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Abstract: 

Introduction: Controller placement affects the responsiveness and resource requirements of a distributed SD-WAN control plane. 

Methodology: This study examines an offline placement procedure that fits a Gaussian Mixture Model (GMM) to geographic node features and 

selects the component count using the Bayesian Information Criterion (BIC). Its contribution is an application and comparative assessment of 

probabilistic spatial clustering for static controller planning. GMM is compared with K-Means, agglomerative hierarchical clustering, affinity 

propagation and density-peak clustering on TATA, BICS and BESTEL. 

Results: The reported configurations yield lower average-case and inter-controller latency for GMM across the three topologies, whereas affinity 

propagation yields lower worst-case latency on BICS and BESTEL. Reported throughput increases over the strongest non-GMM comparator are 

4.52%, 7.76% and 7.10%, respectively. Most comparisons use different controller counts; a separate BICS comparison considers GMM, K-

Means and density-peak clustering at six controllers each. The analysis remains descriptive because independent run-level measurements and 

complete measurement settings are unavailable. Inconsistent node distribution ratio results and unverified BICS/BESTEL utilisation results are 

excluded. 

Conclusion: These findings support further controlled assessment of probabilistic spatial placement without establishing statistical superiority, 

multi-objective optimality or online adaptability. 

Keywords: SD-WAN, gaussian mixture model, controller placement, network performance, clustering algorithm, load balancing.

1. INTRODUCTION 

Software-Defined Networking (SDN) separates control 
logic from packet forwarding, enabling centralised policy 
management and programmable network behaviour [1]. In 
geographically distributed Wide Area Networks, controller 
placement affects response time, coordination and resource 
requirements [2-8]. Conventional clustering techniques differ in 
their geometric assumptions and partitioning mechanisms. This 
study examines GMM as a probabilistic model for offline SD-
WAN controller-domain planning. Component-specific 
covariance and a BIC-selected K (Section 3) give one placement 
per topology, which is compared with K-Means, AHC, AP and 
DP placements on TATA, BICS and BESTEL (Section 4). 
Controller counts differ between methods (Tables 1-2). The 

comparison is therefore between complete configurations, in 
which algorithm, K and assignment act together, and the effect 
of the clustering algorithm alone is not isolated. 

Section 2 reviews SD-WAN placement work, Section 3 
gives the fitting and placement procedure (Eqs. (1-11), 
Algorithm 1), Section 4 compares the latency summaries of 
Tables 3-5, Section 5 covers emulation results, statistical limits 
and the K = 6 BICS subset (Tables 6-11), and Section 6 
concludes. 

2. BACKGROUND 

2.1. Overview of SDN 

SDN moves control of the forwarding plane to a logically 
centralised controller that programs switches through 
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southbound interfaces, so policy is defined once and not per 
device [9-11]. This has been used for virtualisation, traffic 
engineering and security services on commodity hardware [11-
15], and the same split now appears in 5G, IoT and WAN 
settings [16-18]. In a WAN, controller-to-switch paths cross 
hundreds or thousands of kilometres over mixed transports, so 
placement weighs far more than in a single data-centre fabric. 

2.2. SD-WAN: An Extension of SDN 

SD-WAN applies this separation to enterprise and carrier 
WANs, with one policy layer over MPLS, broadband Internet 
and cellular underlays [8, 19-21]. Controller placement and 
capacity largely determine the benefits of SD-WAN. A distant 
controller adds propagation delay to each flow set-up, an 
overloaded one slows request handling, and one failure can 
leave a region without control [12]. Placement studies therefore 
balance scalability, latency, reliability, resource use and the cost 
of running K controller instances [20-25]. 

These requirements call for placement methods that cope 
with irregular node geography without an RL training stage. 
GMM with a BIC-selected K is one such method and is the one 
evaluated here. 

2.3. SD-WAN Controller Placement Problem 

A multi-controller placement fixes the K controller sites and 
the node-to-controller assignment [26]. Reported objectives 
include latency, load balance, reliability, energy and cost, 
handled by clustering, heuristics, metaheuristics or RL [20-25, 
27-32]. They conflict: a larger K shortens switch-to-controller 
paths but adds deployment cost and inter-controller 
synchronisation, while a smaller K concentrates request 
processing. Geographic spread, tolerance of controller failure 
[15] and cost-efficient growth are the usual constraints. 

