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Abstract

Power-quality disturbance (PQD) recognition is increasingly being pushed toward the sensing point rather than
handled only at a central server. That shift creates a useful opportunity for distributed learning, but it also exposes
two practical questions: how much performance is lost when raw waveforms remain local, and whether the
resulting decisions can still be interpreted. This paper examines both questions through XFed-PQD, an explainable
federated-learning framework for 17 single and compound PQD categories in edge-enabled smart distribution
networks. The framework combines a compact multi-branch one-dimensional convolutional network with FedAvg
and FedProx training, temporal attribution, robustness testing, and deployment profiling. The controlled
experiment used three seeds, 17,000 reference waveforms, ten fully participating clients, 15 centralized epochs,
and 25 federated rounds. Centralized training produced 91.35% + 0.70% accuracy and 91.33% =+ 0.70% macro-F1.
With FedAvg and an IID partition, the same model reached 83.89% + 0.78% accuracy and 83.85% + 0.89%
macro-F1 while exchanging 47.57 MB of model traffic, 83.4% less than the CNN-LSTM benchmark. Client
heterogeneity had a much larger effect: Dirichlet label skew reduced macro-F1 to 69.41% + 1.70%, and FedProx
reached 69.67% =+ 2.05%. The resulting 0.26-percentage-point average gain was small and did not point in the
same direction for every seed. In the extended Seed-42 analysis, local-to-global Integrated-Gradients cosine
similarity was 0.924 + 0.053. The same checkpoint was highly sensitive to added noise, with macro-F1 falling
from 83.82% on clean data to 54.97%, 17.01%, and 3.71% at 40, 30, and 20 dB. Dynamic INT8 quantization
changed macro-F1 by -0.13 percentage points, reduced serialized size by 3.44%, and increased mean CPU latency.
The dataset audit also uncovered a repeated healthy waveform that crossed data splits and appeared once under the
Swell label; for that reason, three-seed sensitivity results excluding the true healthy class are reported. Taken
together, the results show that explainable federated PQD monitoring is feasible under the evaluated conditions,
while also making clear that client heterogeneity, duplicated waveforms, noise sensitivity, and hardware-dependent
runtime behavior remain central concerns.

Keywords— power quality disturbances; federated learning; FedAvg; FedProx; explainable artificial intelligence;
Integrated Gradients; Grad-CAM; edge intelligence; dynamic quantization; non-IID data.

1. Introduction

Distribution networks now combine inverter-interfaced generation, nonlinear loads, electric-vehicle
chargers, and a growing amount of electronically controlled equipment. Their switching behavior affects
both waveform shape and frequency content, so power quality can no longer be treated only as a local
compliance issue. The practical consequences are different from one event to another: a short sag may
interrupt a process line, persistent harmonics may accelerate thermal aging, and a compound disturbance
may be harder to separate than either constituent event. For automated monitoring, the classifier
therefore has to distinguish closely related signatures quickly and consistently, including cases in which
disturbances overlap.
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Deep learning has improved PQD recognition because discriminative features can be learned directly
from time-domain samples or time-frequency representations [26], [28]-[43]. The usual centralized
workflow still assumes, however, that measurements collected at meters, substations, or industrial sites
can be moved to one repository. That assumption is often inconvenient in practice. Waveforms may
expose operating schedules, equipment behavior, or customer activity; available bandwidth differs
across sites; and concentrating the data in one location creates an additional security and governance
burden. Federated learning (FL) takes a different route by keeping training close to the data and
aggregating model updates rather than routinely transferring the source waveforms [1]-[25]. FL is not,
by itself, a complete privacy solution, but it provides a useful distributed-learning architecture and
reduces the normal movement of raw measurements.

Classification performance is only part of the operational question. An operator also needs some
indication that the model is reacting to the disturbed portion of a waveform rather than to an incidental
background feature. Integrated Gradients (IG) and Grad-CAM can reveal which temporal samples
contributed to a decision [46], [47], and toolkits such as Quantus encourage quantitative checks instead
of relying on a heatmap alone [48]. Deployment introduces a second practical constraint. At an
intelligent electronic device or gateway, model size, communication traffic, inference latency, and
memory behavior all matter. Quantization may reduce some of these costs, although the actual benefit
depends on the operators present in the model and on the target hardware [44], [45], [49]. For that
reason, a high accuracy value by itself is not enough to establish readiness for use at the edge.

The literature contains strong individual pieces of this problem, but less evidence that evaluates them
together. FL has already been studied in smart-grid forecasting, anomaly detection, false-data-injection
problems, and distributed-energy applications [4]-[25]. More directly, a 2025 study applied FL to PQD
classification and examined robustness to poisoning, confirming that federated training is relevant to
this task [27]. Other recent PQD studies have concentrated on interpretability, explainable classifiers,
compact networks, or embedded execution [29]-[33], [44]. Within the literature reviewed for this study,
we did not identify one work that jointly examined IID and label-skewed federated optimization,
temporal explanation consistency, noise robustness, and FP32/INT8 deployment on a 17-class PQD
problem. This is a statement about the coverage of the reviewed corpus, not a claim of absolute priority.

XFed-PQD was developed to investigate that integration gap. Four contributions are evaluated. The first
is a compact multi-branch one-dimensional architecture that retains short- and medium-range temporal
structure with 22,689 parameters. The second is a matched comparison of centralized training and
federated training under IID and Dirichlet label-skew partitions, including FedAvg and FedProx under
controlled conditions. The third contribution adds IG and one-dimensional Grad-CAM and then
measures how closely client explanations agree with the global model. Finally, communication volume,
serialized size, CPU latency, throughput, and dynamic INT8 behavior are profiled together with
predictive accuracy, rather than being reported as disconnected engineering measurements.

The data audit forms another important part of the study. In the reference collection, the 1,000 records
labeled as healthy are exact copies of a single waveform, and that same waveform appears once under a
disturbance label. With a random stratified split, identical signal content therefore enters the training,
validation, and test subsets. This limitation is quantified rather than hidden. In addition to the primary
results, the paper reports a sensitivity calculation in which the true healthy class is excluded from the
macro metrics. The audit is important because it changes the interpretation of the otherwise near-perfect
healthy-class performance.
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The rest of the paper proceeds as follows. Section 2 summarizes the relevant work on PQD
classification, federated intelligence, explainability, and edge deployment. Section 3 states the
distributed classification problem, and Section 4 describes XFed-PQD. The dataset, integrity checks,
execution protocol, and evaluation metrics are given in Section 5. Section 6 presents the measured
results, followed by the research-question discussion and practical implications in Section 7. Limitations
and future directions are collected in Section 8, and Section 9 closes the paper.

2. Background and Related Work

2.1 Power-quality disturbance classification

Power-quality disturbances cover magnitude changes, interruptions, waveform distortion, flicker,
notching, and transient events. The compound cases are especially difficult because the relevant
signatures do not all live on the same temporal or spectral scale. A representation that reacts strongly to
an abrupt transient may give less emphasis to periodic flicker; conversely, a long receptive field can
smooth a short high-frequency event. As a result, the way signals are generated and labeled directly
affects the validity of any classifier comparison. Machlev et al. addressed reproducibility by introducing
an open PQD dataset generator with controlled waveform synthesis and disturbance combinations [26].
The present study works with a 17-class reference collection indexed alphabetically and, in addition to
classification, audits exact duplicates and cross-label collisions in those files.

Recent PQD classifiers span convolutional, recurrent, attention-based, kernel, and decomposition-based
designs. Vision Transformers and image-like signal encodings have been tested for multi-class
recognition [28]. Interpretable DWT-1DCNN-LSTM models combine an engineered decomposition
stage with learned temporal features [29], while CNN-LSTM variants remain a useful sequential
benchmark [31]. Other examples include multi-scale CNNs [34], CNN-GRU hybrids [36], ensemble
CNNs [38], and multimodal models [39]. Classical approaches based on support-vector machines,
wavelet or variational-mode decomposition, and optimized feature selection are still relevant when data
or computation is limited [40]-[43]. The variety is useful, but it also makes headline accuracies difficult
to compare across papers because class definitions, disturbance generators, split rules, noise
assumptions, and reported metrics are rarely identical.

A smaller set of studies has focused explicitly on deployment. Bai et al. proposed a lightweight PQD
model aimed at edge implementation [30], while Khaldi et al. demonstrated a one-dimensional CNN in
a low-cost smart-meter setting [44]. These studies make compact local inference credible, but they do
not remove the need for device-specific timing. Parameter count is only one factor in runtime: parallel
branches, depthwise kernels, memory access, and poorly optimized operators can make a small model
slower than expected on a particular backend.

2.2 Federated learning in power and energy systems

FedAvg provides the standard synchronous FL pattern: the server distributes a global model, the
selected clients optimize that model on their local records, and the returned parameters are combined
with a sample-weighted average [1]. FedProx keeps this structure but adds a proximal term to
discourage a client model from moving too far from the received global state, which can be useful when
local objectives differ [2]. Power and energy applications have since adapted this collaboration pattern
to load forecasting, distributed monitoring, and infrastructure analytics [3]-[8]. The key difference from
pooled learning is that federated clients may hold unequal sample counts, different label mixtures, and
site-specific measurement conditions, so their local objectives need not resemble one another.
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Smart-grid FL research has moved beyond early frameworks and surveys [4]-[9] toward more
specialized work in forecasting, anomaly detection, security, and resource-aware coordination. Studies
of non-IID solar generation and demand forecasting show, in particular, that statistical heterogeneity can
dominate the behavior of aggregation [10]-[14]. Other approaches address confidentiality,
personalization, and distribution mismatch [12], [15], [16], while anomaly detection and false-data-
injection defense have also been studied in federated settings [17], [18]. Edge-oriented work then
connects these ideas to smart meters and gateways [19]-[25]. Taken together, the literature supports FL
as an appropriate architecture for distributed grid analytics, but it also makes clear why one IID
experiment is not enough to characterize a distributed monitoring system.

