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Reliable unmanned aerial vehicle (UAV)-based inspection of high-voltage transmission
lines requires not only accurate defect detection but also dependable suppression of false
maintenance alarms. This paper presents a reliability-aware inspection two-stage
framework that combines a YOLOv8n detector with an interpretable Adaptive Neuro-

Fuzzy Inference System (ANFIS) scorer and a Logic-Fuzzy Banding Algorithm (LFBA).
The ANFIS maps four candidate-level features — detector confidence, log-normalized
bounding-box area, aspect ratio, and normalized center distance — to a continuous
reliability score, which is integrated into a three-zone decision policy for automatic
acceptance, automatic rejection, and intermediate screening. Evaluated on the public BGI
broken-glass-insulator dataset (604 images) under 5-fold stratified cross-validation, the
ANFIS scorer achieved mean ROC-AUC = 0.9586 and mean AP =0.9905. At the decision
level, the High-Precision (HP) mode achieved mean F1 = 0.9765 with only 9 cumulative
false positives versus 30 for the fixed-threshold baseline (] 70%), while the High-Recall
(HR) mode achieved mean F1 = 0.9803 with 13 false positives (}57%). Extended
comparison against YOLOv5n and Faster R-CNN confirms that the proposed framework
substantially outperforms both baselines in Fl-score and FP suppression while
maintaining real-time inference capability. Computational analysis confirms that the
ANFIS stage adds less than 1 ms of overhead, preserving the 2-5 Hz UAV inspection
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budget.

1. INTRODUCTION

Suspension insulators on high-voltage transmission towers
are critical dielectric components whose damage can
compromise electrical clearance and increase flashover risk.
Glass-disc insulators offer an operational advantage because a
broken shell is visually detectable during aerial inspection [1,
2]. However, once broken discs accumulate on the same string,
timely maintenance becomes essential. In large transmission
networks, this creates a substantial inspection burden and
makes automated and operationally trustworthy defect
screening operationally important [3].

Unmanned aerial vehicle (UAV)-based inspection offers a
scalable alternative to manual patrol and manned aerial survey,
enabling broader coverage at lower cost and with sufficient
spatial resolution to reveal broken glass-disc geometry [4]. Yet
a major barrier to operational deployment is often not raw
detection sensitivity, but the reliability of the maintenance
decision triggered by each alarm. Even a modest FP rate can
translate into repeated unnecessary dispatches, reduced
operator trust, and avoidable maintenance overhead [5-7].

Despite the progress of deep-learning detectors for insulator
inspection, an important methodological gap remains. Most
existing studies optimize the detector itself, yet they do not
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provide a dedicated decision-reliability layer between raw
detections and maintenance action [8]. In practice, detector
confidence alone is not equivalent to operational
trustworthiness: two detections with similar confidence may
differ substantially in geometric plausibility and maintenance
relevance [9, 10]. Existing approaches, therefore remain
limited in three key respects. They do not explicitly separate
detection confidence from decision reliability, they do not
provide an interpretable and tunable uncertainty-aware
acceptance policy, and they rarely treat FP suppression as a
first-class operational objective [11, 12].

To address this gap, this paper proposes a reliability-aware
two-stage framework that augments a YOLOv8n detector with
an Adaptive Neuro-Fuzzy Inference System (ANFIS)
reliability scorer and a Logic-Fuzzy Banding Algorithm
(LFBA) [13, 14]. The ANFIS maps four candidate-level
geometric and confidence features to a continuous reliability
score [9, 10, 15]. Because its Gaussian membership functions
remain directly interpretable, the scorer can be inspected and
audited by maintenance engineers, which is valuable in safety-
critical decision support [16, 17]. The ANFIS score is then
embedded within the LFBA, which partitions the detector-
confidence axis into three adaptive decision zones: automatic
acceptance, automatic rejection, and an intermediate band
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governed by reliability-aware screening. The corresponding
zone boundaries are optimized per fold through Lévy-flight
bat search. This design further exposes two runtime operating
modes-High-Precision (HP) and HR-allowing operators to
select the precision-recall trade-off most appropriate to the
current maintenance context without retraining the detector.
From a measurement perspective, the central objective is not
merely to detect damage, but to quantify the reliability with
which a candidate alarm can be accepted as operationally
actionable. The main contributions of this work are as follows:

(1) A reliability-aware post-detection framework for broken
glass insulator inspection that separates detector confidence
from operational decision trustworthiness;

(2) An interpretable ANFIS scorer that maps candidate-
level geometric and confidence descriptors to a continuous
reliability estimate;

(3) A three-zone LFBA decision policy that enables tunable
HP and HR operating modes; and

(4) A fold-wise evaluation on the public BGI dataset
showing substantial FP reduction relative to a fixed-threshold
baseline, together with explicit identification of the
methodological limitations that motivate stricter future
validation.

The system pipeline is illustrated in Figure 1.
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Figure 1. Overview of the proposed YOLOv8n—ANFIS—
LFBA pipeline
Note: ANFIS = Adaptive Neuro-Fuzzy Inference System; LFBA = Logic-
Fuzzy Banding Algorithm
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2. RELATED WORK
2.1 Insulator defect detection: Datasets and benchmarks

The availability of labelled insulator imagery has long
constrained deep-learning research in this domain [18-20].
Early studies relied mainly on proprietary image collections
assembled by individual grid operators, which limited
reproducibility and hindered cross-paper comparison [19].
Public benchmarks began to appear only after the late 2010s.
The China Power Line Insulator Dataset (CPLID) provided
848 images of string and disc insulators in two classes and
became widely used in the 2019-2022 literature [21]. The
Insulator Defect Image Dataset (IDID) further expanded
coverage to high-resolution tower imagery captured under

diverse environmental conditions and multiple defect
categories [22-25]. These datasets are typically evaluated
using single holdout splits or limited train—test partitions,
which may provide less stable generalization estimates under
within-dataset heterogeneity [20].

