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Despite strict industry commitments to network uptime, engineers have yet to 

settle on a single, universally accepted method for computing the Network 

Unavailability Rate (NUR). This paper derives and comparatively evaluates five 

NUR formulations — the classical uptime ratio, MTBF/MTTR-based reliability 

model, failure-rate (λ) approximation, Erlang queuing model, and the telecom 

cell-based model — within a unified analytical-simulation environment applied 

to LTE/5G networks. A Monte-Carlo framework was constructed over a synthetic 

topology of 1,000 cells across 50 replications to isolate each model's sensitivity 

to MTTR, failure rate, and spatial burst failures. Measured against the realised 

per-cell unavailability of the simulated traces (NURtrue = 0.0035), the classical 

model deviates by −22.9%, the MTBF/MTTR, λ, and Erlang formulations occupy 

an intermediate band of −12.0% to −9.0%, and the cell-based telecom formulation 

tracks the simulated ground truth most closely (deviation ≈ −2.8% under the 

tested parameter ranges) by preserving inter-cell heterogeneity that aggregate 

formulations average out. These findings point toward cell-level KPI aggregation 

as the preferred basis for SLA monitoring and reliability engineering in 

contemporary and forthcoming 5G deployments. 
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1. Introduction 

Modern cellular networks are expected to 

meet brutal uptime targets over thousands of 

dispersed nodes. But as networks crowd closer 

together, maintaining these tight availability 

targets becomes a massive scaling challenge [1]. 

While operator reports routinely cite aggregate 

uptime figures above 99.9%, such values conceal 

important spatial and temporal variation that 

classical reliability models tend to suppress [2]. 

Service level agreements in modern LTE and 

5G contracts formalize availability expectations 

that carriers are contractually bound to meet [3]. 

Network operators, vendors, and standards bodies 

all define NUR differently—and that lack of 

alignment makes true cross-network 

benchmarking virtually impossible [4]. This 

modeling gap becomes a critical vulnerability 

during cascading base-station outages; if a 

framework ignores these spatial correlations, it 

will produce highly overoptimistic estimates of 

true network downtime [11]. 

Several foundational contributions frame the 

present discussion. Cholda et al. [1] introduced 

quality-of-resilience as a quantitative extension of 

QoS, providing a reliability characterization tool 

that goes beyond simple uptime ratios. Netes [2] 

examined how evolving network architectures 

alter dependability characteristics that classical 

formulations were not designed to handle. The 

foundational clarity of the present NUR taxonomy 

relies heavily on work by Al-Kuwaiti et al. [3], 
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who mapped out the precise distinctions between 

dependability, fault tolerance, reliability, and 

survivability. On the operational side, Snow et al. 

[5] documented availability and survivability 

challenges specific to wireless and mobile 

environments, while field data from Bothwell et al. 

[6] quantified MTBF and MTTR at the base-

transceiver level. More recent empirical work by 

Lazar et al. [9] and standardization efforts by Caso 

et al. [10] reinforce that effective KPI monitoring 

demands real-time, cell-granular measurement 

pipelines. 

Four broad NUR model families are 

identified and examined here. First, classical 

models derive unavailability from the ratio of 

cumulative downtime to total observation time — 

a straightforward but spatially blind approach [5]. 

Second, reliability-engineering formulations rest 

on MTBF/MTTR statistics from hardware testing 

and field campaigns [6]. Third, failure-rate (λ) 

models treat each cell outage as an independent 

Poisson process [11]. Finally, the telecom‑focused 

cell‑based models pull together performance 

indicators for each individual cell, following the 

3GPP monitoring standards [4]. This approach 

lines up with the OSS data streams that operators 

are already gathering [9], [10]. 

This paper is structured as follows: Section 2 

reviews the related literature, and Sections 3 

through 7 present the different NUR formulations 

along with the assumptions underlying each. 

Section 8 describes the Monte-Carlo simulation 

methodology. Section 9 presents and interprets 

comparative results. Section 10 draws conclusions 

and provides practical recommendations. 