For the PQD task itself, Alsabaan et al. compared centralized and federated learning and also studied
adversarial poisoning [27]. Among the sources reviewed here, it is the closest domain-specific
precedent. The emphasis of XFed-PQD is different: the present evaluation combines a compact
classifier, IID and Dirichlet label-skew partitions, a controlled FedAvg-FedProx comparison,
explanation consistency, additive-noise sensitivity, and dynamic quantization in one pipeline. Claims
are limited to the methods that were actually executed in all three training runs.

2.3 Explainability and explanation evaluation

Integrated Gradients attributes a prediction at the input level by accumulating gradients along a straight
path from a baseline to the observed sample [46]. One useful property is completeness, which connects
the summed attributions to the change in the model output between the two endpoints. Grad-CAM
works at a different level. It weights convolutional activation maps by class-score gradients and
produces a coarser class-discriminative localization [47]; in one dimension, that localization becomes a
temporal relevance curve. The two views are therefore complementary. IG preserves input-level detail,
whereas Grad-CAM reflects the support carried by an internal convolutional representation.

A visually convincing explanation is not automatically a trustworthy one. Quantus groups evaluation
criteria such as faithfulness, robustness, localization, complexity, and sensitivity to randomization [48],
and broader work on smart-energy governance treats explainability as only one part of accountability
and risk management [50]. Within PQD research, explainable classifiers and uncertainty-aware analyses
have begun to connect model evidence with waveform morphology [29], [32], [33]. Here, explanation
quality is approached through temporal sparsity and agreement, using both cosine similarity and rank
correlation between local and global IG vectors. The reference data do not include sample-level event
masks, so localization IoU and area under the precision-recall curve are deliberately not reported.
Without such masks, a plausible heatmap should not be presented as a validated physical event detector.

2.4 Edge intelligence and quantization

Edge intelligence places analytics across meters, gateways, and control infrastructure rather than at one
central location [19]-[25]. In a federated system, that choice introduces two recurring costs: local
computation and repeated model exchange. A compact serialized checkpoint can reduce the second cost,
but production traffic would also contain protocol overhead, encryption, retransmissions, orchestration
messages, and other metadata. The communication figures reported here therefore count only
bidirectional model-state transfer for participating clients. They are intended as a matched accounting
measure, not as a reconstruction of a complete production network stack.

Dynamic INT8 quantization can be applied after training without a separate calibration set, but it
typically converts supported linear or recurrent weights while many convolutional operators remain in
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floating point [49]. That detail is especially important for a CNN-dominant architecture. In such a
model, the technically correct outcome may be a small file-size reduction and no speedup, even though
the label 'INT8' can suggest a fourfold reduction in storage or arithmetic. The broader measurement
context discussed by NREL [45] supports the same practical point: deployment metrics have meaning
only when they are tied to a specific monitoring environment.

Table 1. Selected literature and the coverage gap addressed by XFed-PQD.

McMahan et al. [1] General FedAvg Partly Foundational averaging
Lietal. [2] General FedProx Yes No No Client-drift control
Bousbiat et al. [7] Smart grid Survey Yes Limited Yes FL—grid research map
Zheng et al. [8] SP;SV::;S Survey Yes Limited Yes Power-service synthesis
Lietal. [19] Smart meters | Split/FL Yes No Yes Edge intelligence
Alsabaan et al. [27] PQD FedAvg 11D focus No No Poisoning robustness
Yang et al. [29] PQD Centralized N/A Yes No DWT-CNN-LSTM
Altun et al. [32] PQD Centralized N/A Yes No 5’;‘;:;&1?:;

Bai et al. [30] PQD Centralized N/A No Yes Lightweight edge model
Khaldi et al. [44] PQD Centralized N/A No Yes Embedded 1D CNN
XFed-PQD PQD FedAvg/FedProx | IID + skew Ic(:'J‘AJ':/IGrad— FP32/INT8 Integrated evaluation

N/A: not applicable to centralized training. Source: Authors’ synthesis of [1], [2], [7], [8], [19], [27], [29], [30], [32], and [44].

3. System Model and Problem Formulation

3.1 Edge-enabled monitoring architecture

Assume a distribution network with K edge clients. Depending on the deployment, one client can
correspond to a smart meter, an intelligent electronic device, a feeder gateway, or an organizational site.
Client k stores Dy = {(xi, yi)}, where each x; is a normalized voltage waveform of length L=100 and y; is
one of C=17 PQD labels. During federated optimization, the raw records remain with the client. The
coordinator sends model parameters, receives the locally updated states, aggregates them, and
distributes the new global model. This arrangement reduces routine raw-waveform movement. It does
not, however, provide formal differential privacy, secure aggregation, or protection against information
leakage from shared gradients.

XFed-PQD processing and deployment workflow

Edge client 1 Global model XAl
Local PQ data 17 classes IG + Grad-CAM

Federated coordlna%

Local learning

Edge client k 21
ocal epochs
Local PQ data Model updates only FedAvg or FedPro
Repealed communication rounds
Edge client K Edge profile Operator output
Local PQ data FP32 / INTS Class + rationale

Figure 1. XFed-PQD workflow from local waveform learning to global prediction, explanation, and edge profiling.
Source: Authors’ construction.
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The deployment path returns more than a class label. One output is the prediction used by an operator or
a downstream control application; the other is a temporal rationale produced with IG or Grad-CAM. In
parallel, the deployment profiler records serialized model size and inference behavior for the FP32 and
dynamically quantized variants. Keeping these outputs separate is useful in practice because 'What was
predicted?' and "Which part of the waveform influenced that prediction?' are different questions.

3.2 Learning objective

Let w represent the global model parameters and let ni=|Dy|. Client k minimizes its empirical cross-
entropy objective Fi(w), giving the population-weighted federated objective

K n 1 ™k (1)
minF(w) = Y TERW),  Fe(w) = —— > logpy (1 x)
v k=1 kim1

Here, n = Yk n«. The centralized reference exposes all training records to one optimizer and minimizes
the pooled loss with the same architecture. Its purpose is to isolate the performance cost associated with
distributed optimization; it is not a privacy-preserving baseline.

Predictive performance is summarized with accuracy, macro precision, macro recall, macro-F1, class-
wise recall and F1, cross-entropy loss, and a macro one-versus-rest false-alarm rate. These measures are
supplemented by communication and edge metrics. For the explanation stage, the reported quantities
describe attribution sparsity and agreement between attribution vectors.

3.3 Research questions

Five research questions guide the experiments. RQ1 measures how much of the centralized performance
is retained when the proposed architecture is trained with FedAvg on IID client partitions. RQ2 focuses
on Dirichlet label skew and asks whether FedProx changes the observed heterogeneous result. RQ3
examines whether local client explanations resemble the explanation produced by the global model.
RQ4 tests the selected model under additive white Gaussian noise. Finally, RQS5 considers the trade-off
among model traffic, serialized size, latency, and predictive quality for FP32 and dynamically quantized
INTS execution.

4. Proposed XFed-PQD Framework

4.1 Signal preprocessing and class indexing

The loader reads 17 CSV files in alphabetical filename order, with one 100-sample waveform in each
row. Each signal is normalized independently so that absolute scale differences are removed while its
relative waveform shape is retained. Class-stratified splitting then assigns 70% of the data to training,
10% to validation, and 20% to testing. The validation subset is used for checkpoint selection; the
independent test subset is held back for final evaluation. Class indices are fixed from the alphabetical
file mapping before any client partitioning, so every client, checkpoint, and report uses the same label
order.
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Table 2. Alphabetical class-index mapping used by the loader and all reported models.

0 Flicker Periodic amplitude modulation

1 Flicker_with_Sag Flicker combined with voltage reduction
2 Flicker_with_Swell Flicker combined with voltage increase
3 Harmonics Non-sinusoidal periodic distortion

4 Harmonics_with_Sag Harmonic distortion plus sag

5 Harmonics_with_Swell Harmonic distortion plus swell

6 Interruption Near-total short-duration voltage loss
7 Notch Short periodic voltage indentation

8 Oscillatory_Transient Decaying oscillatory transient

9 Pure_Sinusoidal Nominal sinusoidal waveform

10 Sag Short-duration RMS voltage reduction
11 Sag_with_Harmonics Sag combined with harmonics

12 Sag_with_Oscillatory_Transient Sag plus oscillatory transient

13 Swell Short-duration RMS voltage increase
14 Swell_with_Harmonics Swell combined with harmonics

15 Swell_with_Oscillatory_Transient Swell plus oscillatory transient

16 Transient Short non-oscillatory impulsive event

Compound class names preserve the stored dataset labels. Source: Authors’ extraction from the executed reference CSV files and benchmark
metadata [27]; physical descriptions follow standard PQD terminology summarized in [26].