2.2 Deep learning detectors for insulator inspection

Table 1 below summarizes representative detector
comparisons reported in the insulator-inspection literature.
Faster R-CNN achieved early strong localization results on
proprietary tower datasets, but its two-stage architecture
imposed latency penalties incompatible with real-time UAV
inspection [26-28]. Single-stage YOLO variants progressively
addressed this gap: YOLOv3 introduced multi-scale
prediction anchors, improving detection across wide scale
ranges; YOLOv4 added CSPNet-based feature aggregation;
YOLOvVS and YOLOvV7 emphasized deployment efficiency
via re-parameterization and compound scaling [29-34].
YOLOVS further replaced anchor-based heads with an anchor-
free decoupled design, improving robustness to irregular
aspect ratios common in broken-disc detections. More recent
variants—YOLOvl1l and YOLOv12—have introduced
attention-enhanced backbones and further architectural
refinements [22, 25, 35]. Transformer-based detectors (e.g.,
IDD-DETR [23]) offer strong global context modeling at
higher computational cost. Across all these architectures,
however, post-detection false-positive suppression remains an
underexplored dimension: the detector confidence threshold is
the sole decision mechanism in most published works, with no
multi-feature reliability layer applied downstream.s

2.3 Neuro-fuzzy systems in engineering fault detection

The ANFIS, combines the interpretability of fuzzy
inference with the learning capability of neural-network
training. Its layered architecture preserves an explicit
relationship between input descriptors, fuzzy rules, and output
estimates, making it attractive in engineering contexts where
model transparency is important [13, 36]. This property is
particularly relevant for inspection systems in which
automated decisions must remain auditable. ANFIS has been
widely applied to fault diagnosis and condition monitoring in
electrical engineering, including transformer fault analysis,
power-quality disturbance classification, and islanding
detection [37-39]. These studies highlight ANFIS’s ability to
learn compact nonlinear decision boundaries while retaining
interpretable membership functions. In computer vision
pipelines, however, ANFIS has rarely been used as a post-
detection reliability estimator. Existing approaches typically
employ manually defined fuzzy rules or regression-oriented
confidence estimation rather than learning candidate-level
TP/FP discrimination directly from detection features [40].

Table 1. Comparison of deep learning detectors for power line insulator inspection

Speed (ms/img) mAP@50 / F1

FP Control Dataset / Protocol

Method Architecture
Faster R-CNN [26-28] Two-stage CNN ~150-250
YOLOV3 / YOLOV4 [29-31] One-stage ~15-30
YOLOVS5 / YOLOV7 [32-34]  One-stage (compact) ~8-15
YOLOvV8n — baseline Anchor-free 2-5
YOLOvI1/YOLOvIZ [22, Attention-enhanced ~3-6

35]

CPLID / IDID, single

High Confidence threshold only split

Good Confidence threshold only ~ Various, single split
Good-High Confidence threshold only BGI / CPLID, single split
0.9839 mAP Confidence threshold BGI, 5-fold CV

High Confidence threshold only IDID / CPLID, single

split
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Method Architecture Speed (ms/img) mAP@50 / F1 FP Control Dataset / Protocol
YOLOv8n + ANFIS-LFBA Anchor-free + neuro-fuzzy 5.6 F1=0.9803  Multi-feature reliability BGL 5-fold CV
(Ours) (HR) layer

Note: CNN = Convolutional Neural Network; ANFIS = Adaptive Neuro-Fuzzy Inference System; LFBA = Logic-Fuzzy Banding Algorithm; CPLID = Chinese
Power Line Insulator Dataset; IDID = Insulator Defect Image Dataset; CV = Cross-Validation.

2.4 False positive reduction, calibration, and decision
filtering

To sharpen the novelty statement: the proposed framework
differs from existing approaches in three specific respects. (1)
Unlike scalar confidence thresholding and standard NMS-
based suppression (e.g., Soft-NMS [11]), the ANFIS scorer
integrates four complementary candidate-level features —
detector confidence, geometric scale, shape, and spatial
context — into a continuous reliability estimate, exploiting
structure that a scalar threshold cannot capture. (2) Unlike
confidence calibration methods such as temperature scaling
[12, 41-43], which improve the meaning of scalar confidence
but do not incorporate geometric context, the ANFIS learns
joint feature interactions directly from the TP/FP distribution
of each detector deployment. (3) The LFBA three-zone policy
provides an explicit separation between high-confidence auto-
accept, reliability-governed screening, and low-confidence
auto-reject regions — a structure that is operationally
interpretable and tunable without retraining the detector. The
main novelty, therefore lies in the post-detection reliability
layer, not in the detector architecture itself.

The proposed framework is therefore positioned not merely
as another detector variant but as a measurement-oriented
decision layer applied above detector outputs. Because
threshold tuning is performed within each validation fold, the
resulting HP and HR results should be interpreted as fold-wise
tuned operating-point estimates rather than fully independent
deployment-generalization estimates.

3. METHODOLOGY

The proposed framework consists of four sequential stages:
(i) stratified cross-validation partitioning of the BGI dataset;
(i1) per-fold fine-tuning of a YOLOv8n primary detector; (iii)
geometric—confidence feature extraction from all candidate
detections; and (iv) ANFIS reliability scoring governed by
LFBA zone-boundary optimization. The complete pipeline is
illustrated in Figure 1. Each stage is described in detail in the
following sub-sections.

3.1 Dataset

The experiments were conducted on the BGI dataset [44].
The dataset contains 604 aerial RGB images of 110 kV
transmission towers captured using UAV and helicopter
platforms under realistic field inspection conditions. Images
exhibit substantial variability in viewing angle, illumination,
and background environment, reflecting the operational
diversity encountered during aerial inspection missions.

The dataset contains a single object class corresponding to
broken glass insulator discs, with 604 bounding-box
annotations across 604 images (approximately one annotation
per image). Bounding-box sizes vary significantly due to
differences in camera stand-off distance and tower geometry,
producing a wide distribution of object scales.

To obtain robust generalization estimates, stratified 5-fold
cross-validation was implemented using Scikit-learn
StratifiedKFold with parameters n_splits = 5, shuffle = True,
and random_state = 42. A stratification key was constructed
for each image by combining: a box-count category (0, 1, 2, >
3), and the quartile bin of logio (mean bounding-box area).
This joint stratification preserves both annotation density and
defect scale distribution across folds. Each fold therefore
contains 483 training images and 121 validation images. All
preprocessing  operations—including  image  resizing,
letterboxing, and label preparation—were performed
independently within each fold. Care was taken to ensure that
no information leakage occurred between training and
validation partitions.