The procedure studied here fits a density model to node 
coordinates and reports ACL, WCL, ICL and the emulation 
metrics of the resulting placement; it does not optimise an 
objective vector, build a Pareto set or enforce controller 
capacity. 

2.4. Related Work 

SD-WAN controller placement has been addressed using 
clustering, optimization, and learning-based techniques. 
Hierarchical K-Means [22] partitions WAN nodes for 
distributed control, while load-aware placement methods [23] 
explicitly target balanced assignments. AHC-based partitioning 
and modified density-peak clustering have also been applied to 
hybrid or multi-controller SD-WAN settings [20, 21]. SAPKM 
combines simulated annealing with K-Means to improve load 
balance [24], whereas GOKA combines network partitioning 
with cluster fusion [25]. More recent research increasingly 
emphasizes dynamic conditions [14]: deep reinforcement 
learning has been used for load-aware controller placement [27] 
and Deep Q-Learning for adaptive controller placement in 
software-defined IoT [28]; ELA-RCP jointly considers energy, 
reliability, delay, and load [29]; RL-HCP applies reinforcement 
learning and heuristics to dynamic SDN environments [30]; and 
DeepWK-MSTC integrates weighted clustering with deep-
learning-guided search for adaptive multi-objective placement 

[31]. A 2026 cross-scale study further shows that the 
representation supplied to K-Means materially affects multi-
controller placement across Internet Topology Zoo networks 
[32]. 

2.5. Research Positioning and Practical Contribution 

This study contributes an empirical assessment of GMM 
estimation and BIC model selection for static geographic 
controller planning. Component-specific covariance provides a 
flexible representation of spatial dispersion, while BIC provides 
a statistical criterion for selecting the component count. The 
fitted means are mapped to network nodes, and the resulting 
configurations are assessed using placement and operational 
summaries on three benchmark topologies. Our network-aware 
GMM study [33] and GMM-MARL framework [34] differ in 
scope; here the inputs are static geographic features and no RL 
policy is trained. EM, BIC and Gaussian mixtures are standard. 
The contribution is an assessment of this simpler procedure and 
its trade-offs, with no claim of first use or of superiority over 
the learning-based methods in [27-32]. 

2.6. GMM for Geographic Controller Planning 

A Gaussian Mixture Model represents observations as a 
weighted combination of Gaussian components and estimates 
latent cluster membership probabilistically [35, 36]. Unlike 
hard clustering, each node is associated with a posterior 
probability of belonging to each component. This property is 
attractive for geographically irregular SD-WAN topologies 
because the covariance structure can represent non-spherical 
spatial dispersion and soft boundaries between controller 
domains [35, 37-39]. 

• Handling irregular spatial topologies: GMM can model 
heterogeneous geographic node distributions through 
component-specific means and covariance matrices [35, 
37]. 

• Probabilistic membership: Posterior membership describes 
uncertainty during mixture fitting [38]. The subsequent 
nearest-controller assignment is hard, so soft membership 
is not retained as a runtime control policy. 

• Data-driven model selection: BIC (Eq. 3) picks the number 
of controller domains from the spatial structure, so K is not 
fixed in advance [39]. 

Fitting uses a two-dimensional coordinate representation. 
Haversine distance (Eq. 1) serves geographic separation and 
nearest-node assignment only; the Gaussian likelihood is 
evaluated in the usual Euclidean feature space. The coordinate 
transformation and scaling applied before fitting are not 
documented in the retained record, which limits how the fitted 
Σₖ can be read for wide-area sites. Live traffic is not an input at 
this stage. 

3. PROPOSED METHOD 

Model fitting and network evaluation are separate steps. EM 
fits one mixture per candidate K, BIC selects among them, and 
the selected means are mapped to the network nodes that host 
controllers. ACL, WCL, ICL and the emulation metrics are 
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computed afterwards and play no part in the fit. Figs. (1-3) show 
the distance computation and the workflow. 