4.2 Lightweight multi-branch classifier

The proposed classifier starts with a 1x5 convolution that expands the single input channel to 24 feature
maps. The stem output is then sent through three depthwise-separable branches with kernel sizes 3, 5,
and 7. Their outputs are concatenated to form 72 channels, fused to 64 channels with a 1x1 convolution,
and reweighted by channel attention. Two further depthwise-separable blocks raise the channel count to
72 and then 96 while reducing temporal resolution by a factor of two at each stage. Adaptive average
pooling, dropout of 0.15, and a 96-to-17 linear layer produce the final logits.

Using three kernel widths lets the network respond to brief edges, intermediate oscillations, and slower
local morphology without introducing a large recurrent block. The full model contains 22,689 trainable
parameters and requires approximately 1.109 million multiply-accumulate operations for one 100-
sample waveform. The CNN-LSTM benchmark is larger: two convolutional blocks, a 144-unit LSTM,
and a two-layer classifier give 143,121 parameters and roughly 3.334 million multiply-accumulate
operations.

4.3 Centralized reference training

Centralized training uses Adam with a learning rate of 1073, weight decay of 10*, a batch size of 128,
and cross-entropy loss. The maximum training budget is 15 epochs. The retained checkpoint is the one
with the best validation macro-F1, and early stopping uses a patience of four epochs. Proposed and
benchmark models follow the same preprocessing and data-split logic.

4.4 Federated training process

Federated training runs synchronously for 25 rounds, with all ten clients participating in every round.
The coordinator begins by broadcasting the current global parameters. Each client then performs two
local epochs with Adam and returns its updated model state. After aggregation, the candidate global
model is evaluated on the validation subset. Whenever validation macro-F1 improves, that state
becomes the retained checkpoint. The final test metrics therefore come from the best validation
checkpoint observed within the 25-round budget, not automatically from the last round.

FedAvg combines the returned client states with a sample-weighted parameter mean:

_ e (t+1) 2)
w(t+D) — Z 2k w

n
keS; St

In (2), Si denotes the clients participating in round t and ns is their total number of samples. Because
participation is complete in this experiment, S; contains all ten clients in every round.
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For FedProx, each local objective also includes a quadratic penalty around the downloaded global
parameters w(:

U
karox(w) _ Fk(W) + E lw— w(t) "% 3)

The coefficient is p=0.01. At the start of local training the penalty is zero; it grows as the client
parameters move away from the received global state. FedProx is therefore being used here to limit
client drift, not as a direct class-imbalance correction. Within a seed, FedAvg and FedProx use the same
local-epoch budget, participation pattern, partition, initialization policy, and number of communication
rounds.

4.5 1ID and label-skew partitioning

For the IID condition, stratified training records are distributed approximately evenly across the ten
clients. Heterogeneity is introduced by drawing class proportions from a Dirichlet distribution with
concentration alpha=0.5. At this concentration, individual clients can become dominated by only part of
the label set while other labels are sparsely represented. Figure 2 summarizes those allocations. The
important control is that, within each seed, FedAvg and FedProx receive the same realized label-skew
partition and the same deterministic initialization policy. A new partition is generated for each seed, so
the three-seed summary reflects three independently realized client allocations.

Mean Dirichlet label-skew allocation across seeds (alpha = 0.5)

Client 0 i e EL) 04 &
Client 1 £
= Client 2 1 - 0.3 &
= Client 3 - G
B ey <
= Client 4 ©
] [
F Client 5 -
2 Client 6 - -
& Client 7 017
Client 8 E
Client 9 0.0 =
4\\3‘."

Power-quality class

Figure 2. Mean ten-client class allocation across the three Dirichlet label-skew partitions (alpha=0.5).
Source: Authors’ calculations from the Seed-42, Seed-52, and Seed-62 client partitions.

4.6 Explainability module

For class score fc and input x, IG uses baseline x’ with M=12 integration steps:

M of. (x’ +%(x—x’)) @)
0x;

16,00 = (i~ %) 37
m=1

For each explanation method, three test examples are taken from every class, giving 51 IG records and
51 one-dimensional Grad-CAM records. Sparsity is computed after attribution normalization to describe
how concentrated the relevance is. Consistency is evaluated separately: one example per class is passed
through the global model and through ten locally trained client models. IG vectors are then compared
with cosine similarity and Spearman rank correlation. The former captures agreement in overall
direction; the latter asks whether the sample-wise relevance ordering is similar.
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Grad-CAM forms its temporal map by computing a class-specific weight for every channel in the
selected convolutional activation and combining those channels after rectification:

c c gk c 1 ayc (5)
L = ReLU ZQRA , a'sz t @

In (5), Ak is channel k of the selected activation tensor, Z is its temporal length, and y¢ is the class score.
Because Grad-CAM acts on an internal feature map, its output is coarser than the input-level IG vector
and must be aligned back to the 100-sample waveform. The two explanation methods are used as
complementary views rather than as interchangeable estimates.

4.7 Edge profiling and dynamic quantization

The selected FedAvg-1ID checkpoint is saved once in FP32 and again after dynamic INT8 quantization.
CPU timing uses batch size one, three warm-up executions, and 30 measured repetitions. Mean latency
and its standard deviation are reported, while throughput is obtained from the reciprocal rate in samples
per second. The benchmark is profiled in exactly the same way. Communication traffic is computed
from the serialized model state transmitted to and returned from ten clients over 25 rounds. Optimizer
state, protocol headers, encryption, retransmissions, and secure-aggregation traffic are outside this
accounting.

4.8 Execution states and checkpoint semantics

A run is recorded as a sequence of auditable states rather than reduced to one final score. Under the
same run identifier, the pipeline stores the configuration, model initialization, client allocation,
validation history, selected checkpoint, test predictions, confusion matrices, attribution arrays, and
deployment measurements. This separation matters because the stages serve different purposes.
Validation selects the model state; the test set estimates final performance; and the explanation and edge
analyses must load that same selected state if they are to describe the classifier reported in the results.

The federated checkpoint is not assumed to be the model from round 25. After every aggregation, the
candidate global state is evaluated on validation macro-F1. An improvement replaces the retained
checkpoint; otherwise, the previous best state remains in place. This avoids a situation in which a late
unstable round silently displaces a stronger earlier model. Accordingly, "25-round model' refers to the
optimization budget. The checkpoint evaluated on the test set is the best state observed within those 25
rounds.

The client models used in the Seed-42 consistency analysis come from that same global execution, so
local-global similarity compares related models rather than separately initialized networks. The label-
skew comparison is paired in the same way: FedAvg and FedProx reuse the identical realized client
allocation within a seed. These controls remove avoidable sources of comparison noise. Repeating the
experiment over three seeds then exposes the remaining sensitivity to the train/validation/test split, the
client partition, and stochastic initialization.

For each of Seeds 42, 52, and 62, the completed matrix contains six reportable training scenarios. The
additional noise, explainability, and edge analyses were run once, using the selected Seed-42 FedAvg-
IID checkpoint. They were not repeated and then presented as independent training evidence. Tables
therefore identify explicitly whether a result is a three-seed aggregate or part of the extended Seed-42
evaluation.
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5. Experimental Methodology

5.1 Dataset and disturbance categories

The reference collection contains 17,000 waveforms, with 1,000 labeled examples in each of 17 classes.
Every waveform has 100 samples; the associated sampling rate is 5 kHz and the fundamental frequency
is 50 Hz. The class set contains isolated events as well as combinations such as flicker with sag,
harmonics with swell, and sag with an oscillatory transient. Although the collection is globally
balanced, these compound labels make macro metrics useful because overall accuracy can hide a class-
specific weakness.

The global split is created before client assignment. Test examples stay outside training, while the
development portion supplies the client records and a held-out validation subset. The centralized
baseline uses the same training and validation records after pooling them. This gives an internally
matched comparison between centralized and federated training on the supplied data. It does not make
the resulting numbers directly comparable with studies that use different generators, signal durations,
class sets, noise assumptions, or split procedures.

5.2 Integrity audit and leakage control

Exact waveform hashes were compared within each class, across classes, and across the three data
splits. Sixteen classes contain 1,000 distinct rows. Pure Sinusoidal is different: its file contains the same
waveform 1,000 times. One exact copy of that waveform is also found in Swell. The 17,000 labeled
records therefore correspond to 16,000 unique waveform vectors, with one duplicate group of
multiplicity 1,001 that spans two labels.

Because the healthy vector is repeated, random stratification cannot keep identical signal content out of
training, validation, and testing at the same time. The hash intersections confirm one shared signal value
for every pair of splits. A group-aware split alone would still leave a problem, since one exact input has
two labels and would require a curation decision. The primary experiments retain the original protocol
so that the execution remains reproducible. As a diagnostic check, aggregate metrics are also
recalculated after excluding samples whose true class is Pure _Sinusoidal. The possibly mislabeled Swell
instance is not removed from training, and that residual limitation is stated explicitly.

Table 3. Exact-waveform audit and sensitivity metrics excluding the true healthy class.

Collection Labeled records 17,000 1,000 per class

Exact hashes Unique waveforms 16,000 One duplicate group has multiplicity 1,001
Healthy class Unique Pure_Sinusoidal rows 1/1,000 999 within-class duplicates

Cross-label Exact match Pure < Swell The same vector has conflicting labels

Split overlap Shared hashes 1 per split pair Identical content crosses train/validation/test
Sensitivity Central proposed macro-F1 90.93 +0.73% ‘(I)'r;:gyl:ure rows excluded; full metric 91.33 +
Sensitivity FedAvg-IID proposed macro-F1 83.25+ 0.85% ‘(I)'rggyl:ure rows excluded; full metric 83.85 +
Sensitivity II;;edAvg-skew proposed macro- 68.26 + 1.87% Ir;lglylzure rows excluded; full metric 69.41 +

True Pure rows excluded; full metric 69.67 +
2.05%

The original splits are retained for reproducibility; sensitivity metrics do not remove the conflicting Swell training record. Source: Authors’ hash
audit and recomputation from the three saved confusion matrices.

