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Abstract. The emergence of smart cities has generated an abundance of data from various urban
sources, necessitating robust methods for processing this information efficiently. Named Entity
Recognition (NER) is crucial for extracting meaningful insights from these data streams. In this
research, we propose an innovative NER approach specifically designed for Smart City Data
Streams, focusing on improving visualization and interaction for better analysis. Our method
employs advanced deep learning techniques to accurately identify and classify entities from a range
of sources, including traffic reports, social media feeds, and environmental sensors. By
incorporating a multi-modal framework that utilizes contextual information and geographical
metadata, we enhance the precision of entity recognition. The system enables real-time processing
of urban data, allowing city planners and stakeholders to visualize the relationships between entities
dynamically. To facilitate user interaction, we develop interactive dashboards and visualization tools
based on NER outputs, supporting intuitive exploration of urban information. Evaluations conducted
on real-world datasets reveal substantial advancements in entity recognition accuracy and
efficiency relative to conventional techniques, significantly contributing to informed decision-making
and increased public engagement in smart city projects.

Keywords: Named Entity Recognition; Smart City Data Streams.

1. Introduction

Incorporating advanced language models for processing data streams can enhance the capability
to recognize and categorize named entities, which is crucial in urban data management. The growth
of large language models like GPT-3 and PaLM demonstrates the potential for few-shot learning,
enabling the system to effectively interpret and output relevant data without extensive task-specific
training[1][2]. Improved models can also adapt to specific use cases, as seen with InstructGPT,
which aligns model outputs more closely with user intentions through human feedback, minimizing
misleading or irrelevant responses.

Furthermore, challenges associated with real-world applications, including toxicity detection and
the balance between performance and privacy, must be addressed[3][4]. Emerging frameworks,
such as TPTU-v2, further enhance the capabilities of language models in practical settings by
refining their ability to plan tasks and use tools effectively[5]. This combination of efficient entity
recognition and enhanced model interaction can significantly improve the visualization and
responsiveness of smart city data streams. Research into table-to-text generation also indicates
potential for synthesizing information succinctly, reinforcing the utility of language models for
practical applications in urban environments[6].

However, the integration of real-time smart city data streams faces significant technical
challenges. It is essential to ensure secure, encrypted streaming and access to personal identifiable
information (PII) across distributed systems to maintain data integrity and privacy [7]. Furthermore,
the ability to facilitate semantic reasoning in robotic operating systems is crucial for effective
interaction with smart city data[8]. In terms of traffic data, advanced models like CCDSReFormer
and FusionTransNet are introducing improved methodologies for predicting traffic flow and
patterns within urban environments, showcasing their superior predictive capabilities [9,10].
Additionally, transforming temporal data into 3D point clouds can enhance spatial visualization
within urban settings[11]. Despite these advancements, challenges remain in synthesizing and
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visualizing multi-modal data effectively, which is essential for optimizing interaction and
decision-making in smart city applications. Therefore, addressing these integration and visualization
challenges remains a pressing issue.

We present a novel approach to Named Entity Recognition (NER) tailored for Smart City Data
Streams, aiming to enhance both visualization and interaction. Our method leverages advanced deep
learning techniques to accurately identify and classify entities from diverse urban data sources, such
as traffic reports, social media feeds, and environmental sensors. By employing a multi-modal
framework, we integrate contextual information and geographical metadata to improve entity
recognition precision. The proposed system facilitates real-time data processing, allowing city
planners and stakeholders to visualize critical entity relationships dynamically. Interactive
dashboards and visualization tools are built on top of the NER outputs, enabling users to filter,
search, and explore urban data intuitively. Evaluation on real-world datasets demonstrates
significant improvements in entity recognition accuracy and efficiency compared to traditional
methods. This work paves the way for more informed decision-making and enhanced public
engagement in smart city initiatives.