3.1. Data Preparation and Haversine Distancing 

TATA, BICS and BESTEL were taken from the Internet 

Topology Zoo [40]. Nodes without coordinates and invalid 

edges were removed. Pairwise geographic separation was 

computed with the Haversine formula, Eq. (1) and Fig. (1) [41], 

which works on the sphere and so avoids the error of a planar 

distance over continental spans. 

Dᵢⱼ = 2R arcsin √[sin²(Δφᵢⱼ/2) + cos φᵢ cos φⱼ sin²(Δλᵢⱼ/2)]     (1) 

Eq. (1) yields a length in the unit of R, not a delay in μs. 

Tables 3-5 keep the microsecond values of the original record, 

but that record does not name the timing instrument, the path 

aggregation or the distance-to-delay conversion behind these 

placement-stage values. They are treated as reported latency 

summaries, not verified WAN propagation measurements. The 

emulator RTTs in Table 7 are a separate reported outcome. 

In Eq. (1), D_ij is the great-circle distance between nodes i 

and j, R the Earth radius, φ latitude and λ longitude, with Δφ_ij 

and Δλ_ij the differences between the two nodes. The clustering 

and assignment stages take these distances as their spatial basis. 

3.2. GMM Mechanism 

In a GMM, an unsupervised probabilistic model, each 

Gaussian component is a candidate controller domain. K-Means 

gives every observation one hard centroid and implicitly 

spherical clusters; a GMM estimates μₖ, Σₖ and πₖ per 

component, so domains may be anisotropic and may overlap. 

This suits SD-WAN sites that are unevenly spread or lack sharp 

geographic boundaries. The mixture density is Eq. (2). 

p(x) = Σₖ₌₁ᴷ πₖ N(x | μₖ, Σₖ)                                                (2) 

In (2), πₖ is the mixing coefficient of component k and μₖ, Σₖ 

its mean and covariance, with πₖ ≥ 0 and Σₖ πₖ = 1. EM (Section 

3.3) estimates the parameters, BIC (Eq. (3)) scores each 

candidate K, and the lowest-BIC model is kept. 

BIC(K) = −2ℓ(θ̂K; X) + pK ln N                                      (3) 

For fixed K, the fitted criterion is ℓ(θ; X) = Σᵢ log[Σₖ πₖ N(xᵢ 

| μₖ, Σₖ)], subject to πₖ ≥ 0, Σₖ πₖ = 1 and positive-definite 

covariance matrices. EM seeks a local solution for θ = {πₖ, μₖ, 

Σₖ}. BIC(K) = −2ℓ(θK̂; X) + pK log N then selects K̂ = arg 

minK∈𝒦 BIC(K), where 𝒦 is the candidate set. For unrestricted 

full covariance in d dimensions, pK = (K − 1) + Kd + Kd(d + 

1)/2. With d = 2, pK = 6K − 1. This parameter count is 

conditional on full covariance; the actual covariance setting and 

candidate range must be recovered from the implementation. 

BIC balances density fit and statistical model complexity. Its 

penalty is not an operating-cost model and does not jointly 

minimise latency, imbalance or deployment cost. 

3.3. Expectation-Maximization (EM) 

Component membership is latent, so the parameters are 
estimated with EM. From initial μₖ, Σₖ and πₖ, EM alternates an 
E-step and an M-step until the log-likelihood gain drops below 
a tolerance or an iteration cap is reached. 

Expectation: each node xn receives a responsibility for every 
component, computed from the current values of: 

1. Mean (μk): mean location of the component's nodes. 

2. Covariance (Σk): spread and orientation of the nodes about 
μk. 

3. Mixing coefficient (πk): fraction of the network assigned to 
the component. 

The responsibility γ(znk) of component k for node xn is 
given by Eq. (4): 

γᵢₖ = πₖ N(xᵢ | μₖ, Σₖ) / [Σⱼ₌₁ᴷ πⱼ N(xᵢ | μⱼ, Σⱼ)]                      (4) 

N(·) is the Gaussian density, and γ is the posterior 
probability that x_n belongs to component k under the current 
estimates. 

Maximization: After assigning probabilities in the E-step, 
we update the clusters' parameters to better fit the data: 

1. New mean (μ_k^new): Calculated as the weighted average 
of all nodes, where the weights are the probabilities from 
the E-step. 

