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Abstract

The reliability of the power supply depends heavily on the ability of operators to
quickly detect and classify voltage disturbances. In the context of Congo-Brazza-
ville, structural limitations in communication infrastructure make this challenge
particularly complex. This article proposes an innovative approach combining an
ANTFIS neuro-fuzzy system with a hybrid remote transmission architecture com-
bining fiber optics, 4G/LTE, and VSAT. The model is based on the joint integra-
tion of electrical indices (RMS values, symmetrical components, THD) and net-
work quality of service metrics (latency, jitter, losses) into fuzzy premises, in or-
der to strengthen decision-making robustness in the face of heterogeneous trans-
mission conditions. MATLAB/Simulink simulations demonstrate that ANFIS
significantly outperforms conventional RMS threshold and ANN approaches:
classification accuracy reaches 97.8% over fiber and remains at 94.3% over 4G
and 88.6% over VSAT, with a median detection delay reduced to 12 ms over fiber
and 41 ms over 4G. This performance complies with regulatory recommenda-
tions (EN 50160, IEC 61000-4-30) and confirms the value of near real-time de-
ployment. Beyond the experimental results, the study paves the way for the mod-
ernization of African electrical grids by combining artificial intelligence and com-
munications resilience. It establishes a credible scientific basis for the implemen-
tation of Smart Grid solutions adapted to constrained environments.
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1. Introduction

The quality of electrical energy is now a major challenge for transmission and dis-
tribution networks, particularly in developing countries where continuity of ser-
vice directly affects economic and social stability. Among the most common and
damaging disturbances are voltage sags and swells. These transient phenomena,
caused by short circuits, switching operations, or load imbalances, lead to unex-
pected shutdowns of industrial equipment, production losses, and accelerated
degradation of sensitive equipment. In a context where critical infrastructure is
heavily dependent on electricity (hospitals, telecommunications, extractive indus-
tries), the economic and operational impact of sags and swells is considerable [1]-
[3].

In Central Africa, and more specifically in Congo-Brazzaville, the high-voltage
electricity grid has several structural characteristics that increase its vulnerability
to these disruptions. On the one hand, the topology of the grid, characterized by
long lines with high exposure to the elements, promotes the occurrence of transi-
ent and permanent faults. On the other hand, regional disparities in fiber optic or
cellular network coverage make it difficult to implement reliable real-time moni-
toring systems. These constraints limit the effectiveness of traditional monitoring
solutions, which are generally designed for interconnected and densely equipped
networks such as those in Europe or North America [4]-[7].

Traditional approaches to disturbance detection based on fixed thresholds,
root mean square (RMS) calculations, or spectral transforms are not well suited
to Congolese environments. Their sensitivity to noise, inability to capture rapid
variations, and lack of intelligent classification mechanisms reduce their relevance.
Furthermore, these methods often assume stable and consistent data transmission,
which is far from guaranteed in a context of heterogeneous connectivity [8]-[10].

Given these limitations, artificial intelligence systems, and in particular ANFIS
(Adaptive Neuro-Fuzzy Inference System) models, offer a robust alternative. AN-
FIS combines the learning capacity of neural networks with the linguistic repre-
sentation flexibility of fuzzy logic, enabling accurate and uncertainty-tolerant de-
tection, classification, and characterization of disturbances. However, the effective-
ness of this diagnosis depends on the continuous availability of reliable data, which
requires a resilient communication architecture [4] [11]-[13].

It is with this in mind that the adoption of an adaptive hybrid transmission system
integrating fiber optics, 4G/LTE, and VSAT is essential. This architecture allows us
to take advantage of the complementary strengths of these technologies: low latency
fiber for urban areas, flexible 4G for suburban areas, and universal VSAT coverage
for remote regions. By dynamically prioritizing flows according to their critical-
ity and automatically switching over in the event of failure, this hybridization ensures
continuity of monitoring and robustness of ANFIS diagnostics [14]-[19].

In this paper, we propose a comprehensive methodology for the intelligent de-
tection of voltage dips and surges in the Congolese high-voltage network, based

on the integration of an ANFIS model and a hybrid communication architecture.
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The main contributions of this article are as follows:

* the development of a synoptic pipeline linking field measurement, hybrid
transmission, and ANFIS diagnostics;

* the implementation of an adaptive routing and automatic failover mechanism
to secure critical flows in heterogeneous environments;

* Modeling and simulation in MATLAB/Simulink of the transmission chain and
ANTFIS diagnostics, validating the accuracy and robustness of the approach;

* the study’s focus on the real-life case of Congo-Brazzaville, offering an applied
and contextualized scientific contribution to the challenges facing African net-
works.

This original combination of neuro-fuzzy intelligence and hybrid transmission
paves the way for more reliable and intelligent supervision of high-voltage net-
works in Africa, and is an important milestone towards the implementation of

resilient Smart Grids in constrained environments.

2. Literature Review

2.1. Voltage Disturbances in High-Voltage Networks

Voltage fluctuations mainly occur in the form of sags and swells. Here, we for-
mally link the time model of the signal to the sliding effective value and the nor-

mative classification criteria. We model the voltage of a phase using a slow enve-

lope sinusoid:
V(1) = V2V, (146 (2))sin(eot), (1)

is the nominal RMS voltage (50 Hz in Congo, @ =2nf )and &()
describes the relative (dimensionless) deviation of the amplitude from the nomi-

where V.

nom

nal value. Thus, §(z)=0 corresponds to normal conditions; &(7)<0 indi-
cates a decrease in amplitude (sag) and & (t) >0 indicates an increase (swell).

The sliding effective value is defined by

V(1) = [V (0)dr, 7 =22 @

We introduce the quantity pu u(t) =V, (¢)/V,,, - By setting

S, (1) =% [ 6(c)sin® (wr)dr, S, (1) =% [ (c)sin* (0r)dr  (3)
we have the identity
u’ (£)=1+28,(£)+S, (¢). (4)

If the envelope is quasi-stationary over a period (5(7)~5(¢) for
re[t,t+T]), then

u(t)=‘1+§(t)‘ zl+5(t) (pour|5| < 1), (5)
In the first order (minor deviations), we obtain the linear approximation
u(t)zH—S1 (t), (6)
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that is, u(z) is governed by the weighted average of & over the window,
weighted by sin® . The normative criteria are naturally expressed in pu via
u(t) =V s (t)/Vnom :

sag:u(r) €[0.1,0.9] over an interval Ar €[0.5T,a few seconds], 7)

swell :u(¢) €[1.1,1.8] on the same type of interval. (8)

Under the quasi-stationary assumption (5), these conditions can be rewritten

(approximately) in terms of relative deviation:

sag < &(1) €[-0.9,-0.1], swell < &(¢) €[+0.1,+0.8]. 9)

In the first order (6), the decision depends on the weighted average S, (¢),
which justifies the use of a half-period moving RMS to track the evolution of
u(t). The entry/exit times (z,,,¢,,) are defined as the first times at which
u(t) crosses the thresholds of (7) (8) in a sliding window; the duration is
At=t , —t, . For robustness in the presence of noise, hysteresis thresholds
u, <0.9<u, (resp. 1.I< MI < U% <1.8) are introduced.

