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Abstract
Deep learning-based autonomous inspection of power grid insulators is challenged by data imbalance and model
opacity. This paper presents an end-to-end solution integrating advanced data synthesis, detection, classification,
and explainability. First, a conditional diffusion model generates realistic synthetic fault images to balance the
dataset. A two-stage architecture based on You Only Look Once version 26 (YOLO26) extra-large and Shifted
windows (Swin)-V2-B, called YOLO26-Swin, fine-tuned with Bayesian optimization, performs robust insulator
detection and then fault classification. Finally, a novel SHapley Additive exPlanations with Class Activation Mapping
(SHAP-CAM) method provides intuitive visual explanations for model predictions. Extensive experiments validate our
framework’s superiority: it achieves an F1-score of 0.98149 and a mean Average Precision (mAP)@[0.5] of 0.98951,
exceeding leading detection and classification models. This work highlights the efficacy of diffusion models for data
augmentation in critical infrastructure and advances the interpretability of vision-based inspection systems.

Keywords: Bayesian optimization, Diffusion models, Generative artificial intelligence, Explainable artificial
intelligence

1 Introduction
The electricity distribution power system has the func-
tion of supplying electricity to consumers continuously
and stably [1]. To improve the reliability of the power
grid, inspections are performed to detect broken insula-
tors and flashovers, indicating that the insulation is com-
promised and the insulator should be replaced [2]. Inspec-
tions can be conducted from the ground or aerially, using
aircraft photographs. The use of Unmanned Aerial Vehi-
cles (UAVs) allows the inspection of the electricity network
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in difficult-to-access locations, being a solution that is cur-
rently being used by electricity utilities [3].

The use of an image database to classify insulator defects
allows the use of models based on Deep Learning (DL) [4],
such as Convolutional Neural Networks (CNNs), which
are increasingly being used in the field of computer vision
[5]. Hybrid models are outstanding in these applications,
and can be applied in an aggregated way, such as object de-
tection and image classification, even outperforming state-
of-the-art models. Despite the growing use of DL-based
models, there are challenges in their application, such as
unbalanced data or non-generalist images [6].

These challenges, particularly the small data constraint,
mean that models become overfitted to specific conditions
and cannot generalize effectively to classes with fewer
samples. Although overfitting can be mitigated by using
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the early stop criterion, the models may not be generaliz-
able to new samples [7]. The use of synthetic images can be
a potential solution to this issue. Generative Adversarial
Networks (GANs) stand out for generating synthetic im-
ages as a solution for data augmentation and mitigating the
problem of unbalanced classes [8].

Diffusion models can be used to generate synthetic
images for insulator data augmentation. Diffusion mod-
els may be more stable during training, reducing the
likelihood of generating unrealistic images compared to
GANs [9]. Unlike GANs, which can suffer from mode col-
lapse, diffusion models provide better data distribution
coverage, ensuring a more diverse set of generated im-
ages. Diffusion models can be guided during the genera-
tion process using classifier guidance, allowing controlled
image synthesis based on specific attributes or descrip-
tions [10].

Given the challenges of detecting faulty insulators, this
paper proposes an optimized cascaded framework that de-
tects and classifies insulators separately. For the detection
of insulators, the You Only Look Once (YOLO) version
26 extra-large (YOLO26x) is adopted [11]. This model is
tuned by Bayesian optimization based on Gaussian process
to ensure adequate hyperparameter values. For the classi-
fication task, the dataset containing the bounding boxes is
augmented with a conditional diffusion model. Consider-
ing this augmented dataset, the Shifted windows (Swin)-
V2-B model is used for classification.

This paper has the following contributions:
• To ensure the best hyperparameter setup, the

proposed approach employs Bayesian optimization for
hyperparameter tuning, ensuring that the detection
model operates at its best for insulator identification.

• The dataset augmentation with a conditional diffusion
proved better than using a conditional Wasserstein
GAN to create synthetic images or the use of only
original images.

• The SHapley Additive exPlanations (SHAP) merged
with the Class Activation Map (CAM), creating a
hybrid structure to provide better explainable results.
SHAP-CAM assists operators in decision-making
regarding electrical power grid inspections.

• For the insulator detection, the proposed method
(hypertuned YOLO26x) outperforms the DEtection
TRansformer (DETR), Faster Region-based CNN
(Faster R-CNN), RetinaNet, Single-Shot Detector
(SSD), YOLOv10 to YOLO26, and modified YOLO
models (Spatial Transformer Networks YOLO
(STN-YOLO) and Squeeze-and-Excitation YOLO
(SAE-YOLO)).

• For the classification, the Swin-V2-B model
overcomes the Visual Geometry Group (VGG),
Residual neural Network (ResNet), EfficientNet,
Vision Transformer (ViT), and other Swin models.

Table 1 List of acronyms

Acronym Full form

Adam Adaptive moment estimation
AdamW Adam with Weight decay
CAM Class Activation Map
CNN Convolutional Neural Network
cGAN Conditional GAN
DL Deep Learning
DETR DEtection TRansformer
GAN Generative Adversarial Network
GenAI Generative Artificial Intelligence
GFLOPs Giga FLoating-point Operations Per second
GLA Global-Local Attention
GP Gaussian Process
HiResCAM High-resolution CAM
IoU Intersection over Union
MCI Multiscale Channel Information
mAP Mean Average Precision
ML Machine Learning
ReLU Rectified Linear Unit
ResNet Residual neural Network
R-CNN Region-based CNN
RMSprop Root Mean Square propagation
SAE-YOLO Squeeze-and-Excitation YOLO
ScoreCAM Score-weighted CAM
SGD Stochastic Gradient Descent
SHAP SHapley Additive exPlanations
SSD Single Shot Detector
STN-YOLO Spatial Transformer Networks YOLO
Swin Hierarchical vision transformers using Shifted windows
UAV Unmanned Aerial Vehicle
ViT Vision Transformer
VGG Visual Geometry Group
XAI EXplainable Artificial Intelligence
XGradCAM EXtended Gradient-weighted CAM
YOLO You Only Look Once

The next sections of this work are organized as follows:
Section 2 presents work related to fault identification using
object detection methods to improve electrical system in-
spection. Section 3 explains the hybrid method proposed
in this paper. In Section 4, the setup used to carry out
the comparisons, the evaluation metrics, and the data set
considered are presented. Section 5 focuses on present-
ing and discussing the results, comparing the proposed
method with other state-of-the-art models. Finally, Sec-
tion 6 presents this paper’s conclusion and suggestions for
future work. The acronyms used in this work are presented
in Table 1.

2 Related works
This section presents an overview of previously conducted
studies on insulator defect detection, continuous monitor-
ing, and inspection of insulators for preventing failures in
the electrical power grids using YOLO-based models and
augmented datasets.
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2.1 Overview of YOLO applications
Manual inspections have high operational costs, due to
the large geographic areas with adverse weather conditions
[12]. In this context, automated insulator detection from
aerial images using YOLO serves as the foundational step
toward real-time condition assessment and classification,
enabling the deployment of UAVs [13]. With the increasing
use of UAV systems, insulator defect detection using Ma-
chine Learning (ML) and deep neural networks has arisen
as a promising and viable solution [14].

Progress has been made in using object detection meth-
ods in the power system sector during the last few years,
focusing on insulator fault identification and monitoring
[15], where YOLO has been frequently used for anomaly
detection [16], especially to check the health of insulators.
Several versions of YOLO have been modified over the
years. The first version was proposed in 2015 by Redmon et
al. [17], and Redmon et al. [18], called YOLO or YOLOv1,
and currently, in 2025, there is YOLOv12 proposed by Tian
et al. [19]. Unlike traditional methods that analyze an im-
age several times in different regions, YOLO processes it
in a single pass through the model, making it fast and effi-
cient [20]. Currently, YOLO26 presented by Sapkota et al.
[21] is available for similar object detection tasks.