2. New covariance (Σ_k^new): Updated to reflect how spread 
out the nodes are around the new mean. 

3. New mixing coefficient (π_k^new): adjusted to reflect the 
proportion of all data points that are likely to be in cluster 
k. 

The formulas (Eq. 5-7) for these updates are: 

𝜇𝑘
𝑛𝑒𝑤 =

1

𝑁𝑘
𝛴𝑛=1

𝑁 𝛾(𝑧𝑛𝑘) 𝑥𝑛                                                (5) 

𝛴𝑘
𝑛𝑒𝑤 =

1

𝑁𝑘
𝛴𝑛=1

𝑁 𝛾(𝑧𝑛𝑘) (𝑥𝑛 − 𝜇𝑘
𝑛𝑒𝑤)(𝑥𝑛 − 𝜇𝑘

𝑛𝑒𝑤)𝑇         (6) 

𝜋𝑘
𝑛𝑒𝑤 =

𝑁𝑘

𝑁
                                                                           (7) 

Nₖ = Σᵢ γᵢₖ is the effective size of component k. EM does not 
decrease the likelihood between iterations but can stop at a local 
maximum or a degenerate covariance, which is why 
reproducible implementations add covariance regularisation 
and several initialisations. Restart count, tolerance and 
regularisation value are absent from the retained record and are 
not asserted here. Fig. (2) and Algorithm 1 state the intended 
procedure, which the manuscript alone does not allow to be 
fully reconstructed. 

A fitted mean is generally not a node. Each mean is moved 
to the geographically nearest topology node, and each node is 
then assigned to the nearest selected controller, so the final 
domains need not match the posterior-membership domains. 
Two means can also map to one node. 
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Algorithm 1. Statistical fitting and static controller placement 

Input: coordinates X; topology nodes V; candidate set 𝒦; EM settings. 

Output: selected mixture; controller nodes C; hard assignment of V to C. 

Procedure 

1. for K ∈ 𝒦 do: θ_K ← EM(X, K) 

2.     BIC(K) ← Eq. (3) at θ_K      // same features and covariance type for every K 

3. K̂ ← arg min_K BIC(K);  M ← {μ_1, …, μ_K̂} of θ_K̂ 

4. C ← {arg min_{v ∈ V} D(v, μ_k) : μ_k ∈ M}      // D from Eq. (1) 

5. if |C| < K̂ or some c ∈ C is not deployable: apply a collision rule and report it      // rule absent from the original record 

6. for v ∈ V do: a(v) ← arg min_{c ∈ C} D(v, c) 

7. evaluate ACL, WCL, ICL and emulation metrics on (C, a); θ_K̂ is not re-selected from them 

3.4. Clustering Metrics 

ACL, WCL, ICL and NDR describe different aspects of a 
configuration and are not combined into an optimisation 
objective. Eq. (8-11) below retain the pairwise intra-domain 
interpretation of the original equations. In particular, intra-
domain node-pair latency must not be relabelled as node-to-
controller latency. 

Average-case latency within domain k is the mean of the 
ordered node-pair delays in that domain. Let Vₖ contain nₖ nodes 
and let δᵢⱼ denote latency, rather than Haversine distance. For nₖ 
≥ 2: 

ACLₖ = [1 / (nₖ(nₖ − 1))] Σᵢ∈Vₖ Σⱼ∈Vₖ,ⱼ≠ᵢ δᵢⱼ.                     (8) 

Worst-case latency within domain k is the largest node-pair 
latency for nₖ ≥ 2: 

WCLₖ = maxᵢ,ⱼ∈Vₖ,ᵢ≠ⱼ δᵢⱼ.                                                    (9) 

For distinct selected controller nodes cₖ and cₗ, the pairwise 
inter-controller latency is: 

ICLₖₗ = δ(cₖ, cₗ),  k ≠ l.                                                     (10) 

A network-level ACL requires an explicit weighting across 
domains, and a network-level ICL requires a specified mean, 
sum or maximum across controller pairs. Singleton-domain 
handling must also be specified. These conventions cannot be 
inferred from the existing table entries. For hard assignments, 
NDR is defined by the maximum domain size relative to the 
mean: 

NDR = maxₖ nₖ / (N/K) = K maxₖ nₖ / N.                        (11) 

 

Fig. (1). Haversine geometry used to compute geographic distance between SD-WAN nodes. 
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Fig. (2). Model fitting precedes BIC selection; network metrics are evaluated after placement. 

