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Abstract  

Urban broadband networks are crucial for communication, video streaming, and other digital 

services. However, in today's world, where high-speed connections are a necessity, studying 

network reliability, in particular, packet loss, has become vital. This urban broadband packet loss is 

the focus of this measurement-based study. Using urban monitoring probes, we gather packet data 

from multiple access networks, including fiber, DSL, and wireless broadband. Our goal is to 

determine the location and time packet loss occurs, its dependence on network traffic, and its 

response to varying time-of-day conditions. To quantify the loss burst and the distribution burst, a 

statistical modeling technique is used. We study the effects of packet loss on end-user services like 

VoIP and video streaming and thus calculate the practical Quality of Experience (QoE). We also 

propose a classifier for loss patterns in networks, which draws temporal feature vectors and uses 

supervised learning for validation. Our analysis shows that the majority of packet losses are bursty 

and linked to certain congested times. This research can help improve construction planning, 

resource distribution, and flexible network system algorithms. 
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1 Introduction 

As people’s lives shift towards online learning, working remotely, telemedicine, and entertainment, the 

demand and need for reliable broadband networks have increased, especially in busy metropolitan areas 

(Dischinger et al., 2007). Out of all the different network performance criteria, the loss of data packets 

remains the most critical indicator of service quality (Taleb & Odeh, 2024). Packet loss describes the 

skipped data in ‘packets’ that is essential to the real-time applications that make video calls, play games 

online, and use voice over internet services (Baltrunas et al., 2016).  

Urban broadband networks utilize a range of equipment, including fiber optics, coaxial cables, DSL 

access, and wireless access points (Ma et al., 2023). Due to the high user demand, older network 

components, and a lot of electromagnetic interference and dynamic routing, urban broadband networks 

face greater challenges and stress as compared to rural networks (Velliangiri, 2024). Unlike rural areas, 

urban broadband systems face challenges such as user density, infrastructure restrictions, high-rise 

interference, and overlapping wireless frequencies. 

Understanding packet loss is essential for improving quality of service (Quality of Service) and QoE 

(Quality of Experience). While most people focus on throughput and latency, it is equally important to 

focus on packet loss, especially the bursty type (Borella, 2000). Audio degradation, video buffering, data 

transfer interruptions, and other quality degradations that infuriate end users to no end are caused by 

bursty packet loss (Baltrūnas et al., 2015). 

Previous research on broadband performance has not systematically considered packet loss in urban 

areas, even with prior works conducted on rural broadband. General studies focus primarily on 

performance metrics, and packet loss is typically seen as secondary (Tuohy et al., 2016). This leads to 

an incomplete explanation of packet loss and its various broadband settings. To achieve this goal, we 

deploy a blend of passive monitoring and active probing to collect packet-level information in diverse 

urban broadband settings. The goal is to identify various forms of loss, including bursty loss and isolated 

loss, as well as assess peak hours and congestion levels of network traffic (Fang et al., 2025).   

Additionally, we apply statistical algorithms alongside machine learning techniques to classify the 

diverse forms of loss. This, alongside recognizing recurring trends and anomalies, would provide 

broadband network providers the ability to predict maintenance, as well as determine dynamic routing 

ahead of time (Sudhakar et al., 2019). The obtained results can also help in the application of adaptive 

error correction algorithms as well as congestion control measures (Rahim, 2023). Limitations of this 

study are that it considers only urban broadband considerations, which restrict its contribution to the 

field of performance evaluation. This study highlights the need to regard packet loss as a primary area 

of study rather than as an associated consequence of other performance factors. 

Key Contributions: 

• In an urban setting, an in-depth, real-time evaluation of packet loss patterns over fiber, DSL, 

and wireless networks.  

• A novel Burstiness factor (BF) and loss behavior classification using machine learning-based 

feature vectors are proposed.  
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• More specifically, for congestion-aware urban ISP routing, dynamic QoE provisioning, and 

urban ISP QoE. 

In the other parts of the paper, such as the Introduction, it summarizes two articles about packet loss 

concerning urban broadband analysis. It will cover the architectural frameworks in Section III and 

feature extraction in the appropriate parts of the paper. In section IV, it will also detail the visual aspects 

and self-evaluation metrics of models in terms of their rationality and overall performance. Finally, it 

will summarize the findings in Section V while discussing research to be finalized in the paper. 

2 Literature Survey 

The issue of packet loss has been a hot topic for years in the field of broadband network research. As 

with many other technologies, the internet has become an indispensable part of life (Samizadeh, 2019). 