In order to avoid decision oscillations. Equation (4) shows that classification
depends on a local average of the amplitude deviation; long, weakly redundant
HT lines (Congolese case) favor sequences & (t) that are consistent over several
periods, making (5) applicable and detection reliable, provided that updates are

made at half-period intervals and noise filtering is applied.

2.2. Conventional Detection Methods and Their Limitations

Traditional approaches are mainly based on: sliding RMS thresholds, spectral es-
timation (DFT/FFT) of the fundamental frequency, and time-scale analysis (wave-
lets). Their principles are outlined below, and explicit decision rules and their in-
trinsic limitations in the context of African/Congolese high-voltage networks (het-
erogeneous infrastructure, measurement noise, intermittent transmission) are de-
rived from them [8]-[10].

2.2.1. Sliding RMS Thresholds
A signal is observed

v[n] =V, (1+8[n])sin(@nT, +¢)+nn], (10)

where ‘5 [n]‘ measures the amplitude deviation (drop/surge), n[n] isadditive
noise (zero-mean, variance o’ ). Over a window of N samples, the RMS esti-

mator is

~ 1 k 5
Vs [€] = v kzN lv [n]. (11)

For a 50 Hz network, a relative threshold = (e.g., r=0.10)and a minimum
duration Az (e.g., 2 half-period) are set. The simple rule is
I}n'ns [k] - I/nom
—

nom

>7 during > At (12)
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If §[n]=6 isconstant over the window and 7[n] is negligible,

IE{I}rmS] =V

Thus, a decrease of 20% ( 5 = —0, 2 ) shifts the estimate by approximately —20%.

1+6]. (13)

Noting that ﬁ’:%sz [1n], we have (approx.) Var(f’) z%Var(vz); under

pure sine plus white noise, I}rms = \/; and, by the delta method

Var(P)

Var(7,, )~ , P=V2 +o°. (14)

nom

The absolute threshold 7' =7V, / V2 gives

PFA ~Q __r , (15)
Var(I}ms)

where Q(-) is the Gaussian tail function. Therefore, for a given noise level o,
longer windows (large N ) are required to maintain the FAL (false alarm rate un-
der noise), at the cost of a minimum detection delay > (N —1)7,. This strategy
suffers from a detection delay linked to the window, high sensitivity to impulse
noise and brief dips, ambiguities with inrush/switching, and fixed thresholds that
are not very robust to slow driftsin ¥V, . Figure 1 shows the evolution of the

nom

moving average over a time window 7', sampled at intervals of 77/2.

(t) T
1 RMS Wind! _VV_LT) Nominal amplitude
1 1
C o Ve
- o
! 1
! 1
. 1
X t
! E v Amplitude en sag
1 1 : : 0-6 Vnom
e e — o
T/2
Nominal u =1 L L
t
Ség U= Ob

Figure 1. Moving average value over a period (7) with a step size of 772.

2.2.2. Frequency Estimation (DFT/FFT) of the Fundamental
The fundamental complex amplitude is estimated by the DFT on N points:
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N-1
Al — Z V[n]e—jZTm/N. (16)
n=0

z [

Detecting a drop/surge is equivalent to testing.

4] (1% 7)o

(17)

If the actual frequencyis f, +Af (slip), the modulus is attenuated by the spec-
tral leakage via the Dirichlet kernel:

A~ A sm(nNe) oo _g (18)

s lein(ne) T 1

So even without defects, a slight Af* (common in Central Africa, where speed
regulation can fluctuate) biases ‘1211‘ and causes false detections. Furthermore, an
amplitude discontinuity in the window amounts to convolving the spectrum by
the TF of the window (side lobes) —> overestimations or underestimations dur-
ing transients. This approach requires an integer number of periods or apodized
windows (leakage/bias compromise), remains sensitive to frequency fluctuations

and harmonics, and induces a delay at least equal to the window.

2.2.3. Wavelet Analysis (DWT/CWT)
The CWT of v(z) byamother wavelet y is

M(a,b)zﬁjkv(t)w* (%)dt. (19)

A voltage dip of size S attime #, (Heaviside step model) generates maxim-
ized details |Wv (a,b)| for b=1t, andscales a comparable to the duration of

the front. With a Gaussian-derived wavelet, we obtain analytically

Wv(a,b)ocSl//(tO;b), (20)

which forms the basis for a robust decision rule in the face of rapid changes. Per-
formance depends heavily on the choice of y and the scales {a} (sensitivity to
high-frequency noise), suffers from side effects that can lead to false alarms near
windows, and struggles to classify simultaneous faults (e.g., dip + harmonic) with-

out a learning layer.

2.3. Contributions of Artificial Intelligence and ANFIS

Al methods for energy quality are typically divided between artificial neural net-
works (ANN), which are powerful but difficult to interpret, and fuzzy systems,
which can be explained by linguistic rules but require expert engineering of sets.
ANTFIS (Adaptive Neuro-Fuzzy Inference System) combines these two paradigms:
machine learning and explainable rule structures, which is particularly relevant in
a heterogeneous Congolese context (noise, losses, variable latency). Let x¢€ R?

be the characteristic vector (e.g., x:[u,u,duration,f) avc"”] ). Consider M

%

Takagi-Sugeno fuzzy rules:

R, :Six est A A---Ax, est A, alors f, (x)=a, x+b, (21)
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(xm - Ck,m )2
with Gaussian membership functions 4 (xm ) =CXp —0_—2 . The nor-
k,m
malized strength of rule % is
d
_ et e (X,
7, (1) - et (22)
Zzzlnmzl Him (xm)
and the ANFIS output is
M
y(x)=2w, (x)(a,jx+bk). (23)
k=1

Hybrid learning:
(i) conditional least squares for {ak,bk} , (ii) gradient descent for premises
Cheom> Olkem
Sensibilisation la QoS de transmission:
In the presence of fiber/4G/VSAT channels, we aggregate QoS ¢ €[0,1] (nor-
malized latency, availability, losses) and modulate the bandwidths:

Uk,m (q) = G/E(,)rl (1+ﬁk,m (l_q))’ ﬂk,m 2 0 (24)

When QoS deteriorates (g 1), the sets expand (increased uncertainty), and the
decision becomes more cautious; conversely, ¢ T narrows the sets and rein-
forces the dominant rule. This adaptation reduces false alarms related to degraded

transmissions, while maintaining interpretable rules.