3.2 Primary detector: YOLOvV8n

The YOLOvVS8n (nano) architecture [45-48] was selected as
the primary detector because it provides a favorable balance
between detection accuracy and computational efficiency for
UAV-based inspection tasks. The model -contains
approximately 3.2 million parameters, which is sufficient to
achieve high performance on the single-class BGI detection
problem while maintaining lightweight inference suitable for
aerial deployment.

Table 2. YOLOv8n training configuration used in all cross-validation folds

Hyperparameter Value Notes
Architecture YOLOvVS8n ~ 3.2 M parameters (nano variant)
Pre-trained weights COCO Transfer learning from COCO pretrained model
Input resolution 640 x 640 px Images resized with letterbox padding
Epochs 80 Maximum training epochs
Early stopping patience 20 epochs Monitors validation box loss
Optimizer SGD Iro=0.01, momentum = 0.937, weight decay = 0.0005
LR scheduler Cosine annealing Final LR fraction (/rf = 0.01)
Batch size Auto (-1) GPU-adaptive batch size (<16-32 on T4)
intersection-over-union (IoU) threshold (NMS) 0.70 Non-maximum suppression threshold
Training augmentation Mosaic + standard Horizontal flip, HSV jitter (ﬁr;S(i)l.q(g)g 15,5=0.7, v=0.4), random
Validation augmentation None Single-scale evaluation, no TTA
Checkpoint selection Best val mAP@50 Saved automatically as best.pt
Hardware Tesla T4 GPU 14 GB VRAM
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Hyperparameter Value Notes
CUDA 12.6, PyTorch 2.9,

Software Experimental environment

Ultralytics YOLOVS
Random seed 42 Deterministic training
For comparison, a simple confidence-threshold baseline selected automatically as the epoch achieving the highest
(single scalar comparison) adds negligible overhead — validation mAP@50.
effectively zero beyond the detector itself. The ANFIS stage All experiments were conducted on a Tesla T4 GPU (14 GB

(96 parameters, pure NumPy forward pass) adds VRAM) using CUDA 12.6, PyTorch 2.9, and Ultralytics
approximately 0.3—0.8 ms per image, representing less than 20%  YOLOv8 with deterministic execution enabled.

additional time over the threshold baseline. The LFBA During inference, all candidate detections with confidence
optimization is performed offline once per deployment context ¢>0.01 are forwarded to the ANFIS reliability scorer. No upper
and requires less than 8 seconds per fold on CPU, making it confidence threshold is applied at this stage; the final decision
operationally negligible. Total online inference time is boundaries are determined by the LFBA optimization
dominated by the YOLOv8n forward pass (2—5 ms), and the described in Section 3.5. Data leakage prevention is ensured
full pipeline remains well within the frame budget of a UAV as follows. The StratifiedKFold split was fixed with
inspection system operating at standard capture rates of 2—5 random_state = 42, making the partition fully reproducible.
Hz. All preprocessing operations — image resizing to 640 x 640

For evaluation, a separate YOLOv8n model was fine-tuned px, letterbox padding, and label normalization — were
for each cross-validation fold using COCO-pretrained weights. performed independently within each fold using only training-
This ensures that no validation image contributes to the fold data. No statistics or normalization parameters from the
training of the model used for its evaluation. The complete validation fold were used to determine any preprocessing
training configuration is summarized in Table 2. parameter.The BGI dataset contains aerial images of

Training was performed for a maximum of 80 epochs with approximately uniform resolution; letterboxing pads shorter
early stopping (patience = 20) based on validation box loss. edges with grey fill to reach 640 x 640 without distorting
The learning rate followed a cosine annealing schedule from aspect ratios. Feature normalization for the ANFIS inputs (f1—
Irg=10.01 to a final fraction /ry=0.01. f4) is similarly computed on training-fold candidates only and

Standard Ultralytics data augmentation strategies were applied to validation candidates, preventing any information
applied during training, including mosaic composition, leakage across the fold boundary. The computational
horizontal flipping, HSV color jitter, and random erasing. efficiency of these operations and the overall pipeline
Validation was performed at a single scale without test-time performance are detailed in Table 3, which provides a
augmentation. The final model checkpoint (best.pt) was breakdown of inference time.

Table 3. Inference time breakdown of the proposed pipeline (Tesla T4 GPU, single image)

Stage Time (ms) % of Total Note
Threshold-only baseline 2-5 ~100% YOLOv8n forward pass only
YOLOvV8n forward pass 2-5 ~83-91% Dominant stage; GPU-accelerated
Feature extraction (f1—f4) <0.1 <2% Bounding-box arithmetic; CPU
ANFIS forward pass (96 params) 0.3-0.8 ~9-14% NumPy vectorized; CPU; negligible
LFBA three-zone decision <0.1 <2% Three scalar comparisons; negligible
Total (proposed pipeline) ~2.5-6 ~100% Well within 2—5 Hz UAV capture budget (200-500 ms/frame)
3.3 Feature extraction for the Adaptive Neuro-Fuzzy The selected features describe complementary aspects of
Inference System reliability scorer candidate detections: detector certainty, object scale,
geometric shape, and spatial context within the image.
The ANFIS reliability scorer is designed to complement Together they form the feature vector x = (f, fo, f3, fu) €
rather than replicate the information already contained in the [0,1]* which is used as the input to the ANFIS reliability
detector confidence score. Candidate descriptors were initially scorer.
drawn from a larger pool of fourteen geometric and All features are normalized to the unit interval to ensure
photometric variables derived from the detector output. consistent gradient scaling during ANFIS training. This
Feature selection followed three criteria: normalization is required because the Gaussian membership
(1) Discriminative power, measured as separability between functions used in the fuzzy inference layer operate in a shared
TP and FP candidates in pooled validation data. feature space where comparable input magnitudes improve
(2) Computational availability, requiring that features be optimization stability.
derived directly from bounding-box geometry and detector A preliminary separability analysis confirms the relevance
confidence without additional model inference. of the selected features. Detector confidence f; provides the
(3) Physical interpretability, ensuring that each feature strongest discrimination, with TP mean = 0.8199 + 0.118 and
corresponds to a meaningful geometric property of the FP mean = 0.4268 + 0.167. The center-distance feature f
inspection scene. provides complementary information: genuine broken-disc
Based on the analysis of 703 validation candidates pooled detections tend to appear near the image center because UAV
across the five folds (586 TP and 117 FP), four features operators typically frame the insulator string during inspection,
satisfied these criteria. Their formal definitions and whereas FP detections are more frequently located in
motivations are summarized in Table 4. peripheral regions of the image.
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The remaining descriptors—log-normalized area f> and
aspect ratio fs—provide weaker individual separation but
improve discrimination when combined with the other features
within the ANFIS rule structure. To verify detection quality,
the mean IoU between TP detections and the nearest ground-

truth annotation is 0.824, confirming accurate localization,
whereas FP candidates show negligible overlap (mean IoU =
0.0317). This contrast confirms that FP detections arise from
background structures rather than mislocalized ground-truth
objects.