3.5. Computational Complexity and Scalability 

Let N be the number of nodes, K the number of components, 
d the feature dimension, I the EM iterations and S the 
independent initialisations. A full-covariance EM fit costs 
O(I(NKd² + Kd³)), including covariance factorisation, with 
working memory O(NK + Nd + Kd²). Selecting among 𝒦 
therefore costs O(S ΣK∈𝒦 IK(NKd² + Kd³)), rather than the 
cost of a single fit. With d = 2 and a bounded K, each iteration 
is approximately linear in N. However, materialising all 
pairwise geographic distances costs O(N²) time and memory. 
Mapping representatives and assigning nodes each require 
O(NK) direct distance evaluations. K-Means has an 
approximate per-fit cost O(INKd); covariance modelling adds 
work, and no measured runtime advantage is claimed for GMM. 

With 33–145 nodes, the tested networks do not form a 
scaling benchmark. Runtime, peak memory, iteration counts, 
model-selection cost and coordination overhead were not 
recorded, so the orders above are analytical bounds only. A 
scaling study would need a controlled sequence of N on fixed 
hardware, a fixed K range and restart budget, and separate 

timings for preprocessing, fitting, selection and assignment. On-
demand distance evaluation and a narrower 𝒦 could cut the 
O(N²) and per-K fitting costs; neither was benchmarked. 

4. COMPARATIVE ANALYSIS 

GMM is compared with K-Means, AHC, AP and DP on the 

same three topologies and metrics, to locate where GMM gives 

better placement figures and where a baseline does; no single 

clustering model is assumed best on every objective. 

4.1. Proposed Method Implementation 

All five methods were implemented in Python 3, take the 

same geographic topology input and are scored with the same 

placement metrics (Section 3.4). Fig. (3) summarises the 

pipeline. 

Inputs are shared, but recorded controller counts are not 
(Table 2). Tables 3-9 therefore compare complete 
configurations in which algorithm, K and assignment act 
together, and shared inputs alone do not make this a controlled 
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algorithm comparison. Fig. (3) shows common evaluation 
stages, not equal controller resources. 

The benchmark has three Internet Topology Zoo networks 
[40]: TATA with 145 nodes and 194 edges, BICS with 84 nodes 
and 101 edges, and BESTEL with 33 nodes and 48 edges (Table 
1, Fig. 4). Three instances make this a case study. The networks 
are not claimed to be the largest available, a representative 
sample or evidence of Internet-scale behaviour, and their 
layouts carry no production traffic or measured control-channel 
delay. 

Each topology is represented as an undirected graph G = (V, 
E), where V is the set of network nodes and E is the set of links. 

Placement metrics are computed from the controller 
configuration produced by each clustering method. 

Table 1. Network topology details. 

Topology Nodes Count Edges Count 

TATA 145 194 

BICS 84 101 

BESTEL 33 48 

 

Fig. (3). Common implementation and benchmarking pipeline for GMM and the four clustering baselines. 

 

Fig. (4). Internet Topology Zoo networks used in the experiments: (a) TATA, (b) BICS, and (c) BESTEL [40]. 
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Table 2. Number of controllers selected for each network. 

Topology Proposed GMM K-Means AHC AP DP 

TATA 5 6 6 9 6 

BICS 6 6 5 5 6 

BESTEL 7 6 6 8 6 

Table 2 gives the recorded controller count for each 
configuration. GMM uses BIC to select its component count. 
Holding K static during a run does not make comparisons across 
different K resource-matched. The main tables retain each 
method’s native count and must be read on that basis. BICS 
provides one existing matched-count subset: GMM, K-Means 
and DP each use K = 6. That subset is analysed separately in 
Section 5.5 and Table 10. No all-method fixed-K experiment or 
sensitivity sweep is available. 