3. Case Study: Congo-Brazzaville High-Voltage Grid

3.1. Overview of the Congolese Electricity Grid

The Congolese grid is based on 220 kV and 110 kV lines connecting hydroelectric
power plants (Imboulou, Moukoukoulou, Liouesso) to consumption centers in Braz-
zaville and Pointe-Noire. Consisting mainly of overhead lines crossing rural areas, it
remains vulnerable to weather events and voltage disturbances. The low structural
redundancy increases the risk of load shedding in the event of a fault, hence the need
for an intelligent monitoring system to quickly detect sags and swells. Figure S1, in
the appendix, illustrates this network and its strategic nodes.

3.2. Operational Constraints of the Congolese Network

The Congolese network faces challenges in terms of communication and power
quality. Connectivity varies greatly: fiber optics in urban areas, intermittent 3G/4G
in suburban areas, and VSAT in remote areas, requiring a hybrid architecture. In
terms of electricity, the most frequent disturbances are voltage sags and swells,
which are transient but critical phenomena for sensitive equipment, justifying the

implementation of rapid and reliable detection.

3.3. Justification Du Choix Du Cas Congolais

Congo-Brazzaville is a representative case study due to its expanding high-voltage
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Noeud1

network, which is subject to recurring disruptions, its heterogeneous communica-
tions infrastructure (fiber optics, 4G/LTE, and VSAT), and its critical need for ser-
vice continuity in the industrial and hospital sectors. Figure S1 shows the complete
diagram of the Congolese electricity network, while Figure 2 illustrates a portion
extracted and used for simulations. The assumption is that the results obtained on
this subnetwork can be generalized to the entire system, thus providing a robust
basis for evaluating the ANFIS diagnosis coupled with hybrid transmission.

Noeud4 =
s Loyl Charge1
e

Noeud3

A
ZFT}\ Charge2

Noeud10

Noeud7

Noeud6 Noeud9

=

oeud11 Charged

NGO
5
T Noeud12

Charge6

b b o mrq—{\
A
]

Noeud13 L6

Figure 2. Excerpt from the Congolese electricity grid selected as a case study.

The numerical data used for modeling comes from the Congolese 220 kV net-
work and is compiled in the appendix (16). They include transformer character-
istics (T'able B1), the distribution of active and reactive power per node, expressed
in p.u. with a loss margin of 2 % (Table B2) and line parameters and their trans-
mission capacities (Table B3). Regarding Table B1, the values reported include
an estimated loss margin of 2 % on the active and reactive power generated, in
order to reflect realistic conditions in a high-voltage network in operation. This
assumption provides a more representative distribution of loads between nodes,
particularly for Djiri, where the remaining power is concentrated. However, it
should be noted that the loss-free balance has also been verified, confirming the
consistency of the model since the sum of the loads expressed in p.u. corresponds

exactly to the injected generation.

Dataset Specification

The dataset used to train and evaluate the ANFIS model consists of 1,200 labeled
sequences, including 400 normal events, 400 sags, and 400 swells, generated from
the Congolese 220 kV grid model with injected disturbances. To ensure robust
evaluation, the data were randomly split into 70% for training, 15% for validation,
and 15% for testing. This separation prevents data leakage and allows a statistically

meaningful assessment of the model’s generalization capacity.
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4. General Methodology

This section brings together the complete diagnostic chain: (i) acquisition and
preprocessing, (ii) adaptive hybrid transmission (fiber/4G/VSAT) with QoS rout-
ing and hysteresis switching, (iii) extraction of electrical and network characteris-
tics for ANFIS.

4.1. Acquisition and Measurements

Three-phase voltages and currents are measured via CT/VT compliant with IEC

60044-1 and acquired by an RTU at f, €[10,20] kHz. Local preprocessing cal-

culates the following quantities over windows of one period with 50 % overlap:
Vims
V.

nom

u =

. (£4.1,,1,) (composantes symtriques ), THD,, 11 £ c(ii_z: (25)

A correction for bias/variance due to noise is applied, and windows are validated

if N/N>n,_, .

4.2. Data Transmission in Power Grids

Intelligent supervision requires reliable and predictable data transport between
the field and the control center. We consider three complementary technologies:
fiber optics (minimal latency, limited coverage), 4G/LTE (flexible, variable la-
tency/jitter), and VSAT (near-universal coverage, high latency). We first formal-
ize the quality of service (QoS), then derive a hybrid routing scheme consistent
with the criticality of ANFIS flows. To ensure optimal routing, each ANFIS flow
P is assigned to a communication link R; according to its quality of service

(QoS) profile and criticality, as shown in Figure 3.

C; =argmax U; j, U;;=R;— /\l{Cj < d;}
)

Rj=a(l-1)+BD; ++(1-p;) (a+B+y=1)

(Critical flow P, = 3
kVa, ‘/b; ‘/:27 Ia7 Ib; Ic, 107 Il,

5 < . fiber
| D1 Ry ~ 2.8 »| Ty ~0.01, D~0.99, pa0.001

I2J Rgp ~ 0.92

\synchro/ACK/CRC

fSemi-critical flow P, =2

L logs, MAJ, archivage

rNon-critical flow P; =1

) 4G /LTE
fite~0.15, D~0.95, pa20.01

Ryte = 0.74

Routing Policy

— admission par seuil 7, (P) (fiber reserved for flows P = 3)

— single-path selection C} = argmax; U; ;
— optional duplication fo P = 3
— switch with hysteresis if R; fall under .

~ VSAT
To0s 0.6, D~0.98, p~0.02

Rsat =~ 0.40

Figure 3. Routing based on link QoS (Rj ) and flow priority ( Pl ).

4.2.1. Link-Based QoS Model
For each link j e {fib,lte,sat}, the random latency 7, the unavailability (com-
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plement of availability) 1-D,, the loss rate p,, and the jitter o} ; = Var(T /.)

are observed. The latency is normalized by

E|T |-t
7 =clip[#,o,1], (26)

=1 ms, £ =1 5s).

max

where 7, and f , are engineering bounds (e.g., !

X mi

The metrics are then aggregated into a scalar QoS index
R, =a(1—fj)+,8Dj +)/(1—pj), a+p+y=1 a,pB,y>0, (27)

optionally complemented by a capacity safeguard ¢, via Rj < Rj 'I{C ;2 di}
for a flow with required throughput d,.

4.2.2. Priority Routing (Single-Path)
Eacss flow f, (critical, semi-critical, non-critical) is assigned a priority
P, €{3,2,1} and the utility is defined as

U, =R -M{c,<d| (28)

where A is a strong penalty if the capacity is insufficient. The single-path as-

signment then follows

1

Cr =argmaxU, , (29)
J

with a service threshold constraint RC_* 2 Vi (P, ) (the higher the priority, the

higher the required 7, ). This rule is equivalent to an admissibility filter

min
(Rj >r

min

) followed by a utility-based selection. See Figure 4 (QoS/priority rout-
ing).

