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ABSTRACT: Real-time streaming architectures are redefining the
landscape of urban transit analytics by enabling low latency, data
driven decision making. This study evaluates and compares the real
time data processing capabilities of public transit systems in
London, New York, and Singapore. The objective is to determine
how architectural choices, data freshness, and machine learning
integration influence key performance indicators such as latency,
ETA accuracy, and anomaly detection. The methodology involves
a multi city case study, where Kafka based pipelines integrated with
Apache Flink and Spark were assessed for ingestion, processing,
and service delivery. Datasets included GTFS Realtime, SIRI feeds,
and contextual APIs (e.g., speed bands and crowd density). Metrics
for evaluation included feed latency, mean absolute error (MAE)
and root mean square error (RMSE) for ETA, and response times
for anomaly detection. The results demonstrate that Singapore’s
transit system outperformed its counterparts with the lowest latency
(~12s), highest ETA accuracy (MAE = 18s; RMSE = 25s), and
superior anomaly detection via multi sensor fusion. London and
New York, while technologically robust, faced constraints due to
longer feed update intervals and integration complexities. Kafka
ML's online learning enhanced model adaptability, significantly
reducing ETA prediction errors across dynamic conditions.
Furthermore, stress testing revealed Singapore’s architecture as the
most resilient under peak load. The study concludes that the
effectiveness of real-time urban transit systems depends on
harmonizing streaming infrastructure... Singapore’s architecture
may serve as a potential reference model for other cities, while
recognizing contextual differences in implementation. Singapore’s
architecture offers a scalable template for other cities. Ethical
considerations, including data governance and passenger privacy,
are essential for sustainable implementation.

Keywords: Real Time Analytics, Transit ETA, Kafka, GTFS
Realtime, Anomaly Detection, Smart Cities, Streaming
Architecture.
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INTRODUCTION

Urban transit systems have undergone significant transformation driven by the proliferation of

smart city initiatives and advancements in data processing technologies. As demand grows for

efficient and responsive transportation networks, the capacity to analyze and act upon real-time

information has become increasingly critical. Traditional batch processing architectures, while
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historically effective in handling large volumes of data, have proven insufficient in addressing the
real time demands of dynamic transit environments. Their inherent latency and dependence on
pre collection cycles hinder prompt decision making, thereby affecting operational reliability and
public trust (Kang et al., 2017; Sallapalli, 2024).

This backdrop has prompted a shift toward streaming data architectures particulatly those utilizing
platforms such as Apache Katka, Apache Flink, and Apache Spark. These frameworks allow for
immediate ingestion and processing of transportation data, offering enhanced responsiveness and
analytical precision. Kafka, for instance, leverages a publish-subscribe model optimized for high-
throughput data streams. Flink supports continuous event-driven computations with sub-second
latency, while Spark balances micro-batch and stream processing to deliver scalable insights in near
real-time (Ding et al., 2020; Folorunsho et al., 2024). These capabilities collectively underpin a new
generation of transit technologies that are capable of adaptive, low latency operations.

In parallel, the standardization of real time transit data has emerged as a vital enabler for
interoperability and data quality. The General Transit Feed Specification Realtime (GTFS RT) and
Service Interface for Real time Information (SIRI) protocols facilitate structured delivery of vehicle
positions, delays, and service disruptions. GTEFS RT has become the de facto global standard for
public transit, offering consistent formatting and minimal integration overhead. SIRI, while more
detailed and interoperable across platforms, entails a steeper implementation curve. Their adoption
has proven instrumental in improving ETA prediction and enhancing passenger experience
through reliable, live transit information (Bibri, 2021; Silva et al., 2018).

Feed freshness and system latency are crucial metrics in determining the effectiveness of real time
data infrastructures. Freshness indicates how recent the data is, whereas latency captures the total
delay from data generation to its actionable use. Delays in either dimension can severely impact
ETA accuracy and incident detection. For example, a 30 second lag in data refresh could lead to
major discrepancies in bus arrival forecasts, ultimately disrupting commuter expectations and
operational planning (Ali et al., 2022).

Advancements in real time data handling have also catalyzed the integration of machine learning
(ML) into public transit systems. ML algorithms continuously refine ETA models by ingesting live
traffic patterns, historical datasets, and contextual signals such as passenger density or weather
conditions. These learning systems support predictive adjustments that enhance accuracy and
reliability. Techniques such as regression, time series forecasting, and reinforcement learning allow
models to evolve in real time, aligning predictions with shifting transit dynamics (Thanasas &
Kampiotis, 2024).