2. Related Work 

Early analytical treatments of cellular 

reliability relied on classical fault-tree and 

Markov-chain methods. Looking at future cellular 

layouts, Farooq et al. [11] used continuous-time 

Markov chains to show that repair discipline—not 

just raw failure rate—drives steady-state 

availability. Real-world networks rarely follow 

idealized theory. Passive measurements by 

Baltrunas et al. [12] proved that actual outage 

patterns break away entirely from homogeneous 

Poisson expectations. A nationwide analysis by Li 

et al. [13] reinforces this spatial unpredictability, 

showing that failure rates vary wildly by location 

instead of spreading out evenly across the map. In 

parallel, Hobler et al. [14] examined 5G networks 

and demonstrated how physical‑layer channel 

availability can diverge from higher‑layer 

reliability measures under bursty interference, a 

distinction especially relevant for URLLC 

services. Emara et al. [15] extended this 

perspective to a space-time model treating 

availability as a function of both time and 

deployment geometry—a perspective directly 

relevant to the cell-based formulation of Section 7. 

Service-level availability measurement was 

addressed by Turkka and Foo [16], who proposed 

standardized procedures for 5G communication 

service availability.    

“Kaja et al. [17] applied matrix‑exponential 

distributions to study how cellular networks 

withstand disaster conditions. In parallel, Gautam 

and Dharmaraja [18] broke down the LTE‑A 

architecture into stochastic sub‑systems to assess 

reliability more precisely. Building on these 

perspectives, Kogan and Tarapore [19] proposed 

the Mean Time Between Outages (MTBO) as a 

way to capture production‑level failure rates. Li et 

al. [20] extended the discussion to high‑mobility 

5G environments, showing that handover failures 

can make a significant contribution to overall 

NUR. Shifting from reactive fault mitigation, Ijaz 

et al. [21] implemented multi-parameter 

optimization architectures to demonstrate that 

proactive reliability management, driven by 

predictive KPI models, yields significantly higher 

network stability. 

Against this backdrop, the present work 

contributes a systematic side-by-side derivation 

and Monte-Carlo evaluation of all five model 

families under identical network conditions—a 

controlled comparison that, to the authors' 

knowledge, has not been performed previously at 

this scale and granularity. 

3. Classical Network Unavailability 

Rate Model 

The classical model defines NUR as the 

fraction of elapsed calendar time during which the 

network, or a representative element within it, is 

out of service: 

   𝑁𝑈𝑅 =
𝑇(𝑑𝑜𝑤𝑛)

𝑇(𝑡𝑜𝑡𝑎𝑙)
   (1) 

where Tdown is the cumulative outage 

duration and T_total is the observation window. 
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This follows directly from the classical availability 

ratio 𝐴 = 𝑇(𝑢𝑝)/𝑇(𝑡𝑜𝑡𝑎𝑙), so that 𝑁𝑈𝑅 = 1 − 𝐴. Its 

principal strength is computational transparency: 

only outage logs, routinely stored by every 

operator's OSS, are required. Snow et al. [5] 

documented the wide adoption of this metric 

across wireless networks precisely because no 

distributional assumption about failure or repair 

processes is needed. 

The formulation's main weakness is spatial 

aggregation. Treating the entire network as a 

single entity obscures whether downtime is 

concentrated in chronically failing cells or 

distributed uniformly — a distinction with direct 

consequences for maintenance resource allocation. 

Field evidence from Bothwell et al. [6] illustrated 

this limitation when aggregate site availability 

figures masked localized clusters of high-MTTR 

base stations. The classical model will therefore 

set the lower bound of NUR estimates in 

subsequent comparisons, consistent with its 

known tendency to underestimate true 

unavailability in heterogeneous deployments. 

4. MTBF/MTTR-Based Reliability 

Model 

Hardware-reliability engineering expresses 

unavailability through the ratio of mean repair 

time to the combined failure-and-repair cycle. 