Sensitivity Efdprox's"e"" proposed macro- | gg 55 4 5 259,
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5.3 Executed scenarios

Each of the three seeds executes six main training scenarios: centralized CNN-LSTM, centralized
proposed model, FedAvg-IID CNN-LSTM, FedAvg-IID proposed model, proposed FedAvg with
Dirichlet label skew, and proposed FedProx on the same within-seed label-skew partition. Seeds 42, 52,
and 62 each regenerate the stratified data split, the client allocation, and the stochastic training
trajectory. In total, the aggregate predictive analysis is therefore based on 18 trained scenario instances.
The extended analyses are attached to one selected model rather than averaged over all three seeds.
Specifically, the Seed-42 proposed FedAvg-1ID checkpoint is used for additive-noise testing,
explainability, client-consistency analysis, and edge profiling. RQ1 and RQ2 are therefore supported by
repeated training runs, whereas RQ3-RQ5 describe one reproducible selected checkpoint in greater

detail.

5.4 Training configuration

Table 4. Executed training, explanation, robustness, and profiling configuration.

T ™ S

Dataset

Signal context
Clients

Split

Partition
Independent seeds
Federated rounds
Local optimization
Batch / regularization
FedProx

Central training
Checkpoint
Extended analysis
XAl

Consistency

Noise

Edge timing

Execution

17 CSYV files; 17,000 waveforms; 100 samples each

5 kHz sampling; 50 Hz fundamental

10; full participation; no simulated dropout

70% training; 10% validation; 20% testing (stratified)

IID or Dirichlet label skew, a=0.5

42,52, and 62

25

2 epochs/round; Adam; learning rate 1072

128; weight decay 10™

u=0.01

15 epochs maximum; patience 4

Highest validation macro-F1

Seed 42: XAl, AWGN robustness, and FP32/INT8 profiling
IG: 12 integration steps; 3 samples/class; Grad-CAM 1D

1 sample/class across the global and 10 final client models
AWGN at 40, 30, and 20 dB

Batch 1; 3 warm-ups; 30 repetitions; CPU

Python 3.12.13; PyTorch 2.5.0+cpu; Linux x86-64

The three-seed training matrix is complete; extended XAl, noise, and edge stages use the selected Seed-42 FedAvg-IID checkpoint. Source:
Executed configuration files and experiment manifests.

5.5 Evaluation metrics

Macro precision, recall, and F1 give every class equal weight, which is useful when a client partition is
locally imbalanced. For class c, FAR is the fraction of negative examples that are incorrectly assigned to
that class:

PP, ©6)

c
1
FAR, = —°—,  Macro-FAR = —Z FAR

¢ = FP, + TN, acro C ¢

c=1
Macro-FAR is the unweighted mean of FAR. over the 17 one-versus-rest confusion matrices; it is not 1-

accuracy. Class-wise recall and F1 are retained so that specific failure modes remain visible. Cross-
entropy loss is also reported because models with similar hard predictions can still differ substantially in
confidence.

Communication is measured in megabytes of model traffic using the bidirectional accounting rule stated
above. The edge profile includes parameter count, multiply-accumulate operations, serialized size,
latency, throughput, and the macro-F1 change after quantization. For explainability, the study reports
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mean sparsity, local-global cosine similarity, cross-client cosine similarity, and local-global Spearman
correlation. No event-mask localization metric can be computed from the available labels.

5.6 Convergence and statistical interpretation

Validation macro-F1 determines which checkpoint is retained. The curves shown in this study cover a
fixed budget of 25 federated rounds, so they describe the training behavior that was actually observed;
they are not evidence of asymptotic convergence. Results across the three seeds are summarized as
arithmetic mean = sample standard deviation. We also report 95% confidence intervals using the t
distribution with two degrees of freedom. With n=3, these intervals are unavoidably wide and are best
read as a rough indication of uncertainty rather than as precise estimates of a population value.

The hypothesis tests are included for context, but they are not asked to carry more weight than the
experiment can support. Pairwise contrasts use the matched values from the three seeds in an exact
Wilcoxon signed-rank test, and a Friedman test is used to screen the four proposed-model settings
together. At this sample size, exact p-values can take only a small number of values. For that reason, the
interpretation focuses first on the seed-wise differences: how large they are and whether their direction
is consistent. If a small mean advantage changes sign in one seed, we do not treat it as convincing
evidence that one optimizer is superior.

5.7 Reproducibility and comparison controls

Several comparison controls were kept fixed so that a change in method was not confounded with an
avoidable change in data handling or initialization. The class order is created once from the
alphabetically sorted CSV filenames and reused throughout the pipeline. Centralized and federated runs
use the same test records, the same normalization procedure, the same loss definition, and the same
evaluation path. Deterministic initialization settings are also held consistent within a given architecture
and partition. For the label-skew experiments, FedAvg and FedProx are evaluated on the same realized
client allocation; drawing a second Dirichlet partition would introduce another source of difficulty that
has nothing to do with the optimizer itself.

Checkpoint selection never uses the test set. The model is selected with validation macro-F1, and only
then are the held-out test predictions passed through the common evaluation routine that produces
overall metrics, class-wise reports, and confusion matrices. FAR is computed from the same predictions
used for accuracy and macro-F1, which avoids the incorrect shortcut of treating FAR as 1-accuracy. The
edge experiment follows the same paired logic: it reloads the selected checkpoint, evaluates the same
test labels before and after quantization, and reports the resulting F1 change from those matched
evaluations.

Reproducibility also requires stating what the experiment does not control. Timing was recorded on a
Linux x86-64 CPU environment rather than on a physical edge gateway, so elapsed time can change
with backend kernels and system load. Three completed seeds provide a clearer picture than a single
run, but they still leave only a small basis for statistical inference. Each seed therefore keeps its
configuration, split indices, client partitions, training histories, checkpoints, confusion matrices, and
final metrics. This makes it possible to trace an aggregate number back to the individual execution that
produced it.

Published PQD studies are used here mainly to compare scope and methodology, not to construct a

leaderboard of accuracy values. Different papers may rely on wavelet images, different synthetic
equations, longer waveform windows, alternative class definitions, or noise introduced at another point
in the data pipeline. A higher accuracy reported under those conditions does not establish that the same
classifier would perform better on the present test set. Table 1 therefore compares research coverage,
Tables 5-8 summarize the matched three-seed experiments, and Tables 9-10 report the extended
analyses performed on Seed 42.
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6. Results and Analysis

6.1 Centralized classification performance

Over Seeds 42, 52, and 62, the centralized proposed model produced 91.35% + 0.70% accuracy and
91.33% =+ 0.70% macro-F1; its macro FAR averaged 0.540% + 0.043%. The centralized CNN-LSTM
benchmark was lower and much more variable, with 84.64% + 4.73% accuracy, 84.36% =+ 5.01%
macro-F1, and 0.960% =+ 0.295% FAR. Averaged over the three seeds, the proposed architecture gained
6.97 + 4.99 macro-F1 percentage points. The direction of the gain was the same in every run, but not its
size: +4.36 points for Seed 42, +3.81 for Seed 52, and +12.72 for Seed 62. That spread, together with
the wide benchmark confidence interval, is why the aggregate difference is not presented without the
underlying seed values.

Table 5. Three-seed predictive, communication, and training results for all executed scenarios.

0.960 +

Centralized CNN-LSTM 8464:473%  8436:501% | 71.92-9680% | D900 143,121 34170
Centralized proposed 9135£070% | 9133:070% | 89.59-93.07% | Joso 22,689 — 521£15

FedAvg-lID CNN-LSTM 7050£038% | 69.14£044% | 68.05-7022% | o33+ 143,121 286.63 126.5+3.1
FedAvg-IID proposed 83.80+078%  8385+0.89% | 81.64-86.05% (13'8%02 22,689 4757 201.7 £ 84
FedAvg-skew proposed 7133£148% | 69.41:170% | 65.18-7364% | | loor 22,689 47.57 104.9+23
FedProx-skew proposed 7157 £161% | 69.67 +2.05% | 64.58-74.76% (13%802 22,689 4757 201.1+ 4.1

Values are mean + sample SD across seeds 42, 52, and 62. The 95% intervals use the t distribution with two degrees of freedom and are
therefore wide. Traffic counts bidirectional model-state transfer over 25 rounds and ten participating clients. Source: Authors’ calculations from
the completed experiment archive.

The compact network contains 22,689 parameters versus 143,121 in the benchmark, a 6.31-fold
reduction. On the evaluated CPU, however, it was not the faster model to train. Centralized training took
52.1 = 1.5 s for the proposed network and 34.1 + 7.0 s for the benchmark. The result is not
contradictory: reducing stored state and multiply-accumulate count does not remove the effects of

branch scheduling, memory traffic, kernel implementation, and other runtime overheads.

Table 6. Seed-wise macro-F1 values underlying the aggregate comparisons.