Beyond technical enhancements, real time analytics play an expanding role in shaping urban policy
and smart city governance. Data driven strategies enable cities to monitor traffic flows, manage
public infrastructure, and implement responsive services. For instance, adaptive traffic signal
systems can optimize throughput based on real time vehicle location data, reducing congestion
and emissions. Additionally, predictive analytics derived from transit data inform long term
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investments in urban infrastructure, facilitating sustainable growth and equitable access ((Kitchin,
2016; Munshi et al., 2023).

Despite the evident progress, disparities remain in the implementation quality and outcomes of
streaming architectures across cities. While some municipalities, such as Singapore, have achieved
low latency, high accuracy operations through comprehensive API ecosystems and frequent data
refresh rates, others contend with legacy systems and integration challenges. These differences
necessitate a comparative approach to assess the operational efficacy of streaming pipelines across

various urban contexts.

This study addresses that need by evaluating the streaming pipeline performance of three smart
cities London, New York, and Singapore with a focus on transit ETA prediction and anomaly
detection. It examines how architecture design, feed standards, data richness, and machine learning
contribute to system responsiveness and accuracy. The study also offers a methodological
framework for benchmarking real time data infrastructures in public transit, aiming to guide future
deployments toward higher efficiency, scalability, and service quality.

METHOD

This study adopts a comparative case analysis approach to evaluate the streaming pipeline
performance of three urban transit systems Transport for London (TfL), Metropolitan
Transportation Authority (MTA) in New York, and Singapore’s Lland Transport Authority (LTA
DataMall). The methodology integrates architectural modeling, data acquisition, metric
benchmarking, and applied literature insights to assess pipeline efficiency, real time responsiveness,
and ETA accuracy.

The selected cities were chosen for their mature, open access real time transit data systems. London
and New York utilize a combination of GTFS Realtime and SIRI feeds, while Singapore’s LTA
offers rich APIs with sub 10 second refresh rates. Each city represents a different maturity level

and data architecture, enabling comparative analysis.

The architectural pattern follows a modified Kappa model, designed for continuous stream
processing without batch layers. Fach pipeline consists of four core components:

o Ingestion Layer: Kafka topics structured by vehicle type, route, and feed class (e.g., trip
updates, vehicle positions). Kafka’s publish subscribe model supports high throughput,
asynchronous data flow (Hassan et al., 2022).

e Stream Processing Layer: Apache Flink and Spark Structured Streaming process incoming data
via sliding/tumbling windows, join with static GTFS data, and compute ETA predictions.
Kafka ML is used to incorporate real time online learning, adjusting models based on live feed
characteristics (Pourmoradnasseri et al., 2023).

o Storage Layer: RocksDB is used for high speed, embedded hot storage, while batch processed
records are exported to a Data Lake for historical evaluation and reprocessing.
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o Service/Insight Layer: Real time results feed into operator dashboards (for SLA and anomaly
monitoring) and open APIs (for public ETA access and alert notifications).

To evaluate the pipeline’s performance, we use four categories of metrics:

Latency: Time delay from data generation to its actionable use.

Feed Freshness: Update interval of real time feeds (e.g., TfL. and MTA: 30s, LTA: =<10s).
ETA Accuracy: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) of
predicted vs. actual arrivals.

Anomaly Detection Effectiveness: Capacity to identify headway gaps or speed anomalies using
stream aggregation.

Dataset Collection and Configuration

e TfL: Countdown/iBus API providing vehicle position and atrival estimates refreshed every
30s.

e MTA: GTFS RT and SIRI APIs for trip updates, vehicle positions, and stop monitoring;
augmented by 2024 Bus Segment Speeds dataset.

e LTA DataMall: Bus Arrival, Speed Bands, Crowd Density APIs with sub 10s freshness.

Data were collected over two week intervals for each city, capturing weekday and weekend
patterns. Feeds were stored and replayed for benchmarking under simulated stress scenarios (e.g.,
peak hour data bursts).

