and
available subtitles are analyzed using NER and geocoding as previously described. The
complete process is shown in Figure 4.
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4. Analysis

The methodology described was applied to ten videos from ARD Mediathek with a to-
tal of 24,050 extracted frames. Care was taken to evaluate primarily those videos with more
frequent location references, i.e., contributions from documentary categories, particularly
contemporary city and regional documentaries or history documentaries. Furthermore,
only those videos with an available subtitle track were selected for comparison with the
transcribed audio tracks. The video length, date of release, and other parameters were
randomly selected. We manually determined location references from the videos as a refer-
ence value, separated according to the different methods that the automatic information
extraction and the NER perform, i.e., the visible image, text in the image, and audio track
or subtitles.

An evaluation was conducted to find a suitable tool for NER. A small metadata sample
(title and description) of 50 media library entries was compared with different NER tools.
Since the focus is on extracting spatial information, the selection of suitable NER tools is
based on their performance at extracting location information. Hu et al. (2023) [15] describe
a comprehensive comparison of NER tools in their study. Based on these results, NER tools
were tested for the toponym extraction of media library entries. The requirements were a
simple setup and usability with Python.

• gpt-3.5-turbo: gpt-3.5-turbo is a large language model developed by OpenAI and
optimized for chatbots [72]. The prompt was defined to output locations in the text in
a standardized and parsable format to extract location references.

• Flair NER: Flair is an NLP framework for facilitating the training and distribution
of sequence labeling and text classification. Flair-NER is a standard four-class NER
model trained on CoNLL-03. Locations were identified directly using the trained
model by querying the LOC tag [73,74].

• GeoTxt: GeoTxt recognizes and extracts location references from text [75].
• spaCy: It is a general NLP tool. The model de_core_news_md was used, and the LOC

entities recognized by spaCy were kept as locations [76].
• Stanford Core NLP: This Java implementation of a CRF-based NER was developed

and maintained by the Stanford Natural Language Processing Group [77]. It is used
via the official Stanza package. The LOC (location) entities recognized by the Stanford
NER were retained as locations.

• Stanza: It is a general NLP toolkit with an NER tool built on BiLSTM and CRF, also
developed by the Stanford NLP Group [78]. The LOC-type entities were retained as
locations. The NER model used is GermEval2014 [79].

As shown in Table 1 the most striking results are that Flair NER has the highest
precision and a high F1 score, indicating the accurate recognition of place names. On the
other hand, GeoTxt has the lowest precision, the lowest recall, and the lowest F1 score,
meaning a poorer overall performance. Stanza shows an excellent overall balance between
precision, recall, and F1 score. Based on this evaluation, Flair was used for its performance.

Table 1. Evaluation of named entity recognition tools. Entity used: Location.

Tool Precision Recall F1 Score

gpt-3.5-turbo 0.61 0.79 0.67

Flair NER 0.85 0.80 0.83

GeoText 0.57 0.11 0.19

spaCy 0.63 0.46 0.53

Stanford Core NLP 0.67 0.55 0.60

Stanza 0.78 0.78 0.78
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Based on this, the German NER (large model) was used with Flair and trained on
CoNLL-03. Locations were identified using this model and could be filtered out from
all other recognized entities by querying the LOC tag. The results were each added to a
separate column in the previous data structure.

In the 24,050 frames, we manually determined a total of 5262 location references via
the audio track or subtitles. NER via Flair has a hit rate of 3262 and 2000 misses. At
the same time, we also obtained 676 false positives for which Flair identified location
references that our manual classification did not recognize. The results can be rated
as good at ca. 62% but can still be improved by minor adjustments. For example, the
manual determination of place references is more generous with declined place references
or derivational bound morphemes, such as “Österreichs”, (Austrian’s), “Österreicher”,
(Austrian; Austrian citizen), and “österreichisch” (Austrian; belonging to Austria) for
“Austria”. The automated NER tools do not recognize some of those forms as place
references, which can be argued for depending on context. However, some misses and false
positives are precisely due to these differences. Using a comparison with a Levenshtein
distance of 1 instead of an explicit string comparison changes the outcome to 3718 hits—an
improvement of 456 or ca. 14%.

When analyzing video frames using OCR technology to identify locations, our results
were quite modest. Among the same 24,050 frames, there were just 224 manually identified
location references and only 36 had successful identifications. There were 188 instances
in which the location should have been identified but was not and 58 instances in which
locations were incorrectly identified. This outcome underscores the challenges posed
by the dynamic nature of video content, including varying text qualities and complex
visual backgrounds.

Utilizing a CNN model for landmark recognition demonstrated a significant trade-off
between the breadth of location identification and the accuracy of these identifications. At
a high confidence level of 70%, the system identified locations in only 49 instances and
missed 3996 location references. Reducing the confidence level to 60% increased correct
identifications to 152 but also led to a substantial increase in false positives from 6376
to 31,321. However, the ratio of hits to misses and false positives is not good enough to
speak of a good result, regardless of the specific confidence value selected. Initial in-depth
analyses of this result showed that differences in designations for one and the same location
should not be underestimated. While the previous methods compared location references
from Flair, in this case, they were obtained from Flair and labels in the Google Landmark
Dataset v2, based on Wikimedia. For example, there are already four different names for
the Dresden Academy of Fine Arts: “Kunstakademie”, “Lipsius-Bau”, “Hochschule für
Bildende Künste”, and “Kunsthalle Dresden”, most of which refer to the same building or
building complex.