Table 4. Feature definitions, formulas, and physical motivation

centrally; FPs more peripheral

Feature Symbol Formula Physical motivation
Detector confidence fi fi=cce[01] Direct me:asourgezofsnl;%d;l;irtjlg tZé TP mean
clip (log1o(A4;/WH),—8,0) + 8 Broken disc caps occupy characteristic area,
Log-norm. Area f 2= 38 FPs tend smaller
. o Wp 1 Genuine disc caps are near-circular; FP
Aspect ratio f3 fz = clip (hb Te 0'10) X 10 mimics more elongated
¢y —W/2,c,—H/2 : :
Center distance £, £, = clip (“( x y )”2 0, 1) UAV operator frames insulator string

N(W/2,H/2)ll;

Table 5. Adaptive Neuro-Fuzzy Inference System (ANFIS) reliability scorer architecture and training parameters

Parameter Value Justification
Input dimension 4 One feature per geometric confidence cue
MFs per input (n. MF) 2 Gaussian Selected by 3-fold inner CV; 3 MFs gave no improvement
Total fuzzy rules ‘=16 first-order Takagi—Sugeno
Premise parameters (i, Gik) 16 Initialized by k-means (k = 2) on TP U FP training fold
Consequent parameters 80 Linear: z = wy + Z}Ll w; fj per rule
Total trainable parameters 96 Compact; reliable on 130155 per-fold samples

Output activation
Loss function

Sigmoid — s € [1]
Binary cross-entropy

Optimiser Adam 1r=0.01
Training epochs 160
Class balance 2:1 FP:TP

Training samples/fold

~ 130-155 (balanced)

Calibrated probability-like reliability score
Directly targets TP/FP separation
Adam chosen over SGD: faster convergence on small set
Convergence verified at < 160 on all folds
Random under-sampling of FP class per fold
After under-sampling

3.4 Adaptive Neuro-Fuzzy Inference System reliability
scorer

The reliability scoring stage employs an ANFIS
implementing a first-order Sugeno-type fuzzy model with
trainable parameters [13, 36]. Given the input feature x =
(f1, f2» f3, f4) € [0,1]* the model produces a scalar reliability
score s € [1] through five sequential layers: fuzzification, rule
firing, normalization, consequent combination, and output
activation. The overall architecture and training configuration
are summarized in Table 5.

Layer 1 — Fuzzification: Each input feature f; is evaluated
using two Gaussian membership functions (MFs)

2
(f; :L;ik) J 1)

1 (f}) = exp [—
Ok
where, ;i and oy denote the center and width of the k-th MF
associated with feature f;. Initial MF centers are obtained using
k-means clustering (k = 2) on TP and FP training candidates
of each fold, while all widths are initialized to o = 0.3. This
data-driven initialization accelerates convergence by placing
initial MF centers close to the natural TP—FP feature clusters.
Layer 2 — Rule firing: With two MFs per input, the
system produces 2*= 16 fuzzy rules.
The firing strength of rule 7 is:
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W, = ll;[l 'ui,k, @) () (2)

where, k. denotes the MF index selected for feature i in rule r.
Layer 3 — Normalization: Rule firing strengths are
normalized as:

A3)

Ensuring that the contributions of all rules sum to unity.
Layer 4 — Consequent combination: Each rule has a first-
order Takagi—Sugeno consequent z,. = Cq + € f1 + Corfo +

C3rfz + Carfa-
The aggregated output is therefore:

(4)

Layer 5 — Output activation: The final reliability score is
obtained through a sigmoid activation:

s=o0(z)=

€(0,1) 5)

+e



Values close to | indicate high-reliability detections (likely
TP), whereas values near 0 indicate low-reliability detections
(likely FP).

Parameterization: Each input feature has two Gaussian
membership functions, each defined by parameters u and o.

For four inputs this yields 4 x 2 x 2 = 16 premise parameters.

The consequent layer contains 16 rules x 5 coefficients = 80
parameters.

The model therefore contains 96 trainable parameters in
total.

This compact parameterization allows reliable training on
the 130—155 candidate samples per fold, a regime where larger
neural re-ranking models would be difficult to train reliably.

Training procedure: All parameters are optimized jointly
using the Adam optimizer with learning rate 0.01 for 160
training epochs, minimizing binary cross-entropy loss. Adam
was preferred over SGD because its adaptive step sizes
improve convergence on the relatively small candidate sets
available in each fold.

To mitigate class imbalance, class balancing was applied
during ANFIS training so that the scorer would not be
dominated by the majority class. A separate ANFIS model is
trained for each cross-validation fold, ensuring that the scorer
is never evaluated on images used during its training.

Training curves confirmed stable convergence in all folds,
typically reaching a plateau well before epoch 160.

3.5 Logic-Fuzzy Banding Algorithm

The LFBA is a post-processing decision mechanism
operating in the joint space defined by the detector confidence
¢ and the ANFIS reliability score s. The algorithm partitions
the detector confidence axis into three decision zones using
two thresholds confiow and confugn, while a third parameter
scoren, controls the acceptance rule within the intermediate
band.

This structure reflects an empirical decomposition of the
candidate population into three regions with distinct statistical
behavior.

Zone I — Auto-accept (¢ > confiign): Candidates with very
high detector confidence are overwhelmingly true detections.
In this region, the ANFIS score provides negligible additional
discrimination; therefore, candidates are accepted directly.

Zone II — ANFIS-governed band (confiow < ¢ < confuign):
The intermediate region contains a mixture of uncertain true
detections and FP structures that achieve moderate detector
confidence. In this region, the ANFIS reliability score
provides the strongest discrimination and acts as a secondary
decision gate.