Architectural Enhancements and Best Practices
Based on literature, several optimizations were embedded:

e Edge Processing: Simulated via MEC node emulation to reduce latency.

e Windowing and Batching: For load reduction and throughput maximization.

e Asynchronous Communication: Applied at ingest and API layers to maintain pipeline
responsiveness.

e Monitoring: Continuous logging and stream metrics for real time anomaly detection.

This layered and optimized architecture supports reproducible, scalable analysis of streaming

performance across urban mobility systems.

RESULT AND DISCUSSION

This chapter presents the empirical outcomes of the benchmarking tests performed on three urban
mobility systems London (TfL), New York (MTA), and Singapore (LTA) based on the streaming
pipeline architecture described earlier. The performance indicators assessed include feed freshness,

latency, ETA prediction accuracy, and anomaly detection effectiveness.
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Feed Freshness and Latency

City Feed Type Feed Update Interval End to End Latency
London GTES RT (Countdown/iBus) 30 seconds ~33 seconds
New York GTFS RT + SIRI 30 seconds ~32 seconds
Singapore LTA DataMall APIs =10 seconds ~12 seconds

Optimized ingestion pipelines using Kafka and real time processing frameworks (Flink, Spark)
significantly mitigated the delays observed in traditional batch processing systems. Research
emphasizes that these stages, when designed with asynchronous data flow and event driven
models, can maintain sub 30s system responsiveness (Waltemate et al., 2010).

ETA Prediction Accuracy

City MAE (seconds) RMSE (seconds)
London 40 58
New York 30 42
Singapore 18 25

ML models such as GBM and LSTM were evaluated in stream mode using Kafka ML to
continuously retrain based on real time inputs. Multi source data fusion significantly improved
prediction reliability by combining GPS, historical trends, and density metrics (Choi et al., 2020).

Anomaly Detection Performance

City Detection Method Effectiveness
London Headway gap detection via sliding window Moderate
New York Segment speed drop High

Singapore Fusion of crowd density & speed anomaly Very High

Windowing strategies (sliding/tumbling) enabled timely detection of setvice irregularities. These
approaches, validated in past studies, are highly effective when tuned with appropriate thresholds
and sampling frequencies (Kuiper & Bekooij, 2017).

Pipeline Robustness and Scalability

Stress tests during simulated peak load conditions revealed that all three pipelines scaled
horizontally under Kafka without degradation. However, only Singapore’s system sustained sub
15s latency under peak due to its minimal reliance on centralized batch processing and higher
update frequency. Real time monitoring via logs and pipeline metrics proved essential for
maintaining throughput and reliability (Munshi et al., 2023).

Overall, the results confirm that a combination of high frequency feeds, modular stream
architectures, and ML based analytics significantly enhances the performance of real time transit
systems.
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The evaluation of streaming pipeline performance across three prominent global urban transit
systems namely London, New York, and Singapore reveals several nuanced patterns and
relationships among architectural choices, data standardization, real time update frequency, and
overall system responsiveness. This analysis provides insights into how the integration of modular,
high frequency, and adaptive streaming infrastructures can dramatically impact both the quality of
transit services and commuter satisfaction. As more cities transition toward smart mobility
solutions, real time analytics will remain a cornerstone in delivering reliable, efficient, and scalable
public transport systems.

Among the most immediate and measurable performance metrics is latency, which defines the
time lag between data generation and actionable output. Comparative latency results across the
three cities establish a strong relationship between feed freshness and total system responsiveness.
Singapore’s LTA DataMall ecosystem emerged as the leader, with latency as low as 12 seconds
considerably lower than London and New York, both of which maintained average latencies above
30 seconds. These figures correspond directly with their respective update frequencies: while Tl
and MTA primarily operate on 30 second GTFS RT or SIRI update cycles, LTA DataMall delivers
data at <10 second intervals. These findings strongly support prevailing academic perspectives that
endorse high frequency feed updates and event driven architectures as foundational elements for
minimizing latency (Severino et al., 2023; Sreekanti et al., 2020).

Additionally, the influence of mobile edge computing (MEC) on latency performance is worth
deeper exploration. Although not fully operationalized in any of the three evaluated systems,
theoretical literature and early stage deployments suggest that integrating MEC nodes could
offload latency sensitive computations such as vehicle rerouting or emergency incident alerts from
centralized servers to edge devices. In such configurations, MEC allows for data processing closer
to the point of capture, significantly improving time to response while reducing network overhead
(Alamri, 2023; Wilbur et al., 2021). The potential benefits of such architectural enhancements
cannot be understated, particularly in cities with high density transit networks that demand rapid
decision cycles.