This has made the study of broadband network packet loss phenomena increasingly crucial in urban 

areas (Rahman, 2024). In studying the network functions, a range of features like delay, throughput, and 

jitter have been studied, but packet loss has always been put in the background and never treated as the 

main factor (Tobagi, 2002). The earlier network measurement studies concentrated exclusively on the 

so-called end-to-end performance measurements (Rischke et al., 2021). These studies helped to 

understand the problem of how packets are transmitted through the network, what causes congestion, 

how routing changes affect the drop of packets, and how the evolution of networks in time changes this 

behavior (Klavin, 2024). Nonetheless, most studies have been conducted on backbone or wide area 

networks, and little research has been done on urban broadband access networks, which geographically 

and topologically, as well as functionally, differ significantly (Brik et al., 2008).   

With the advent of high-speed internet services, intensive performance measurement programs were 

initiated to monitor the quality of services provided in broadband (Maier et al., 2009; Yang, 2022). These 

included the installation of household probes for measuring specified latency, throughput, and packet 

loss metrics (Alay et al., 2022). While these attempts collected useful information, they failed to 

distinguish between urban, suburban, and rural places, instead treating entire regions as one. Because of 

that, Apple and other companies overlooked the prevailing issues in the metropolitan areas (Zadobrischi 

et al., 2025). There is considerable literature discussing the effect of packet loss on video streaming, 

VoIP, and online gaming (Fida et al., 2019). These studies pointed out that even a small percentage of 

packet loss could disrupt the user experience (Zhang et al., 2019). Especially, if the packet loss is in 

bursts, resulting in jitter, buffering, or audio glitches. In these cases, packet loss versus Quality of 

Experience (QoE) has become one of the most discussed issues. 

About population density, electromagnetic interference, and varying types of infrastructure, urban 

broadband networks are more challenging (Afanasyev et al., 2008). These issues cause unpredictable 

and bursty packet loss. Unlike simpler topologies present in rural regions, metropolitan networks include 

overlapping access technologies like fiber optics, DSL, broadband, and mesh networks (Al-Shehri et al., 

2017). These interfaces worsen packet routing and create more congestion and data loss (Beyene et al., 

2023). New research in data-driven network analysis has revealed new approaches to studying packet 

loss (Won-Bum et al., 2004). Machine learning and statistical analysis are currently being used to 

identify and classify patterns of movement and cycles in data flow. Yet, the majority of these models 

focus on predicting network outages, anticipating congestion, and anomaly detection (Romaniak & 

Janowski, 2010). In addition, the majority of these models are built on unrealistic frameworks of urban 

environments, like static or evenly distributed loads (Eltahir, 2007). 

Another complicated issue in current research is the lack of detailed, multidimensional, and temporal 

analysis. Existing research, for instance, seems to overlook short-term spikes in packet loss during peak 
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traffic times, averaging outburst packet loss over more extended periods. Even though these bursts are 

short, they greatly diminish the quality of service and are masked by long-term averages. Without a 

multidimensional analysis, critical factors that affect the end-user experience may be ignored by service 

providers. The issue of spatial variability has also received little attention. Packet loss rates in most urban 

areas, for example, differ significantly from neighborhood to neighborhood because of differences in 

infrastructure, aging equipment, interference, and localized disruption. 

To truly grasp the dynamics of urban broadband networks, the study of packet loss patterns must 

integrate both temporal and spatial dimensions (El-Saleh et al., 2023; Mishra et al., 2025). Having 

reviewed a great deal of the literature, I can conclude that the performance of broadband networks has 

been comprehensively researched, but the study of packet loss patterns specifically in urban areas is 

lacking (Sindhu, 2024). Most of these studies have either ignored the unique features of cities or have 

not actively focused on packet loss. I intend to conduct a modern, detailed, and high-precision 

measurement of packet loss in broadband networks of urban areas using advanced techniques and 

sophisticated pattern recognition to bridge the gap identified in the literature (Doniyorov et al., 2024). 

3 Methodology 

Different factors, such as congestion, interference, and the quality of infrastructure ecosystems, lead to 

broadband urban networks experiencing diverse packet loss and varying patterns. To analyze and 

understand these urban broadband loss patterns, both passive monitoring and active probing techniques 

were integrated to develop a more extensive approach. These monitoring devices were set up in urban 

locations with diverse access technologies, including but not limited to fiber optics, DSL, and broadband 

wireless. These devices were capturing real-time traffic for weeks, including peak and off-peak periods.  