Crypté P - R

critique

Fibre

Y

Crypté Py R

semi-critique
—_—

4G

Y

Crypté Ps-R;
faible

y

> VSAT

Figure 4. Graph illustrating ANFIS flows, channels, and values of F.-R e

4.2.3. Multi-Path Extension and Redundancy

For critical flows, controlled duplication is allowed over a subset
J < {fib,lte,sat} in order to reduce delay and increase the probability of delivery
before a deadline T;,.Ifthedelays T, areindependent, the first-arrival lawyields
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P{I}E}ITJ St}:l—H(l—FTJ, (1)), (30)

jed

where F 7, denotes the CDF of T} . In particular, for a deadline Ty,

P{delivered before 7, } = 1- [ (1- 7, (7, )) (31)
JjeJ

temporal reliability

and the expectation satisfies E[min jeg TJ <min i E[TJ . The redundant alloca-

tion is determined by

max IP’{IJIB}lTJ < TD} s.C. %Costj < budget,
je

jl S Jmax * (32)

In practice, the K best links in terms of R, are selected (fiber first, then 4G

if available), while VSAT is reserved for cases of coverage failure, given its high

0.9 —

Prob. F(t)

03—

0.2

0.1 —

latency.
1 Tégende " T-ymbinaison (min) |
— 1-\prod(1-F_j) \approx 0.99
ore
Fup(Tp) ~ 0.95
4GILTE |
VSAT,
Fie(Tp) ~ 0.75
F o (Tp) ~ 040

t (normalisé)

Figure 5. Probability of delivery before deadline T}, in single- and multi-path routing.

Due to controlled redundancy (flows with P = 3), this motivates duplication
over fiber and 4G, with VSAT used only as a last resort (degraded mode). See
Figure 5.

4.2.4. Failover with Hysteresis (Anti-Flapping)
Let j, denote theactivelink at time ¢.Two thresholds are defined, 7, <r.The
policy is

if R, (t) <rn =j, carg m;c_ix R, (t) such that R, (t) 27y (33)
and j, remains unchanged as long as RJ} (t ) 21| . The hysteresis r—r >0

prevents rapid oscillations under jitter. It ensures jitter absorption and alignment

of measurement windows (half-cycle RMS). In other words, switching occurs
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when the active link falls below 7, and recovery is triggered only when it rises

above 7. See Figure 6.

! ‘ Légende T ripre
4GILTE

ffffffff Seuils d'hystérésis

0.6 [—

QoS Ry(t)

0.2

Bascule vers 4G/LTE
| | | | Retour vers fibre | |

Figure 6. Failover with hysteresis.

4 5 6 7 8 9 10 11

4.2.5. Synchronization and Reconstruction

Received packets are buffered in FIFO and reordered using timestamps (PTP over
fiber, NTP over 4G/VSAT). The re-time process, based on a Kalman filter, com-
pensates the estimated offsets Az , ensuring temporal consistency of the half-cy-
cle RMS windows used by ANFIS.

4.2.6. Interpretation (Case of Congo-Brazzaville).

In urban areas, fiber maximizes R, (latency \’ , losses \’ , D ) ) and becomes
the carrier for critical flows. In peri-urban zones, 4G serves either as the primary
link or as redundancy depending on radio load (jitter o, ), while in isolated
areas VSAT ensures minimal connectivity. The optimization (32) then selects ei-
ther (lte,sat) or (fib,sat) depending on availability, while maintaining the
probability of delivery before T, via (30). This coupling of ANFIS + hybrid rout-
ing provides a stable diagnostic despite heterogeneous and intermittent chan-

nels.

4.3. Feature Extraction for ANFIS

The input vector ¢ concatenates both electricaland network indices:

I 1
¢ =| u,u,duration, THD,, |[!|j—|g ’|Il||—2+|g’RC* 20 o Pes } (34)

The target outputs are {y,. ., Ves» Vs - The ANFIS (Takagi Sugeno of order 1)
employs with hybrid learning (LSE + gradient). The widths of the fuzzy sets are
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modulated by the QoS (cf. o, (¢) defined above), which makes the decision
robust to link degradations.

The sizing of data flows required to feed the ANFIS model, as well as the com-
patibility of transmission technologies (Fiber, 4G, VSAT), are detailed in Annex
7 in Table Al and Table A2. This analysis includes the computation of useful
throughput after local preprocessing, QoS constraints, and usage recommen-

dations according to diagnostic scenarios.

4.4. Technical Architecture and Decision Logic

Figure 7 presents the technical architecture of the PQ detection system as

Local preprocessing
< RMS 1T (step 1'/2), symmet-
rical components, wavelets

Signal generator
v(t), i(t) (50 Hz, injected faults)

analog flows —

. . QoS parameters
Encoding / Quantizer R=o- g + BD +~(1 —p)
sampling fs, resolution @ bits hysteresis 7|, 74

frames / packets

Hybrid channel
latency T, jitter o, losses pjoss
selection: Fiber / 4G / VSAT

received packets

Buffer & alignment
< B > pur + kor; re-
sequencing by timestamps

FIFO buffer & re-sequencing
timestamps (PTP/NTP), sliding W

aligned windows

Y

Hybrid learning
ANFIS < LSE (consequents) +

features — TSK rules — output gradient (premises)

events

\]

Operator / SCADA feedback
< alarm, timestamp-

ing, acknowledgment

Decision / Alarms
detection, classification, logs

Legend
functional block hybrid channel
(Fiber/4G/VSAT) | data flow

Figure 7. Simulink processing chain.
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implemented in the Simulink environment. It details the functional blocks used to
simulate the behavior of the power network, encode the signals, inject faults, and
transmit the data through a hybrid channel (Fiber, 4G, VSAT). QoS parameters
(latency, jitter, loss) are integrated into the processing flow, influencing the quality
of the aligned windows before their injection into the ANFIS model. The latter
applies hybrid learning (LSE + gradient) to produce decision outputs, which are
then exploited by the alarm module. This figure allows one to visualize the com-
plete processing chain, from signal generation to event detection, while account-
ing for transmission and synchronization constraints. Figure S2, placed in the ap-
pendix, illustrates the functional logic of the PQ detection system based on ANFIS.
It highlights the chronological sequence of processing steps: electrical measure-
ments, feature extraction, hybrid transmission with QoS simulation, temporal
alignment, and finally neuro-fuzzy classification. The output of the model is struc-
tured into two branches: binary detection (normal/fault) and fault-type classifica-
tion (SAG or SWELL), with binary state encoding (000, 111, 110). This conceptual
representation complements Figure 7 by showing how the extracted features are
exploited to produce a robust decision, even in the presence of network disturb-

ances.