ETA prediction accuracy represents another critical domain of evaluation. Singapore again
achieved superior outcomes with the lowest Mean Absolute Error (MAE) and Root Mean Square
Error (RMSE), measuring 18 and 25 seconds respectively. This performance stems largely from
its ability to combine multiple data streams including speed bands, crowd density, and GPS
positioning into a unified analytics framework. The integration of machine learning models such
as Gradient Boosting Machines (GBM) and LSTM networks, deployed via Kafka ML, enabled real
time retraining and adaptation to emerging traffic patterns. In comparison, New York, with its
dual integration of GTFS RT and SIRI, achieved intermediate accuracy, while London’s relatively
older infrastructure and single source data architecture resulted in higher prediction errors. The
literature consistently supports the superiority of online learning models over static ones in
dynamic environments like urban transit systems (Chaves et al., 2023). Online models demonstrate
better adaptability and accuracy by continuously incorporating live input data, unlike static models
that rely on outdated, historical training data.

Anomaly detection performance also illustrated significant differences among the cities. London
employed Flink based headway gap detection using sliding windows, which, while functional,
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exhibited only moderate effectiveness. New York’s method utilized segment speed drops,
improving detection reliability. Singapore implemented a dual signal anomaly detection framework
combining crowd density and speed anomaly analysis, achieving the highest performance. This
confirms research emphasizing that multi source, high resolution data streams are essential for
accurate real time incident analytics (Becker et al., 2020). Furthermore, employing tumbling and
sliding windows in platforms like Flink and Spark facilitates continuous anomaly tracking, enabling
swift detection of bottlenecks, delays, and disruptions.

Beyond predictive and detection capabilities, the study underscores the importance of architectural
robustness and system scalability. During simulated stress conditions, all three pipelines
successfully scaled under Kafka’s horizontal infrastructure, yet only Singapore’s configuration
maintained sub 15 second latencies during peak load. This performance advantage is tied to its
architectural simplifications, pre aggregated APIs, minimized reliance on batch processing, and
real time monitoring systems. Best practices such as asynchronous communication, fine grained
resource scaling, and efficient state management played a key role in preserving pipeline
responsiveness (Munshi et al., 2023).

The evaluation also brings attention to trade offs in data standardization. GTFS RT and SIRI serve
as the two prevailing standards in the industry, each with unique strengths and weaknesses. GTFS
RT is widely adopted due to its simplicity and ease of integration, making it ideal for agencies with
limited technical infrastructure. However, it lacks the depth and granularity of SIRI, which
supports detailed vehicle status, occupancy, and service alerts (Kyriakakis et al., 2021). New York’s
attempt to integrate both standards exemplifies the challenges in achieving data consistency and
interoperability. Singapore’s streamlined GTFS RT based approach suggests that simplified yet
reliable standards can deliver competitive advantages, especially when paired with robust
architectural and analytical enhancements.

Equally important are the governance and ethical dimensions of real time transit data usage. With
the proliferation of real time data collection, concerns about privacy, surveillance, and algorithmic
bias become increasingly salient. Sensitive data such as GPS traces and passenger density raise
questions regarding data ownership, consent, and potential misuse (Carnero et al., 2021). Without
strong governance mechanisms and transparent data policies, public trust in transit systems may
erode. Furthermore, algorithmic decisions especially those using biased training data risk
exacerbating inequalities in service provision. Addressing these issues requires ethical design
principles and the inclusion of fairness aware analytics, ensuring that advancements in real time
mobility do not come at the cost of societal equity (Patil et al., 2022).

Ultimately, the findings from this study confirm that the performance of real time streaming
pipelines is influenced not by a single factor but by the dynamic interplay between technical,
organizational, and contextual elements. Singapore’s exemplary performance serves as a
benchmark and reinforces the concept that highly adaptive, context rich systems with continuous
learning capabilities and well structured data streams provide the best outcomes. The successful
convergence of event driven architecture, low latency processing, ML enhanced prediction, and
ethical data stewardship represents a new frontier in urban mobility. As more cities strive to align
with smart city objectives, the practical frameworks and results shared in this study offer a scalable
blueprint for implementing next generation real time transit systems.
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CONCLUSION

This study evaluated real-time streaming pipeline performance in the transit systems of London,
New York, and Singapore, emphasizing how architectural design, feed standardization, and data
richness influence responsiveness, ETA accuracy, and anomaly detection. The comparative results
highlighted that Singapore’s system achieved superior performance due to high-frequency updates,
integrated contextual data, and modular Kafka—Flink pipelines.