Using the methods described in the previous paragraph, raw collected data can be cleaned, in which 

relevant data is separated from irrelevant data. Once irrelevant data is removed, the collection can be 

cleaned more and normalized to make the data mathematically usable. With this information, loss 

frequency, loss duration, and burstiness can be measured using statistical models. At the same time, 

machine learning was utilized to generate feature vectors from streams of data packets to enable 

classification of different behaviors associated with packet loss. By doing this, the goal is to recognize 

repetitive patterns data, correlations with the time of the day, and one of the most critical objectives, 

consistency across different networks. The impetus behind this approach is to determine not only how 

prevalent packet loss is, but to reveal the context of why it happens in urban broadband environments. 

 

Figure 1: Urban broadband packet loss detection architecture 

In urban broadband networks, Figure 1 shows the architecture for detecting packet loss. The system 

is built around a distributed model comprising edge devices, central monitoring systems, and machine 
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learning powered detection engines. Edge devices are positioned throughout the network to capture real-

time traffic data, including packet sequences and transmission anomalies. These devices interface with 

a Central Monitoring Station, which consolidates data and applies advanced algorithms to identify 

missing, delayed, and loss patterns of packets.   

The architecture includes an Anomaly Detection Engine that classifies loss types using intelligent 

learning algorithms, triggering alerts. This data is still sent to the Centering Station, which performs 

more complex analysis. This station contains a Packet Sniffer monitoring flow metrics, a Learning 

Integration Unit that merges real-time with historical data, and a Packet Loss Identifier that detects and 

classifies dropped packets. The learning engine adapts to refine detection models, allowing the detection 

system to respond adaptively to the degradation of the network.   

This complex urban broadband architecture, comprising various network types such as fiber, DSL, 

and wireless, significantly enhances the accuracy and reliability of loss detection, offering valuable 

insights into network congestion, infrastructure inefficiencies, and performance delays. 

Mathematical Model: 

To measure and explain the packet loss behavior in an urban broadband network, a set of equations is 

derived. These equations account for basic packet loss data along with the intricate time-based patterns 

crucial for understanding data traffic in saturated urban regions. 

Packet Loss Rate (PLR): 

The fundamental metric for packet loss is defined as: 

𝑃𝐿𝑅 = (
𝑁𝑠 − 𝑁𝑟

𝑁𝑠
) × 100          (1) 

Where: 

• 𝑁𝑠 = Total Number of packets sent 

• 𝑁𝑟 = Total Number of packets received 

Equation (1) shows the percentage of packets that failed to reach their destination. It is used to 

evaluate the overall reliability of the broadband network. A PLR above 1% in real-time applications is 

often deemed critical. 

Burst Loss Ratio (BLR): 

To capture the nature of bursty losses, we define: 

𝐵𝐿𝑅 =  
𝐵

𝐿
              (2) 

Where: 

• B = Number of burst loss events 

• L = Total Number of loss events 

Equation (2) shows the ratio of clustered (bursty) losses to total losses. A higher BLR indicates a 

strong presence of congestion or interference that causes back-to-back packet drops. 

Inter-Loss Time Interval (ILTI): 

Temporal gaps between losses are measured as: 

𝐼𝐿𝑇𝐼 =  
𝑇

𝐿 − 1
         (3) 

Where: 

• T = Total time duration of observation 

• L = Total Number of packet loss events 
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Equation (3) shows the average time interval between two consecutive loss events, giving insight 

into whether packet loss is randomly distributed or occurs in tight clusters. 

Burstiness Factor (BF): 

Combining temporal and volume characteristics: 

𝐵𝐹 = (
𝑁𝑏 .  𝐷𝑏

𝑇
) . (

𝑃𝑙

𝑃𝑡
)             (4) 

Where: 

• 𝑁𝑏 = Number of burst loss periods 

• 𝐷𝑏 = Average duration of each burst (seconds) 

• T = Total observation time (seconds) 

• 𝑃𝑙 = Number of packets lost in bursts 

• 𝑃𝑡 = Total packets lost 

Equation (4) shows the Burstiness Factor, which reflects the intensity and dominance of burst losses 

in a given interval. It helps differentiate between sporadic and congestion-driven packet loss behavior. 