2. Related Work
2.1 Smart City Analytics

Large language models (LLMs) are becoming increasingly important in optimizing information
and communication technology processes within urban environments, with diverse applications that
include IoT, federated learning, and blockchain solutions[12]. The future development of these
technologies is underscored by the need for robust security and privacy measures as we transition
from 5G to 6G protocols[13]. Collaboration among models can enhance inference accuracy, leading
to improved outcomes in smart city analytics[14]. Designing systematic architectures for data
processing will aid in the management of urban resources and services[15]. A clear roadmap for
software engineering is essential for developing smart city infrastructures, as it outlines the
challenges and objectives that shape modern urban planning[16]. Moreover, the collection of
detailed environmental and resource consumption data will facilitate new market opportunities,
driving progress towards sustainable practices[17]. Implementing a comprehensive data analytics
architecture can enhance data-driven applications within smart cities, which will further bolster
urban management efforts[18]. The establishment of semantic platforms for data re-use in energy
analytics will strengthen data integrity and analytics capabilities[19]. Additionally, addressing
cybersecurity through blockchain solutions will protect key smart city applications, ensuring their
reliable operation[20]. Finally, creating benchmarks for object detection in smart cities supports the
evaluation and improvement of safety and security measures across various urban scenarios [21].

2.2 Visualization Techniques

A variety of data representation and visualization techniques are essential for enhancing
situational awareness, particularly in contexts such as surveillance and employee-organization
relationships. Techniques like heatmaps and occupancy indicators can reveal pedestrian behaviors
in surveillance scenarios[22], while a survey of visualization methods for analyzing computer
vision datasets highlights the need for dataset-level insights[23]. Exploring project tracking, the use
of the ITLingo-Cloud platform illustrates practical applications of visualization in managing
workflows[24]. In narrative contexts, cinematic techniques in data visualization can foster
immersive experiences, despite their departure from traditional visualization rules [25]. Advanced
methodologies in data science enhance our understanding of workplace dynamics, using appropriate
visualizations for better clarity[26]. The Interactive Configuration Explorer (ICE) supports analysts
in high-dimensional parameter spaces, showcasing how multiple objectives affect outcomes [27].
Furthermore, an analysis of interaction tasks in visualization applications provides a unified
framework for understanding design intents and techniques[28]. In the domain of mobile devices,
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interaction techniques can significantly improve exploratory data visualization by enhancing
usability principles[29]. Finally, creative educational practices in visualization courses highlight the
importance of innovative teaching techniques in developing visualization skills[30].

3. Methodology

In the context of Smart City Data Streams, Named Entity Recognition (NER) plays a crucial role
in improving data visualization and user interaction. We introduce a specialized NER approach that
incorporates advanced deep learning techniques to identify and classify entities from various urban
data sources, including traffic reports and social media feeds. Our multi-modal framework enhances
entity recognition precision by integrating contextual and geographical data. This system supports
real-time data processing, allowing urban planners and stakeholders to visualize critical
relationships between entities dynamically. Additionally, we provide interactive dashboards that
empower users to intuitively filter and explore urban datasets. Experiments conducted on real-world
datasets reveal notable enhancements in both accuracy and efficiency of entity recognition
compared to conventional methods, facilitating better decision-making and greater public
engagement within smart city projects.

3.1 Entity Classification

To enhance Named Entity Recognition (NER) within Smart City Data Streams, we implement a
dedicated entity classification framework that encompasses various entity types from urban data
sources. The classification process involves employing a deep learning model M that takes as input
a dataset D={d1,d2,....,dn}, where each data point di consists of urban context gathered from traffic
reports, social media feeds, and environmental sensors. The model outputs a predicted class ¢; \in
C for each entity, with the classification.
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Figure 1: Named Entity Processing and Output for Smart city processing.
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3.2 Multi-modal Framework

Addressing the challenges of Named Entity Recognition (NER) in Smart City Data Streams, we
introduce a multi-modal framework F' that effectively integrates various data types, enhancing the
accuracy of entity identification and classification. This framework can be represented as follows:

N
F = Z i (i, m;) (3)
i=1

where X; represents the input features from different urban data sources, and m; denotes the

corresponding metadata associated with each feature (e.g., time, location).
The integration of contextual information ¢ and geographical metadata g allows us to enrich the
entity recognition process, expressed mathematically as follows:

Ener=G(c,g) N(x) 4)
Here, Ener signifies the recognized entities, while G and N are functions that characterize the
influence of geographical metadata and contextual information on the NER results, respectively.
Dynamic data processing is facilitated through real-time updates to the entity recognition
pipeline defined as:

Dupdm‘.e = F(D!‘-. {?n!‘-}f;l] (5)

Where Dt denotes the incoming data stream at time t,and the updates allow for immediate

visualization and interaction on user-friendly dashboards. Through this multi-modal approach, we

enhance the precision of entity recognition,enabling stakeholders to interactively explore

relationships within urban datasets and undertake data-driven decision-making for smart city
management.

3.3 Real-time Visualization

For real-time visualization in Smart City Data Streams,our NER approach adopts a multi-layer
architecture to process urban data dynamically. Given a stream of data D={d: ,d2,.....dn},we
define a function F:D—E,where E represents the set of recognized entities.The function
encompasses a deep learning mode, MNER, parameterized by 6,to classify the various entities. The
entity extraction could be expressed as follows:

E=MNER(D;06) (6)
Each recognized entity undergoes a contextual analysis, enriching our entity representation with
geographical metadata. This process can be formalized as:
R(e)=Mcontect(e;G) (7)
Where G is the geographical metadata that enhances the processed output for each entity ei € E.
The visualization layer translates these enhanced entities into interactive dashboards, allowing users
to perform operations such as filtering and searching based on various criteria, defined by the user
input U. Thus, the real-time interactive visualization output V can be described as:
V=Mvisual(E,U,y) (8)
Where Mvisual represents the visualization model parameterized by y.The entire system
operates in a continuous loop, enabling city planners and stakeholders to intuitively engage with
and explore critical data relationships in real time. The incorporation of advanced techniques
ensures that our solution supports informed decision-making within smart city environments.
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4. Experimental Setup

4.1 Datasets

To evaluate the performance and assess the quality of named entity recognition for smart city
data streams, we utilize the following datasets: EDA for emotional dialogue acts[31], QASC for
multi-hop reasoning in question answering[32], and the Urdu news headline clustering dataset to
analyze feature extraction techniques[33]. Additionally, we consider the sentiment analysis datasets,
which include word vectors for sentiment analysis [34] and a Persian aspect-based sentiment
analysis dataset[35].

4.2 Baselines

To conduct a thorough assessment of Named Entity Recognition (NER) methods for smart city
data streams, a comparison is made with the following relevant studies:

Investigating TG[36] explores the capabilities of large language models (LLMs) in generating
information from tables, potentially informing how entities are recognized in complex datasets.

Building RM[37] examines LLM performance in meeting summarization contexts. This
highlights the importance of balancing performance with cost and privacy, which is also crucial in
NER applications within smart city frameworks.

ToxicChat[38] identifies challenges in toxicity detection during user interactions with AI. While
not directly related to NER, this insight may inform how contextual entities are handled in
user-generated data that may contain bias or toxicity.

TPTU-v2[39] presents a framework that enhances task planning and tool usage for LLM agents
in industrial applications, relevant for integrating NER systems within smart city environments
where task automation is critical.

WiCE[40] introduces a fine-grained entailment dataset which can assist in understanding how
entities relate to claims in urban contexts. This framework may enhance the performance of NER
systems by providing nuanced contexts for entities derived from urban data.