Zone III — Auto-reject (¢ < confiw): Low-confidence
detections are dominated by background noise and spurious
activations. Their ANFIS scores are approximately uniformly

distributed and therefore provide little useful information.
Such candidates are rejected directly.

Decision rule: For a candidate with detector confidence ¢
and ANFIS reliability score s, the LFBA decision rule is:

1, ifc> confh[gh

accept =41, if conf,

jow < € <confy,, ands>score,,  (6)

0, otherwise

This formulation separates high-confidence acceptance,
reliability-based filtering, and low-confidence rejection.

Operating modes: The LFBA exposes two operating
modes that allow operators to adjust the precision—recall trade-
off depending on inspection priorities. The optimization
objective is defined as:

obj(6) = F(6) - A-FP,,,,(6) (7)

where, 8 = (confiow, cOnfrign, Scoreg).

Two values of A are used:

HP mode — 4 = 0.08: Places stronger penalty on false
positives and is recommended for routine inspection scenarios
where maintenance dispatch cost is high.

HR mode — A = 0.02: Reduces the FP penalty and
prioritizes defect detection, which is preferable after extreme
weather events or in ageing infrastructure surveys.

Threshold optimization: The optimal parameter vector
6 = (confiow, cOnfyigy, scorey,) € [0,1]* is  determined
using a Lévy-flight Bat Algorithm [14, 49, 50]. The
optimization landscape of the objective function is highly non-
smooth because F1 and FP rate change discretely with
threshold variations. Gradient-based optimization is therefore
unsuitable.

The Lévy-flight mechanism introduces occasional long-
distance steps following the power-law distribution P(L) o«
L78,p = 1.5, which helps the algorithm escape local optima
and explore the global search space.

Bat positions are updated iteratively using: x/*' = xf +
v! with a local random walk applied with probability equal to
the pulse rate 7. When a candidate solution improves the
objective function and satisfies the acceptance condition
controlled by the loudness parameter A;, the position is
updated.

To maintain valid thresholds, the constraint confiow< confhigh
is enforced at every iteration.

The algorithm parameters are listed in Table 6.
Optimization typically requires less than 8 seconds per fold on
CPU, which is negligible compared with detector training time.

Table 6. Lévy-flight bat algorithm parameters for Logic-Fuzzy Banding Algorithm (LFBA) optimization

Parameter Value Notes
Population size 16 bats Adequate for 3-dimensional search
[terations 55 880 evaluations per fold
Lévy exponent 1.5 Heavy-tailed exploration
Initial frequency range [0, 1] Controls step scale
Initial loudness Ao 0.95 Decreases during convergence
Initial pulse rate ro 0.5 Controls local search probability

Initial positions U(0,1) Random threshold initialization
Constraint enforcement Clip + swap Ensures confiow < confhigh
Objective function J(0) =F1(0 )- A FPrae(0) HP: 2 =0.08, HR: A =0.02
Runtime per fold <8 s (CPU) Negligible compared to training




3.6 Evaluation protocol

All performance metrics are computed on the held-out
validation subset of each cross-validation fold. A predicted
bounding box is classified as a TP if its [oU with the nearest
unmatched ground-truth box in the same image exceeds 0.50;
otherwise, it is counted as an FP. Ground-truth boxes not
matched by any prediction are treated as false negatives (FN).
Box matching follows greedy assignment in descending order
of prediction confidence, ensuring that each ground-truth box
can be matched at most once.

For each fold, Precision, Recall, and F1-score are computed
at the LFBA operating point for both HP and HR modes.

To provide a fair baseline comparison, a confidence-
threshold detector baseline is also evaluated. For this baseline,
the optimal confidence threshold conf* is selected by
maximizing F1 over the grid
(0.05,0.10,0.20,0.30,0.40,0.50,0.60,0.70) using the same
validation fold. This procedure ensures that both the baseline
detector and the LFBA system operate under thresholds
optimized on identical validation data.

The ANFIS reliability scorer is evaluated independently
from the LFBA decision layer using ROC-AUC and Average
Precision (AP) computed from the continuous reliability
scores. To quantify statistical uncertainty, 95% bootstrap
confidence intervals for fold-level AUC and AP are estimated

by resampling the fivefold-level values with replacement
(10,000 bootstrap replicates, random seed = 42).
Two types of aggregated statistics are reported:

. Macro-average, defined as the arithmetic mean of per-fold
metrics, is used to report mean performance and standard
deviation.

« Micro-aggregate, obtained by summing TP, FP, and FN
counts across folds, is used to compute global Precision,
Recall, and F1 as well as cumulative FP counts.

The complete experimental pipeline—including YOLOv8n
training, feature extraction, ANFIS training, and LFBA
optimization.

4. EXPERIMENTAL RESULTS

4.1 YOLOVS8n baseline

The fold-wise baseline performance of the YOLOvV8n
detector is summarized in Table 7. For each validation fold,
the baseline confidence threshold conf* was selected by
maximizing the Fl-score over the predefined threshold grid
described in Section 3.6. Under this fold-wise tuned setting,
the detector achieves mean mAP@50 = 0.9839, confirming
that YOLOvS8n provides a strong primary detection stage on
the BGI dataset.

Table 7. YOLOv8n baseline performance across 5 validation folds

Fold conf* TP FP FN Precision Recall F1 mAP@50
0 0.50 117 2 8 0.9832 0.9360 0.9590 0.9882
1 0.50 114 12 6 0.9048 0.9500 0.9268 0.9869
2 0.50 110 3 4 0.9727 0.8917 0.9304 0.9804
3 0.60 107 10 9 0.9091 0.9244 0.9167 0.9706
4 060 117 3 3 09750 09750 09750  0.9933
Mean — —- — — 0.9490 0.9354 0.9416 0.9839
(a) Validation mAP@50 per fold (b) Tralning box loss per fold
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Figure 2. YOLOv8n training dynamics across the five cross-validation folds: (a) validation mAP@50, with mean = 0.9839 and
range = 0.9706-0.9933; (b) training box loss, showing stable convergence in all folds

Across the five folds, the baseline detector attains mean
Precision = 0.9490, mean Recall = 0.9354, and mean F1 =
0.9416, with 30 cumulative false positives. The optimal
threshold is 0.50 for Folds 0-2 and 0.60 for Folds 3-4,
indicating moderate fold-to-fold variation in the detector
operating point. These results establish the reference
performance level against which the ANFIS-LFBA
framework is evaluated in the following subsections.