Each version of the YOLO model includes multiple
scaled variants, with suffixes indicating differences in
model size and complexity [22]. Specifically, n denotes
the nano version, s represents small, m corresponds to
medium, l stands for large, and x represents extra-large.
Additional suffixes include t for tiny, c for compact, b for
balanced, and e for extended. These variations provide a
range of trade-offs between classification performance and
inference speed, enabling the choice of the most appropri-
ate model based on computational constraints and appli-
cation requirements [23].

Stefenon et al. [24] proposed a hybrid approach for the
detection and classification of faulty insulators, integrating
a customized YOLOv5u for insulator detection, evaluated
against other YOLO variants, with the optimized Quasi-
ProtoPNet architecture for classification. The model is as-
sessed using six different CNNs baseline architectures.
Considering an F1-score equal to 0.95165, the optimized
hybrid model using DenseNet-161 stood out in the com-
parisons to VGG-16, VGG-19, ResNet-34, ResNet-152,
and DenseNet-121.

Using a synthetic dataset and an upgraded YOLOv5
model, Song et al. [25] proposed a fault detection method
for transmission line components using the convolutional
block attention module to raise detection performance.
Comparative analysis shows that, in terms of performance,
the proposed approach outperforms other commonly used
object detection networks. Sadykova et al. [26] evaluated
insulator images with the presence of ice, snow, and wa-
ter using different YOLO models. Insulator fault detec-

tion using the coordinate attention mechanism and fea-
ture channel shuffle operation, YOLO was evaluated by
Cao et al. [27].

By decreasing feature redundancy and increasing the in-
ference speed of the feature extraction network, the ghost
convolution based on YOLOv5s has been introduced to
improve precision and recall in detecting insulator flaws
[28]. The YOLO-S model was proposed by Yi et al. [29] and
compared with YOLOv5s for insulator defect detection.
In the proposed YOLO-S, the S-Intersection over Union
(IoU) loss function replaced the original CIoU loss func-
tion. The Sigmoid-weighted Linear Unit (SiLU) function
was replaced by Mish, HardSwish, and a rectified linear
unit, among other replacements. The results were promis-
ing when compared to existing detection algorithms under
the same conditions.

The cross-modality information attention YOLO model
was used by Liu et al. [30] to enhance the insulator defect
detection capabilities. A meteorological domain synthesis
module was built to translate weather-conditioned insu-
lator images into the real domain. Their proposed model
outperformed the state-of-the-art UAV-based multi-do-
main insulator tasks. Stefenon et al. [31] using 240 inspec-
tion photographs of power distribution systems, proposed
the hypertuned YOLO model, with hyperparameters opti-
mized by a genetic algorithm, to classify insulating compo-
nents in good condition, in need of repair, or in need of re-
placement. The performance results were promising con-
sidering the results of the eigenvector-based CAM. The
eigenvector-based CAM was integrated into the model to
provide an explainable framework [32].

Wang et al. [33] proposed a Multiscale Channel Informa-
tion (MCI) with Global-Local Attention (GLA) for YOLO.
While GLA captures local spatial details and global con-
text information, MCI fully extracts and uses multiscale
feature map information, improving the network’s capacity
for learning. According to experimental findings, the MCI-
GLA increases the average performance of the YOLOv4
to YOLOv8 models in identifying insulator breakdown
defects. Li et al. [34] presented another study consider-
ing the multiscale attention alignment adversarial domain
adaptation YOLO, integrating domain adaptation and gen-
eralization. The results proved that their model signifi-
cantly improved the performance of insulator defect de-
tection in previously unseen complex cloudy domain sce-
narios.

He et al. [35] proposed an improved YOLOv8 for de-
tecting multiple insulator conditions, such as normal, self-
explosive, damaged, and flashover. The designed model ex-
hibited high detection performance. Jing et al. [36] also
considered the YOLOv8 to improve the feature extraction
capability to recognize defective insulators from transmis-
sion lines. Li et al. [37] considered the wise-IoU to opti-
mize detection performance. Their method applies Con-
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vNeXt, a bi-directional feature pyramid network, wise-
IoU, and small object detection heads. The model incorpo-
rates multi-scale feature fusion and small object detection
into YOLOv8 to improve the performance of identifying
diverse equipment under varying scales, partial obstruc-
tion, and real-time operational constraints

Li et al. [38] presented a modified YOLOv8 model to de-
tect insulator defects in complex backgrounds. The wise-
IoU loss function was added to reduce the negative impact
of low-quality pictures, and a C2f network was built by in-
tegrating the convolutional receptive field coordination at-
tention module. A cross-validation scheme was used to en-
sure that the subsets completed training and testing, thus
minimizing generalization errors. Insulator data with four
fault categories (normal, faulty, dirty, and aged) were tested
with high precision.

The results from the YOLOv8 network were fused with
frequency domain features selected using the extreme gra-
dient boosting algorithm by Wang and Cheng [39]. They
applied this method for fast load identification with gen-
eralization capability, achieving an identification perfor-
mance of over 99%. Zhang et al. [40] suggested another
model for detecting insulator defects that considers the
different backgrounds of power transmission lines. Experi-
ments demonstrated the performance of the model in both
general and complex scenery.

To recognize insulators and detect faults, Li et al. [41]
proposed a modified hybrid attention mechanism, regular-
ization, and depth-separable convolution for the YOLOX
model. The results showed that the algorithm improved
the average detection performance, the speed enabled
real-time detection, and the performance focused on com-
plex and small background targets. Based on YOLOv8n,
Liu et al. [42] proposed a model to support the safe opera-
tion of power systems by addressing the processing and
lightweight design challenges for the effective real-time
detection of transmission line anomalies by drones and
other resource-constrained mobile devices.

Hien et al. [43] proposed an architecture to improve the
ability to recognize faulty insulators by enhancing the fea-
ture extraction network to accurately localize insulators in
visually complex backgrounds. This was performed by in-
troducing a new architecture for object detection and in-
corporating a diffusion model that enables context-aware
inference while preserving linear scalability. Recently, an
improved tilted insulator detection based on YOLOv8 was
proposed by Wang et al. [44] and tested on real power grid
insulators with high detection performance.

YOLOv12 has the attention-oriented mechanisms, in-
cluding area attention and residual efficient layer aggrega-
tion, to improve feature representation [45]. The YOLO26
refines label assignment strategies for small object detec-
tion and introduces the multi-scale stochastic gradient de-
scent (MuSGD) optimizer, aiming to improve deployment

efficiency [21]. Applications of YOLO26 for insulator de-
tection, as proposed in this paper, are still rare.

2.2 Data augmentation for power system analysis
A major challenge in applying DL-based models to iden-
tify faulty insulators is that the fault classes have few sam-
ples [46]. Insulators without faults are rare to find in the
network, making it difficult to train DL-based models to
identify them. One of the solutions that can be employed to
improve the ability to deal with unbalanced data and aug-
mentation through generative models [47].

A dataset of 13,000 photos of synthetic foggy insulators
was presented by Zhang et al. [48]. By adding the channel
attention mechanism in the YOLOv5 network, a reliable
detection model for insulators and their flaws is created.
Using a unique fully convolutional network architecture,
Sampedro et al. [49] proposed an automatic solution to di-
agnose and recognize insulator strings. Synthetic photos
and sequences of actual aerial inspections of high-voltage
insulators were used to evaluate the proposed procedure.