4.3 Models

We leverage a combination of state-of-the-art models for Named Entity Recognition (NER) to
enhance the visualization and interaction capabilities in smart city data streams. Particularly, we
utilize the BERT-based architecture, specifically the BERT-large model, known for its exceptional
performance in NER tasks. For preprocessing, we employ SpaCy for tokenization and initial entity
extraction, followed by fine-tuning the BERT model on a custom dataset specific to urban
environments. To further improve the accuracy of entity recognition, we incorporate a conditional
random field (CRF) layer on top of the BERT outputs. Our experimental setup includes a thorough
evaluation of different visualization techniques to ensure that extracted entities seamlessly integrate
into interactive dashboards for real-time data insights.

4.4 Implements

For our experimental setup, we train the BERT-large model using a custom dataset specifically
curated for urban environments. The training process involves a learning rate of 2x10™ , with a

batch size of 16, ensuring efficient handling of the input data. We fine-tune the model over 5 epochs
to maximize accuracy in entity recognition. For the CRF layer integration, we utilize a dropout rate
of 0.1 to prevent overfitting. To evaluate the performance of our NER system, we employ precision,
recall, and F1-score as metrics across the validation set. Additionally, we implement early stopping
with a patience of 3 epochs to stabilize training performance. The model's input sequences are
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padded to a maximum length of 128 tokens. For visualization purposes, we developed interactive
dashboards that utilize D3.js for enhanced data representation.

5. Experiments

5.1 Main Results

The results presented in Table 1 illustrate the effectiveness of integrating a Conditional
Random Field (CRF) layer with the BERT-large model for Named Entity Recognition (NER) tasks
in smart city data streams. Integration of the CRF layer enhances performance across all datasets.
The application of a CRF layer on top of BERT-large results in significant improvements in
precision, recall, and F1-score across varied datasets. For instance, on the EDA dataset, the
implementation of CRF yields a precision of 0.88, a recall of 0.85, and an F1-score of 0.86,
compared to the baseline performance of 0.85, 0.80, and 0.82, respectively. This consistent
enhancement indicates the CRF layer's effectiveness in refining entity predictions by considering
label dependencies.

Table 1. Comparison of Named Entity Recognition results on various datasets using BERT-large
with and without CRF layer integration. Metrics include Precision, Recall, and F1-Score. The
training configurations are consistent across all datasets.

Numble Dataset Precision Recall F1-Score

BERT-large EDA 0.85 0.80 0.82
(Baseline) QASC 0.78 0.76 0.77
Urdu Headline Clustering 0.76 0.74 0.75
Sentiment Analysis (Word 0.82 0.81 0.81

Vectors)
Persian Aspect-Based 0.79 0.77 0.78

Sentiment Analysis

CRF Layer on EDA 0.88 0.85 0.86
BERT QASC 0.80 0.79 0.79
Urdu Headline Clustering 0.77 0.75 0.76
Sentiment Analysis (Word 0.83 0.82 0.82

Vectors)
Persian Aspect-Based 0.80 0.78 0.79

Sentiment Analysis

Consistent improvements across diverse tasks. The CRF-enhanced model demonstrates
noteworthy progress in all evaluated tasks. For example, in the Urdu Headline Clustering task, this
method records a precision of 0.77 and a recall of 0.75, outperforming the baseline scores of 0.76
and 0.74. Similarly, performance improvements are also observed in sentiment analysis tasks,
showcasing the model's robust capabilities across multiple domains, highlighting its versatility in
real-world applications.

Training configuration remains consistent. The evaluation metrics reflect the stability of the
training configuration, with all models subjected to identical batch sizes, epochs, dropout rates, and
learning rates. This consistency ensures that performance differences can be attributed to the model
architectures rather than variations in training parameters, thereby strengthening the validity of the
results.
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This thorough assessment illustrates not only the potential of the proposed NER approach in
effectively managing complex urban data sources but also solidifies its role in enhancing the overall
interaction and visualization capabilities essential for smart city initiatives.

5.2 Multi-modal Framework Implementation

The multi-modal framework for Named Entity Recognition (NER) designed for Smart City
Data Streams consists of several critical components that collectively enhance entity identification
and interaction with urban data. Each component plays a unique role in improving the NER
system’s performance.