Defining Mean Time Between Failures (MTBF), 

Mean Time to Failure (MTTF), and Mean Time to 

Repair (MTTR): 

𝑁𝑈𝑅 =
𝑀𝑇𝑇𝑅

(𝑀𝑇𝑇𝐹+𝑀𝑇𝑇𝑅)
      (2) 

𝑀𝑇𝐵𝐹 = 𝑀𝑇𝑇𝐹 + 𝑀𝑇𝑇𝑅     (3) 

so that 𝑁𝑈𝑅 = 𝑀𝑇𝑇𝑅/𝑀𝑇𝐵𝐹. This 

approach emphasizes hardware performance over 

broad operational logs, drawing on component test 

data and real repair records to assess reliability at 

the equipment level. For instance, Bothwell et al. 

[6] reported MTBF values derived from large BTS 

fleets at Motorola, demonstrating that MTTR 

variability — not the failure-initiation rate — is the 

dominant driver of site-level unavailability. 

From a network-management perspective, 

MTTR subsumes queuing effects (technicians 

awaiting dispatch), parts logistics, and access 

restrictions that can extend a nominally short 

repair to several hours in practice. Empirical 

studies confirm MTTR is a stronger predictor of 

NUR than raw failure rate [6], [19]. The model 

therefore highlights maintenance-process 

efficiency as a primary lever for reliability 

improvement — an insight the classical ratio 

model is structurally unable to expose. 

5. Failure-Rate (λ) Approximation 

Model 

Assuming cell failures follow a 

homogeneous Poisson process with rate λ and 

repair durations are exponentially distributed with 

rate μ, steady-state unavailability takes the 

compact form: 

𝑁𝑈𝑅 =
𝜆

(𝜆+𝜇)
      (4) 

This formulation is mathematically 

equivalent to the familiar MTBF/MTTR 

relationship (where MTTF = 1/λ and MTTR = 1/μ 

for exponential cases). The benefit of formulating 

it in terms of instantaneous rates is that it allows 

sensitivity analysis, particularly when λ is 

obtained from operational event logs rather than 

from controlled laboratory experiments. If the 

intervals between failures are distributed 

exponentially, this approximation remains closely 

valid—an observation consistent with the Markov-

chain modeling approach implemented by Farooq 

et al [11]. 

The Poisson-exponential assumption breaks 

down when correlated burst failures dominate — 

as occurs during grid outages or severe weather 

events disabling multiple co-located cells 

simultaneously. In such regimes, the λ model still 

yields a useful first-order estimate, but it 

structurally cannot capture spatial correlation [12], 

[13]. This limitation is quantified in the simulation 

study of Section 8. 

6. Erlang Queuing-Based NUR Model 

Telephone traffic engineering has long used 

the Erlang-B formula to characterize blocking 

probability in finite-capacity service systems. 

Applying the M/M/c/c loss model, the probability 

that a service request is blocked — and the 

network is therefore unavailable from the user's 

perspective — is: 

𝑁𝑈𝑅(𝐸𝑟𝑙𝑎𝑛𝑔) = 𝐵(𝐴, 𝑐) = (𝐴𝑐/𝑐!)/

𝑠𝑢𝑚
(𝑘=0𝑐(𝐴𝑘/𝑘!))

       (5) 
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where A = λ/μ is the offered traffic intensity 

in Erlangs and c is the number of available repair 

crews. Eklundh [8] analyzed channel utilization 

and blocking probability in cellular systems with 

directed retry, establishing that blocking behavior 

is well captured by this formula even under non-

symmetric load conditions. 

Mapping the cellular repair workflow onto a 

queuing model is non-trivial: 'servers' represent 

field-maintenance teams, 'customers' are failed 

cells awaiting dispatch, and 'blocking' corresponds 

to a cell remaining offline because no crew is free 

[8]. Baltrunas et al. [12] provided measurement 

data showing that multi‑hour outage tails often 

result from maintenance‑queue saturation rather 

than the actual repair time itself. This evidence 

underscores how the Erlang model captures the 

impact of limited crew availability on repair 

delays—an aspect of unavailability that the 

classical and λ models are unable to reflect. 