Tables 3-5 contain the reported placement-stage latency 
summaries. As explained in Section 3.4, the underlying 
equations describe intra-domain node-pair latency and pairwise 
controller latency, while their network-level aggregation is not 
documented. Table 3 reports GMM ACL values of 1217, 1138 
and 1007 μs on TATA, BICS and BESTEL. AP is the lowest 
non-GMM entry in each row at 1387, 1184 and 1101 μs. These 
are descriptive differences between the recorded configurations, 
subject to the metric-provenance and controller-count 
limitations. 

Using the lowest non-GMM ACL in each row as 
denominator, the GMM reductions are 12.26% on TATA, 
3.89% on BICS and 8.54% on BESTEL. Table 11 identifies the 
comparator and controller counts for each percentage. 

Table 4 shows that GMM has the lowest reported WCL on 

TATA (2276 μs). AP has lower WCL on BICS (2581 μs, 

compared with 3298 μs for GMM) and BESTEL (1814 μs, 

compared with 2032 μs). Relative to AP, GMM WCL is 27.78% 

higher on BICS and 12.02% higher on BESTEL. This 

counterexample prevents a claim that GMM improves every 

latency measure. 

Table 5 reports the lowest ICL entry for GMM on each 
topology: 4627, 7561 and 5487 μs. Their interpretation depends 
on whether the network-level statistic is a sum, mean or 
maximum. A sum would also depend directly on the number of 
controller pairs. The aggregation and counts must therefore be 
resolved before attributing these differences solely to more 
favourable placement geometry. 

NDR results are excluded from the performance comparison 
because the reported values could not be reconciled with the 
hard-assignment definition in (11), and the original node-to-
controller assignment data were unavailable for verification. No 
replacement values are inferred from the aggregate summaries. 

The reported latency summaries favour GMM on ACL and 

ICL, while AP has lower WCL on two topologies. The 

operational summaries are considered next. 

5. RESULTS AND DISCUSSION 

5.1. Simulation 

The experimental record lists Mininet, Cbench and 
Floodlight on an Intel Core i7 host (16 GB RAM, Ubuntu 16.04 
LTS, 64-bit), ten 15-second measurement cycles and a load of 
about 7000–68,000 host connections per switch. Not 
documented: the exact Cbench command and the meaning of 
this load parameter, link delay and bandwidth, controller 
versions, traffic generation, assignment logs, random seeds and 
baseline hyperparameters. Without execution logs, the ten 
cycles cannot be taken as ten independent placement 
replications. 

5.2. Performance Metrics 

Tables 6-9 hold the retained throughput (Req/s), RTT (μs), 
TATA utilisation and fairness summaries. The record does not 
say whether throughput is pooled or averaged over controllers, 
or how timings were collected. Utilisation and fairness follow 
Eqs. (12) and (13) [42]; the controller capacities and per-
controller observations needed to recompute them are 
unavailable. 

Uₖ = rₖ / qₖ,     Ū(%) = (100/K) Σₖ Uₖ.                              (12) 

J(U) = (Σₖ Uₖ)² / [K Σₖ Uₖ²],     J(%) = 100 J(U).              (13) 

Here rₖ is the request-processing rate and qₖ is the capacity 
of controller k, expressed in the same units. Jain’s index is 
defined when at least one Uₖ is positive. Equations (12) and (13) 
specify the intended metrics; the retained utilisation and fairness 
summaries have not been independently recomputed from 
controller-level logs. 

Table 6 reports throughput of 282.97, 278.58 and 292.67 
Req/s for GMM on TATA, BICS and BESTEL. The strongest 
non-GMM comparator is AP on TATA (270.74) and AHC on 
BICS (258.52) and BESTEL (273.28). The corresponding 
increases are 4.52%, 7.76% and 7.10%, respectively. Fig. (5) 
presents these same reported summaries without uncertainty 
intervals because per-run observations are unavailable. 