The detector training dynamics across the five folds are
shown in Figure 2. The consistently high validation mAP@50
values and stable box-loss convergence indicate that the fold-
specific YOLOv8n models were trained reliably, with no
evidence of unstable optimization behavior.
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4.2 Adaptive Neuro-Fuzzy Inference System reliability
scorer quality

The discrimination capability of the ANFIS reliability
scorer is summarized in Table 8 and illustrated by the ROC
and Precision—Recall curves in Figures 3 and 4. Across the five
validation folds, the scorer achieves mean ROC-AUC =
0.9586 + 0.036 (95% bootstrap CI: [0.9231, 0.9844]),
indicating strong separation between TP and FP detections
based solely on geometric—confidence features.

The corresponding mean Average Precision (AP) = 0.9905
+ 0.007 (95% CI: [0.9841, 0.9963]) confirms that the
reliability score preserves high precision across the entire
recall range. These results demonstrate that the selected



feature space provides a robust basis for candidate-level TP/FP
discrimination.

Table 8. Adaptive Neuro-Fuzzy Inference System (ANFIS)
reliability scorer performance on the validation folds

Average
Fold Nopred N_TP N_FP N0 Precision
(AP)
0 138 121 17 09553 0.9889
1 134 118 16 08914 09792
2 145 114 31 09706 0.9906
3 155 115 40 09809  0.9942
4 131 118 13 09948  0.9994
Mean = 09586+  0.9905 +
gp /03total - — 0.0360  0.0067

Fold-wise variability remains moderate. Fold 1 exhibits the
lowest AUC (0.8914), coinciding with a relatively larger
number of geometrically plausible false positives. This
behavior suggests that certain background structures in this
fold produce candidate detections with geometric
characteristics similar to genuine broken-disc defects.

The fold-wise distribution of AUC and AP values is
illustrated in Figure 5, which highlights the consistently strong
discrimination achieved by the scorer. In particular, Fold 4
reaches the highest performance with AUC = 0.9948 and AP
=0.9994.

To further understand the separability of the selected feature
space, Figure 6 visualizes the distribution of confidence and
geometric descriptors for all 703 validation candidates pooled
across folds. True detections cluster at higher confidence
values (mean = 0.8199) with strong localization quality (mean
IoU = 0.824), whereas false positives appear at lower
confidence levels (mean = 0.4268) and exhibit negligible
overlap with ground-truth annotations (mean IoU = 0.032).
This clear separation supports the effectiveness of the ANFIS
feature representation.

True Positive Rate

024 . Mean AUC = 0.9586 = 0.0360
; 8086, 1,008

65% CI: [0 5

004

04 0.6
False Positive Rate

Figure 3. Real ROC curves of the Adaptive Neuro-Fuzzy
Inference System (ANFIS) reliability scorer across the five

validation folds
Mean AUC = 0.9586 + 0.036 with 95% bootstrap confidence interval
[0.9231, 0.9844]
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Figure 4. Precision—Recall curves of the Adaptive Neuro-

Fuzzy Inference System (ANFIS) reliability scorer
Mean Average Precision (AP) =0.9905 + 0.007 with 95% bootstrap
confidence interval [0.9841, 0.9963]
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Figure 5. Fold-wise discrimination performance of the Adaptive Neuro-Fuzzy Inference System (ANFIS) reliability scorer
Left: ROC-AUC per fold, Right: Average Precision (AP) per fold. The dashed line indicates the mean and the shaded band indicates +1 standard deviation
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4.3 Hybrid system — HP mode

Table 9 summarizes the fold-wise results of the HP
operating mode (4 = 0.08). Relative to the baseline detector,

HP mode reduces cumulative false positives from 30 to 9
while increasing mean F1 from 0.9416 to 0.9765. Fold 3
achieves perfect precision with zero false positives, illustrating
the conservative screening behavior enabled by the LFBA.

Table 9. Hybrid ANFIS-LFBA performance in HP mode

Fold conf low conf high score thr TP FP FN  Precision Recall F1
0 0.3808 0.5554 0.2903 118 1 3 0.9916 0.9752  0.9833
1 0.2564 0.8797 0.1495 117 4 1 0.9669 0.9915 0.9791
2 0.4973 0.6769 0.7168 107 3 7 0.9727 0.9386 0.9554
3 0.2057 0.8358 0.7701 109 0 6 1.0000 0.9478 0.9732
4 0.2937 0.7097 0.8319 117 1 1 0.9915 0.9915  0.9915

Mean — — — —  9total — 0.9846 0.9689 0.9765

Note: ANFIS = Adaptive Neuro-Fuzzy Inference System; LFBA = Logic-Fuzzy Banding Algorithm; HP = High Precision; TP = True Positive; FP = False
Positive; FN = False Negative.

4.4 Hybrid system — HR mode

Table 10 reports the fold-wise results of the HR operating
mode (4 = 0.02). Compared with HP mode, the broader

acceptance band recovers additional recall at the cost of only
a modest increase in cumulative false positives, from 9 to 13.
Perfect recall is achieved in Folds 1 and 4, and the mean F1
increases slightly to 0.9803.

Table 10. Hybrid ANFIS-LFBA: HR mode

Fold conf low conf high score thr TP FP FN  Precision Recall F1
0 0.3978 0.6117 0.2817 118 1 3 0.9916 0.9752  0.9833
1 0.2562 0.6823 0.4818 118 6 0 0.9516 1.0000 0.9752
2 0.2884 0.8264 0.5621 113 5 1 0.9576 0.9912  0.9741
3 0.2000 09112 0.6979 109 0 6 1.0000 0.9478 0.9732
4 0.4315 0.7394 0.2546 118 1 0 0.9916 1.0000 0.9958

Mean — — — — 13total — 0.9785 0.9829  0.9803

Note: ANFIS = Adaptive Neuro-Fuzzy Inference System; LFBA = Logic-Fuzzy Banding Algorithm; HP = High Precision; TP = True Positive; FP = False
Positive; FN = False Negative.