7. Telecom Cell-Based NUR Model 

The cell-based approach evaluates KPIs at 

the level of individual cells rather than treating the 

network as a single aggregate. For a system of 

𝑁cells observed over a period 𝑇, the unavailability 

is given by: 

𝑁𝑈𝑅𝑐𝑒𝑙𝑙 =
1

𝑁
∑

𝑇𝑑𝑜𝑤𝑛,𝑖

𝑇𝑖

𝑁

𝑖=1
     (6) 

where 𝑇𝑑𝑜𝑤𝑛,𝑖is the outage duration and 𝑇𝑖the 

observation period for cell 𝑖. This can also be 

expressed in terms of per-cell failure and repair 

statistics: 

𝑁𝑈𝑅𝑐𝑒𝑙𝑙 =
1

𝑁
∑ (

𝑁

𝑖=1
𝜆𝑖 ⋅ 𝑀𝑇𝑇𝑅𝑖)     (7) 

Because operators already collect cell-level 

event logs through OSS performance management 

systems, the inputs required for Equation (7) are 

directly available. 

Wang et al. [7] proposed an NMS/OSS 

architecture for 5G Open RAN that exposes per-

cell reliability counters compatible with this 

computation. Cho et al. [4] demonstrated that AI-

enabled KPI monitoring pipelines deliver cell-

granular failure diagnostics at operational 

timescales, and Lazar et al. [9] validated a 

real-time KPI measurement method whose outputs 

can be applied directly to Equation (7). Looking at 

each cell individually in Equation (6) makes it 

possible to reflect spatial differences in failure 

behavior that would be lost in a network-wide 

average. For instance, when a burst failure disables 

a cluster of neighboring cells, each node records a 

higher Tdown,i, rather than the effect being 

smoothed out in an average. Al-Kuwaiti et al. [3] 

highlighted that evaluating dependability at fine 

operational granularity provides a more faithful 

view of service disruption than broad aggregate 

metrics. While Equation (7) does not explicitly 

evaluate distance-based spatial correlation 

matrices, its cell-granular structure retains 

localized variance, ensuring that spatially 

clustered outages recorded in OSS event logs 

contribute fully to the total network calculation 

without being diluted by network-wide spatial 

averaging. In the same vein, Caso et al. [10] 

emphasized that QoS/QoE frameworks must 

operate at cell granularity to satisfy 5G SLA 

requirements. Taken together, these insights 

explain why the cell-based model achieves the 

lowest simulation error reported in Section 9. 

8. Simulation Methodology 

A Monte-Carlo engine was developed to 

evaluate the five NUR formulations under 

controlled, identical network conditions. The 

simulated network comprised 1,000 LTE/5G cells 

observed over a nominal one-month window 

(~730 hours). Full simulation parameters are listed 

in Table 1. 

Table 1. Simulation parameters. 

Parameter Value 

Network type LTE / 5G 

Number of cells 1,000 

Observation period 1 month (~730 h) 

Failure distribution Exponential random burst 

failures 

Repair distribution Log-normal (μ = 2 h, σ = 1 

h) 

Replications 50 Monte-Carlo runs 

 

Each cell's failure process was modeled as a 

Poisson arrival stream with rate λ = 0.002 h
-1, 

producing exponentially distributed inter-failure 

intervals. Repair durations were drawn from a log-

normal distribution with μ = 2 h and σ = 1 h to 

represent the skewed tail of field-maintenance 

times documented in empirical studies [6], [12]. 

Spatial burst events were injected at 0.1 events per 

730-hour window; each event disabled a Poisson-

distributed number of geographically proximate 
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cells with mean 10, following the clustering 

behavior documented by Li et al. [13]. 

At the end of each of the 50 replications, 

NUR was computed by all five formulations using 

the same underlying failure/repair trace. This 

controlled design ensures that differences among 

model outputs reflect structural modeling choices 

rather than stochastic variability. Hobler et al. [14] 

used a comparable replication strategy when 

evaluating URLLC availability metrics, validating 

50 runs as sufficient for stable mean estimation at 

NUR levels of interest. Within the Monte-Carlo 

framework, the ground-truth unavailability is 

defined directly from the generated failure/repair 

trace as: 

𝑈𝑡𝑟𝑢𝑒 = (𝛴𝑖𝛴𝑗𝑑𝑖𝑗)/(𝑁 · 𝑇)                   (8) 

where dij is the j-th outage duration of cell i, 

N is the number of cells (N = 1,000), and T is the 

observation window (T = 730 hours). All reported 

deviations are measured against Utrue (NURtrue = 

0.0035), not against the cell-based estimator. This 

makes the benchmark independent of any of the 

five candidate formulations. 