Table 7 reports GMM RTT values of 334, 297 and 328 μs 
on TATA, BICS and BESTEL. The next-lowest entries are DP 
at 397 μs on TATA and AP at 347 and 353 μs on BICS and 
BESTEL. The reductions are 15.87%, 14.41% and 7.08%, 
respectively. Fig. (6) displays the values, and Table 11 records 
the calculation denominators. 
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Table 8 and Fig. (7) cover TATA only. The BICS and 
BESTEL utilisation series were dropped: their values are 
identical across all five methods and could not be verified 
against the source data. On TATA, reported mean utilisation is 
79.72% for GMM, 68.12% for K-Means, 70.60% for AHC, 
68.40% for AP and 58.48% for DP. These values are 
descriptive, and higher utilisation is not read as an efficiency or 
load-balancing advantage. 

Table 9 reports Jain’s index as a percentage. GMM has the 
highest entry on BICS (99.98%) and TATA (99.96%). On 
BESTEL, AP has the highest value (99.98%), followed by AHC 

(99.92%), GMM (99.91%), K-Means (99.90%) and DP 
(99.27%). GMM exceeds the next-highest entry by only 0.06 
percentage points on BICS and 0.04 percentage points on 
TATA, and trails AP by 0.07 percentage points on BESTEL. 
Such near-saturation values offer limited discrimination, and 
per-controller inputs are needed to validate their calculation. 
Fig. (8) shows the retained summaries. 

Throughput and RTT favour GMM under the recorded 
configurations. Controller count, measurement aggregation and 
unrecorded settings may all contribute, so a causal effect of 
geographic clustering is not shown. 

Table 3. Average-Case Latency (ACL) in microseconds. 

Topology Proposed GMM K-Means AHC AP DP 

TATA 1217 4400 2603 1387 1495 

BICS 1138 3037 2335 1184 1403 

BESTEL 1007 4707 2118 1101 1845 

Table 4. Worst-Case Latency (WCL) in microseconds. 

Topology Proposed GMM K-Means AHC AP DP 

TATA 2276 8541 6183 3557 3557 

BICS 3298 8461 4517 2581 7526 

BESTEL 2032 4707 4737 1814 3039 

Table 5. Inter-Controller Latency (ICL) in microseconds. 

Topology Proposed GMM K-Means AHC AP DP 

TATA 4627 15422 9253 7722 6283 

BICS 7561 25205 16577 10339 10946 

BESTEL 5487 18291 10975 10339 8012 

Table 6. Average throughput (Req/s). 

Topology Proposed GMM K-Means AHC AP DP 

TATA 282.97 260.80 270.48 270.74 234.22 

BICS 278.58 232.82 258.52 254.97 238.93 

BESTEL 292.67 259.21 273.28 249.96 250.88 

Table 7. Round-Trip Time (RTT) in microseconds. 

Topology Proposed GMM K-Means AHC AP DP 

TATA 334 432 454 420 397 

BICS 297 405 404 347 371 

BESTEL 328 595 428 353 463 
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Table 8. Reported average controller utilisation on TATA (%). 

Algorithm TATA Utilisation (%) 

Proposed GMM 79.72 

K-Means 68.12 

AHC 70.60 

AP 68.40 

DP 58.48 

 

Fig. (5). Average throughput across the three evaluated topologies. 

 

Fig. (6). Round-trip time across the three evaluated topologies. 
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Table 9. Jain’s Fairness Index (%). 

Algorithm BICS  BESTEL  TATA  

Proposed GMM 99.98 99.91 99.96 

K-Means 99.8 99.9 99.92 

AHC 99.72 99.92 99.91 

AP 99.58 99.98 99.88 

DP 99.92 99.27 99 

 

Fig. (7). Reported average controller utilisation on TATA. Unverified BICS and BESTEL series are excluded. 

 

Fig. (8). Jain’s fairness index across the three evaluated topologies. 
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5.3. Statistical Interpretation 

No statistical significance is claimed. Metrics from one 

topology share placements and measurement runs, so they are 

not independent replications, and maximising controller 

utilisation is not a universally valid ranking criterion. Sections 

4 and 5 therefore report arithmetic differences only, without p-

values or inferential effect sizes. 

Three topology summaries and ten measurement cycles do 

not allow variance, confidence intervals, standardised effect 

sizes or corrected post-hoc tests to be reconstructed. 