 

Figure 2: Flowchart of packet loss measurement in urban broadband networks 

In Figure 2, the step-by-step flowchart exemplifies how to measure packet loss in urban broadband 

networks. The entire workflow begins with setting the objectives of the measurement campaign, 

followed by setting up data probes and collecting raw network traffic data. Along with data collection, 

there is also a strategic design of the probe placement, and the necessary monitoring tools and protocols 

are chosen for broadband heterogeneity. After raw data collection, the monitoring architecture is built, 

which involves data collection and a series of processing steps such as aggregation and cleaning. The 

monitor-clean model builds are constructed sequentially to generate a model-free dataset. This dataset 

is retained until behavioral loss is identified, at which point data is processed through pattern analysis, 

utilizing various anomaly detection and statistical inference techniques.   

After analysis, the data is summarized and presented visually, including reports and graphs to aid in 

data interpretation. The study presented assists in network optimization through fine-tuning network 

functionality and corrective measures. The final step is to store raw data for analysis of trends and 

changes in data over time. The flowchart is clear for urban broadband packet loss to aid researchers and 

network engineers, providing a clear model to follow. 
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Dataset Description 

The dataset used in this study was collected over 4 weeks from urban broadband deployments in four 

metropolitan districts. Data probes were installed at 12 endpoints representing diverse access types 

(fiber, DSL, and wireless). Each probe recorded real-time packet traces, including timestamps, packet 

sizes, inter-arrival times, and sequence numbers. Data was logged during peak and non-peak hours, 

generating approximately 200 GB of raw traffic logs. All packet traces were anonymized to ensure user 

privacy. This diverse and high-volume dataset provided the foundation for the statistical modeling and 

pattern classification described in the subsequent subsections. 

Data Segmentation and Preprocessing 

The raw packet-level information retrieved from various urban broadband sources undergoes 

segmentation into uniform time windows ranging from 5 to 10 seconds. Each time segment functions as 

a snapshot of a continuous traffic stream, enabling focused examination of packet loss during the period. 

The dataset undergoes critical steps, including the removal of duplicates, incomplete logs, and non-IP 

frames, to improve accuracy. Additionally, it is time-aligned to adjust timestamps across probes with 

many edge nodes, enabling proper time alignment. There are also custom filters which are used to 

disregard irrelevant control traffic to focus on the user-level data which yields a controllable dataset 

which is consistent in time and structured for statistical analysis and machine learning. The entire system 

is automated to enable faster, wide-area implementations and minimize manual error when dealing with 

packet traces. 

Feature Vector Construction 

Once the data is divided, important statistical characteristics from each time frame are used to build 

multidimensional feature vectors. Features that are extracted include the statistics of inter-arrival time, 

the distribution of packet size, packet retransmission indicators, and gaps in the sequence numbers. Also 

calculated are temporal properties such as the duration of bursts, the counts of loss clusters over time, 

and the variability in the time between packets. As behavioral indicators, each vector corresponds to a 

network state within that time frame. Feature vectors encode quantitative characteristics which permit 

classification models to distinguish between normal network traffic, sporadic loss, bursty loss, and 

persistent degradation. These vectors are also assigned labels based on known ground truth or statistical 

thresholds, which allows for supervised learning and frameworks for detecting anomalies. 

Temporal Pattern Detection 

Identifying loss trends over time comes after feature construction. The observation period can be split 

into intervals morning, afternoon, evening peak, and night based on user activity. Different time intervals 

are assigned PLR, ILTI, and BF metrics. Spikes and other anomalies, such as periodic bursts and 

sustained high-loss periods, are detected using time-series analysis. Significant anomalies are also 

detected using moving average and peak detection algorithms, which refine packet transmission. This 

form of profiling helps researchers correlate packet loss with actual network activity, such as congestion 

during business hours, maintenance during the night, or heavy infrastructure loads. The derived 

knowledge is useful for network providers focused on adapting bandwidth or applying congestion 

control dynamically. 
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Pattern Classification Using Machine Learning 

The last part of the methodology is focused on the trainable model of the observed packet loss patterns. 

Classifying observed packet loss patterns can be accomplished via machine learning. For the models of 

the decision trees and the random forests models they were both selected due to their robustness in 

dealing with noisy network data. The model employs labeled feature vectors and assesses model 

validation with stratified k-fold cross-validation. The categories of the output are normal (no loss), 

sporadic loss, bursty loss, and persistent loss. The model is evaluated on its precision, recall, and F1-

score. The verifiable data is also extracted to shed the light of certain metrics loss of inter-arrival variance 

or loss frequency that most affects the decisions on losses. The automated detection of the loss conditions 

can be done in real time systems, and in turn can enable automated alerts or mitigation actions. 