5. Proposed ANFIS Model

Figure 8 presents the internal structure of the ANFIS model used for intelligent
detection of voltage disturbances. It shows the succession of layers (inputs, mem-
bership functions, rules, fuzzy outputs, and defuzzification), illustrating how elec-
trical signals are transformed into a reliable fault diagnosis.

To ensure fairness in comparison, the artificial neural network baseline was im-
plemented as a three-layer multilayer perceptron (MLP) with an input layer of nine
features, one hidden layer of 20 neurons with ReLU activation, and an output layer
of three neurons for classification. Training was performed using the Adam opti-
mizer with a learning rate of 10~, mini-batches of 32, and 100 epochs. This configu-
ration provides sufficient representational capacity without overfitting, thereby es-
tablishing a fair benchmark against the ANFIS model. This section formalizes the
ANFIS used for detection y,, €[0,1], classification 'y, e {sag,swell,normal} ,
and a severity index y,, €[0,1]. The inputs aggregate both electrical features
and transmission metrics (QoS), which makes the decision sensitive to the fi-
ber/4G/VSAT context.

5.1. Inputs, Robust Normalization, and Outputs

The input vector is defined as ¢ e R :

@ =| u,u,duration, THD ﬁMR o 35
=|u,i, T e e e oo Pes (35)

T

where u=V_ [V, u=du/dt, Rc* € [0,1] denotes the QoS of the active link,

and (o,,p) representits jitter and packet loss rate.

om >
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Figure 8. Internal structure of the ANFIS model used for voltage fault detection.

Robust normalization (noise/missing-packet tolerance).

For each valid window ( N // N 2n_. ), arobust Jocal normalization is applied:

p, =" i, =median(g,), &, =14826MAD(g,), (36)
+e n

(MAD: median absolute deviation). Here, &

,  SErves asan uncertainty meas-
n

ure to weight the learning process.
Multi-task outputs.
Three ANFIS heads are used (layers 13 shared, consequents task-specific):

J;det € [0’1]7 j)cls € RS’ j}sev € [071] (37)

with class probabilities obtained via softmax (y,,) -

5.2. Five-Layer Structure

Let M denote the number of normalized inputs 4 and R the number of
rules. The ANFIS follows the standard five-layer architecture:
* Layer 1 (membership): for each rule r and dimension m,

(=)

202

r,m

n

Hom (8,

) —exd — , 0, =0 (1+ 8., (1-9)), (38)

where g e[0,1] isa global QoS index (higher QoS => larger ¢ ).
* Layer 2 (firing strength): rule activation for

w, =114 (4 (39)
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L= w(q(") ) g (xldetBCE (J’((Q V) )+ 44CE (softmax (yils) ) , ycl& )+ A

neB

* Layer 3 (normalization):

_ w,
w. = ——— (40)
Ze’:l W
* Layer 4 (TSK-1 consequents): for each task g e {det,sev,clsl,cls2,cls3},
~ M ~
10(8)=ay)+ X a4, (41)
m=1

* Layer 5 (aggregation): weighted TSK output:
7 (g)= ZWf(" (4)- (42)

Substituting (41), we obtain:

39(3) =37, [af)j’, 3 A j”j. (43)

5.3. Fuzzy Rules (Sag/Swell/Normal): Interpretable Template

The proposed ANFIS employs 27 fuzzy rules derived from three membership
functions per input dimension. Gaussian membership functions were initialized
with centers equally spaced in the normalized input range and widths propor-
tional to the input variance. During training, parameters were refined using the
hybrid algorithm. For illustration, one interpretable rule is: /F u is Small AND
Duration is Long AND |1,|/|1,| is Large THEN Fault = SAG. This template con-
firms that the model preserves linguistic interpretability while adapting parame-
ters automatically. The centers ¢, , and widths o, , arelearned, but for inter-

pretability the rules are grouped into families:

Sag: (u Small) A (duration Medium / Long) A ['1 o Large or u Large]

4| |4

Swell: (u Large) A (duration Medium / Long) A (THD, Moderate) .

Normal: (u ~ 1) A (| Small) A U 0|| ||] || j
I I
5.4. Hybrid Learning: Offline and Online

Multi-task Loss Weighted by QoS.
Over a batch B, the objective minimized is

y&EV ybCV ) (44)

B

where W((]):C] (B <[0,2]) down-weights windows with poor QoS, and

g(n) € {0,1} invalidates windows with N'/N<n,, .

Offline (Pre-training).
Classical ANFIS alternation:
(9)

1. Consequents {am’,} by weighted least squares (LSE), conditional on the

premises (Layers 1-3 frozen).
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(Robust normalization,

= Layer 1
4 — | Membership ptr,m (Gaussian) —>[
(electrical + QoS) QoS modulation: o(q)

QoS modulation)

2. Premises {C,A,m,O',.!m} by gradient descent on £ (Eq. (44)), with regulari-
zation.

Online (Lightweight Adaptation).

On real streams, the consequents are slightly adjusted by RLS with forgetting
factor 5 €[0.98,0.995]:

__Bw L _Twd o w1 45
& Aris +l//[T})t—1!//t Y |:Wl¢ "ad 1] ’ (4
0,=0_+K (yt -y, 6., )> P = s (Pt—l -Ky, P, ) (46)

The premises are either frozen or updated with a step size 7; proportional to
g in order to avoid learning under degraded QoS. The input/output functional

scheme is given in Figure 9.

Layer 2 Layer 3 Tayer 4 Layer 5
Firing strength w, ] ’ [ Normalization @y > TSK-1 consequents £{? > Weighted sum 2w, 79

A

Teev

Weighted TSK output,

softmax(3,)

Figure 9. Complete functional diagram of ANFIS with its five layers.

6. Simulation
6.1. Diagnostic System

The diagnostic system is based on a two-level architecture implemented in Sim-
ulink 2023. The first level performs binary fault detection (output 1 in case of
anomaly, 0 under normal conditions), while the second focuses on identification
and localization, discriminating between sags, swells, and interruptions. The fuzzy
logic approach uses a manually designed .fis file whereas the neuro-fuzzy (ANFIS)
model is obtained through supervised learning, thereby enhancing both the accu-
racy and the autonomy of the diagnosis. Figure 10 shows the diagnostic system
architecture, including three scenarios: a healthy electricity network (Figure
10(a)), a power grid with voltage drop (Figure 10(b)), and a power grid with surge
(Figure 10(c)).

This modular and interpretable architecture provides a solid foundation for the
deployment of intelligent monitoring systems in African power networks, where
reliability and ease of implementation are essential criteria. It enables rapid adap-
tation to local conditions while maintaining algorithmic rigor consistent with in-
ternational standards.