Centralized CNN-LSTM 86.23% 88.17% 78.69% 84.36 + 5.01%
Centralized proposed 90.59% 91.98% 91.41% 91.33£0.70%
FedAvg-1ID CNN-LSTM 68.75% 69.61% 69.06% 69.14 + 0.44%
FedAvg-1ID proposed 83.82% 84.74% 82.97% 83.85 + 0.89%
FedAvg-skew proposed 70.45% 70.33% 67.44% 69.41+1.70%
FedProx-skew proposed 71.19% 70.49% 67.34% 69.67 + 2.05%

Source: Authors’ calculations from the saved test-set prediction metrics for all three independent executions.

Figure 3 combines the three centralized confusion matrices and normalizes each row. Its strong diagonal
matches the 91.33% mean macro-F1. At class level, the highest mean F1 values include Harmonics
(99.08%), Notch (96.96%), Pure Sinusoidal (97.64%), Swell (95.28%), and Interruption (95.03%). The
Pure Sinusoidal value should not be read as independent evidence of healthy-class generalization
because that waveform is duplicated across splits. The more difficult centralized classes were
Harmonics with Sag (84.82%), Flicker with Sag (86.57%), Harmonics with Swell (87.70%), and
Flicker with Swell (87.99%), indicating that some compound morphologies remain difficult even
before federated training is introduced.

1502



XFed-PQD: Explainable Federated Learning for Power Quality Disturbance Classification in Edge-Enabled Smart Distribution Networks

Centralized proposed model: aggregate of three seeds
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Figure 3. Row-normalized centralized proposed-model confusion matrix aggregated across three seeds.
Source: Authors’ aggregation of three saved test-set confusion matrices. Repeated resamples are not treated as independent field events.

Pooling three resampled test confusion matrices makes the recurring error structure easier to see, but the
result is not treated as 10,200 independent field observations. Each seed contributes its own 3,400-
record test set, and the same underlying reference collection can be sampled differently from one seed to

another. For that reason, uncertainty is calculated at seed level rather than from the pooled individual
predictions.

6.2 Federated learning under IID distribution

With FedAvg on the IID client split, the proposed global model achieved 83.89% + 0.78% accuracy and
83.85% + 0.89% macro-F1. The same architecture was 7.48 + 0.86 macro-F1 points higher when trained
centrally. The paired centralized-to-federated gaps were 6.77, 7.24, and 8.44 points for Seeds 42, 52,
and 62, so the direction of the loss was stable. Macro FAR also increased, from 0.540% in centralized
training to 1.007% under FedAvg-IID.

The federated CNN-LSTM benchmark reached 70.50% + 0.38% accuracy and 69.14% =+ 0.44% macro-
F1. Under the same federated protocol, the proposed model was higher by 14.71 + 0.69 macro-F1
points. Its seed-wise advantages were 15.08, 15.14, and 13.91 points. Unlike the more variable
centralized benchmark comparison, this federated gap was very similar across the three runs. In the
evaluated configuration, the compact multi-scale representation therefore preserved considerably more
discrimination after repeated local optimization and averaging than the recurrent benchmark.

The communication difference was also large. Across ten clients, the proposed state produced 1.903 MB
of bidirectional model traffic per round and 47.57 MB over all 25 rounds. The CNN-LSTM state
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required 11.465 MB per round and 286.634 MB in total. Under this shared accounting rule, the
proposed model reduces transferred model state by 83.4%. The absolute values omit orchestration
messages, transport headers, retransmissions, authentication, and encryption, but those omitted
components do not alter the relative checkpoint-size difference measured here.

Figure 4 shows that the IID federated penalty is not distributed evenly across classes. Harmonics kept a
mean F1 of 96.08% and Interruption 93.55%, while Transient fell to 72.72%. Swell with Harmonics,
Flicker with Swell, and Sag with Harmonics reached 74.78%, 76.16%, and 77.42%, respectively.
Macro-F1 remains useful as a summary, but these class-level differences matter in practice. A
deployment threshold should therefore be tied to the disturbances that are operationally important, not
only to one global average.

Proposed FedAvg-IID model: aggregate of three seeds
s 1.0

Flicker
Flicker+Sag
Flicker+Swell -
Harmonics <
Harmonics+Saq =
Harmonics+Swell ~
Interruption =
Notch +

Osc¢. transtent =

True class

Pure 4
Sag

Sag+Harmonics «

Row-normalized proportion

Sag+0sce, transient =
Swell
Swell+Harmonics =

Swell+0Osc. transient =

Transient =

Predicted class

Figure 4. Row-normalized proposed FedAvg-lID confusion matrix aggregated across three seeds.

Source: Authors’ aggregation of three saved test-set confusion matrices. Repeated resamples are not treated as independent field events.
Training time tells a different story from communication volume. The proposed federated run took
201.7 + 8.4 s, compared with 126.5 & 3.1 s for the benchmark. This is consistent with the later latency
profile: fewer parameters and less transmitted state do not guarantee faster execution on the tested
backend. In other words, the proposed architecture is communication-efficient here without also being
compute-optimal.

6.3 Federated learning under label skew

The largest loss in the training matrix appeared when the client labels were drawn from the Dirichlet
partition. FedAvg accuracy moved from 83.89% + 0.78% under IID assignment to 71.33% + 1.48%, and
macro-F1 moved from 83.85% =+ 0.89% to 69.41% = 1.70%. The paired macro-F1 losses were 13.38,
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14.41, and 15.53 points, averaging 14.44 + 1.08 points. Macro FAR rose at the same time, from 1.007%
+ 0.049% to 1.792% + 0.092%.

The allocation map in Figure 2 provides a direct explanation for this behavior. Global balance does not
translate into local balance: some clients are dominated by a subset of labels, while others see those
labels rarely. Their local gradients therefore emphasize different objectives, and averaging them does
not reconstruct the same update as training on a balanced pooled set. Full participation ensures that
every client contributes, but it does not remove that conflict. More local epochs could increase the drift;
fewer local epochs would trade part of the problem for more communication at a fixed amount of local
work.

On the same within-seed label-skew partitions, FedProx achieved 71.57% % 1.61% accuracy, 69.67% =+
2.05% macro-F1, and 1.777% + 0.100% FAR. Its average macro-F1 advantage over FedAvg was only
+0.26 £ 0.43 points. At seed level the differences were +0.74, +0.15, and -0.10 points. Accuracy
increased by 0.24 + 0.26 points, while FAR declined by just 0.0147 percentage points on average. These
are small shifts, so the result is described as a modest average change rather than a decisive FedProx
improvement.

This paired result also shows why the three runs matter. Seed 42 on its own would suggest a +0.74-point
benefit for FedProx; Seed 62 slightly favors FedAvg. Taken together, the evidence supports a narrower
conclusion: with p=0.01 and the present training budget, the proximal term can limit drift for some
realized partitions, but it does not reliably close the heterogeneity gap.

6.4 Convergence behavior and training budget

Figure 5 places the training histories on a common view, using the seed mean with sample-SD bands.
Centralized loss falls quickly over the first few epochs and then becomes flatter. The Seed-42
centralized run stopped after 14 recorded epochs under the patience rule, while the other two reached
15. In every case, the reported test result comes from the best validation checkpoint rather than simply
from the final epoch.

(a) Centralized proposed model (b) Mean federated trajectories
1 0.9 ~
s Training loss

Validation loss 0.8 A

—~ 0.7 4
g 3

= 2 0.6
g g

) z 0.5
: -

? 2 0.4 -
@ m

S = 0.3+
S =

~ 0.2+ —— FedAvg - IID
0.1 - - FedAvg - label skew
g = = FedProx - label skew
T T T T T T 0.0 = T T T T T
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Figure 5. Mean centralized and federated training histories; shaded bands denote sample SD across three seeds.

Source: Authors’ calculations from the saved epoch and round histories.
All federated scenarios used the full 25-round budget. The mean best validation macro-F1 was about
0.834 for proposed FedAvg-IID, 0.686 for proposed FedAvg with label skew, and 0.693 for proposed
FedProx with label skew. The IID trajectory separates early from the two heterogeneous curves and
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remains higher. The two label-skew trajectories stay close to one another, which matches the small
difference observed later in their test metrics.

The curves show improvement within the available budget; they do not establish asymptotic
convergence. The IID trajectory is still moving slightly at round 25, and neither heterogeneous
trajectory has reached a demonstrated plateau. Extra rounds could therefore alter the absolute values or
even the FedAvg-FedProx ordering. For that reason, the paper does not claim that FedProx 'converges
better." What the data support is more limited: both heterogeneous methods improved from their early
rounds and finished with similar test performance after the same 25-round budget.

Recorded training time was 194.9 + 2.3 s for proposed FedAvg-skew, 201.1 + 4.1 s for proposed
FedProx-skew, and 201.7 = 8.4 s for FedAvg-IID. These timings describe the actual CPU execution and
the project data path. They are reproducibility measurements, not predictions of how long a substation
device or smart meter would take.

6.5 Per-class behavior and leakage sensitivity

Table 7. Class-wise macro-F1 component values for the proposed model.