4 Results and Discussion 

Urban broadband networks have unique behaviors of data loss depending on network types, locations, 

and temporal usage patterns (Al Jahdhami et al., 2024). The packet-level data collected from various 

urban parts were sliced, scrutinized, and structured into classes through both statistical and machine 

learning models. The earliest analysis revealed considerable changes in loss rates, particularly, bursty 

loss events during the peak hours. This was especially observed in shared bandwidth technologies, like 

wireless broadband, as opposed to dedicated fiber optic lines, which exhibited consistent performance.   

From the dataset, two distinct packet loss behaviors were identified: the sporadic loss could be 

episodic and occurs randomly at some point during the day, and burst loss which occurs clustered in 

clusters within peak and high-traffic period. The temporal analysis suggested a strong attribution of 

bursty losses to higher downstream demand. Some geographic variation was also notable, with older 

infrastructure zones having a higher loss rate compared to newly upgraded zones. In addition, machine 

learning-based pattern classifiers were highly accurate in distinguishing loss types, confirming the 

relevance of the feature vectors that were extracted. The presented findings are essential for the 

development of traffic responsive measures and policies for proactive infrastructure change. 

 

Figure 3: Average packet loss rate (%) by broadband type and time interval 

Figure 3 highlights the fact that packet loss occurs the most with wireless and DSL networks during 

the peak evening hours. Wireless networks have the highest packet loss at 3.8%, DSL networks follow 

with a 2.7% loss while fiber networks maintain their packet loss under 1%. Fiber networks provide the 

most reliable performance throughout the day while shared networks like wireless are prone to 
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congestion-related losses (Parichehreh et al., 2018). All of this demonstrates the need of incorporating 

dynamic bandwidth and improving infrastructures during peak hours. 

Table 1: Classification Accuracy of Packet Loss Patterns by Network Type 

Broadband Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Fiber Optic 94.3 92.8 91.6 92.2 

DSL 87.5 85.2 84.7 84.9 

Wireless 82.1 80.4 79.2 79.8 
 

According to table 1 this modem classifies packet loss patterns across broadband types with 

reasonable accuracy. Fiber networks performed best achieving the highest accuracy at 94.3% due to their 

stability. DSL showed moderate performance with 87.5% accuracy, while wireless had the lowest at 

82.1%. Precision and recall trends follow this order as well, with fiber having fewer false positives and 

wireless missing more burst events. The results highlight the model's reliability while shedding light on 

more performant alternatives in constantly changing conditions. 

Accuracy: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100         (5) 

• TP = True Positives 

• TN = True Negatives 

• FP = False Positives 

• FN = False Negatives 

Equation (5) is used to measures the proportion of total correct predictions (both positive and 

negative) among all predictions. It gives an overall correctness rate for the classifier. 

Precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100       (6) 

Equation (6) indicates the percentage of correctly predicted positive instances out of all instances 

predicted as positive. A high precision means fewer false positives. 

Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑃 + 𝐹𝑁
× 100            (7) 

Equation (7) shows Recall (also known as sensitivity or true positive rate) reflects how many actual 

positive instances were correctly identified by the model. A high recall means fewer false negatives. 

F1-Score: 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
          (8) 

The equation (8) shows F1-score which is the harmonic mean of precision and recall. It balances both 

metrics and is particularly useful when the class distribution is imbalanced. 

5 Conclusion 

This study performed a detailed examination of the packet loss phenomenon within the context of urban 

broadband network infrastructures, integrating real-time data collection, statistical modeling, and 

machine learning for classification routines. The study found that packet loss is a lossy process which is 

sensitive to the infrastructure used and varies with time; noticeably, wireless and DSL technologies 
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suffered much greater loss rates during peak usage hours than fiber optic connections. The classification 

model, along with the proposed Burstiness Factor, showcased mastery capture of the phenomenon’s 

temporal nature, which enabled exact identification of sporadic, bursty, and persistent loss with a high 

degree of precision. These findings lay a solid groundwork for enhanced network provisioning and urban 

network management in a dense urban environment aiming to improve the user's Quality of Experience 

(QoE).   

The establishment of a real-time adaptive response framework that dynamically reroutes traffic or 

applies other corrective actions during identified loss bursts could serve as a basis for further research. 

Other broadband performance metrics, such as jitter and latency, could also be integrated as QoS 

parameters to enable a multi-metric evaluation. The introduction of cloud monitoring systems along with 

edge computing could improve responsiveness and scale. Given the anticipated surge in urban internet 

demands, broadband infrastructure and policy anticipate need long-term planning models, driven by AI 

and trend analysis, to ensure resilient and equitable access. 
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