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ABSTRACT

Contemporary Edge Al systems in Industry 4.0 suffer from
severe hardware over-provisioning due to heuristic peak ca-
pacity scaling or flawed infinite-source Poisson queuing as-
sumptions. This paper introduces a closed-world dimension-
ing paradigm for Multi-Tier Edge architectures using finite-
source teletraffic theory. By treating heavy video analytics as
overflow traffic, we model the system via a multi-rate Engset
distribution and a modified Fredericks-Hayward approach
to capture exact variance distortion. We introduce a Time-
Fractioning Algorithm to mathematically resolve multi-agent
frame-sharing. Furthermore, using a binomial Temporal En-
sembling model, we prove that a controlled frame loss target
not greater than 1% preserves effective system recall. Vali-
dated against the synthetic NVIDIA Physical AI-SmartSpaces
dataset, the proposed framework achieves a direct hardware
resource reduction of 7.8% compared to computer vision
peak provisioning, and effectively eliminates the 11.8% over-
provisioning flaw of classical Erlang B models, all while
strictly maintaining safety-critical Service Level Agreements.

Index Terms— Edge Al, Computer Vision, Teletraffic
Theory, Engset Model, Resource Dimensioning, Industry 4.0.

1. INTRODUCTION

Edge Artificial Intelligence (Edge Al [1]) enables real-time
visual analytics for Industry 4.0 [2] applications, e.g., Auto-
mated Optical Inspection (AOI, [3]) or collision prediction
[4]. Despite the maturity of Deep Neural Network (DNN)
architectures, the methodologies for dimensioning the under-
lying hardware infrastructure remain predominantly heuristic.
Conventional deployments rely on Peak Provisioning, al-
locating a dedicated 1:1 hardware ratio for each video stream.
However, advanced architectures like Vision Transformers [5]
performing dense 4K analytics require 150—200 ms per for-
ward pass [6]. This imposes a strict physical limit of only
5—10 frames per second (FPS) on a single industrial-grade
accelerator. Consequently, scaling this heuristic approach to
multi-camera environments requires massive resource allo-
cation that often exceeds Capital Expenditure (CAPEX, [7])
budgets and rigid Size, Weight, and Power constraints.

Conversely, theoretical models in Multi-access Edge
Computing (MEC, [8]) predominantly assume infinite-source
Poisson arrival processes (e.g., M /M /1 or M /M /c queues)
[9, 10, 11]. In closed industrial facilities, the mobile agent
population (e.g., personnel, robots) is strictly finite. This
closed-world constraint enforces a negative feedback loop:
an agent occupying resources in one zone cannot simulta-
neously trigger inference in another. Ignoring this property
forces conventional models to assume a peakedness factor
of Z = 1, failing to account for variance truncation and
resulting in hardware over-provisioning.

To address these limitations, we merge computer vision
engineering with finite-source multi-rate teletraffic theory.
The main contributions of this paper are:

* Formulation of a Multi-Tier Edge Al pipeline as a closed
overflow network.

e The Time-Fractioning Algorithm, converting physical
multi-agent frame sharing into statistically independent
variables for recursive Engset state equations.

* A multi-service dimensioning methodology (BPP-BPM
overflow model [12, 13]) extending Fredericks-Hayward
method [14] to extract exact overflow variance distortion
(Zo<1).

e A proof that intentional teletraffic frame loss (Ploss <
0.01) is safely mitigated by Temporal Ensembling, reduc-
ing hardware without degrading effective system recall.

2. SYSTEM ARCHITECTURE

To establish a mathematically rigorous dimensioning frame-
work, we model the system as a cascaded, multi-tier overflow
network embedded within a closed physical environment. To
avoid precision loss, we treat the video frame as the atomic
unit of time. Both arrival and service intensities are calcu-
lated strictly based on frame indices.

2.1. Multi-Tier Edge Al Pipeline

The proposed computational architecture dynamically al-
locates resources based on spatial triggers across distinct
tiers. Resource consumption is measured in Allocation Units
(AU), defined as a standardized, discrete fraction of the hard-
ware accelerator’s compute and memory capacity.



1. Background Detection Tier (0 AU cost): Continuous
spatial monitoring that does not consume resources at the
central server. Utilizing lightweight Video Motion Detec-
tion (VMD), this tier serves as a zero-cost spatial trigger.