Centralized FedAvg-IID FedAvg-skew FedProx-skew

Flicker 90.8 + 0.9% 80.3+0.8% 44.4 +£32.9% 46.2 £ 32.5%
Flicker_with_Sag 86.6 £ 2.1% 79.2+£2.3% 55.5 + 10.9% 57.9£9.4%
Flicker_with_Swell 88.0 £ 2.2% 76.2 £3.5% 42.3 +£34.4% 44.0 +£34.2%
Harmonics 99.1+0.8% 96.1+ 0.5% 91.9+2.7% 92.5+2.2%
Harmonics_with_Sag 84.8 +4.3% 78.8 £1.4% 48.4 £22.9% 49.3 +24.0%
Harmonics_with_Swell 87.7+2.7% 83.7 £ 1.3% 72.3+5.2% 73.4+6.4%
Interruption 95.0 £ 1.6% 93.5+1.3% 86.1+1.6% 86.2+2.9%
Notch 97.0 £ 0.9% 91.9+0.5% 89.6 + 2.6% 88.7 £2.9%
Oscillatory_Transient 89.1+0.9% 82.3+0.5% 79.0£4.2% 78.9+3.7%
Pure_Sinusoidal 97.6 + 0.6% 93.4 +1.8% 87.9+1.3% 88.1+1.6%
Sag 90.8 + 1.5% 84.5+1.6% 76.0 £5.4% 74.8 £4.8%
Sag_with_Harmonics 90.0 £ 2.1% 774 £1.9% 62.1+2.0% 63.4 + 3.6%
Sag_with_Oscillatory_Transient 90.4 +1.3% 86.7 £ 1.8% 78.1£3.8% 76.7 £ 4.6%
Swell 95.3+1.7% 89.8+1.9% 86.1+2.7% 85.0+3.3%
Swell_with_Harmonics 90.6 £ 2.0% 74.8+7.0% 59.8 + 13.2% 58.3+ 16.8%
Swell_with_Oscillatory_Transient 89.5+ 1.6% 84.2+3.2% 79.4£4.7% 79.3+4.1%
Transient 90.4 +1.9% 72.7£2.6% 41.1+£22.9% 41.9+21.4%

Values are mean + sample SD across three seeds. Pure_Sinusoidal is affected by exact duplicate leakage; see Table 3. Source: Authors’
calculations from per-class test metrics.

The per-class results make the cost of heterogeneity clearer than the overall average alone. With label-
skew FedAvg, mean F1 fell to 44.39% for Flicker, 42.34% for Flicker with Swell, 48.38% for
Harmonics with Sag, and 41.15% for Transient. FedProx moved the same four means to 46.18%,
43.95%, 49.29%, and 41.85%. Those differences are small beside the change from IID federation, where
the corresponding values were 80.25%, 76.16%, 78.83%, and 72.72%. In this experiment, the client
distribution therefore changes the class error profile much more than the choice between FedAvg and
FedProx.

Other classes were relatively stable. Harmonics remained at 91.91% F1 with FedAvg-skew and 92.46%
with FedProx-skew; Notch stayed around 89%, Interruption around 86%, and Swell around 85-86%.
One plausible reason is that these disturbances retain more distinctive waveform morphology even when
local prevalence changes. Flicker combinations and Transient, by contrast, appear more dependent on
local diversity and are more readily absorbed into neighboring patterns.
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A second comparison groups the nine isolated or nominal categories—Flicker, Harmonics, Interruption,
Notch, Oscillatory Transient, Pure Sinusoidal, Sag, Swell, and Transient—against the eight compound
categories. The mean class-level F1 for the first group was 93.90% centrally and 87.16% under FedAvg-
IID; for compound events, it was 88.44% and 80.12%. Under label skew, isolated/compound means
became 75.78%/62.24% with FedAvg and 75.80%/62.78% with FedProx. Thus, a 5.46-point centralized
gap widened to roughly 13 points under heterogeneous federation.

The grouped calculation includes Pure Sinusoidal, so it has to be read together with the integrity audit.
When all records whose true label is Pure Sinusoidal are removed from the metric calculation, macro-
F1 over the remaining 16 classes becomes 90.93% =+ 0.73% centrally, 83.25% = 0.85% for FedAvg-IID,
68.26% = 1.87% for FedAvg-skew, and 68.52% =+ 2.25% for FedProx-skew. The method ordering does
not change, although every sensitivity value is lower than the 17-class value. Because the conflicting
Swell example remains in training, this is a diagnostic sensitivity bound rather than a leakage-free
retraining experiment.

6.6 Statistical interpretation

Table 8. Exploratory paired statistical comparisons for macro-F1.

Seed deltas (pp) Mean * SD / statistic — Interpretation

Direction consistent; n is too small for

Centralized vs FedAvg-1ID (proposed) +6.77, +7.24, +8.44 +7.48 £ 0.86 0.250 decisive inference

FedAvg-1ID vs FedAvg-skew (proposed) | +13.38, +14.41, +15.53 +14.44 +1.08 0.250 tz;%a}‘/’esmip“"e fietsrogeheity
FedProx-skew vs FedAvg-skew +0.74, +0.15, -0.10 +0.26 £ 0.43 0.500 Small and not directionally stable
Friedman: four proposed settings — X?=8.200 0.042 exploratoviompiusesuwiblony

three blocks

Pairwise p-values are exact two-sided Wilcoxon signed-rank results with n=3 paired seeds. They have very low resolution and must not be used
alone to claim superiority. Source: Authors’ calculations from the completed three-seed matrix.

For the proposed centralized-versus-FedAvg-IID comparison, the exact two-sided Wilcoxon p-value is
0.250. The FedAvg-IID-versus-FedAvg-skew comparison gives the same value. In both cases, all three
paired differences point in one direction, but three pairs are too few to reject at conventional
significance levels. The absence of significance is therefore not evidence that the settings are equivalent;
it mostly reflects the limited resolution of a nonparametric test with n=3. The descriptive pattern is
clearer than the p-value: the mean macro-F1 gaps are 7.48 points and 14.44 points, respectively, and
their direction is consistent across the three seeds.

The FedProx-skew-versus-FedAvg-skew result looks different. Its paired p-value is 0.500, the average
difference is small, and one seed moves in the opposite direction. That combination does not support a
strong claim in favor of either optimizer. The Friedman test across the four proposed settings yields
r*=8.200 and p=0.042. Because only three seed blocks contribute to that omnibus statistic, we treat it as
exploratory evidence that the settings are ordered differently overall, not as a basis for post-hoc
superiority statements that are not supported by the pairwise results.

The confidence intervals in Table 5 need the same restraint. For centralized proposed macro-F1, the
reported 95% interval is about 89.59-93.07%; for the benchmark it expands to 71.92-96.80%. With only
three runs, one seed can move either interval substantially. Reporting these ranges is still useful because
it makes the uncertainty visible, but a larger number of seeds would be needed before treating the
intervals as stable estimates.
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6.7 Noise robustness

Noise produces the sharpest single-checkpoint degradation in the extended analysis. The clean Seed-42
proposed FedAvg-IID model starts at 83.82% accuracy and 83.82% macro-F1. At 40 dB AWGN, those
values fall to 57.62% and 54.97%. At 30 dB they are 20.65% and 17.01%, and at 20 dB they reach only
7.88% accuracy and 3.71% macro-F1. At that point, the multi-class decision rule is effectively collapsed
rather than operating as a useful detector.

Noise robustness of the Seed-42 proposed FedAvg-11D model

| =@= Accuracy__ =@=_Macro-Fl __=-: Cleanmacro-F1(0838) __ _____________________________|
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Figure 6. Seed-42 accuracy and macro-F1 under added AWGN; the dashed line denotes clean macro-F1.
Source: Authors’ direct evaluation of the saved Seed-42 FedAvg-IID checkpoint.

Table 9. Seed-42 robustness of the proposed FedAvg-lID global model to added AWGN.

Clean 83.82% 83.82% 1.011% 0.00

AWGN 40 57.62% 54.97% 2.649% -28.86
AWGN 30 20.65% 17.01% 4.960% -66.82
AWGN 20 7.88% 3.71% 5.757% -80.12

Percentage-point changes are relative to the clean Seed-42 macro-F1 of 83.82%. Source: Authors’ direct evaluation of the saved Seed-42
checkpoint.

Even 40 dB produces a macro-F1 loss of 28.86 percentage points relative to the clean Seed-42 result.
FAR rises from 1.011% on clean data to 2.649%, 4.960%, and 5.757% at progressively lower SNR. The
robustness confusion matrices show the predictions concentrating into a small number of classes as
noise increases, which helps explain why macro-F1 falls faster than accuracy.

These numbers should not be interpreted as proof that the architecture is inherently incapable of noise
tolerance. Training followed the clean reference protocol and included no noise augmentation, denoising
stage, or sensor-domain adaptation. What the experiment does show is that per-signal normalization
alone is insufficient. A field-oriented training distribution would need realistic measurement noise,
transformer distortion, missing samples, calibration error, and device-specific spectral effects.
Robustness was also tested on only one selected checkpoint, so its variability across seeds is not known.

6.8 Explainability and consistency

For Seed 42, both explanation methods were applied three times per class, producing 51 class-
conditioned IG explanations and 51 one-dimensional Grad-CAM explanations. Mean sparsity was 0.588
+ 0.093 for IG and 0.340 £ 0.228 for Grad-CAM. The difference is expected from the methods
themselves: IG assigns relevance at input resolution, whereas Grad-CAM combines internal activation
channels and then aligns a coarser relevance map with the original 100-sample waveform.
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Across ten local models and 17 evaluated samples per model, client-to-global 1G cosine similarity
averaged 0.924 + 0.053. Cross-client cosine similarity was lower at 0.887 £+ 0.065, and local-to-global
Spearman correlation averaged 0.817 = 0.106. The local explanations therefore tend to point in the same
broad direction as the global explanation, but they are not identical. The gap between cosine and
Spearman is also informative: coarse relevance profiles are more stable than the exact ranking of
individual samples.