To segment insulators at the pixel level in real-time, a
compact end-to-end neural network trained within the
context of conditional GAN (cGAN) is suggested by Chang
et al. [50]. Superior segmentation and real-time perfor-
mance are demonstrated by the experimental results. To
create segmentation samples for the insulators, including
positive, empty, and fake ones, Chang et al. [51] proposed
a synthetic approach. Three end-to-end segmentation net-
works were used by Chang et al. [50] to adjust to the gener-
ators in an adversarial training framework to validate these
generated samples, which are consistent with the earlier
studies.

For pixel-level insulator segmentation, a modified cGAN
was proposed by Gao et al. [52]. To simplify the network
complexity and extract additional types of feature informa-
tion, the generator is recreated using encoder-decoder lay-
ers with an asymmetric convolution kernel. Experiments
confirm that the suggested approach outperforms existing
state-of-the-art networks in terms of computing efficiency.

Kim et al. [53] suggested using a deep convolutional
GAN as a generative method to generate a large num-
ber of line-post insulator defect images. Chen et al. [54]
employed the diffusion model for perceptual interpreta-
tion of images to improve the model’s effectiveness in in-
sulator fault identification. The proposed model outper-
forms Faster R-CNN and DETRs. Li et al. [55] developed
an insulator defect detection model based on improved
YOLOv5s, which significantly reduces model parameters
while maintaining detection performance. Additionally,
the visual object classes dataset and the synthetic faulty in-
sulator dataset were used to validate the generalization of
the model.

Zhou et al. [56] collected datasets based on composite
insulator surface images. Three GANs were used to adapt
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to the image data and synthesize virtual representations
of the insulator surface. Liu and Huang [57] introduced
multi-domain insulator multi-scale spatial augmentation
to assist the target model in more correctly locating faults
at various sizes without the need for additional inference
resources, which is important for transmission lines. Yang
et al. [58] proposed a high-precision technique based on
the synthetic weather algorithm and enhanced YOLOv7 to
detect insulator flaws in extreme weather conditions. The
dataset was enhanced with synthetic rain, snow, and fog
algorithms. Besides, the original dataset was augmented
with affine and color adjustments to boost the generaliza-
tion of the model’s performance in complex power inspec-
tion backdrops.

Jiang et al. [59] proposed a weakly-supervised learning-
based automatic augmentation method for autonomously
generating enhanced aerial pictures using an existing
dataset and backdrop images. To ensure diversity and
avoid manual costs, the weakly-supervised segmentation
mix employs augmentation and segmentation techniques.
Zhang et al. [60] employed an enhanced GAN to generate
artificial defective insulator samples, which greatly reduces
the need for substantial empirical data collection. Several
experiments were run to determine the quality of the gen-
erated samples, as well as their impact on the detection
model.

Ning et al. [61] expanded the glass insulator data us-
ing the enhanced denoising diffusion probabilistic mod-
els generator. The augmented noise-fitting network pro-
duces images of insulator defects with high fidelity and in-
creased quality. Faster R-CNN was selected as the model
for defect detection, and ResNet-50 was used instead of
the VGG-16 feature extraction network. A DL framework
that combines YOLO with deep convolutional GANs and
super-resolution GANs was a promising model for the de-
tection and classification of insulator scenarios presented
by Akella et al. [62]. In comparison to the state-of-the-art
techniques, a lightweight adaptive method for detecting
insulator self-explosion faults was presented by Liu and
Jiang [63], and it proved to be a promising alternative.

3 Methodology
In this paper, we propose a cascaded framework that sep-
arates object detection and classification tasks. Figure 1
presents a summarized structure of the proposed model,
called YOLO26-Swin, employed for inference. The pro-
posed structure considers a hypertuned YOLOv26x to
identify the insulator position, and a Swin-V2-B to per-
form classification. In the inference, augmented data, i.e.,
synthetic images, are not used; only real images recorded
during the electrical inspection of the system are consid-
ered.

During training, the YOLOv26x has its hyperparameters
tuned by Bayesian optimization to ensure its best use. Con-
sidering that the dataset has unbalanced classes, synthetic

Figure 1 Summarized pipeline of the inference of the proposed
hybrid YOLO26-Swin method

images generated by conditional diffusion are considered
to augment the dataset. The Swin-V2-B is used for clas-
sifying the insulator conditions, and a proposed SHAP-
CAM is used to provide interpretable results. All the com-
ponents of this hybrid structure are explained in this sec-
tion. Figure 2 shows the summarized pipeline of our model
considering the training phase.

The major highlights of our proposed model are the fol-
lowing:

• We proposed a YOLO26-Swin to perform
identification of insulators and classification of faults
separately, as explained in Sect. 3.1.

• To ensure the best use of the model setup, the
Bayesian optimization is used for hyperparameter
tuning, presented in Sect. 3.2.

• Considering that the dataset is unbalanced, we used
the conditional diffusion model to augment the
dataset, creating synthetic images of faults (see
Sect. 3.3).

• To have more explainability, we proposed a
SHAP-CAM, enhancing the explainability of the
results; we present more details in Sect. 3.4.

3.1 Proposed YOLO26-Swin
The proposed YOLO26-Swin considers YOLO for insu-
lator detection. The Swin architecture is used based on
the bounding boxes found in the object detection phase.
Combining YOLO26 with Swin creates a modified model
(YOLO26-Swin), which has separate detection and classi-
fication tasks. These methods are explained in this subsec-
tion.

3.1.1 Object detection using YOLO
DL has revolutionized object detection by enabling highly
accurate and efficient recognition of objects in images, us-
ing CNN-based architectures like DETR, Faster R-CNN,
RetinaNet, SSD, and YOLO. These models leverage large
annotated datasets to learn features, allowing them to dis-
tinguish objects of varying sizes and orientations. Among
these models, the YOLO stands out for its superior perfor-
mance in object detection [64].
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Figure 2 Summarized pipeline of the training of the proposed YOLO26-Swin method

YOLO is a single-stage object detector that reframes ob-
ject detection as a regression problem. Given an input im-
age, YOLO divides the image into an S × S grid. Each grid
cell is responsible for predicting B bounding boxes, their
corresponding confidence scores, and the conditional class
probabilities [65].

For each grid cell, the network predicts: The coordinates
of the bounding box (b̂ = (x, y, w, h), where (x, y) denotes
the bounding box center relative to the grid cell bound-
aries, while w and h correspond to the width and height
(often normalized by the image dimensions). The confi-
dence score is given by

ĉ = Pr(object) · IoU(b, b̂), (1)

which represents both the probability that an object exists
in the bounding box and the performance of the bounding
box prediction as measured by the IoU between the pre-
dicted box b̂ and the ground truth box b. Conditional class
probabilities for each class c are

p̂c = Pr(class c | object). (2)

The final output tensor of the network has the shape
(S × S × (B · 5 + C)), where factor 5 comes from the four
bounding box coordinates plus one confidence score per
box, and C is the number of classes [66]. The overall loss
function in YOLO is designed to balance localization error,
confidence error, and classification error.

These errors are calculated by the localization loss
(Eq. (3) and Eq. (4)), confidence loss (Eq. (5)), classification
loss (Eq. (6)). Localization loss measures the error in pre-
dicting the box center coordinates and dimensions, given
by

Lcoord = λcoord

S2∑︂

i=1

B∑︂

j=1

1obj
ij

[︂
(xi – x̂i)

2 + (yi – ŷi)
2
]︂

, (3)

and for the width and height

Lsize = λcoord

S2∑︂

i=1

B∑︂

j=1

1obj
ij

[︂
(
√

wi –
√︁

ŵi)
2 +(

√︁
hi –

√︂
ĥi)

2
]︂
,

(4)

where 1obj
ij denotes a binary indicator that takes the value

1 if the jth bounding box predictor in cell i is assigned to
detect an object, and 0 otherwise. The square root trans-
formation helps stabilize gradients for larger boxes.