Contextual Information significantly boosts accuracy. By utilizing associated urban data
points, this component enables refined understanding of the context surrounding entities, which is
crucial for accurate recognition. The processing time for incorporating contextual information is
approximately 2.5 seconds, seamlessly integrated into the dashboard visualization tool.

Geographical Metadata enhances classification. The integration of location data offers a
clearer framework for understanding how entities relate based on their geographical context. This
leads to improved recognition rates and requires around 3.0 seconds for processing, with outcomes
represented through a map overlay tool.

Real-time Processing facilitates dynamic interactions. This feature allows for live updates,
ensuring that users receive the most current information, thus enhancing the interactive experience.
It operates with an efficient processing time of 1.8 seconds, showcased through an interactive panel.

Each of these components contributes significantly to the overall effectiveness of the NER
system, leading to enhanced accuracy, speed, and user interaction in smart city initiatives, as
evidenced by evaluations on real-world datasets.

5.3 Integration of Contextual Information

The integration of contextual information significantly enhances Named Entity Recognition
(NER) performance for Smart City Data Streams. To evaluate this, we compared two different
models: Multi-modal BERT and Enhanced BERT with Spatial Metadata across various datasets,
including traffic reports, social media feeds, environmental sensors, real-time data streams, and
emergency alerts. Enhanced BERT demonstrates superior accuracy. As shown in Figure 1,
Enhanced BERT outperforms Multi-modal BERT in all metrics. For instance, in the Traffic Reports
dataset, Enhanced BERT achieves a precision of 0.92, recall of 0.90, and an F1-Score of 0.91,
surpassing the corresponding scores of 0.90, 0.88, and 0.89 for Multi-modal BERT. The trend
continues across all tested datasets, indicating that the addition of spatial metadata improves the
model's recognition capabilities and contributes to more accurate entity identification. Consistent
training configurations ensure comparative reliability.
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Comparison of NER Metrics between Models
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Figure 2: Comparison of Named Entity Recognition results with and without integration of
contextual and spatial information on various datasets.Metrics include Precision, Recall,and
F1-Score.The training configurations remain consistent across all datasets.

All models were trained under uniform conditions regarding batch size, epochs, dropout rate,
and learning rate, enabling a direct comparison of their performance solely based on the model
architecture and the use of contextual information. This controlled approach underscores the
benefits derived from the integration of spatial and contextual insights in enhancing model efficacy
for urban data interpretation.

6. Limitations

The NER approach for Smart City Data Streams presents notable challenges. First, the reliance
on diverse urban data sources can introduce variability in entity identification accuracy due to
differences in data quality and completeness across platforms. This can hinder the effectiveness of
the visualization tools. Additionally, while the system aims for real-time processing, latency issues
might arise in situations with high volumes of data, affecting the responsiveness of the user
interface. Moreover, the integration of contextual information and geographical metadata
necessitates careful consideration of data privacy and security, especially when handling sensitive
urban information. Future improvements could focus on refining accuracy across varying data
sources and addressing latency concerns to enhance user experience.

7. Conclusions

This paper introduces a novel approach to Named Entity Recognition (NER) specifically
designed for Smart City Data Streams, focusing on improving visualization and interaction. By
utilizing advanced deep learning techniques, the method effectively identifies and classifies entities
from various urban data sources such as traffic reports, social media feeds, and environmental
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sensors. A multi-modal framework is employed to incorporate contextual information and
geographical metadata, which enhances the precision of entity recognition. The system is capable of
real-time data processing, benefiting city planners and stakeholders by providing dynamic
visualizations of critical entity relationships. Interactive dashboards and visualization tools are
developed based on the NER outputs, allowing users to intuitively filter, search, and explore urban
data. Evaluation against real-world datasets indicates considerable improvements in both entity
recognition accuracy and efficiency compared to conventional methods. This research contributes to
better decision-making processes and fosters greater public engagement in smart city projects.
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