Across all methods and analysis sources, we manually detected 9531 location refer-
ences which were detected by automated methods in ca. 40% of cases. The high number of
7110 false positives is mainly due to landmark recognition. The results broken down by
method can be seen in Table 2.

Table 2. Detailed results of different methods for extracting location references.

Method Precision Recall F1 Score

Visible Image (Landmark Recognition) 0.01 0.01 0.01
Text in the Visible Image (OCR) 0.38 0.16 0.23

Audio/Subtitles 0.74 0.71 0.72

Total 0.35 0.40 0.37

Geocoding the 9531 hits and misses and the 7110 false positives worked in ca. 66% of
cases, and most failed attempts stemmed from the false positives. On one hand, Nominatim
could not geocode all location references with sufficient accuracy or, in some cases, at all;
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on the other hand, querying the Wikimedia-based landmark predictions did not return a
coordinate in 27% of the cases.

Figure 5 shows an example of location references from the video “Sagenhaft—Dresden”.
To show the high-resolution accuracy of some of the recognized location references, only
one section was selected. Some of the location references (e.g., “China”, “Japan”, and “New
York”) are therefore not visible here. On the left side (a), the green circles represent true
positives, and the numbers in them are the number of hits for the location. In the city
center in particular, there are many hits; this is where the generic “Dresden” is placed
by Nominatim. The right side shows false positives in red and false negative (missed)
location references.
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Interestingly, many false positives exist in places that were never recognized in the
video in question. The false negatives are concentrated in similar locations to the true
positives and suggest that the reliability of the automated procedures is not high enough.
The exact location references could sometimes be identified and sometimes not.

5. Discussion

The attempt to analyze visible images within video content using a landmark recogni-
tion model has revealed difficulties and limitations inherent in applying AI in geospatial
analyses. The model’s propensity to identify landmarks with high confidence in images
in which none exist is a problem that illustrates the challenges of machine learning inter-
pretability. The black-box nature of AI models often obscures the rationale behind such
decisions. As an example, Figure 6 shows a close-up of a person wearing a white hood,
which was misidentified as the F 15 Flygmuseum aviation museum in Sweden. This mis-
classification may be traced to similarities in specific images within the training dataset,
which inadvertently biases the model’s predictions.

Furthermore, the operational definition of ”landmarks” used by the model may be
too inclusive, recognizing any image that suggests the presence of a landmark. This broad
interpretation can lead to instances in which dominant image features, such as frescoes or
crowded events, overshadow the actual landmark. Consequently, the model may fail to
recognize the true landmark, hinting at a need for a more nuanced approach to defining
and training models on what constitutes a landmark within georeferencing.
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Figure 6. Misidentification by the landmark recognition model, interpreting a person in a white hood
(a) as the Swedish F 15 Flygmuseum (b), showing challenges with AI interpretability and training
data biases. Image sources: (a) ARD Mediathek; (b) Wikimedia Commons.

Another challenge arises with panoramic images or frames showcasing entire cities or
localities. The model used in this study struggles to capture such wide scenes accurately.
When multiple landmarks are prominent in the frame, it is likely for the model to recognize
one or several; however, when landmarks blend into a cityscape, they often go undetected.
This is exemplified by the processed videos featuring city scenes from Dresden, Salzburg,
or Hamburg, which the model did not recognize as landmarks due to the absence of these
entities as distinct labels in the training data. While the model can identify discrete objects,
it falls short at interpreting complex scenes with multiple focal points.

Despite these challenges, the model’s ability to accurately recognize a wide array of
landmarks, including those that are lesser known or might not be immediately identifiable
to an observer with little or no local knowledge, is a testament to its potential. This potential
hints at the model’s capacity to unveil subtle geospatial details within visual content.

OCR’s ability to accurately capture text embedded in video frames, such as street signs
or informational plaques, proved inconsistent. Variance in the quality and clarity of these
elements within the video often led to unreliable text capture. Factors like motion blur,
background complexity, and variable lighting conditions inherent in video content likely
contributed to the OCR’s performance inconsistencies.

Conversely, text overlays within videos—such as the names of interviewees or credits—
were more reliably captured by the OCR technology. These elements typically possess a
clearer contrast against the background and a standardized placement, which facilitates
more accurate recognition by the OCR algorithms. However, such overlays, as seen in
Figure 7a, were not prevalent in our test selection, limiting our ability to assess the OCR
technology’s efficacy in this domain fully. Future studies could benefit from including a
sample of content rich in overlays, like news programs, which frequently employ on-screen
text to convey information. Figure 7a shows an instance in which only one (“Festspiel-
haus Hellerau”) of three location references (the others are “Sachsen” and “Dresden”) is
recognized by OCR. Interestingly, all three location references were not considered during
manual acquisition. A title card from which OCR was not able to recognize text can be seen
in Figure 7b. In this specific case, a location reference could not be recognized here.