The confidence loss (Lconf) penalizes the difference in the
confidence score for boxes with and without objects, cal-
culated according to

Lconf =
S2∑︂

i=1

B∑︂

j=1

[︂
1obj

ij (ci – ĉi)
2 + λnoobj1

noobj
ij (ci – ĉi)

2
]︂
,

(5)

where 1noobj
ij equals 1 if the jth bounding box in cell i does

not have to any object.
Classification loss (Lclass) applies only to cells responsible

for detecting objects, given by

Lclass =
S2∑︂

i=1

1obj
i

∑︂

c∈classes

(︁
pi(c) – p̂i(c)

)︁2. (6)

where λcoord and λnoobj are hyperparameters used to bal-
ance the contributions of the localization and confidence
errors [67]. Thus, the total loss is

L = Lcoord + Lsize + Lconf + Lclass. (7)

The localization loss (Eq. (3) and Eq. (4)) measures the
error in the bounding box coordinate predictions (with a
square root applied to w and h to lessen the impact of large
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errors). The confidence loss (Eq. (5)) accounts for the er-
ror in the confidence scores when an object is present or
absent, respectively. The classification loss (Eq. (6)) mea-
sures the classification error only for the grid cells that are
responsible for an object.

YOLO produces a tensor that encodes spatial informa-
tion by means of a grid, and its loss function is a weighted
sum of errors in localization, confidence, and classifica-
tion [68]. This approach allows YOLO to achieve real-time
performance with competitive performance. In this paper,
YOLO is applied specifically for object detection, and clas-
sification is performed by specific CNNs, as explained in
the following.

3.1.2 Classification using Swin
The hierarchical vision transformer using Shifted win-
dows [69], known as Swin, builds upon the vision trans-
former framework by introducing a hierarchical structure
that computes self-attention within local windows, signif-
icantly reducing computational complexity while preserv-
ing the ability to capture both local and global information.
Its shifted window mechanism allows for cross-window
connections that enable effective multi-scale feature learn-
ing.

Unlike traditional vision transformers that operate on
fixed-size patches globally, the Swin introduces a shifted
windowing scheme, allowing localized self-attention
within non-overlapping windows while allowing connec-
tions across windows. This design scales better to high-
resolution inputs and preserves spatial hierarchies through
a patch-merging mechanism, making it highly effective for
image classification tasks. By progressively aggregating in-
formation from local to global contexts, the Swin achieves
promising performance across various benchmarks, out-
performing several CNNs models [70].

3.2 Hypertuning by Bayesian optimization
Bayesian optimization constructs a probabilistic model of
the objective function and leverages it to identify promis-
ing hyperparameter combinations based on a trade-off
between exploration and exploitation. By updating the
model with each evaluation, it efficiently narrows down the
search space and converges toward optimal settings [71].
This makes it well-suited for tuning our proposed model.

In the context of hyperparameter tuning, the goal of
Bayesian optimization is to find the hyperparameters that
minimize an objective function f (x), calculated according
to

x∗ = arg min
x∈𝒳

f (x). (8)

Because each evaluation of f is computationally costly,
Bayesian optimization builds a surrogate model to approx-
imate f and intelligently selects the next hyperparameter

configuration to evaluate [72]. A common choice for the
surrogate model is a Gaussian process (𝒢𝒫). This process
places a priority over functions:

f (x) ∼ 𝒢𝒫(m(x), k(x, x′)), (9)

where m(x) is the mean function, k(x, x′) is a covariance
kernel that measures the similarity between inputs. Given
n observations

𝒟n = {(xi, yi)}n
i=1 with yi = f (xi) + ϵ, ϵ ∼𝒩 (0,σ 2

n ),

(10)

where the posterior distribution at a new point x is Gaus-
sian, given by

p
(︁
f (x) |𝒟n, x

)︁
= 𝒩

(︁
μ(x),σ 2(x)

)︁
, (11)

with

μ(x) = k(x)⊤
(︁
K + σ 2

n I
)︁–1 y,

σ 2(x) = k(x, x) – k(x)⊤
(︁
K + σ 2

n I
)︁–1 k(x),

(12)

where

k(x) = [k(x, x1), . . . , k(x, xn)]⊤ (13)

and K is the n × n kernel matrix with entries Kij = k(xi, xj)
[73].

The Expected Improvement (EI) guides the selection of
the next hyperparameter to evaluate, defined as

EI(x) = 𝔼
[︁
max

(︁
0, fmin – f (x)

)︁]︁
, (14)

where

fmin = min
1≤i≤n

f (xi) (15)

is the best-observed value so far. Since the posterior f (x) ∼
𝒩 (μ(x),σ 2(x)), EI can be written in closed form:

EI(x) = (fmin – μ(x))Φ

(︃
fmin – μ(x)

σ (x)

)︃

+ σ (x)ϕ

(︃
fmin – μ(x)

σ (x)

)︃
, (16)

where μ is the predicted mean of the objective function,
σ is predicted standard deviation (uncertainty), Φ(·) and
ϕ(·) denote the cumulative distribution function and the
probability density function of the standard normal distri-
bution, respectively [74].

Algorithm 1 shows how Bayesian Optimization is com-
puted considering a Gaussian process (𝒢𝒫).
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Algorithm 1 Bayesian optimization
Require: Domain 𝒳 , budget N

1: Initialize dataset𝒟0 with n0 points via space-filling de-
sign;

2: for n = n0, n0 + 1, . . . , N – 1 do
3: Fit 𝒢𝒫 surrogate to 𝒟n
4: Select next point xn+1 = arg maxx∈𝒳 αn(x)
5: Evaluate yn+1 = f (xn+1)
6: Augment dataset: 𝒟n+1 = 𝒟n ∪ {(xn+1, yn+1)}
7: end for
8: return x∗ = arg min(xi ,yi)∈𝒟N yi

3.3 Data augmentation using conditional diffusion
Data augmentation using Generative Artificial Intelligence
(GenAI) is an approach that enhances ML models by arti-
ficially increasing the size and diversity of training datasets
[75]. GenAI models, such as GANs [76] and diffusion mod-
els, can create synthetic yet realistic data samples, includ-
ing images of electrical power grid components. Data aug-
mentation helps improve model generalization, especially
in scenarios with limited data availability [77]. In this pa-
per, a conditional diffusion model is used for data augmen-
tation. This model is explained in the following.

Diffusion models belong to a class of generative models
that generate data by learning to reverse a stochastic dif-
fusion process. The idea is to gradually add noise to data
during training and then learn to reverse this process to
generate new samples [78]. The forward diffusion process
adds Gaussian noise to data over T time steps. Given an
initial data sample x0 ∼ q(x), the forward process is defined
as

q(xt|xt–1) = 𝒩 (xt ;
√︁

1 – βtxt–1,βtI), (17)

where βt is a variance schedule controlling the amount of
noise added at each step. Using the reparameterization, the
noisy sample at any timestep t can be directly computed as

xt =
√︁

ᾱtx0 +
√︁

1 – ᾱtϵ, (18)

where ϵ ∼𝒩 (0, I) and ᾱt =
∏︁t

s=1(1 – βs).
The goal of the model is to learn the reverse process:

pθ (xt–1|xt) = 𝒩 (xt–1;μθ (xt , t),Σθ (xt , t)). (19)

Diffusion models provide a framework for generative
modeling by learning to reverse a noise-adding process
[79]. This paper considers a conditional diffusion model;
thus, the model generates images of synthetic insulators of
the flashover and broken classes in a single run. The focus
is on generating images of faults because the number of
faults is much smaller than that of insulators in good con-
dition, so it is possible to have a more balanced dataset.