Figure 11 illustrates the detector response during a sequence comprising a
voltage sag (SAG) followed by a voltage swell (SWELL). The sliding RMS, nor-
malized to V,_,
to the EN 50160 reference thresholds (0.9/1.1 p.u.). This configuration enables

rapid and standards-compliant identification of voltage disturbances. The first

and computed over a one-cycle window (20 ms), is compared

two panels show nearly symmetrical three-phase voltages and currents during

DOI: 10.4236/sgre.2025.168009

163 Smart Grid and Renewable Energy


https://doi.org/10.4236/sgre.2025.168009

Nianga-Apila et al.

- —
» —* rp—
» s frecqustrice su G1 - —* s dracquance oy G1 _|_.
M - M A—t—=
. T s Duaplay34 1 trequence au G2 -
Detection du defaut
Detecton du defaut -
N - Baia de b | -—I_. — e 4'_’
E e st —l ) m perte dequipement| —|
» Ir du defaut
Indentification du defaut
m U gefau -
J
[ 1 (]
¥ J— Oy g G0 -
Duspiayls
(a) Healthy electricity network (b) Power grid with voltage drop
"
Ly fauit detector
» 1a froquence au G1 _I_.
M —t—=3 [:]
N Deaplay4 1a froquence au G2
Detection du defaut
N - [ —J_.
perie Jequpement —|—.
" n Jm et Indentification du defaut
Diaplay3t
(c) Power grid with surge
Figure 10. Diagnostic system architecture.
5% 10* Tensions (3 phases)
T 1
: | :
E | X f Ve
2 ' ! ' R
s ———data2
- | : } | —— — datad
5 | | | | | | —— — data4
0 0.05 0.1 0.15 0.2 0.25
Courants (3 phases)
200 — ! } [
g Wﬂ\ W |
= I |
g of
3 |
6] |
-200 \—/ | | I
0 0.05 0.1 0.15
RMS glissant & seuils
12 - u
S S S g o
%
i I o o o o ] - o | - - - - -
= 08 |
! ! | !
0 0.05 0.1 0.15 0.2 0.25
Chronologie des états
110 (SWELL) T T T T
3
8 111 (SAG) — —
000 (NORMAL) L ! |
0 0.05 0.1 0.15 0.2 0.25
Temps (s)
Figure 11. SAG/SWELL detection.
DOI: 10.4236/sgre.2025.168009 164 Smart Grid and Renewable Energy



https://doi.org/10.4236/sgre.2025.168009

Nianga-Apila et al.

most of the record, corresponding to nominal operation. Deviations appear
around 7=0.10s and?~0.20s, where the regime briefly departs from steady
state.

The third panel shows the per-phase normalized sliding RMS relative to the 0.9
and 1.1 p.u. thresholds. A drop below 0.9 p.u. indicates a SAG, while an excursion
above 1.1 p.u. indicates a SWELL. In this sequence, a SAG is observed between
0.10 and 0.16 s (minimum =0.85 p.u.), followed by a SWELL between 0.20 and
0.24 s (maximum =1.20 p.u.). In both cases, the detection latency is less than one
cycle (20 ms), and the chronology shows no chatter near the thresholds, which
confirms a robust tuning of the window and hysteresis.

The bottom panel provides the coded chronology of states: 000 (NORMAL)
predominates, interrupted by 111 (SAG) over 0.10 - 0.16 s, and by 110 (SWELL)
over 0.20 - 0.24 s. The three phases cross the thresholds synchronously, corrobo-
rating a symmetrical event and a consistent per-phase classification.

Overall, these results validate the systems ability to segment, timestamp, and
encode disturbances (SAG/SWELL) with field-compatible responsiveness. The
joint visualization of electrical quantities and coded states provides an immedi-
ately interpretable diagnosis and supports targeted intervention, generalizable to
industrial or urban contexts where service continuity and supply security are crit-
ical. Thus, the accuracy of SAG/SWELL classification by ANFIS is directly condi-
tioned by the latency and reliability of the studied channels.

6.2. Transmission Performance Analysis and Impact on Detection

Figure 12 shows the evolution of average latency as a function of channel occu-
pancy for the three communication technologies used in the proposed system: fi-
ber optic, 4G/LTE, and VSAT. Fiber optic stands out with an almost constant la-
tency, below 5 ms, independent of channel load. This ensures transmission within
real-time diagnostic constraints, 7e., below one fundamental network period (20
ms at 50 Hz). 4G/LTE exhibits an initial delay of approximately 30 ms, which
increases up to 60 ms under heavy load. This delay remains compatible with
online diagnostics but may induce a shift of two to three cycles, thus requiring
QoS management for critical applications. VSAT, by contrast, presents a very
high latency (500 to 700 ms), mainly due to orbital propagation time, making it
unsuitable for instantaneous detection but relevant as a backup solution for re-
mote sites.

These results highlight that the responsiveness of the neuro-fuzzy detector
(ANFIS), illustrated in Figure 11 (SAG/SWELL events), strongly depends on the
transmission infrastructure. With fiber, detection is achieved in near real-time, as
latency remains below the critical threshold. With 4G/LTE, detection remains re-
liable but may be slightly delayed, which impacts the speed of corrective actions.
With VSAT, the delay largely exceeds the dynamics of voltage disturbances, re-
stricting its use to deferred supervision or communication redundancy. There-
fore, the hierarchical integration of channels fiber as the primary medium, 4G/LTE

as continuity, and VSAT as redundancy emerges as a key condition for ensuring
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Figure 12. Average transmission channel latency as a function of load.

7. Results
7.1. Main Results by Transmission Technology

The three tables separate the performances by link (Fiber, 4G, VSAT). This facil-
itates readability and highlights the increasing gap between methods as QoS de-
grades. ANFIS consistently shows an advantage in terms of F1 score (sag/swell)
and detection latency. Table 1 reports the performances obtained on a fiber link,
used as a quasi real-time reference.

As shown in Table 1, ANFIS reduces the delay to 12 ms while improving the
F1 score compared to baseline approaches. Table 2 illustrates the performance
under 4G transmission, where latency and jitter are significant.

The results in Table 2 show that ANFIS maintains an F1 score above 0.92 de-
spite radio variability. Table 3 presents the results under VSAT transmission, the

most unfavorable case in terms of latency.

Table 1. Performance on Fiber: F| (sag/swell), median delay Af,, ,and valid windows.

Method F sag F swell At /Valids
RMS threshold 0.91 0.90 20 ms/99%
ANN (MLP) 0.94 0.93 16 ms/99%
ANFIS (proposed) 0.97 0.96 12 ms/99%
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Table 2. Performance on 4G/LTE: F| (sag/swell), median delay Af,,, ,and valid windows.