Seed-42 attributions for Flicker-with-Sag and client-level consistency
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Figure 7. Seed-42 IG and Grad-CAM temporal attributions and client-level explanation consistency.

Source: Authors' XAl outputs; the waveform example is Flicker_with_Sag.
Figure 7 makes that distinction visible. IG and Grad-CAM emphasize similar regions of the
Flicker with Sag example, but they do not assign the same intensity or the same local ordering. The
client boxplots show a comparable spread in agreement. A high similarity score is useful for spotting
gross disagreement; it is not evidence that the explanation is physically correct. If every model reacts to
the same preprocessing artifact, for example, their explanations could agree while still being non-causal.

The reference data provide class labels but not annotated disturbance intervals. Localization IoU and
attribution AUPRC are therefore intentionally omitted. A stronger physical validation would first obtain
masks from the disturbance-generation equations or from field annotations and would then combine
localization with perturbation-based faithfulness, model-parameter randomization, and expert review.
The present XAl result demonstrates consistency between models, not causal validity.

6.9 Edge deployment and quantization

The Seed-42 proposed FP32 checkpoint has 22,689 parameters and a serialized size of 0.112 MB.
Batch-one CPU latency averaged 1.107 &+ 0.279 ms, corresponding to an estimated throughput of 903.5
samples/s. Dynamic INT8 quantization changed this profile only modestly in size: the file fell by 3.44%
to 0.108 MB. Macro-F1 moved from 83.82% to 83.70%, a decrease of about 0.13 percentage points.
Mean latency, however, increased by 29.5% to 1.433 ms, and throughput dropped to 697.9 samples/s.

The CNN-LSTM benchmark reacts differently to the same quantization procedure. Its FP32 checkpoint
is 0.552 MB, with 0.539 + 0.062 ms latency, 1856.7 samples/s throughput, and 68.75% macro-F1 for
Seed 42. Dynamic quantization reduces its size by 69.73% to 0.167 MB and changes macro-F1 to
68.36%, but mean latency rises to 1.517 ms. The much larger compression is consistent with dynamic
quantization acting on the benchmark's recurrent and linear layers. In the proposed model, most weights
remain inside convolutional operations that this dynamic procedure does not convert.
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Table 10. Seed-42 explanation-consistency and edge-profile summary.

I1G sparsity 0.588 + 0.093 51 explanations Input-resolution attribution
XAl Grad-CAM sparsity 0.340 £ 0.228 51 explanations Coarse temporal attribution
XAl Local-global IG cosine 0.924 + 0.053 10 clients x 17 Strong directional agreement
XAl Cross-client IG cosine 0.887 + 0.065 Client pairs Lower inter-client agreement
XAl Local-global Spearman 0.817 £ 0.106 10 clients x 17 Rank agreement
Proposed FP32 Size / latency 0.112 MB/1.107 ms F1=0.8382 903.5 samples/s
Proposed INT8 Size / latency 0.108 MB/ 1.433 ms F1=0.8370 3.44% smaller; +29.5% latency
Benchmark FP32 Size / latency 0.552 MB / 0.539 ms F1=0.6875 1856.7 samples/s
Benchmark INT8 Size / latency 0.167 MB/ 1.517 ms F1=0.6836 69.73% smaller; +181.6% latency

Latency is mean batch-one CPU time over 30 post-warm-up repetitions. Dynamic quantization does not convert every convolutional operator.
Source: Authors’ XAl and CPU profiling outputs for Seed 42.

Two practical conclusions follow from the edge profile. First, 'INT8' describes the requested
transformation; it does not prove that every weight and operator is executed with integer arithmetic.
Second, a lower parameter count and fewer multiply-accumulate operations do not guarantee lower
latency on a given backend. The proposed FP32 checkpoint is small and communication-efficient, yet
the benchmark is faster before quantization on this CPU. Any deployment decision should therefore be
preceded by target-device profiling and, where appropriate, tests of operator fusion, static quantization,
quantization-aware training, and energy use.

The process-level memory profiler did not resolve a change in resident memory during the individual
inference windows. That observation reflects measurement resolution, not zero memory consumption.
Parameter count and serialized size are still available, but peak activation memory should be measured
later with instrumentation designed for the actual target device.

6.10 Overall trade-off and evidence synthesis

Figure 8 brings the four proposed-model training settings together. Centralized training remains the
strongest predictive reference. FedAvg-IID provides the best distributed compromise observed here,
with 83.85% + 0.89% macro-F1 and 47.57 MB of measured model traffic. The dominant penalty
appears when the client distribution becomes label-skewed. Under the chosen p and 25-round budget,
FedProx changes that heterogeneous result only slightly.

Three-seed proposed-model performance (error bars: sample SD)
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Figure 8. Three-seed proposed-model performance across centralized, 11D, and label-skew settings.
Source: Authors’ calculations from the completed three-seed matrix.

There is no single configuration that wins on every metric. If data pooling is allowed, the centralized
proposed model gives the strongest predictive result. Among the federated alternatives, proposed
FedAvg-1ID provides the best measured balance between predictive quality and communication. On the
tested CPU, the benchmark is faster in FP32. FedProx cannot be preferred generally to FedAvg on the
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basis of these three heterogeneous runs because its mean advantage is small and the ordering reverses in
one seed.

The different parts of the evaluation tell a consistent story. Fewer parameters explain the reduction in
model traffic. The confusion matrices and class-wise results show where macro-F1 is lost. The label-
skew allocation and paired drop identify heterogeneity as a first-order challenge. XAl measurements
show strong but incomplete agreement between client and global explanations. Noise and quantization
experiments keep clean-data accuracy from being mistaken for deployment readiness, while the
duplicate audit shows that data provenance can limit the meaning of an otherwise strong metric.

Within the boundaries of these experiments, XFed-PQD is best interpreted as a reproducible integrated
research framework rather than as a finished alarm or protection product. Its contribution is the
combination of model design, federated evaluation, explanation, robustness, data-integrity analysis, and
edge profiling in one auditable workflow, with the limits of each result stated explicitly.

7. Discussion

7.1 Answers to the research questions

For RQ1, the central comparison is the drop from pooled to IID federated training. The proposed model
records 91.33% =+ 0.70% macro-F1 centrally and 83.85% + 0.89% with FedAvg-IID, giving a paired gap
of 7.48 + 0.86 points. Even with that loss, the federated proposed model remains 14.71 + 0.69 points
above the federated CNN-LSTM and requires 83.4% less measured model traffic. Under the protocol
used here, the proposed architecture therefore offers a better predictive-quality-versus-communication
balance. The remaining centralized-federated gap could still change with a longer or differently tuned
training budget.

RQ?2 is dominated by the effect of the client distribution. Changing FedAvg from IID to label-skew
partitions costs 14.44 + 1.08 macro-F1 points on average. Replacing FedAvg with FedProx on those
same heterogeneous partitions changes the mean from 69.41% to 69.67%, or +0.26 + 0.43 points. Seed
62 moves slightly in the other direction and favors FedAvg. In other words, heterogeneity is the main
result here; with the selected p, the proximal term does not remove that problem and does not behave as
a consistently better alternative.

RQ3 asks whether the global explanation resembles the explanations produced by local client models. In
the Seed-42 analysis, the mean local-global cosine similarity is 0.924, which points to strong agreement
in overall attribution direction. The corresponding Spearman correlation is lower, at 0.817, indicating
that the detailed ordering of individual samples varies more than the broad relevance profile. The global
explanation is therefore broadly representative of client evidence in this selected run, although local
explanations are not interchangeable. Since the dataset has no event masks, this finding concerns
agreement between models and should not be interpreted as proof that the highlighted samples are
physically correct.

RQ4 gives a much less favorable result. The Seed-42 checkpoint was trained under the clean reference
protocol, and its macro-F1 falls to 54.97% at 40 dB AWGN before declining further as SNR is reduced.
Under these conditions, the model cannot be described as noise robust. Any operational claim would
need retraining with noise-aware augmentation and another evaluation using sensor conditions that are
closer to the intended deployment environment.

RQS5 shows that a smaller federated state is not automatically a faster one. The proposed FP32
checkpoint is compact and cuts communication substantially, yet its measured latency on the tested
CPU is higher than that of the benchmark. Dynamic INT8 quantization changes F1 only slightly, but it
produces little size reduction for the CNN-dominant proposed model and increases latency because
much of the convolutional path remains in floating point. The practical choice of deployment format
therefore has to follow measurements on the target backend rather than the datatype label by itself.

7.2 Practical implications

An edge-enabled FL topology reduces the need to move raw waveforms routinely between sites, which
is useful when organizations cannot pool measurements or when links are constrained. Under the
implemented accounting rule, the proposed state requires about 1.903 MB of bidirectional transfer per
round across ten clients, compared with 11.465 MB for the benchmark. Over 25 rounds, the difference
is greater than 239 MB. These are model-state figures; a production deployment would add encryption,
authentication, orchestration, and retry traffic to both.
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Explanations can also support operator triage. Pairing a predicted class with a concentrated temporal
attribution gives the operator a specific portion of the waveform to inspect, while consistency metrics
indicate whether local and global models are relying on broadly similar evidence. Such outputs are aids,
not replacements for protection logic or electrical rules. Their reliability still has to be checked against
physical event masks, counterfactual perturbations, and domain-expert judgment.