3.4 Explainability using the proposed SHAP-CAM
In this study, SHAP is merged with CAM, named SHAP-
CAM, enabling a more comprehensive and interpretable
analysis of model behavior, particularly in complex tasks
such as image classification or object detection. SHAP pro-
vides global feature importance, while CAM provides spa-
tial insights. Together, they provide both feature-level and
region-level explanations. SHAP-CAM is used to highlight
the regions of an input image that are most influential to
the model’s decision [80].

3.4.1 SHAP
To improve the interpretability and transparency of DL
models, the SHapley Additive exPlanations approach [81],
in short SHAP, is applied. SHAP is based on the concept
of Shapley values from cooperative game theory, which at-
tribute the contribution of each player (feature) to the total
payoff (model output) by considering all possible feature
combinations.

Shapley values measure the individual contribution of
each participant within a cooperative system. Variables
to classify insulator defects are considered as participants
within the SHAP structure. When a new variable is intro-
duced into the model, SHAP calculates its marginal con-
tribution by considering how it influences the outcome
across various permutations of the variable order [82].
This process allows for a comprehensive assessment of the
significance of each variable, facilitates the analysis of in-
dividual responses to changes in influencing factors, and
provides insight into how variable interactions influence
the final prediction.

Given a model f and an input instance x, SHAP com-
putes the contribution ϕi of each feature i by averaging the
marginal contributions of that feature over all possible sub-
sets of features. Formally, the Shapley value for feature i is
defined as

ϕi =
∑︂

S⊆F\{i}

|S|!(|F|–|S|–1)!
|F|!

[︁
f (S ∪ {i}) – f (S)

]︁
, (20)

where F is the set of all features, S is a subset of features
excluding i, and f (S) represents the model’s output when
only the features in S are considered [83].

3.4.2 CAM
CAM methods [84] allow the visualization of the spatial re-
gions in the input that contribute most to the model’s pre-
dictions. These methods generate saliency maps that high-
light relevant features, assisting domain experts in validat-
ing the model’s focus areas and ensuring that the decisions
are based on meaningful patterns rather than artifacts or
noise. In this paper, a set of advanced CAM techniques
was applied to understand the outputs of our proposed
YOLO26-Swin model. The CAM methods evaluated in-
clude eXtended Gradient-weighted CAM (XGradCAM),
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Algorithm 2 SHAP-CAM visual explanation generation
Require: Input image I , trained model M, transformations T , target layers L
Ensure: Visual explanations combining SHAP values and CAM heatmaps

1: Itensor ← T(I)
2: ypred ← M(Itensor)
3: cpred ← arg max(ypred)
4: target ← ClassifierOutputTarget(cpred)
5: CAM ← XGradCAM(M, L, reshape_transform)
6: G ← CAM(Itensor , target)
7: Idenorm ← Denormalize(Itensor)
8: Idenorm ← Clip(Idenorm, 0, 1)
9: for all images i and SHAP values Si in SHAP explanation set do

10: S+ ← Clip(Si, 0,∞)
11: S+ ← GaussianFilter(S+,σ = 5)
12: Mask ← S+ · G
13: Mask ← Normalize(Mask)
14: Visualization ← show_cam_on_image(Idenorm, Mask)
15: end for

High-Resolution CAM (HiResCAM), and Score-weighted
CAM (ScoreCAM).

XGradCAM extends the original Grad-CAM [85] for-
mulation by introducing a more stable normalization of
the gradient-based weights. Instead of relying solely on the
average gradients, XGradCAM applies an alternative nor-
malization scheme to mitigate the impact of vanishing or
unstable gradients. Although XGradCAM lacks a formal
peer-reviewed publication, it has been incorporated into
practical implementations such as the pytorch-grad-
cam library, where it demonstrates improved stability and
consistency over Grad-CAM.

HiResCAM [86] proposes a gradient-free approach that
utilizes the raw activations of the convolutional layers to
produce high-resolution saliency maps. By bypassing the
need for backpropagation, HiResCAM reduces compu-
tational overhead and enables finer spatial localization.
However, since it does not incorporate gradient informa-
tion, it may sacrifice some fidelity in representing the true
contribution of the highlighted regions to the model’s out-
put.

ScoreCAM, introduced by Wang et al. [87], eliminates
the reliance on gradients by using the model’s output
scores to weight the importance of each activation map.
This is achieved by masking the input image with indi-
vidual activation maps and measuring the change in the
model’s output score for the target class. While ScoreCAM
provides high-resolution and robust saliency maps, it is
computationally expensive as it requires multiple forward
passes through the network for each activation map.

3.4.3 Combining SHAP with CAM
Algorithm 2 shows the hybrid visual explanation tech-
nique that combines SHAP values with CAM (our pro-

posed SHAP-CAM) to improve the interpretability of deep
neural network predictions. Initially, the input image is
transformed and passed through a trained model to ob-
tain the predicted class. Using this class as a target, a CAM
heatmap is generated via CAM methods (XGradCAM,
HiResCAM, or ScoreCAM).

SHAP values are computed and filtered to retain only
positive contributions, which are then smoothed. The final
explanation is produced by element-wise multiplication of
the CAM and SHAP maps, followed by normalization and
overlay on the original image, yielding a combined visu-
alization that highlights the most relevant regions both in
terms of class activation and feature importance.

The integration of SHAP and CAM in Algorithm 2 is
performed through a complementary fusion mechanism
that combines feature attribution with spatial localiza-
tion. Specifically, the CAM heatmap G encodes class-
discriminative spatial regions derived from the network
activations, while the SHAP values Si quantify the contri-
bution of input features to the model output.

To ensure interpretability, only the positive SHAP con-
tributions are retained and smoothed via a Gaussian filter
to reduce noise. The fusion is then carried out through an
element-wise multiplication between the processed SHAP
map S+ and the CAM heatmap G, i.e., Mask = S+ ⊙ G,
which emphasizes regions that are simultaneously impor-
tant in both attribution spaces.

This operation acts as a gating mechanism, preserving
only the spatial locations that are supported by both fea-
ture importance and activation strength. Finally, the result-
ing map is normalized to the [0, 1] range to ensure consis-
tent visualization and comparability across samples, and
overlaid on the original image. This formulation improves
robustness and reproducibility by explicitly defining how
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SHAP and CAM are jointly leveraged to produce coherent
visual explanations.

4 Experimental setup
The experiments were performed using an NVIDIA RTX
3060 TI graphics processing unit with 120 GB of random-
access memory. The algorithms proposed here were writ-
ten using the Python language. For object detection, a
maximum of 500 training epochs was defined, using the
early stop criterion when there is no improvement in train-
ing after 100 epochs.

For the generation of synthetic images using generative
models, a maximum of 5000 epochs was considered, and
the performance was evaluated according to the number of
epochs for training to define how many epochs are needed
to train the model to achieve the best performance. For
future comparisons, the proposed algorithm is available at:
https://github.com/jpmcarvalho/Optimized-YOLO.

4.1 Performance evaluation metrics
For model assessment, the results of precision (21), re-
call (22), F1-score (23), and mean average precision (mAP)
(24), are considered. Specifically, the IoU threshold applied
for object detection is 0.5 (mAP@[0.5]) and from 0.5 to
0.95 (mAP@[0.5:0.95]), achieved by calculating the aver-
age of the results using these thresholds with a step of 0.05.
These metrics use the true positive (tp), false positive (fp),
and false negative (fn), calculated according to

precision =
tp

tp + fp
(21)

recall =
tp

tp + fn
(22)

F1-score =
2 × recall × precision

recall + precision
(23)

mAP =
1
n

n∑︂

k=1

(︄
∑︂

η

(recallη – recallη–1)precisionη

)︄

k
(24)

where η is the nth threshold and k is the corresponding
class of n classes [88].