2. Tier-1 Edge Nodes (Primary Resources, 1/°): Local-
ized edge accelerators (e.g., Jetson modules) with a finite
capacity V°. When localized spatial demand exceeds V?,
excess traffic is instantantly offloaded to the central tier.

3. Tier-2 Central Edge Server (Secondary Resources,
V9): A centralized GPU/TPU cluster executing heavy
analytical requests (e.g., 4K AOI, 3D point clouds).
Processing a frame at this tier requires a deterministic
allocation cost of d, AU.

2.2. Markovian Single-Source Parameters

In a closed-world industrial environment, the number of mo-
bile agents (e.g., personnel, automated guided vehicles) is fi-
nite and bounded by a maximum population N. For each
unique agent ¢ € {1,2,..., N}, the spatial behavior is de-
composed to define a two-state Markov chain (Idle/Busy):
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where tyysy,; and tigie ; represent the mean duration (in frames)

the object ¢ spends inside and outside the heavy analytics

zones, respectively. Crucially, the closed-world assumption

enforces a negative feedback loop: an agent occupying re-

sources in the Busy state is physically excluded from generat-

ing new requests, naturally truncating the traffic variance tail.
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2.3. Spatial Modeling and Time-Fractioning

In industrial vision networks, multiple moving agents fre-
quently share a single video frame within micro-zones. Be-
cause the number of Multiply-Accumulate (MAC) operations
executed during the forward pass on a dedicated Al accelera-
tor is deterministic for a fixed input tensor, the GPU hardware
cost remains strictly constant regardless of the object count.
Processing time variations occur solely during CPU-bound
post-processing (e.g., Non-Maximum Suppression), which
does not consume GPU Allocation Units.

However, physical frame-sharing violates the assumption
of statistical independence required by the Engset model. To
formulate valid inputs for recursive state equations, we intro-
duce the Time-Fractioning Algorithm. Let Ny ; denote the
number of agents present in zone k during frame f. The frac-
tional load generated by agent ¢ in zone k is:

o p = ﬁ if agent ¢ is in zone k, )
ol 0 otherwise.

Since an agent cannot occupy disjoint zones simultaneously,

its total fractional cost for the central server during frame f is

Cif=2, & Ci, 1.k Corrected, effective offered traffic cg ; is:
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This transformation converts physical image sharing into sta-
tistically disjoint time allocations, ensuring that cefr; < «;.
Although group movements introduce temporal correlations,
the finite population (V) and closed-world negative feedback
loop (agents clustered under one camera cannot trigger re-
quests elsewhere) mathematically stabilize load fluctuations,
preserving model validity.

To prevent redundant processing in overlapping fields of
view, a CPU-bound Zone-Centric Master Camera Handover
selects a single master RTSP stream per agent cluster based
on zero-cost metadata generated by Tier-1 nodes (e.g., Track-
IDs, coordinates). Selection prioritizes maximum cumulative
bounding box area (3 Rolae,) for optimal resolution, using
mean confidence scores as tie-breakers. This coordination se-
cures central GPU resources for neural network inference.

3. TRAFFIC CHARACTERIZATION

Real-world industrial environments exhibit high kinetic het-
erogeneity. Mechanized traffic (e.g., automated guided
vehicles) typically have deterministic trajectories, whereas
pedestrian traffic is highly stochastic, featuring unpredictable
pathing and high variance in appearance times. To rigor-
ously evaluate the proposed model under conditions of high
uncertainty, the input spatial data is explicitly filtered to ex-
clude deterministic machine movement, focusing the analysis
entirely on the behavior of human agents. Because smart
factories are strictly governed by takt times and Standard Op-
erating Procedures (SOPs), human workflows are wide-sense
stationary. Therefore, steady-state profiling is sufficient for
offline capacity planning, deliberately avoiding the massive
GPU OPEX required for continuous adaptive profiling.
Applying a global average to these highly variable traffic
parameters suppresses natural system variance, leading to in-
accurate dimensioning. Thus, we implement a 3-step extrac-
tion and clustering pipeline to feed a multi-rate Engset model.

3.1. Data Purification and Outlier Isolation

The input spatial data is filtered to remove elements that vio-
late stochastic principles:

1. Stationary Objects: Personnel at fixed workstations are
excluded, as they deterministically saturate resources (oc-
cupying hardware for 100% of the video frames).

2. Background Noise: Agents appearing only incidentally
are isolated into a minimal-impact Engset class (e.g., a ~
0.001), preserving the N without skewing the service in-
tensity estimators of the primary workforce.