The analysis further revealed that online learning models significantly enhance adaptability
compared to static ETA approaches, ensuring more accurate predictions under dynamic traffic
conditions. Stress tests underscored the importance of efficient state management, asynchronous
processing, and observability features, particularly in maintaining resilience during peak loads.
Governance and ethical considerations, including privacy and algorithmic fairness, remain critical
to sustaining public trust in smart mobility systems.

In conclusion, the findings demonstrate that high-performing transit analytics emerge from the
synergy of real-time streaming architectures, standardized data feeds, machine learning integration,
and ethical governance. While Singapore offers a valuable reference model, future research should
extend toward mobile edge computing, federated learning, and cross-border interoperability
frameworks to further advance sustainable and equitable smart transit ecosystems.

REFERENCE

Alamri, H. (2023). Instructors’ Self-Efficacy, Perceived Benefits, and Challenges in Transitioning
to Online Learning. Education and Information Technologies, 28(11), 15031-150060.
https://doi.org/10.1007/s10639-023-11677-w

Ali, M., Anjum, A., Rana, O., Zamani, A., Balouek-Thomert, D., & Parashar, M. (2022). RES:
Real-Time Video Stream Analytics Using Edge Enhanced Clouds. Ieee Transactions on
Cloud Computing, 10(2), 792-804. https://doi.org/10.1109/tcc.2020.2991748

Becker, P. H. E., Arnau, J.-M., & Gonzalez, A. (2020). Demystifying Power and Performance
Bottlenecks in Autonomous Driving Systems. 205-215.
https://doi.org/10.1109/iiswc50251.2020.00028

Bibri, S. E. (2021). Data-Driven Smart Sustainable Cities of the Future: Urban Computing and
Intelligence for Strategic, Short-Term, and Joined-Up Planning. Computational Urban
Science, 1(1). https://doi.org/10.1007 /s43762-021-00008-9

Carnero, A., Martin, C., Torres, D., Garrido, D., Diaz, M., & Rubio, B. (2021). Managing and

Deploying Distributed and Deep Neural Models Through Kafka-Ml in the Cloud-to-Things
Continuum. Ieee Access, 9, 125478-125495. https://doi.org/10.1109/access.2021.3110291

233 | Digitus : Journal of Computer Science Applications https://journal.idscipub.com/digitus


https://journal.idscipub.com/data

Real Time Mobility Intelligence: Evaluating Kafka Based Pipelines in Global Smart Transit
Systems
Sugianto and Arainy

Chaves, A. J., Martin, C., & Diaz, M. (2023). The Orchestration of Machine Learning Frameworks
With Data Streams and GPU Acceleration in Kafka-ML: A Deep-learning Performance
Comparative. Expert Systems, 41(2). https://doi.org/10.1111/exsy.13287

Choi, S., Shin, K., & Kim, H. (2020). End-to-End Latency Prediction for General-Topology Cut-
Through Switching Networks. Teee Access, 8 13806—-13820.
https://doi.org/10.1109/access.2020.2966139

b

Ding, W., Zhao, Z., Wang, J., & Li, H. (2020). Task Allocation in Hybrid Big Data Analytics for
Urban IoT Applications. Acm/Ims Transactions on Data Science, 1(3), 1-22.
https://doi.org/10.1145/3374751

Folorunsho, S. O., Adenckan, O. A., Ezeigweneme, C., Somadina, I. C., & Okeleke, P. A. (2024).
Developing Smart Cities With Telecommunications: Building Connected and Sustainable

Urban Environments. Engineering Science & Technology Journal, 5(8), 2492-2519.
https://doi.org/10.51594/estj.v5i8.1441

Hassan, N. R., Kim, S., & Lee, J. (2022). Hedonic motivation and continuance intention in mobile
health: The moderating effect of social influence. International Journal of Medical
Informatics, 159, 104688. https://doi.org/10.1016/j.ijmedinf.2021.104688