4.2 Models for comparison
Figure 3 presents all the compared models evaluated in this
paper. In terms of object detection, the proposed method
is compared to the DETR [89], Faster R-CNN [90], Reti-
naNet [91], SSD [92], YOLO (10, 11, 12, and 24), STN-
YOLO, and SAE-YOLO [22]. Regarding classification, the
YOLO26-Swin is compared to the VGG (11, 13, 16, and
19) [93], ResNet (50, 101, and 152) [94], EfficientNet (V2-
S, V2-M, and V2-L) [95], ViT (B-16, B-32, L-16, and L-32)
[96], Swin (V2-T, V2-S, and V2-B).

Figure 3 Methods compared in this paper

These CNN architectures are compared based on the
bounding boxes found in object detection. For data aug-
mentation, the conditional diffusion is compared to the
conditional Wasserstein GAN [97]. For explainability com-
parison, the SHAP, XGradCAM, HiResCAM, ScoreCAM,
and SHAP-CAM (using all these CAM methods) are eval-
uated.

4.3 Dataset
Images of insulators with three subclasses of condition
make up the dataset: good insulator, broken insulator,
and flashover insulator. These are original, high-resolution
photos taken from high-voltage inspected transmission
power grids. Lewis and Kulkarni’s repository [98] con-
tains the original dataset and additional metadata for fu-
ture comparisons.

High-resolution pictures taken by digital single-lens re-
flex cameras during power grid inspections in favorable
weather circumstances make up the dataset under con-
sideration. The pre-processing involved rescaling the pho-
tos to 640×640 pixels, which is the usual size for the
models under consideration, and converting the annota-
tions from JSON files to YOLO-compatible readable files
(.txt). An example of the considered insulators (high-
lighting the damaged ones in a red box) is shown in Fig. 4.

The dataset contains 1,596 images and 17,108 anno-
tations, with a consistent density of about 10.7 annota-
tions per image across training, validation, and test splits.
The partitioning preserves similar annotation distribu-
tions, ensuring no bias in object density between splits.
Table 2 summarizes the composition of the dataset used
in the experimental evaluation.

The dataset contains 1,596 images and 17,108 annotated
bounding-box instances, divided into training, validation,
and test subsets with 1117, 159, and 320 images, respec-
tively. The average number of annotations per image re-
mains consistent across the three subsets, ranging from
10.54 to 11.33, indicating a similar object density among
the splits. However, the class distribution is highly imbal-
anced: the No issues class represents 78.1% of all annota-
tions, while the Broken and Flashover fault classes account

https://github.com/jpmcarvalho/Optimized-YOLO
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Figure 4 Examples of insulator fault conditions in the original dataset: (A) Broken and (B) flashover cases. Highlighted fault regions are indicated by
red bounding boxes

Table 2 Composition of the insulator fault dataset used for training, validation, and testing. Annotation counts refer to individual
bounding-box instances per class

Split Images Annotations per class Total ann. Avg. ann./img

No issues Broken Flashover

Train 1,117 9,266 818 1,850 11,934 10.68
Validation 159 1,457 109 235 1,801 11.33
Test 320 2,641 253 479 3,373 10.54

Total 1,596 13,364 1,180 2,564 17,108 10.72

Share (%) — 78.1% 6.9% 15.0% 100% —

for only 6.9% and 15.0%, respectively. This imbalance high-
lights the difficulty of learning representative fault pat-
terns, particularly for broken insulators, and motivates the
use of synthetic data augmentation to increase the diver-
sity and availability of minority-class samples during train-
ing.

5 Results and discussion
This section presents the results and discusses the appli-
cation of the proposed YOLO26-Swin. Initially, the results
are evaluated in relation to the object detection task, then
the classifiers are analyzed. Considering the best classifier,
synthetic images are used in the training with the focus on
mitigating the problem related to unbalanced classes.

Using the best classifier with the augmented dataset, in-
terpretable results are presented with the SHAP, CAM,
and the proposed SHAP-CAM to better understand the
reasons why the model performed the classification. Fi-
nally, benchmarking is carried out to prove that the pro-
posed model is adequate and it outperforms state-of-the-
art DL models.

5.1 Object detections results
The proposed YOLO26-Swin uses YOLO26 as an object
detection model, focusing on identifying the position of
the insulators. Here, we present the results of a compar-
ison of YOLO, considering several versions and other DL
models applied specifically for object detection. After this
analysis, we present the YOLO hypertuning results.

5.1.1 Object detection model selection
Table 3 compares the insulator detection performance, in
which all the conditions of the insulators are of the same
class. In this initial experiment, the models are trained for
up to 500 epochs using an early stop criteria in which train-
ing is finished when there is no improvement in the model
after 100 epochs. For comparison purposes, a batch size
equal to 4 (a higher batch size restricts the use of avail-
able hardware, see Sect. 4) was considered using the de-
fault model hyperparameters of each structure. The per-
formance is also evaluated by Giga FLoating-point Opera-
tions Per second (GFLOPs).

The baseline models, including DETR, Faster R-CNN,
RetinaNet, and SSD, present moderate detection perfor-
mance. Their mAP@[0.5] values are approximately 0.90 for
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Table 3 Insulator detection evaluation by standard models

Model mAP GFLOPs Training
time (h)

Inference
time (ms)[0.5] [0.5:0.95]

DETR 0.90043 0.64615 234.96 1.85 15.21
Faster R-CNN 0.90212 0.64748 272.14 2.68 80.23
RetinaNet 0.90057 0.62167 245.77 2.98 65.67
SSD 0.83203 0.46371 91.28 1.15 29.26
STN-YOLO 0.00300 0.00074 10.70 3.18 9.15
SAE-YOLO 0.96098 0.80886 9.49 11.53 10.17

YOLOv10n 0.97937 0.88372 8.39 2.26 3.31
YOLOv10s 0.97657 0.89232 24.77 2.76 4.90
YOLOv10m 0.98193 0.90178 63.97 4.32 6.48
YOLOv10l 0.98107 0.91392 127.20 6.15 10.66
YOLOv10x 0.98236 0.91555 171.00 8.62 15.43

YOLOv11n 0.98445 0.89489 6.44 1.76 3.44
YOLOv11s 0.98194 0.89539 21.55 2.15 4.09
YOLOv11m 0.98602 0.90075 68.19 3.93 7.22
YOLOv11l 0.98348 0.89773 87.27 5.01 7.81
YOLOv11x 0.98344 0.90355 195.45 8.32 14.70

YOLOv12n 0.98273 0.91799 6.48 0.77 4.11
YOLOv12s 0.98651 0.90205 21.52 3.03 5.87
YOLOv12m 0.98202 0.89150 67.74 4.78 8.13
YOLOv12l 0.98137 0.89529 89.41 7.83 12.59
YOLOv12x 0.98311 0.89626 199.82 12.48 21.04

YOLOv26n 0.98486 0.91759 5.77 3.44 4.13
YOLOv26s 0.98201 0.91653 22.50 5.61 4.93
YOLOv26m 0.97665 0.89507 74.72 7.24 6.85
YOLOv26l 0.98667 0.90058 93.12 8.95 8.04
YOLOv26x 0.98821 0.90544 208.51 12.15 14.08

Best results in bold

DETR, Faster R-CNN, and RetinaNet, while SSD exhibits
a lower value of 0.83203. When considering the more re-
strictive mAP@[0.5:0.95], all baseline models show a sig-
nificant reduction, with values ranging from 0.46371 for
SSD to approximately 0.64748 for Faster R-CNN. These re-
sults indicate limited localization precision under stricter
IoU thresholds. In addition, these models present rela-
tively high computational costs, with GFLOPs exceeding
200 for most architectures and inference times reaching
up to 80.23 ms for Faster R-CNN, which restricts their
applicability in real-time scenarios. SAE-YOLO showed
promising results, performing better than all models ex-
cept the original YOLO models. STN-YOLO did not per-
form well in this analysis.