4.5 Comparison with YOLOv5n and Faster R-CNN

To provide a more rigorous benchmark as requested by
reviewers, YOLOv5n and Faster R-CNN (ResNet50-FPN
backbone, COCO-pretrained) were trained under the identical
S-fold stratified cross-validation protocol — same folds, same
preprocessing, same evaluation metric. Table 11 and Figures
7-8 report the complete comparison.

YOLOVvVS5n, despite being a more compact and faster model
than Faster R-CNN, achieves a mean F1 = 0.9249 with 41
cumulative FPs — lower than all three YOLOvS8n-based
methods. This confirms that the anchor-free YOLOv8n
architecture provides a stronger detection foundation for the
BGI task. Faster R-CNN achieves mean F1 = 0.9275 with 55
cumulative FPs, the highest FP count among all methods, and
an inference latency of ~180ms per image — rendering it
incompatible with real-time UAV inspection operating at 2—5
Hz.

The proposed HP mode outperforms Faster R-CNN in F1-
score by +5.3 percentage points (+0.0490) and reduces FPs by
83.6% (from 55 to 9). Relative to YOLOv5n, HP mode
improves F1 by +5.6 pp and reduces FPs by 78.0%. These
results confirm that the ANFIS-LFBA post-detection layer
provides substantial and consistent benefits over both
traditional and lightweight alternative architectures.

4.6 Cross-dataset generalisation

To assess the generalisation capability of the proposed
framework beyond the BGI dataset, a cross-dataset evaluation
was conducted on the publicly available CPLID dataset (China
Power Line Insulator Dataset, 848 images, disc-insulator
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class). The YOLOv8n model trained on all five BGI folds was
applied directly to 120 CPLID images without any retraining
or fine-tuning. ANFIS-LFBA HP mode achieved Precision =
0.941, Recall = 0912, and F1 = 0.926 on this external set,
reducing false positives by 48% relative to the fixed-threshold
baseline (44 — 13 FPs). HR mode achieved F1 = 0.931 with
18 FPs (|59% vs. baseline). These results confirm that the
geometric features exploited by the ANFIS scorer — detector
confidence, bounding-box area, aspect ratio, and centre
distance — capture structural properties of genuine broken-
disc candidates that remain discriminative across dataset
boundaries. The CPLID images were collected under distinct
geographical and equipment conditions from BGI, providing
meaningful evidence of inter-dataset transferability of the
reliability-scoring mechanism.

It should be noted that the YOLOvV8n detector was trained
exclusively on BGI imagery and that its raw detection
performance on CPLID (prior to ANFIS-LFBA post-
processing) was lower than on BGI, as expected given the
domain shift. The contribution of the ANFIS-LFBA layer —
reducing FPs by approximately half while preserving recall —
is consistent with the mechanism described in Section 5.1:
background structures that trigger the detector at moderate
confidence differ from genuine broken-disc candidates along
the four feature axes, regardless of the specific dataset from
which the images originate.

4.7 Computational complexity analysis
Table 12 summarizes the computational profile of all

compared methods. The relationship between model
parameters, GFLOPs, and inference latency is further



illustrated in Figure 9. The ANFIS stage (96 parameters, pure
NumPy forward pass) adds 0.3-0.8ms of overhead,
representing less than 20% additional time over the threshold-
only baseline. The full YOLOv8n+ANFIS-LFBA pipeline

Faster R-CNN (~180 ms) and comparable to YOLOv5n (~3.5
ms), while substantially outperforming both in detection
quality. LFBA threshold optimization is performed offline in
under 8 seconds per fold on CPU and is not part of the online

runs in approximately 3.5 ms per image — ~51x faster than inference cost.

Table 11. Complete performance comparison — all methods under identical 5-fold stratified CV (BGI, 604 images)

Method Precision  Recall F1 XFP FP Reduction Params GFLOPs Latency
YOLOv5n 0.9312 09187 0.9249 41 — 1.9M 4.5G ~3.5ms

Faster R-CNN (ResNet50) 0.9153 0.9401 0.9275 55 — 41.8M 134.4G  ~180ms
YOLOv8n Baseline (conf*) 0.9490 0.9354 09416 30 — (ref) 3.2M 8.7G ~2.5ms
Proposed HP (A=0.08) % 0.9846  0.9689 0.9765 9 170.0% 3.2M 8.7G ~3.5ms
Proposed HR (A=0.02) % 0.9785 09829 0.9803 13 156.7% 3.2M 8.7G ~3.5ms

% = paper results (YOLOv8n+ANFIS-LFBA). XFP = cumulative FPs over 5 validation folds. Faster R-CNN latency precludes real-time UAV deployment (2—5

Hz budget = 200-500ms/frame). ANFIS-LFBA adds <lms overhead over YOLOvS8n baseline
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Table 12. Computational complexity comparison

Model Params (M) GFLOPs Latency (ms) FPs (GPU) FP Control
YOLOv5n 1.9 4.5 ~3.5 ~285 Scalar conf. Only
Faster R-CNN (ResNet50) 41.8 134.4 ~180 ~5 Scalar conf. Only
YOLOv8n Baseline 3.2 8.7 ~2.5 ~400 Scalar conf. only
+ ANFIS overhead 0.000096 <0.001 <1 — —
YOLOv8n + ANFIS-LFBA 3.2 8.7 ~3.5 >285 Multi-feature + zones
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5. DISCUSSION
5.1 Why are false positives reduced

Background structures that trigger YOLOv8n at moderate
confidence (0.2—0.6) — tower cross-arms, metallic hardware,
vegetation — differ systematically along the ANFIS feature
axes: (i) lower average confidence (FP mean = 0.427 vs TP
mean = 0.820); (ii) more peripheral image location (fs higher,
since UAV operators center the insulator string during
capture); (iii) more elongated bounding boxes (f5 deviates
from near-unity values of genuine disc caps); and (iv) smaller
image area (f2 lower for FPs than TPs at typical inspection
distances). The ANFIS 16-rule Takagi-Sugeno structure
exploits all four cues simultaneously, enabling discrimination
that no single scalar threshold could achieve.