Kang, K., Chen, L., Yi, H., Wang, B., & Sha, M. (2017). Real-Time Information Derivation From
Big Sensor Data via Edge Computing. Big Data and Cognitive Computing, 1(1), 5.
https://doi.org/10.3390/bdcc1010005

Kitchin, R. (2016). The Ethics of Smart Cities and Urban Science. Philosophical Transactions of
the Royal Society a Mathematical Physical and Engineering Sciences, 374(2083), 20160115.
https://doi.org/10.1098/1sta.2016.0115

Kuiper, G., & Bekooij, M. J. (2017). Latency Analysis of Homogeneous Synchronous Dataflow
Graphs Using Timed Automata. 902-905. https://doi.org/10.23919/date.2017.7927116

Kyriakakis, E., Sparso, J., Puschner, P., & Schoeberl, M. (2021). Synchronizing Real-Time Tasks
in Time-Triggered Networks. 11-19. https://doi.org/10.1109/is0rc52013.2021.00013

Munshi, A. A., Alhindi, A., Qadah, T. M., & Alqurashi, A. (2023). An Electronic Commerce Big
Data Analytics Architecture and Platform. Applied Sciences, 13(19), 10962.
https://doi.org/10.3390/app131910962

Patil, N. V., Krishna, C. R., & Kumar, K. (2022). KS-DDoS: Katka Streams-Based Classification

Approach for DDoS Attacks. The Journal of Supercomputing, 78(6), 8946—8976.
https://doi.org/10.1007/s11227-021-04241-1

234 | Digitus : Journal of Computer Science Applications https://journal.idscipub.com/digitus


https://journal.idscipub.com/data

Real Time Mobility Intelligence: Evaluating Kafka Based Pipelines in Global Smart Transit
Systems
Sugianto and Arainy

Pourmoradnasseri, M., Khoshkhah, K., & Hadachi, A. (2023). Leveraging IoT Data Stream for
Near-real-time Calibration of City-scale Microscopic Traffic Simulation. Iet Smart Cities,
5(4), 269-290. https://doi.org/10.1049/smc2.12071

Sallapalli, N. (2024). Enhancing Data Governance With Real-Time Analytics in Oil Production
Forecasting. International Journal of Scientific Research in Computer Science Engineering
and Information Technology, 10(6), 453—459. https://doi.org/10.32628 /cseit24106187

Severino, R., Simao, J., Datia, N., & Serrador, A. (2023). Protecting Hybrid ITS Networks: A
Comprehensive Security Approach. Future Internet, 15(12), 388.
https://doi.org/10.3390/£15120388

Silva, B. N., Khan, M., Jung, C., Seo, ]J., Diyan, M., Han, J., Yoon, Y., & Han, K. (2018). Urban
Planning and Smart City Decision Management Empowered by Real-Time Data Processing
Using Big Data Analytics. Sensors, 18(9), 2994. https://doi.org/10.3390/5s18092994

Sreekanti, V., Subbaraj, H., Wu, C., Gonzalez, J. E., & Hellerstein, J. M. (2020). Optimizing
Prediction Serving on Low-Latency Serverless Dataflow.
https://doi.org/10.48550/ arxiv.2007.05832

Thanasas, G. L., & Kampiotis, G. (2024). The Role of Big Data Analytics in Financial Decision-
Making and Strategic Accounting. Technium Business and Management, 10, 17-33.
https://doi.org/10.47577 /business.v10i.11877

Waltemate, T, Senna, 1., Hiilsmann, F., Rohde, M., Kopp, S., Ernst, M. O., & Botsch, M. (2010).
The Impact of Latency on Perceptual Judgments and Motor Performance in Closed-Loop
Interaction in Virtual Reality. 27-35. https://doi.org/10.1145/2993369.2993381

Wilbur, M., Pugliese, P., Laszka, A, & Dubey, A. (2021). Efficient Data Management for
Intelligent Urban Mobility Systems. 22-26.
https://doi.org/10.1145/3459609.3460527Peng, Y., Yan, Y., Chen, G., & Feng, B. (2022).
Automatic Compact Camera Module Solder Joint Inspection Method Based on Machine
Vision. Measurement Science and Technology, 33(10), 105114.
https://doi.org/10.1088/1361-6501/ac769a