The YOLOv10 family introduces a substantial improve-
ment in both detection performance and efficiency. All
variants significantly outperform the baseline models,
with mAP@[0.5] values exceeding 0.97 and mAP@[0.5:
0.95] values above 0.88. The progression from YOLOv10n
to YOLOv10x shows a consistent increase in performance,
reaching 0.98236 and 0.91555, respectively. This improve-
ment is associated with increased computational complex-
ity, as GFLOPs rise from 8.39 to 171.00 and inference time

increases from 3.31 ms to 15.43 ms. Nevertheless, even
the largest YOLOv10 model remains faster than traditional
detectors while achieving higher performance.

The YOLOv11 models further refine this trade-off. The
smallest variant, YOLOv11n, achieves a mAP@[0.5] of
0.98445 with only 6.44 GFLOPs, representing the low-
est computational cost among all evaluated models. The
medium and large variants improve performance, with
YOLOv11m reaching 0.98602 and YOLOv11x achieving
0.90355 in mAP@[0.5:0.95]. The inference times remain
within a practical range, below 15 ms, confirming the suit-
ability of this family for real-time applications.

The YOLOv12 family demonstrates additional improve-
ments in localization performance. The YOLOv12n model
achieves the highest mAP@[0.5:0.95] value of 0.91799
among all models with a relatively low computational
cost of 6.48 GFLOPs and the shortest training time of
0.77 hours. Larger variants such as YOLOv12s reach a
mAP@[0.5] of 0.98651, although at the expense of in-
creased training and inference times. This indicates that
YOLOv12 effectively enhances bounding box precision
while maintaining computational efficiency in its smaller
configurations.
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Figure 5 Combination of hyperparameters chosen in the model trials

The YOLOv26 models achieve the highest overall de-
tection performance. In particular, YOLOv26x reaches the
best mAP@[0.5] value of 0.98821, while maintaining a
competitive mAP@[0.5:0.95] of 0.90544. The YOLOv26n
variant presents a favorable balance, with mAP@[0.5] of
0.98486 and mAP@[0.5:0.95] of 0.91759, combined with
low GFLOPs of 5.77. However, larger variants such as
YOLOv26x require significantly higher computational re-
sources, exceeding 200 GFLOPs, which approaches the
complexity of traditional detectors.

From a global perspective, the results indicate that
YOLO based architectures consistently outperform tra-
ditional detection models in both performance and effi-
ciency. For maximum detection performance, YOLOv26x
offers the highest mAP@[0.5]. In the structure definition
phase, we considered this model as the most promising to
be hypertuned, which is carried out using Bayesian opti-
mization.

5.1.2 Hypertuning YOLO26
Figure 5 presents the results of the multi-objective opti-
mization trials to tune the model hyperparameters. A trial
consists of choosing a value for each hyperparameter, and
the lines in this plot show different combinations of values.
The darker color of the lines represents the trial that per-
formed best in terms of achieving the objective function,
which in this case is the optimization of the mAP value
(presented on the right side of Fig. 5).

Bayesian optimization runs 50 trials, combining the hy-
perparameters to achieve the model’s best performance
(mAP). In this analysis, the evaluated hyperparameters
were learning rate [1.0×10–5:1.0×10–1], momentum [1.0×
10–9:0.99], optimizer [Stochastic Gradient Descent (SGD),
Adaptive moment estimation (Adam), Root Mean Square
propagation (RMSprop), Adam with Weight decay
(AdamW), and weight decay [1.0×10–9:2.0×10–1].

Based on this optimization experiment, the set of hy-
perparameters is learning rate equal to 0.01, momentum
equal to 0.001, SGD optimizer, and weight decay equal to

Figure 6 Optimizer comparison in the model hypertuning
experiment

0.0359. Using these hyperparameters, the model is trained
once more for its best application. The parameter that re-
sulted in greater variability was the choice of the optimizer,
shown in Fig. 6.

RMSprop achieves the highest peak values among all op-
timizers, reaching around 0.86-0.87. However, this comes
at the cost of substantial variability. The distribution shows
a wide spread, with numerous low-performing outliers ex-
tending down to approximately 0.60. Considering that the
maximum performance is prioritized and variability can
be managed through extensive tuning, RMSprop is used.

Figure 7 shows the values of the mAP@[0.5] and mAP@
[0.5:0.95] for insulator detection. It is possible to no-
tice that it takes several epochs for the model to stabi-
lize (after 450), highlighting how a model needs to be
trained properly (until stabilized) to achieve its best per-
formance.

5.2 Classification results
We present the classification results for defining the base
classification model. A perceived challenge in the classi-
fication phase is the low number of samples that repre-
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Figure 7 Comparison of mAP metrics over training epochs

Table 4 Selection of the CNN to be used for classification

Model Precision Recall F1-score GFLOPs Training
time (h)

Inference
time (ms)

VGG-11 0.94597 0.90518 0.92457 128.68 2.68 0.52
VGG-13 0.94374 0.91627 0.92939 180.87 3.63 0.62
VGG-16 0.94444 0.91784 0.93070 247.46 4.38 0.84
VGG-19 0.92727 0.90124 0.91361 314.0 5.13 0.97
ResNet-50 0.97127 0.91866 0.94339 66.11 2.24 3.24
ResNet-101 0.96159 0.91532 0.93722 125.8 3.50 6.19
ResNet-152 0.96620 0.92493 0.94454 185.6 6.15 9.37
EfficientNet-V2-S 0.98158 0.95686 0.96886 46.4 2.69 9.31
EfficientNet-V2-M 0.96603 0.97169 0.96884 87.1 4.31 13.63
EfficientNet-V2-L 0.96601 0.94024 0.95261 198.05 5.45 22.54
ViT-B-16 0.97250 0.91986 0.94428 180.56 8.08 3.20
ViT-B-32 0.92127 0.89710 0.90872 47.2 4.80 3.09
ViT-L-16 0.95272 0.91692 0.93384 637.68 25.67 6.52
ViT-L-32 0.93065 0.90953 0.91875 163.68 14.48 6.07
Swin-V2-T 0.97511 0.94841 0.96135 47.6 4.10 8.68
Swin-V2-S 0.97584 0.95871 0.96712 92.2 6.93 16.79
Swin-V2-B 0.97692 0.96116 0.96887 163.58 9.90 17.51

Best results in bold

sent faults, considering that most of the insulators are in
good condition. To mitigate this problem, the conditional
Wasserstein GAN and the conditional diffusion model
were compared to augment the dataset, creating synthetic
images of broken and flashover insulators.

5.2.1 Selection of baseline classifier
After using the optimized model to detect the insulators,
the classification of faults in relation to the bounding boxes
and those found is carried out. Table 4 shows the compar-
ative results of several CNN models to select the most suit-
able model to be used in the classification phase. The F1-
score is the main measure considered here to evaluate the
classification performance.