Method F sag F swell At,, [Valids

RMS threshold 0.82 0.80 38 ms/93%
ANN (MLP) 0.88 0.86 28 ms/93%
ANFIS (proposed) 0.94 0.92 22 ms/93%

Table 3. Performance on VSAT: F| (sag/swell), median delay Af,, ,and valid windows.

Method F sag F swell At /Valids

RMS threshold 0.70 0.68 720 ms/85%
ANN (MLP) 0.80 0.78 690 ms/85%
ANFIS (proposed) 0.90 0.87 650 ms/85%

As shown in Table 3, even with a delay of 650 ms, ANFIS maintains robust
detection (£ =0.90). Tables 1-3 demonstrate that the ANFIS gain becoAmes
more pronounced as QoS degrades (4G, VSAT), both in terms of F and detec-
tion delay A?

det *

7.2. Ablation: QoS Modulation of ANFIS Premises

Separating the ablation by link (Table 4 and Table 5) isolates the effect of QoS on
the decision. This directly illustrates the benefit of modulating the membership

functions under radio/satellite conditions.

Table 4. Ablation of QoS modulation (ANFIS), 4G/LTE link.

Mode F,sag F, swell At
Without QoS 0.90 0.88 26 ms
With QoS 0.94 0.92 22 ms

Table 5. Ablation of QoS modulation (ANFIS), VSAT link.

Mode F,sag F, swell At
Without QoS 0.84 0.81 690 ms
With QoS 0.90 0.87 650 ms

7.3. Summary

These two tables summarize the gap between ANFIS and the baselines. Table 6
reports the overall accuracy of the three methods on the test set. As shown, ANFIS
remains superior to the baselines by 46 accuracy points.

Table 7 summarizes the median detection delays by technology. According to
this table, ANFIS reduces latency by 10 to 30 ms compared to RMS and ANN,

since lower values are better.

DOI: 10.4236/sgre.2025.168009

167 Smart Grid and Renewable Energy


https://doi.org/10.4236/sgre.2025.168009

Nianga-Apila et al.

Table 6. Macro accuracy (%).

Method Fiber 4G/LTE VSAT
RMS threshold 93.1 86.4 77.5
ANN (MLP) 95.2 90.1 82.3
ANFIS (proposed) 97.8 94.3 88.6

Table 7. Median detection delay (ms).

Method Fiber 4G/LTE VSAT
RMS threshold 32 58 92
ANN (MLP) 29 49 81
ANFIS (proposed) 28 41 64

8. Discussion

The results confirm that integrating an ANFIS model within a hybrid transmis-
sion architecture (fiber, 4G, VSAT) provides a significant gain in robustness and
diagnostic accuracy compared to classical approaches.

As shown in Tables 1-3, ANFIS consistently achieves an F1 score above 0.90
for SAG and SWELL faults, whereas RMS-threshold methods and conventional
ANNSs degrade sharply under adverse conditions (4G, VSAT). The median detec-
tion delay is reduced to 12 ms on fiber (Table 1), e, below one fundamental
period (20 ms), which complies with the requirements of the IEC 61000-4-30
standard.

Regarding detection latency, the fiber link ensures full compliance with IEC
61000-4-30, as the median delay (12 ms) remains well below one fundamental pe-
riod (20 ms at 50 Hz). For the 4G/LTE link, the median latency of 22 ms slightly
exceeds this limit but remains acceptable for supervisory applications and cor-
rective actions within a few cycles. By contrast, the VSAT link induces latencies
around 650 ms, which are incompatible with instantaneous triggering but suitable
for deferred supervision and redundancy. Therefore, only the fiber link guarantees
strict IEC conformity, while 4G and VSAT must be interpreted as complementary
channels with operational constraints.

These performances align with the findings of [20] and [21], which emphasize
the ability of neuro-fuzzy systems to combine rapid reaction with noise tolerance.

The ablation experiments (Tables 4 and Table 5) show that QoS modulation of
the membership functions enhances ANFIS decision stability, particularly on
channels subject to jitter and loss such as 4G and VSAT. These results extend the
work of [22]-[24] on integrating communication metrics into diagnostic algo-
rithms, but apply them for the first time to a near real-time ANFIS system tailored
to an African grid. Thus, the proposed architecture goes beyond classical ap-
proaches where QoS is considered exogenous.

Sliding RMS threshold approaches, in line with standards such as EN 50160 and

IEC 61000-4-30, remain benchmarks for power quality monitoring. However,
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they suffer from high sensitivity to noise and a latency induced by window size,
which limits their responsiveness in unstable environments. Frequency-domain
methods (FFT, DFT) or wavelets [25] [26] offer better spectral resolution and im-
proved detection of non-stationary disturbances, but their deployment in con-
strained grids such as Congo-Brazzaville is hindered by computational cost and
sensitivity to frequency variability.

The proposed ANFIS approach combines the interpretability of fuzzy logic with
neural adaptability, making it a robust and contextually suitable alternative for
hybrid and heterogeneous environments. Our results (Tables 6 and Table 7) out-
perform ANN and RMS baselines by 46 macro-accuracy points, confirming the
observations of Bilgundi ef a/ [27], while adding the critical dimension of hybrid
transmission (Fiber, 4G, VSAT), absent from prior work.

Unlike earlier studies conducted on interconnected European or Asian grids,
this work explicitly incorporates the communication constraints of the Congolese
context: limited fiber coverage, unstable mobile networks, and high VSAT latency.
The QoS-based routing scheme (Figure 4) and automatic failover logic provide
an original response, experimentally validated by the resilience of ANFIS diagnos-
tics under varying QoS conditions. The hybrid transmission scheme relies on pri-
ority routing with hysteresis-based failover. Critical flows are preferentially as-
signed to the fiber link, while 4G/LTE is used as a backup or for semi-critical traf-
fic. VSAT remains a last resort option to guarantee minimal connectivity in re-
mote areas. Bandwidth allocation follows a hierarchical policy: critical diagnostic
packets are prioritized, while non-critical logs are deferred to lower-quality links.
From a cost-performance perspective, fiber ensures the lowest latency but requires
heavy infrastructure investment, 4G/LTE provides flexibility at moderate cost but
suffers from congestion, and VSAT offers universal coverage at the expense of
high latency and recurring service fees. This trade off analysis highlights that hy-
bridization balances performance with economic and geographical constraints.
This contribution paves the way for an adaptation of African smart grids where
robustness takes precedence over raw performance.

In summary, this study demonstrates that coupling ANFIS + hybrid transmis-
sion is a robust, context-aware, and scientifically grounded approach for detecting
sags/swells in African HV networks. It reinforces the relevance of neuro-fuzzy ap-
proaches in the literature while contributing an original dimension linked to the

heterogeneity of communication channels in constrained contexts.