A notable issue was the OCR technology’s difficulty with recognizing text presented
in large or highly stylized fonts. Title cards, which often showcase artistic typography to
capture the viewer’s attention, posed a particular challenge.
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recognize text due to large and partly concealed fonts (b). Image source: (a,b): ARD Mediathek.

Audio and subtitle processing has emerged as a promising way forward, highlighting
the potential of advanced linguistic models. However, it also presents challenges as
the contextual subtleties of location information are highly nuanced. The refinement of
transcribed texts using GPT-3.5 Turbo marked a notable step in our methodology, enhancing
the meaningfulness and correctness of the data. However, this correction did not notably
impact the performance of NER tools. This finding suggests that the effectiveness of NER
in recognizing location entities may depend on factors beyond textual accuracy. Given
the high fidelity of the audio transcriptions, our approach flexibly treated both audio and
subtitles as interchangeable, capitalizing on the extensive textual data they provided. This
strategy proved beneficial, particularly as the text volume was well-suited to NER tools
designed to process large text corpora.

Regardless, a notable challenge was the contextual interpretation of location refer-
ences. A reference to a “cathedral” in a video about “Augsburg” implicitly pertains to the
“Augsburg Cathedral”. With the contextual linkage, the term is more precise for NER tools
to handle effectively. Addressing this, one solution could involve integrating additional
context through metadata pre-analyses, potentially enriching the locational specificity of
such references. However, this integration must be handled carefully as there is a risk of
complicating the analysis by distorting or overlaying non-local place references.

6. Conclusions and Future Work

This analysis shows mixed results for enhancing the utility of video media libraries
through a multimodal methodology for geocoding video content. It is particularly striking
how different the results of the individual methods are and that there are many pitfalls
on one hand but also many levers for improving the results on the other. By leveraging
advancements in machine learning, natural language processing, and computer vision,
we present the foundation of a novel approach to unearthing the rich geospatial data
embedded within videos. This elevates the precision of search functionalities and opens
new paths for targeted advertising and content personalization.

The exploration of georeferencing within video content reveals a rich seam of potential
for future research to advance the precision and applicability of spatial data analysis. Rec-
ognizing the varied efficacy of the methods utilized, the primary objective of forthcoming
endeavors will be to develop a location scoring system. Such a system would synergize
results from various georeferencing approaches to ascertain the relevance of locations
depicted or mentioned in videos. By implementing weights in the various methods, the
importance and reliability of each georeferencing method can contribute to the most ac-
curate and relevant spatial data points. It is also critical to recognize that the various
methods applied—landmark recognition, OCR, and computer vision—may yield distinct
yet simultaneously correct geospatial references within the same frame. The location de-
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picted visually, the locations mentioned in on-screen text, and the places referenced in
dialogue or subtitles can differ. Consequently, an intrinsic error correction that relies solely
on the methods described may not necessarily enhance the accuracy of the results. This
highlights the need for a nuanced approach to integrating these varied references, which a
location-scoring system should aim to address.

In addition, future developments could integrate a more nuanced, context-aware
framework for temporal geospatial analyses. This would not only dissect video content
into time-coded segments but also understand narrative and thematic progression, of-
fering a dynamic mapping of geospatial references that evolve with the storyline of the
video content. Such advancements would not only enhance data granularity but also the
interpretability and application of geospatial data in complex video sequences.

The improvement of the landmark recognition model is worth exploring as well. As
shown, the current limitations faced due to inaccuracies in the training data of the Google
Landmarks Dataset v2 underscore the need for a model that is trained or fine-tuned using
a dataset with more precise labeling. This would ensure that landmark predictions are
not only accurate but also tailored to the geographical focus of the media being analyzed,
thereby circumventing the issue of erroneous predictions that may arise from a more
generic dataset.

A surprising result was the quality of the automatic transcription of the audio track
to subtitle files and the associated automatic corrections. Although this extends beyond
the scope of the present work, further research in this field can contribute to significantly
increasing the accessibility of entire media libraries with relatively low personnel and
cost expenditures.

Our research has implications that extend beyond the immediate scope of this study.
For instance, in emergency response, the real-time georeferencing of video content can
provide crucial location data. In environmental monitoring, our methods could assist in
identifying and tracking the impact of events across different regions. These potential
applications offer a range of opportunities for future research. While a specific roadmap for
technological developments is beyond the scope of this article, we are enthusiastic about
exploring collaborations with media providers and their media libraries. Furthermore, we
recognize the complexity of geospatial data and the challenges it presents. We understand
that advances in AI, NLP, and computer vision, each at different stages of development,
provide tools of varied efficacy for our geospatial referencing tasks. Our approach seeks to
integrate these tools, with an acknowledgment of our reliance on the evolution of these
methods to achieve results that meet high expectations. The proposed location-scoring
system aims to constructively synthesize these results into a cohesive assessment in future
work, thereby enhancing the accuracy and utility of georeferencing video content.
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