3.2. Autonomous Behavioral Profiling (K-Means)

For the filtered subset of N, mobile agents, we apply K-
Means clustering in the normalized two-dimensional feature
space [Y;, fi;]. The optimal number of clusters B is deter-
mined autonomously by maximizing the Silhouette Score, en-
suring maximal intra-cluster cohesion and inter-cluster sepa-



ration (supported by the Elbow Method on the Within-Cluster
Sum of Squares — WCSS). For each extracted cluster ¢, the
algorithm computes centroid coordinates 7. and ji., defining
the baseline offered traffic o for distinct operational profiles.
The exact empirical clustering results, including the optimal
number of clusters and the achieved Silhouette Score, are de-
tailed in Section 7.

3.3. Traffic Class Formulation and Spatial Multiplication

Intelligent Edge Orchestration links hardware demand to
the specific neural network architecture assigned to a spa-
tial zone, defining the computational cost d. in AU (e.g.,
lightweight object detection requiring single-stage networks
like YOLO-Nano [15] and d = 2 — 5 AU versus heavy 3D
point cloud processing requiring massive vision transformers
and d = 30 — 90 AU [16]).

In classical multi-rate teletraffic theory, a class is defined
by a unique pair of offered traffic (o) and requested capacity
(d). Since clustered agents migrate across D distinct phys-
ical zones with varying d. demands, we introduce a Spa-
tial Multiplication Algorithm yielding M = B x D input
classes. Agents are treated as multi-service sources, with
their populations (/V.) fractionally assigned based on their
spatial migration probability density. The vector for each
class ¢ € {1,2,..., M} assumes a unified format:

Class. = {Ne, Ye, He, e, de}- O]
This rigorous parameterization allows the underlying engine
to execute the multi-rate Kaufman-Roberts recursion over all
permissible system states (x > d.). By isolating distinct ser-
vice requirements, the model accurately reflects the dynam-
ics of multiplexing asynchronous video streams with various
hardware demands on a shared GPU.

4. MULTI-TIER OVERFLOW TRAFFIC ANALYTICS
(BPP-BPM OVERFLOW MODEL)

In the defined multi-tier architecture, Tier-1 edge nodes tra-
ditionally process primary stochastic traffic, while the resid-
ual stream overflowing to the Tier-2 central cluster (V°) ex-
hibits a distorted variance-to-mean ratio. Conventional MEC
models rely on Poisson assumptions (Z = 1), which ignore
the population limit, while standard Engset models applied
to an overflow stream critically underestimate hardware re-
quirements. To extract the exact aggregate peakedness fac-
tor (Zy), we employ BPP-BPM overflow model [12, 13], an
advanced extension of the Fredericks-Hayward approach for
finite-source systems.

4.1. Bypassing Fictitious Resources (VV° — 0)

Typically, BPP-BPM overflow model [ 12, 3] utilizes a mod-
ified Equivalent Random Traffic (ERT) method with Rapp’s
approximations to calculate Equivalent Fictitious Primary Re-
sources (EFPR). However, in our proposed spatial architec-
ture, Tier-1 edge nodes strictly execute zero-cost Video Mo-
tion Detection (VMD) triggers. This restricts their capacity

for heavy DNN analytics to an asymptotic limit of V* — 0.
Consequently, the complex EFPR transformation is mathe-
matically bypassed, as 100% of the spatial traffic overflows
directly to the central cluster. Setting V* — 0 allows for iso-
lating and validating the Engset dimensioning apparatus.

4.2. Overflow Traffic Parameters

Crucially, because V* = 0, the overflow traffic parameters
(mean R, and variance af) are strictly equal to the offered
traffic parameters generated by idle sources. For a finite-
source Engset class, the exact parameters yield a peakedness
factor strictly less than unity:
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When the secondary resource is modeled via the general-
ized Fredericks-Hayward framework, this variance distortion
forces an algebraic simplification where the input arrival com-
ponent I;—: resolves directly to a state-independent term:
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This elegant reduction proves that the macrostate space
perfectly adapts to the unique nature of the closed-world
sources, fully preserving the true underlying variance struc-

ture through individual peakedness filtering.