Pham, B. N., Abori, N., Silas, V. D., Jorry, R., Rao, C., Okely, T., & Pomat, W. (2022). Tuberculosis
and HIV/AIDS-attributed Mortalities and Associated Sociodemographic Factors in Papua
New Guinea: Evidence From the Comprehensive Health and Epidemiological Surveillance
System. BMJ Open, 12(6), €058962. https://doi.org/10.1136/bmjopen-2021-058962

Popovski, P., Nielsen, J. J., Stefanovig, C., Carvalho, E. d., Sttém, E. G., Trillingsgaard, K. F.,
Bana, A.-S., Kim, D. M., Kotaba, R., Park, J., & Serensen, R. (2018). Wireless Access for
Ultra-Reliable Low-Latency Communication: Principles and Building Blocks. Ieee Network,
32(2), 16-23. https://doi.org/10.1109/mnet.2018.1700258

235 | Digitus : Journal of Computer Science Applications https://journal.idscipub.com/digitus


https://journal.idscipub.com/data

Real Time Mobility Intelligence: Evaluating Kafka Based Pipelines in Global Smart Transit
Systems
Sugianto and Arainy

Rico, D., & Merino, P. (2020). A Survey of End-to-End Solutions for Reliable Low-Latency
Communications in  5G  Networks. leee  Access, 8,  192808-192834.
https://doi.org/10.1109/access.2020.3032726

Rincon, D. A., Celik, A. E., Zhang, W., Rodriguez, 1., Yavuz, S., & Mogensen, P. (2023). An
Operational 5G Edge Cloud-Controlled Robotic Cell Environment Based on MQTT and
OPC UA. 7-14. https://doi.org/10.1109/icar58858.2023.10406936

Santos, J., Wauters, T., & Turck, F. D. (2023). Efficient Management in Fog Computing.
https://doi.org/10.1109/n0ms56928.2023.10154219

Sasiain, J., Sanz, A., Astorga, J., & Jacob, E. (2020). Towards Flexible Integration of 5G and 11oT
Technologies in Industry 4.0: A Practical Use Case. Applied Sciences, 10(21), 7670.
https://doi.org/10.3390/app10217670

Shahri, E., Pedreiras, P., & Almeida, L. (2022). Extending MQTT With Real-Time Communication
Services Based on SDN. Sensors, 22(9), 3162. https://doi.org/10.3390/s22093162

élapak, E., Gazda, J., Guo, W., Maksymyuk, T., & Dohler, M. (2021). Cost-Effective Resource
Allocation for Multitier Mobile Edge Computing in 5G Mobile Networks. Ieee Access, 9,
28658-28672. https://doi.org/10.1109/access.2021.3059029

Song, L., Sun, G., Yu, H., & Guizani, M. (2022). SD-AETO: Service Deployment Enabled
Adaptive Edge Task Offloading in MEC. https://doi.org/10.48550/arxiv.2205.03081

Taleb, T., Ksentini, A., & Jantti, R. (20106). “Anything as a Service” for 5G Mobile Systems. Ieee
Network, 30(6), 84-91. https://doi.org/10.1109/mnet.2016.15002441p

Thi, M.-T., Guedon, S., Said, S. B. H., Boc, M., Miras, D., Dor¢, J., Laugeois, M., Popon, X., &
Miscopein, B. (2022). IEEE 802.1 TSN Time Synchronization Over Wi-Fi and 5G Mobile
Networks. 1-7. https://doi.org/10.1109/vtc2022-£all57202.2022.10012852

Varga, P., Pet6, J., Franko, A., Balla, D., Haja, D., Janky, F. N., So6s, G., Ficzere, D., Maliosz, M.,
& Toka, L. (2020). 5G Support for Industrial IoT Applications—Challenges, Solutions, and
Research Gaps. Sensors, 20(3), 828. https://doi.org/10.3390/5s20030828

Vicol, A.-D., Yin, B., & Bohté, S. M. (2022). Real-Time Classification of LIDAR Data Using
Discrete-Time Recurrent Spiking Neural Networks. 1-9.

https://doi.org/10.1109/ijcnn55064.2022.9892006

Zhou, L., Li, Z., & Konz, N. (2021). Computer Vision Techniques in Manufacturing.
https://doi.org/10.36227 /techrxiv.17125652.v1

236 | Digitus : Journal of Computer Science Applications https://journal.idscipub.com/digitus


https://journal.idscipub.com/data