9, Conclusions

This study has demonstrated that a diagnostic system based on a neuro-fuzzy AN-
FIS model, coupled with a hybrid telecommunication architecture integrating fi-
ber optic, 4G/LTE, and VSAT, provides an effective response to the supervision
challenges of Congolese high-voltage networks. The results highlight the superi-
ority of ANFIS over classical approaches, both in terms of sag/swell classification

accuracy and detection speed, while maintaining high performance even under
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degraded QoS conditions. This robustness stems in particular from the explicit
integration of communication metrics into the fuzzy premises, which grants the
system unprecedented decision stability in heterogeneous environments.

Beyond experimental validation, this research makes an original contribution
to the literature by proposing a novel articulation between artificial intelligence
and the resilience of transmission channels, thus opening a credible pathway for
the modernization of African power grids.

Despite the performances obtained on real data from the Congolese network,
certain limitations remain and open avenues for further research. The high latency
of VSAT (650 ms, Table 3) is still incompatible with instantaneous triggering, re-
stricting this link to deferred supervision. Moreover, multi-event scenarios (e.g., a
sag occurring simultaneously with a swell or harmonics) require an enrichment of
the ANFIS rule base with time-scale indices, notably through the use of multi-scale
wavelets. Building on this work, future perspectives include the implementation of
field prototypes to confront the system with real perturbations in a full operational
context, the extension of diagnostics to other power quality indicators such as har-
monics or flicker, and the integration of synchronized measurement devices (PMU,
HPMU). These developments will enhance fault localization, strengthen interoper-
ability with international standards, and ensure the transferability of the ANFIS
model to other African grids facing similar constraints.

In conclusion, this study confirms that combining an ANFIS system with hy-
brid transmission is not only a high-performance technical solution, but also a
structuring step toward smarter, more resilient grids that are better adapted to the

realities of African infrastructures.
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Appendix A: Transmission Budget and Technology Selection
for ANFIS Systems

To size the telecommunication chain, we distinguish between the raw data rate
(all samples) and the effective data rate after local preprocessing (RTU). Table A1

summarizes the calculation and the orders of magnitude considered for ANFIS.

Table Al. Data rate budget per measurement site for ANFIS input.

Estimated
Scenario Assumptions/Formula stimate
rate
.. N =6 C(hannels (3 voltages + 3 currents), S =20kHz R 0=16
Rawtransmission
bits
D=N-f.-O 620000 x16 =1.92 Mbit/s
After RTU cessing (RMS/FFT/fea- 20-200 kbit/s
e preprocessing ( ea Feature and/or event extraction (50 Hz windows) .
tures) (typical)
Protocol overhead (headers, VPN) Conservative upper bound = +20% applied to useful rate x 1.2
Dimensioning rate (critical flows) Conservative example: 200 kbit/sx1.2 240 kbit/s

We compare fiber, 4G/LTE, and VSAT in terms of latency, jitter, loss, useful

throughput, and availability. Table A2 positions each technology with respect to
ANFIS requirements.

Table A2. Comparison of transmission technologies for supplying an ANFIS diagnostic system.

Technology Latency  Jitter Loss Useful rate Avail. ANTFIS suitability
(ms) (ms) (%) (kbit/s) (%) (recommended usage)
Fiber optic <5 <1 <0.1 >10° >99.9 Critical flows (quasi real-time)
G/LTE 30-70 5-30 0.1-2.0 500-10,000 95-99 Continuity/redundancy (P=2)
VSAT (GEO) 500-900  20-60  0.5-2.0 64-512 98-99.5 Deferred supervision/backup

Note: Weather degrades VSAT (rain/storm). Fiber and 4G data rates largely exceed the dimensioning rate (Table Al).
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Appendix B: Data on the Congolese Electricity Network

OWANDO |
n

Figure S1. Congolese network.

Table B1. Transformer Characteristics.

2% — Voltage (kV) Resistance (p.u.) Inductance (p.u.)
Primary  Secondary  Tertiary Primary Secondary Tertiary Primary Secondary Tertiary
T1 10.5 220 — 0.0080606  0.0102313 — 0.35115575 0.351101 —
T2 220 110 30 0.0105 0.0133333  0.0288889 0.4345398 0.4344621  0.8688532
T3 220 30 — 0.0335 0.042 — 1.3025693 1.3023229 —
T4 220 110 30 0.0070429  0.0070925  0.0088814 0.4352764 0.4352755  0.4352427
T5 220 110 30 0.05 0.084 0.06 2.6055203 2.1983958  1.3987137
T6 110 30 — 0.04756 0.03876 — 1.0789523 1.0793042 —

Table B2. Node powers in p.u. with losses (2%).

Node P, (puw) O; (pu) P, (pu) 0, (pu)
Imboulou (Generator) 1.2000 0.7423 0.0129 0.0059
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Continued
Network losses (2%) - - 0.0240 0.014846
Djiri - - 1.0877 0.699254
Ngo - - 0.0027 0.0013
Djambala - - 0.0117 0.0035
Gamboma - - 0.0105 0.0023
Oyo - - 0.0505 0.0152

Table B3. Line parameters and transmission capacities.

Lines/Sections Length (km)  Voltage (kV) Resistance (p.u./Q) Reactance (p.u./Q) Susceptance
IMB-Ngo (2-3(x2)) 77 220 0.015 0.067 0.0507
Ngo-Dijiri (3-4) 207.87 220 0.024 0.173 0.142
Ngo-Gamboma (3-7) 75.2 220 0.009 0.063 0.0516
Gamboma-Oyo (7-9) 87.6 220 0.010 0.073 0.0602
Ngo-Djambala (13-14) 109 110 0.117 0.333 0.019
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Appendix C: Functional Architecture of the System for PQ
Detection

Three-phase network
Gen/Loads/Lines (50 Hz)

!

Measurements
Vabm Iabc (CT/VT)
s , N
Preprocessing

RMS 1T (step T/2),
sym. comp., THD, @

!

Hybrid transmission
Fiber / 4G / VSAT

QoS: latency, jitter, loss

!

Buffer & re-sequencing
timestamps (PTP/NTP),
valid windows

!

[ ANFIS (TSK-1, 5 layers) ]

inputs = (electrical + QoS)

!

Detection?
- - Fault localization
Normal g Node / line section
[ Code 000 ]
Classification?
[ Voltage sag (SAG) ] [ Voltage swell (SWELL) ]

[ Code 111 ] [ Code 110 ]

Flow : Network — Measurements — Preprocessing — Transmission QoS — Alignment — ANFIS — Decision. = Decision :
0 = Normal (000); 1 = Localization & Classification (111/110).

Figure S2. PQ detection chain (SAG/SWELL) with ANFIS and hybrid QoS-based transmission.
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