4.3. Loss Probability

To dimension the central server, the macrostate probabilities
[P,] of the secondary resource are derived using the multi-
rate Kaufman-Roberts recursive equation, generalized via the
Fredericks-Hayward approximation to incorporate the aggre-
gate peakedness factor Z:

m

R,
where V' is the baseline hardware capacity of the Tier-2 cen-
tral server, d. represents the computational cost of class ¢ ex-
pressed in Allocation Units, while R. and Z. correspond to
the mean overflow traffic and individual peakedness factor de-
rived for each finite-source Engset profile, respectively.

The ultimate loss probability (Call Congestion) BY for
class ¢ on the central accelerator is strictly evaluated over
the active blocking boundary states. In a closed-world sys-
tem, active agents currently utilizing the server are physically
blocked from triggering concurrent tasks. Therefore, incom-
ing inference requests see a state distribution shifted by the
remaining idle source population. The Call Congestion is
evaluated within this normalized state space as follows:
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By forcing the objective optimization function strictly through
this loss probability metric rather than standard static time
congestion, the model intrinsically evaluates the operational
feedback loop, eliminating the over-provisioning vulnerabili-
ties of traditional models.

5. INVERSE DIMENSIONING AND RESILIENCE

The ultimate objective of the proposed framework is the math-
ematical minimization of hardware CAPEX without compro-
mising the reliability of the computer vision pipeline.

5.1. Inverse Dimensioning and SLA Formulation

Modern multi-object tracking architectures robustly interpo-
late missing spatial coordinates [!7], inherently tolerating
marginal frame drops. We exploit this algorithmic resilience
by defining a strict Service Level Agreement (SLA) thresh-
old, P2 (e.g., < 0.01). This transforms hardware scaling
into a constrained probabilistic optimization.

The Inverse Dimensioning Algorithm reverses standard
capacity evaluation. By iteratively solving the BPP-BPM
overflow model [12, 13] state equations (incorporating the
aggregate peakedness factor Zj), it determines the minimal
optimal capacity V.0, that satisfies the SLA:

opt
V:)%t = min{V €N | Ploss(Va ZO) < Ptarget}. &)

loss

Because the blocking probability function monotonically de-
creases with capacity V, the minimal boundary can be iso-
lated deterministically by the solver.

5.2. System-Level Recall and Temporal Ensembling

A common objection to teletraffic optimization in the com-
puter vision community is the intentional acceptance of frame
loss (Ploss > 0). In safety-critical applications, a standard al-
ternative is to operate at a globally reduced frame rate (e.g.,
2 — 5 FPS) to ensure zero buffer overflows. However, indus-
trial environments exhibit severe perceptual distortions, such
as artificial glare and motion blur. At low frame rates, a single
distorted frame results in a complete classification failure for
that time window.

To ensure robustness, Edge AI systems process high-
density video streams (e.g., 30 FPS) and compute final clas-
sifications using Temporal Ensembling. In a sliding window
of W frames, the algorithm requires a minimum subset of M
successfully processed frames to output a prediction match-
ing the nominal neural network accuracy (Ryom ).

We model the probability of a successful system-level
classification (Reff_system) using the binomial distribution:

2w
Reff_system = Rnom : Z < k ) (1 - ]Dloss)k(Ploss)Wih (10)
k=M
Given an optimized queue target of Fos = 0.01, an ensem-
bling window of W = 30, and a threshold of M = 20, the
cumulative probability is > 0.99999.

While blocking systems can exhibit bursty or correlated
loss patterns, blockages under our strict target (Poss < 0.01)
are highly transient. Because the source population is finite
(N=50), the closed-world negative feedback loop physically
prevents prolonged hardware saturation and limits the burst
size of consecutive dropped frames. Since the execution time
for a single inference request is a fraction of a second, this
theoretical burst size remains strictly within the safety margin
(W —-M=10). Thus, Temporal Ensembling mitigates these
transient drops, ensuring that the BPP-BPM overflow model
[12, 13] yields significant CAPEX reduction while maintain-
ing effective system recall (Refr system = nom)-

6. EXPERIMENTAL METHODOLOGY
6.1. Dataset

To empirically validate the proposed teletraffic framework,
the mathematical model is evaluated against the synthetic
NVIDIA PhysicalAI-SmartSpaces dataset (Al City Challenge,
[18]), specifically the Warehouse_001 scenario.