5.4. Limitations and Deployment Considerations 

The inputs are static geographic features only, without 
demand, link capacity, failures or service-level requirements. 
Controller counts differ in most comparisons, and the K = 6 
BICS subset does not replace a fixed-K sensitivity analysis. 
Three topologies were tested, with no measured runtime or 
memory scaling. Feature preprocessing, model settings, controller 

uniqueness, placement-latency aggregation and emulator settings 

cannot be reconstructed from the record. The retained summaries 
support a descriptive case study; statistical robustness, 
generalisation and deployment performance remain open. 

Under changing demand, a geographically compact 
assignment can become unsuitable while node positions stay 
fixed. The procedure has no online monitoring, reassignment, 
controller migration or failover. An operational version would 

need capacity constraints, replanning triggers and limits on 
migration frequency, and would have to handle control-state 
transfer, synchronisation and transient disruption. These 
mechanisms and their costs lie outside the evaluated method, so 
the static results do not cover traffic shifts or controller failures. 

5.5. Matched Controller Counts and Numerical 
Reconciliation 

Only BICS provides a GMM comparison with identical 

recorded controller counts in the existing tables: GMM, K-

Means and DP all use K = 6. Table 10 recalculates the 

differences for that subset from Tables 3-5 and 6-7. This 

removes the difference in controller number for these 

configurations, but does not establish common random seeds, 

equivalent tuning, verified metric aggregation or statistical 

robustness. There is no corresponding GMM matched-count 

comparator on TATA or BESTEL in Table 2. 

Gain denotes 100(B − G)/B for latency and 100(G − B)/B 

for throughput, where B is the comparator entry and G is GMM. 

Positive values favour GMM. The percentages are arithmetic 

changes in reported summaries, not inferential effect sizes. 

K G/B gives GMM and baseline controller counts. Each 
comparator is selected separately for its metric and topology: 
the lowest non-GMM latency or highest non-GMM throughput. 
All Table 11 comparisons have unequal K. No averaging across 
different physical metrics or controller budgets is performed. 

Table 10. Descriptive BICS comparison at six controllers per method. 

Metric GMM K-Means DP Gain vs K-Means (%) Gain vs DP (%) 

ACL (μs) 1138 3037 1403 62.53 18.89 

WCL (μs) 3298 8461 7526 61.02 56.18 

ICL (μs) 7561 25205 10946 70.00 30.92 

Throughput (Req/s) 278.58 232.82 238.93 19.65 16.59 

RTT (μs) 297 405 371 26.67 19.95 

Table 11. Recalculated percentage differences from the strongest non-GMM entry for each metric and topology. 

Metric Topology Baseline (K G/B) GMM Baseline Gain (%) 

ACL TATA AP (5/9) 1217 1387 12.26 

ACL BICS AP (6/5) 1138 1184 3.89 

ACL BESTEL AP (7/8) 1007 1101 8.54 

Throughput TATA AP (5/9) 282.97 270.74 4.52 

Throughput BICS AHC (6/5) 278.58 258.52 7.76 

Throughput BESTEL AHC (7/6) 292.67 273.28 7.10 

RTT TATA DP (5/6) 334 397 15.87 

RTT BICS AP (6/5) 297 347 14.41 

RTT BESTEL AP (7/8) 328 353 7.08 
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CONCLUSION 

GMM-based geographic clustering with BIC model 
selection provides an offline procedure for proposing static SD-
WAN controller configurations. Across the reported TATA, 
BICS and BESTEL configurations, GMM has lower ACL and 
ICL than the evaluated alternatives, whereas AP has lower 
WCL on BICS and BESTEL. The reported throughput and RTT 
summaries also favour GMM. A BICS subset compares GMM, 
K-Means and DP at six controllers each, providing a limited 
comparison at a common controller count. These findings 
remain conditional on the documented measurement and 
configuration limitations. Inconsistent NDR results and 
unverified BICS/BESTEL utilisation results are excluded from 
the performance comparison, and no statistical or load-
balancing superiority is claimed. Further evaluation should 
examine fixed controller budgets, verified assignments, 
independent repetitions and dynamic operating conditions to 
determine when this static planning approach offers a practical 
advantage. 
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GMM = Gaussian Mixture Model 
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Reinforcement Learning-Based Heuristic 
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SDN = Software-Defined Networking 
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