 
Figure 1. Example failure/repair timeline for a 

single cell over the 730-hour window. 

 

 
Figure 2. Distribution of per-cell unavailability 

rates across the 1,000-cell topology. 

9. Results and Discussion 

Mean NUR values and confidence intervals 

from the 50 replications are summarized in Tables 

2 and 3. Measured against the empirical simulation 

ground truth (NURtrue = 0.0035), the classical 

model produced NUR = 0.0027, underestimating 

the actual network unavailability by 

approximately 22.9% due to spatial aggregation 

that smoothes out localized cell-outage clusters. 

The cell-based telecom model achieved the 

highest precision (NUR = 0.00341, representing a 

deviation of only −2.8%) as it retains cell-granular 

failure counters without network-wide spatial 

averaging. The MTBF/MTTR, λ, and Erlang 

queuing models occupied intermediate deviation 

bands of −10.0%, −12.0%, and −9.0%, 

respectively. 

Table 2. Computed NUR for the classical and 

telecom models. 

Model 
Computed 

NUR 

Relative 

Deviation 

Classical model 0.0027 −22.9% 

Telecom model 0.0035 −2.8% 

Table 3. Comparison of NUR computation 

models. 

Model 
Formula 

Basis 
Spatial 

Mean 

Deviation 

(%) 

Classical Uptime ratio No −22.9% 

Lambda (λ) Failure rate No −12.0% 

MTBF/MTTR Reliability Partial −10.0% 

Erlang Traffic 

queuing 

Partial −9.0% 

Telecom Cell-

Based 

Cell KPIs Yes* −2.8% 

 

The gap between the classical model and the 

cell-based result originates primarily from burst-

failure episodes. When spatial events are 

introduced, the cell-based model records higher 

𝑇𝑑𝑜𝑤𝑛,𝑖values for each affected site. The classical 

formulation relies on network-wide averaging, so 

the impact of outages affecting specific cells is 

diminished in the reported availability. Emara et 

al. [15] had already noted this effect, showing that 

aggregate availability measures often overlook 

spatially correlated failures even though they 

significantly degrade service at the local level. 

Table 4 illustrates how NUR responds to changes 

in MTTR when λ is fixed. Doubling MTTR leads 

to a proportional doubling of NUR in both models, 

reflecting the linear dependence on repair duration 
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under exponential failure assumptions. At higher 

MTTR values, however, the gap between the two 

models grows: the cell-based approach weighs 

long repairs more heavily, since each affected cell 

contributes its full outage fraction rather than 

being offset by neighboring cells that remain 

online. 

Table 4. Sensitivity of NUR to MTTR variation. 

MTTR (h) NUR (classical) NUR (cell-based) 

1 0.0014 0.0018 

2 0.0027 0.0035 

4 0.0054 0.0071 

8 0.0108 0.0143 

The Erlang model provides intermediate 

accuracy: it improves on the λ formulation but falls 

short of the cell-based approach. A key 

contribution of the Erlang approach is that it 

incorporates queuing effects in repair crews, 

thereby reflecting how limited availability can 

stretch MTTR beyond the nominal repair time. 

Eklundh [8] showed that blocking probability 

increases sharply once traffic exceeds about 80% 

of crew capacity, and the simulations here 

operated in that range, producing noticeable 

queuing effects. Kogan and Tarapore [19] likewise 

observed that saturated repair queues are a major 

factor in MTBO degradation in real telecom 

networks. 

Data from large-scale campaigns [13] and 

supporting field studies [12] point to significant 

spatial differences in how cell-failure rates are 

distributed. This evidence suggests that models 

which ignore spatial structure—such as the 

classical and λ formulations—tend to 

underestimate actual network unavailability. 
Reliability-based formulations address MTTR, but 

they remain unable to represent burst failures that 

spread through correlated clusters [8], [19]. 