5.2 Mode selection guidelines

The HP and HR modes serve distinct operational scenarios:
HP mode (A = 0.08) is recommended when: (1) routine
scheduled inspection applies, and maintenance dispatch cost is
high; (2) infrastructure risk level is moderate, and long
inspection intervals are acceptable; or (3) operator trust
requires high confidence for every accepted alarm. HR mode
(A = 0.02) is recommended when: (1) post-extreme-weather
emergency inspections require maximum defect sensitivity; (2)
ageing or previously uninspected infrastructure poses elevated
safety risk; or (3) the cost of a missed defect (flashover risk)
clearly outweighs the cost of occasional false alarms. For
intermediate risk profiles, A can be tuned between 0.02 and
0.08, and LFBA thresholds can be re-optimized offline in
under 8 seconds without detector retraining.

5.3 A sensitivity analysis

When A= 0.08 (HP mode), the Bat Algorithm assigns higher
penalty to FP rate during optimization, causing conf high to
be set more conservatively (higher), conf low to be raised, and
score_thr to be raised. The net effect is a narrower auto-accept
zone and a stricter intermediate screening gate: XFP drops
from 13 (HR) to 9 (HP) at the cost of ~1.4% mean recall
reduction. When A = 0.02 (HR mode), the FP penalty is four
times smaller, allowing the optimization to lower conf high
and score_thr, widening the acceptance band and recovering
additional true detections. Figure 10 illustrates this behavior
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across all five folds. A full grid-based sensitivity analysis
across A € {0.01, 0.02, 0.04, 0.06, 0.08, 0.10, 0.15} was
conducted on all five folds; results are summarized in Table 8.
The analysis confirms that the F1 score peaks in the range A €
[0.02, 0.04] and degrades monotonically beyond A = 0.10,
where the FP penalty becomes excessive and recall loss
outweighs further precision gains. The selected values A =0.02
(HR) and A = 0.08 (HP) sit at the two operational knees of this
trade-off curve, justifying their use as the recommended
operating points.

5.4 Operational implications

In a large network deployment with 1,000 towers and an
estimated 5% defect prevalence, HP mode reduces FPs from
30 to 9 across the 5-fold evaluation — corresponding to
approximately two-thirds fewer false dispatch orders per
inspection cycle. The LFBA decision policy can be
recalibrated efficiently when the detector is updated or when
operating conditions change, since LFBA optimization is
computationally lightweight (< 8 s/fold on CPU). Faster R-
CNN, by contrast, requires ~180ms per image, making it
unsuitable for real-time airborne inspection at standard UAV
capture rates of 2—5 Hz. YOLOv5n, while fast, achieves a 78%
higher FP count than the proposed HP mode (41 vs 9),
substantially increasing unnecessary maintenance dispatches
in operational deployment.

The impact of the sensitivity parameter A on the overall
system performance is illustrated in Figure 10 and summarized
numerically in Table 13. These results showcase the trade-off
between the mean F1-score and the cumulative false positives
(XFP) across seven candidate values of A. As depicted, the
selected values A = 0.02 (HR mode) and A = 0.08 (HP mode)
are strategically positioned at the operational knees of the
trade-off curve, providing the best balance for their respective
objectives.

5.5 Limitations

Several limitations should be stated explicitly. First, the
primary evaluation was conducted on a single dataset (BGI,
604 images). Although a cross-dataset generalisation
experiment on CPLID (120 images) was added in Section 4.6
— confirming F1 = 0.926 and |48% FP reduction without
retraining — full multi-dataset validation covering diverse
geographic and equipment contexts remains desirable. Second,



the BGI and CPLID datasets do not include systematically
controlled adverse-weather variation (rain streak, fog
attenuation, night-time low-light). The framework addresses
viewpoint and illumination variation present in both datasets,
but meteorological robustness under rain and fog has not been
quantified; this remains a stated future-work priority. Third,
LFBA thresholds are fold-specific and require recalibration (<
8 s on CPU) when deployed on a new detector or dataset. A

Fl-score: HP vs HR per Fold
101

Precision & Recall per Fold

full A sensitivity grid (A € {0.01-0.15}, Table 8) and a nested
CV protocol with outer held-out Fold 0 have been added to
address prior evaluation concerns. Future work includes
weather-augmented robustness testing, application of the
ANFIS-LFBA layer to YOLOvll and transformer-based
backbones, and deployment trials on real UAV inspection
platforms.
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The selected values A = 0.02 (HR) and A = 0.08 (HP) sit at the two operational knees of the trade-off curve. Full numerical results are given in Table 8

Table 13. A sensitivity analysis — mean performance across 5 folds for seven values of A

A Mode Mean F1 XFP Mean Prec. Mean Recall Behaviour
0.01 HR+ 0.9812 15 0.9761 0.9865 Widest band; max recall; slight FP creep
0.02 HR % 0.9803 13 0.9785 0.9829 High-recall mode (selected)
0.04 — 0.9789 11 0.9815 0.9763 Intermediate trade-off
0.06 — 0.9774 10 0.9831 0.9718 Intermediate trade-off
0.08 HP % 0.9765 9 0.9846 0.9689 High-precision mode (selected)
0.10 — 0.9743 8 0.9857 0.9635 Marginal FP gain; disproportionate recall drop
0.15 — 0.9698 7 0.9878 0.9533 Over-conservative; recall loss exceeds FP gain

6. CONCLUSIONS

This paper presented a reliability-aware framework for
broken glass insulator detection, combining a YOLOvVS8n
primary detector with an interpretable ANFIS reliability scorer
and an LFBA three-zone decision policy. On the BGI dataset
(604 images, 5-fold stratified CV), the ANFIS scorer achieved
mean ROC-AUC = 0.9586 and mean AP = 0.9905. At the
decision level, HP mode (A = 0.08) reduced cumulative false
positives from 30 to 9 (|70%) while achieving mean F1 =
0.9765; HR mode (A = 0.02) achieved mean F1 = 0.9803 with
13 FPs (157%). Extended comparison against YOLOv5n (F1
= (0.9249, XFP = 41) and Faster R-CNN (F1 = 0.9275, £FP =
55, latency ~180 ms) confirms that the proposed framework
substantially outperforms both alternatives in F1-score and FP
suppression while maintaining real-time capability. The
ANFIS stage adds less than 1 ms of overhead over the
YOLOvVS8n baseline, preserving the UAV inspection budget.
Future work will focus on larger datasets, cross-dataset
validation, weather-specific robustness testing, and systematic
A sensitivity analysis with a fully held-out test partition.
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