The integrity audit has an equally practical implication. A classifier can appear exceptionally reliable on
the healthy class when the identical healthy waveform is present in every split. If such a result were used
to set alarm expectations, false-alarm performance could be interpreted too optimistically. Unique-event
identifiers, group-aware splitting, source tracking, and review of label conflicts are therefore not
secondary data-management details; they are part of the model-validation problem.

7.3 Relationship to previous studies

The numerical results in this study should not be ranked directly against accuracies reported from other
PQD collections. Published work differs in class count, signal-generation equations, sampling rates,
transforms, window lengths, and noise conditions [26], [28]-[44]. Methodological comparison is more
defensible. Alsabaan et al. demonstrated FL-based PQD classification together with poisoning analysis
[27]; XFed-PQD adds repeated label-skew evaluation, client-global explanation consistency, edge
profiling, and an explicit leakage audit. Interpretable PQD studies, including Altun et al., show the value
of explaining waveform decisions [29], [32], [33]; here, that explanation is evaluated inside a federated
client-global setting. Lightweight and embedded studies show that inference can be moved near the
meter [30], [44]. The present edge measurements add a complementary caution: neither parameter
reduction nor dynamic INT8 automatically produces lower latency.

The wider smart-grid FL literature emphasizes non-IID data, personalization, privacy, security, and
client variability [4]-[25]. The label-skew results reported here fit that picture: a dataset can be balanced
globally while the client objectives remain highly unbalanced. XFed-PQD does not implement secure
aggregation, differential privacy, adversarial-client defenses, or personalized heads. Those additions
would alter both predictive performance and resource cost, so they should be measured jointly rather
than appended as untested claims.

7.4 Reliability envelope and deployment gates

The experiments define a limited reliability envelope rather than a simple deployment verdict. What has
actually been tested is a system built around clean reference waveforms, a fixed 100-sample window,
known labels, the recorded class map, full client participation, and a workstation CPU profile.
Conditions such as field sensor noise, variable waveform lengths, missing values, changes in feeder
topology, previously unseen compound disturbances, malicious clients, and hardware-specific runtime
constraints lie outside that envelope. Claims about the system should stay inside the measured
conditions until a dedicated experiment extends them.

The results point to four practical checks before deployment. First, the data need to pass an integrity
check in which exact duplicates and cross-label conflicts are removed or reconciled before a group-
aware resplit. Second, robustness has to be judged by acceptable per-class recall under realistic sensor
and network conditions, not only by a clean-data average. Third, the federated setting needs more
repeated trials across client distributions, participation rates, and seeds, together with predefined
minimum performance for vulnerable classes. The fourth check is device specific: latency, memory,
energy use, and thermal behavior should be measured using the exact model format and runtime
intended for operation.

Explanation quality becomes another acceptance check if the attributions are expected to support
operator trust. A useful test would combine event-window localization, perturbation-based faithfulness,
randomization checks, and stability across seeds. The measured local-global cosine similarity is
encouraging, but agreement alone is not enough; several models can agree and still focus on the same
non-causal artifact. Physical masks derived from disturbance-generation equations or synchronized
event annotations would provide a much stronger basis for that validation.

Framing the limitations as acceptance checks makes the next engineering step easier to define. The 40
dB result, for example, does not simply suggest collecting 'more data'; it identifies a need for noise-
aware retraining followed by another test at or below that condition. The very small size reduction
obtained from dynamic quantization leads to a different next step: static quantization or operator fusion
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should be tested before committing to an INT8-specific runtime. In each case, a failed check should
trigger a specific design change and then a repeat evaluation under the same criterion.

7.5 Monitoring lifecycle and model governance

A fielded PQD classifier would need to be managed as a measurement component whose operating
conditions can change over time. Before a site is activated, sensor scaling, waveform-window
alignment, the supported class vocabulary, and the expected noise range should be checked. A small
local qualification set can then show whether that site's data are materially different from the reference
collection. If the difference is large, adding the client immediately to synchronous aggregation risks
contaminating the global update; the better response is to inspect data quality, adjust preprocessing, or
use a personalized calibration layer first.

Once the system is running, the useful audit trail is broader than the predicted class alone. Prediction
confidence, alarm frequency, client participation, validation surrogates, and model-version identifiers
can be logged without routinely retaining raw waveforms. A change in class prevalence or feature
statistics may indicate distribution shift, but it does not prove that a new electrical phenomenon has
appeared. Selected records therefore need a controlled review in which domain experts confirm the label
and decide whether the event belongs to an existing class, a known compound class, or an out-of-scope
condition. Only reviewed records should enter a later federated update, and they should still pass
duplication and data-quality checks first.

Promotion of a new global checkpoint should be staged rather than automatic. The candidate first needs
to outperform the active model on a fixed regression suite that includes the difficult compound
categories and the leakage-free sensitivity subset. It then needs to pass the noise, explanation, and
device-profile checks on the target runtime. A small gain in an aggregate score is not enough if recall
drops for an operationally important class or if the explanations become unstable. For later audit, the
approved checkpoint should be stored together with its class map, preprocessing version, quantization
mode, and acceptance-test results.

Rollback has to be planned at the same time. If alarm behavior or latency deteriorates after a model
promotion, the previous approved checkpoint should remain available and the system should record
which clients received each version. Federated coordination makes this more complicated because a
partial update can leave clients training from different global states. Version checks at the beginning and
end of each round can stop incompatible updates from entering the same aggregation. None of these
controls increases macro-F1 directly, but they determine whether the measured model can be operated
safely and whether a later audit can reconstruct what happened.

8. Limitations and Future Work

The clearest limitation comes from the data themselves. The reference collection is not a multi-site field
dataset, and the Pure Sinusoidal class is made up of repeated copies of one waveform. In addition, one
exact waveform appears under both Pure Sinusoidal and Swell, which gives the same input two labels.
Reporting the primary results alongside the sensitivity metrics makes this problem explicit, but no
analysis can recover signal diversity that is absent from the source files. A stronger dataset would
include event identifiers, source-aware grouping, and explicit masks marking disturbance intervals.

The experiment is also narrow in repetition and federated conditions. Three completed seeds are enough
to show means, dispersion, and the direction of paired changes, but they are not enough for fine
distinctions between optimizers. The current matrix does not cover additional Dirichlet concentrations,
partial participation, client dropout, personalized heads, or alternative numbers of local epochs. A more
definitive aggregation study would use more seeds, state the primary contrasts in advance, and run every
method on the same realized partition draws. For this reason, the inferential results in the present paper
are intentionally cautious and mostly descriptive.

A related limitation is the fixed training budget. Twenty-five federated rounds show the trajectory
reached within that budget; they do not establish asymptotic convergence. More rounds, server learning-
rate schedules, client sampling, balanced aggregation, or personalized FL. may change the heterogeneous
results. Robustness also needs to move beyond the current AWGN test. Training-time noise
augmentation, colored noise, measurement-transformer harmonics, missing samples, calibration error,
concept drift, and transfer across devices would better reflect the range of conditions expected outside
the reference dataset.
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Formal privacy and security guarantees were not implemented. Model parameters are shared, the
coordinator is trusted, and parameter exchange can still leak information. Differential privacy, secure
aggregation, encrypted transport, poisoning defenses, and malicious-client detection are therefore
important extensions. Their cost, however, should be measured directly: each can affect both
communication and predictive performance, and that overhead should not be assumed to be negligible.
The deployment measurements have a similar boundary. They come from a workstation CPU using
dynamic quantization and cannot stand in for every embedded processor or accelerator. Static
quantization, quantization-aware training, operator fusion, ONNX or vendor-specific runtimes, and
structured pruning may lead to different size and latency behavior. Future device tests should therefore
include energy per inference, peak memory, concurrent-stream behavior, thermal throttling, and on-
device latency. The explainability study also needs a broader validation layer, including localization
masks, perturbation faithfulness, randomization tests, expert assessment, and stability checks across
seeds, partition types, and noise levels.

9. Conclusion

XFed-PQD combines compact temporal classification, federated optimization, explanation, robustness
analysis, and edge profiling in a single 17-class power-quality monitoring framework. Across three
seeds, the proposed architecture records 91.33% + 0.70% macro-F1 with centralized training and
83.85% = 0.89% with FedAvg-IID. Its measured model traffic over 25 federated rounds is 83.4% lower
than that of the CNN-LSTM benchmark. The main performance loss appears when the client data
become heterogeneous: Dirichlet label skew reduces macro-F1 to 69.41% + 1.70%. FedProx raises the
mean to 69.67% + 2.05%, but the +0.26-point average difference is small and does not keep the same
direction across all three seeds. The extended Seed-42 analysis also shows strong, although not perfect,
agreement between local and global IG explanations.

Those results are encouraging, but they do not remove the limits revealed by the rest of the experiment.
Added noise causes severe degradation, and dynamic INT8 quantization preserves nearly all of the
predictive quality without making the proposed CNN-dominant model faster on the evaluated CPU.
More importantly, the waveform audit identifies duplicated healthy data and one exact cross-label
collision, which changes how the healthy-class result has to be interpreted and motivates the
accompanying sensitivity analysis. The evidence therefore supports explainable federated PQD
monitoring as a feasible direction under the conditions that were tested, not as a deployment guarantee.
Extending that evidence will require more diverse field data, broader repeated heterogeneous trials,
formal privacy and security mechanisms, physically grounded explanation tests, and optimization on the
hardware that will actually run the model.
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