Utilizing exact Ground Truth bounding boxes establishes
a nominal detection rate of Ry,om = 100%. This ensures
strict methodological variable isolation, decoupling intrinsic
Al perception errors (e.g., missed detections due to occlu-
sions or glare) from hardware buffer saturation (Fog). In
production, hardware dimensioning must remain independent
of classification accuracy to prevent perception failures (e.g.,
false negatives artificially lowering the load) from masking
hardware capacity limits. Therefore, 100% accurate triggers
allow for worst-case stress-testing under full nominal load.
Furthermore, a synthetic dataset bypasses the unavailability
of open-source industrial video repositories due to corporate
NDAs. The dataset also guarantees immutable TrackIDs for
agents migrating across overlapping camera fields of view,
ensuring the total population N remains constant, mathemat-
ically satisfying the closed-world constraint.

6.2. Comparative Baselines

To rigorously evaluate the CAPEX optimization achieved
by the Inverse Dimensioning Algorithm, BPP-BPM over-
flow model [12, 13] is benchmarked against three prevalent
engineering baselines:

1. Peak provisioning (heuristic 1:1 mapping),
2. Infinite-source Erlang B (Poisson arrivals, Z = 1),
3. Standard Engset model (ignoring overflow variance).

7. EXPERIMENTAL RESULTS

The evaluation sequentially validates the data purification
process, computes the minimum required hardware footprint,
and compares the efficiency of the proposed analytical frame-
work against established baselines.



7.1. Behavioral Profiling and Parameter Extraction

Applying the K-Means clustering algorithm to the filtered
pool of N = 50 active mobile agents extracted distinct op-
erational profiles. The autonomous pipeline determined the
optimal number of behavioral clusters as B = 3, achieving a
Silhouette Score of 0.4619. By combining these behavioral
profiles with the physical inspection zones, the Spatial Multi-
plication Algorithm generated a final input vector of M = 20
independent traffic classes fed directly into the multi-rate
solver.

7.2. Empirical Hardware Reduction

With the exact traffic parameters established, the Inverse Di-
mensioning Algorithm calculated the minimum central buffer
capacity (VO%t) required to sustain an SLA of P, < 0.01.

Model Verification: Theory vs Empirical Ground Truth
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Fig. 1. Empirical verification of Edge Al dimensioning.

As illustrated in Fig. 1, classical infinite-source MEC
models (Erlang B) heavily overestimate the required capac-
ity by demanding 465 AU. The standard Computer Vision
heuristic of 1:1 Peak Provisioning requires 445 AU. By lever-
aging the Call Congestion Engset metric to safely truncate
the extreme variance tails of the spatial traffic, the proposed
methodology dimensions the system at exactly 410 AU. This
achieves a direct hardware resource reduction of 7.8 % against
Peak Provisioning and mathematically corrects the 11.8%
over-provisioning error of the Erlang B baseline.

7.3. SLA Validation and Ensembling Stability

Despite the aggressive truncation of extreme variance tails
(resulting in significant CAPEX savings), the optimized ar-
chitecture strictly respects the defined SLA. Substituting the
measured overflow frame loss into the binomial ensembling
model confirms that the effective system recall (Refr sysiem)
remains > 0.99999.

This empirical result, shown in Fig. 2, proves that highly
multiplexed Edge Al environments can safely discard stan-
dard 1:1 heuristic dimensioning without affecting safety-
critical perception capabilities.
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Fig. 2. Effective System Recall (Rt gyseem) modeled via Tem-
poral Ensembling. A controlled loss target of P, < 0.01
maintains system accuracy equivalent to the baseline.

8. CONCLUSION AND DEPLOYMENT
IMPLICATIONS

This paper presented a closed-world teletraffic framework
for precise multi-tier Edge Al dimensioning. By replacing
heuristic peak provisioning and flawed infinite-source Pois-
son assumptions (Z = 1) with a multi-service BPP-BPM
overflow model [12, 13], the proposed methodology yields
an empirically exact hardware capacity requirement. Beyond
mathematically proven CAPEX minimization, this approach
resolves critical deployment bottlenecks in Industry 4.0. First,
reducing the physical accelerator count proportionally low-
ers recurring per-GPU enterprise software licensing costs
(OPEX). Second, it provides IT orchestrators with minimized
GPU limits for shared Kubernetes clusters, preventing Al
workloads from monopolizing hardware resources needed
by parallel industrial workloads like Digital Twins. Ulti-
mately, bridging telecommunications traffic engineering with
computer vision establishes a new standard for economically
viable and reliable Edge Al scaling. Future work will extend
this framework by enabling Tier-1 edge nodes to additionally
process specific heavy analytics tasks locally.
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