 

 
Figure 3. Mean NUR versus MTTR for all five 

formulations (λ held constant). 

 
Figure 4. Box plots of NUR over 50 replications 

for each model. 

 

From a practical standpoint, the choice of 

NUR model carries direct consequences for SLA 

compliance assessment. An operator relying on the 

classical ratio model may report 99.73% 

availability while the cell-based equivalent reveals 

99.65% — a gap that, despite being small in 

absolute terms, corresponds to approximately 52 

extra minutes of annual customer-perceived 

downtime per cell. At the scale of thousands of 

cells, this discrepancy translates into material SLA 

penalty exposure. Turkka and Foo [16] raised the 

same concern in their standardization proposal for 

5G service availability metrics. 

Vendor NMS platforms and OSS 

architectures increasingly support cell-granular 

KPI pipelines [7], [9] that make the cell-based 

computation operationally feasible without 

additional instrumentation. Cho et al. [4] 

demonstrated that AI-based diagnostic tools can 

identify anomalous cells automatically, easing the 

burden of manually locating burst-failure clusters. 

With current OSS platforms already supporting 

cell-level KPI pipelines, the cell-based NUR 

model is not only analytically sound but also 

feasible to implement in practice. With an eye to 

the future, studies by researchers such as Ijaz et al. 

[21] and Li et al. [20] highlight the value of 

proactive reliability prediction, especially in 

high-mobility 5G contexts, as a key direction for 

subsequent research.  

precluded by the synthetic nature of our 

envelope, the structural direction of these findings 

is qualitatively consistent with empirical field 

measurements reported by Li et al. [13] and 

Baltrunas et al. [12]. Both studies observed that 

coarse, spatio-temporally aggregated metrics 

systematically underestimate localized, bursty 
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outage events in cellular deployments. Our 

simulation results mirror this real-world 

phenomenon: spatially aggregated formulations 

(e.g., the classical model at −22.9%) dilute 

geographically concentrated downtime, whereas 

cell-resolved tracking retains local outage 

severity. 

Limitations. Three specific limitations bound 

these findings. (i) The benchmark is synthetic; 

validation against live operator OSS traces was not 

possible and remains necessary before these 

deviation magnitudes can be generalized across 

diverse operational networks. (ii) The reported 

numerical deviations hold strictly for the tested 

parameter envelope (λ = 0.002 h−1, log-normal 

repair times with μ = 2 h and σ = 1 h, and a spatial 

burst rate of 0.1 per 730 h) and are not claimed to 

be universally constant. (iii) Spatially correlated 

failures are represented solely through injected 

burst events; explicit spatial-dependence and 

spatial-correlation models [15], [17] are left to 

future work. 

10. Conclusions 

We examined five different NUR 

formulations by applying a unified 

analytical‑simulation framework to LTE/5G 

networks. The evaluation covered 1,000 cells and 

was repeated over 50 Monte-Carlo replications 

against an independent event-log ground truth 

(NURtrue = 0.0035). The results establish a clear 

performance hierarchy: the classical model 

underestimates real downtime by ~22.9%, the λ 

and MTBF/MTTR models achieve ~12.0% and 

~10.0% deviation respectively, the Erlang queuing 

model reaches ~9.0%, and the telecom cell-based 

model yields the highest precision with a deviation 

of only ~2.8%. 

The advantage of the cell-based formulation 

stems from its preservation of per-cell resolution: 

when correlated burst failures concentrate 

downtime in a subset of cells, cell-level 

aggregation retains that concentration instead of 

diluting it across the network. We emphasise that 

Equation (7) is not a spatially-aware model in the 

sense of Emara et al. [15]: it contains no 

geographic, adjacency, or correlation term. Its 

sensitivity to burst events is a consequence of 

resolution, not of explicit spatial or cascading 

failure modelling. As 5G URLLC requirements 

[14] and high-mobility deployments [20] push 

availability targets toward six nines and beyond, 

aggregate metrics become insufficient for SLA 

verification and fault localization. The telecom 

cell-based NUR model is therefore recommended 

as a practical operational standard for performance 

monitoring and SLA compliance assessment in 5G 

and next-generation networks. 
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