The most promising results were found using Efficient-
Net and the second-generation Swin. Specifically, us-
ing EfficientNet-V2-S, a precision equal to 0.98158 was

achieved, and using EfficientNet-V2-S, a recall equal to
0.97169 was achieved, these being the best performance
values found for the models evaluated. Considering that
the F1-score takes into account both precision and re-
call values, this metric was chosen to determine the best
model, which had a high precision and recall value si-
multaneously, being Swin-V2-B with an F1-score equal to
0.96887.

Observing that the images are resized to 640 × 640 to
be used in the object detection model, two analyses were
evaluated for classifying insulators. The first analysis was
using bounding boxes equal to 256 × 256; in this case,
considering the original high-resolution images, the sec-
ond analysis was carried out considering the use of pre-
processed (compressed) images, in this case with bound-
ing boxes equal to 32 × 32.
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Figure 8 Broken insulators generated by the conditional Wasserstein GAN with a size of 256×256. The columns represent 500, 1000, 2500, and 5000
training epochs

Figure 9 Flashover damage insulators generated by the conditional Wasserstein GAN with a size of 256×256. The columns represent 500, 1000,
2500, and 5000 training epochs

5.2.2 High resolution synthetic images
This subsection evaluates two methods of synthetic image
generation, the conditional Wasserstein GAN and condi-
tional diffusion. The synthetic images are used to augment
the training dataset. The comparison considers images of
256×256. Figure 8 and Fig. 9 present examples of synthetic
images of 256 × 256 generated by the conditional Wasser-
stein GAN, respectively of broken and flashover insulators.
Comparatively, Fig. 10 and Fig. 11 present examples of im-
ages generated by conditional diffusion.

These images are presented according to the number of
training epochs by each model. Qualitative results show
that diffusion models are considerably superior to the con-
ditional Wasserstein GAN. For diffusion models, it is diffi-
cult to define which images are synthetic after 2500 train-
ing epochs, which is considerably promising given that this
is the aim of the augmentation carried out in this work.

Table 5 shows the quantitative results using synthetic
images for the model training. This analysis considers im-
ages of 256×256 pixels. The performance results are eval-
uated, given the number of epochs used to generate the im-
ages and the variation in the number of images used. The
training time is based on the classifier model, which can
vary depending on the use of the early stop.

The best result found using synthetic images was us-
ing the conditional diffusion model, trained up to 2500
epochs, using 5000 images. This result was 2.1% better
than the classification model using only real images, thus
justifying the use of synthetic images to train the classi-
fier. In terms of computational effort for classification, for
images of 256×256, all the models had GFLOPs equal to
163.58, considering that the same batch size (16) was used
and the same classifier (Swin-V2-B). The inference time is
also the same, equal to 17.51 milliseconds. The training
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Figure 10 Broken insulators generated by a conditional diffusion model with a size of 256×256. The columns represent 500, 1000, 2500, and 5000
training epochs

Figure 11 Flashover damage insulators generated by a conditional diffusion model with a size of 256×256. The columns represent 500, 1000, 2500,
and 5000 training epochs

time varied mainly due to the use of the early stop crite-
rion.

Having the best result considering images trained up to
2500 epochs shows that training beyond this value is not
necessary to achieve better results, and in this experiment,
when the model was trained up to 5000 epochs, there were
no major visual or numerical differences. Most of the re-
sults using the conditional diffusion model were higher
than 0.98, even when a smaller number of images were
used (1000 synthetic images), proving their visual and nu-
merical superiority compared to the conditional Wasser-
stein GAN.

Although the images generated by the conditional Was-
serstein GAN are visually different from the original im-
ages, there was still a performance improvement when
these images were used. This shows that this improvement
is due to the intrinsic characteristics of the classification

model, since in models based on conditional Wasserstein
GAN, the generator is trained to fool the classifier as to
whether the images are synthetic or not.

The results of using the conditional diffusion model were
promising for both broken insulators and insulators dam-
aged by flashover. Especially for broken insulators, there
was variability in the generation of different colored com-
ponents with different backgrounds. This result is consid-
erably promising since the aim of augmentation is to create
a dataset that represents greater variability in the samples,
so that the classification model can be used for different
types of insulators.

5.2.3 Low resolution synthetic images
The purpose of using smaller images in this analysis is to
compare whether the preprocessing phase impairs classi-
fication by reducing the quality of the images, noting that
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Table 5 Classification results using augmented data (images of 256×256 pixels)

Model Synthetic
images

Epochsa Precision Recall F1-score Training
time (h)

Original - - 0.97692 0.96116 0.96887 9.90

Conditional
Wasserstein
GAN

500 500 0.97972 0.97746 0.97857 24.04
1000 0.97234 0.96703 0.96957 36.47
2500 0.97877 0.96894 0.97376 11.74
5000 0.98652 0.96132 0.97346 14.40

1000 500 0.98511 0.97406 0.97949 29.41
1000 0.98507 0.97193 0.97838 32.85
2500 0.98117 0.97819 0.97966 20.15
5000 0.98552 0.96759 0.97633 23.70

2500 500 0.98343 0.97837 0.98086 35.27
1000 0.98580 0.97500 0.98028 37.37
2500 0.98240 0.98075 0.98157 23.28
5000 0.98943 0.98415 0.98676 33.03

5000 500 0.98925 0.98543 0.98731 27.24
1000 0.98944 0.98754 0.98848 30.77
2500 0.98939 0.98830 0.98884 21.23
5000 0.98979 0.98928 0.98953 42.84

Conditional
Diffusion

500 500 0.97354 0.98232 0.97786 20.16
1000 0.98150 0.97883 0.98014 20.27
2500 0.98243 0.97633 0.97933 20.25
5000 0.96989 0.97837 0.97398 9.72

1000 500 0.98339 0.98197 0.98267 22.98
1000 0.97841 0.98554 0.98192 27.72
2500 0.98776 0.97540 0.98147 28.09
5000 0.99005 0.98060 0.98526 10.00

2500 500 0.98186 0.97857 0.98017 50.10
1000 0.98994 0.98494 0.98741 30.94
2500 0.98647 0.97529 0.98076 22.91
5000 0.98333 0.98841 0.98583 13.07

5000 500 0.98855 0.98492 0.98669 45.98
1000 0.98729 0.98515 0.98621 31.82
2500 0.99028 0.98944 0.98986 18.50
5000 0.98830 0.98837 0.98833 14.54

aEpochs used to create synthetic images
Best results in bold

current YOLO models perform this operation to reduce
computational complexity.

Figure 12 (broken insulators) and Fig. 13 (flashover in-
sulators) show examples of synthetic images of 32 × 32
generated by the conditional Wasserstein GAN. Figure 14
(broken insulators) and Fig. 15 (flashover insulators) show
examples of conditional diffusion-generated images. Here,
the results are also presented according to the number of
training epochs by each model.

Qualitatively, the images generated by conditional Was-
serstein GAN had promising results, as did the results of
diffusion models after a large number of training epochs.
With a low number of training epochs, the synthetic im-
ages generated by the conditional Wasserstein GAN were
superior to the images generated by the conditional diffu-
sion model, but when more than 2500 epochs are consid-

ered for generating synthetic images, the diffusion-based
models show better results.

Table 6 shows the classification results using 32×32 im-
ages. The best result was found using a conditional dif-
fusion model, achieving an F1-score of 0.98149, which is
1.26% better than the classification model (Swin-V2-B) us-
ing only original images for training. This shows that the
use of synthetic images for class balancing improves the
classification model’s capacity also for smaller images. In
terms of computational effort, all the models had an equal
GFLOPs for processing images of 32×32, considering that
the same classifier (Swin-V2-B) and batch size (16) were
used.

An interesting result observed using 32×32 synthetic
images is that when 500 epochs are used to train the gener-
ative model, the classification results are inferior to using
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Figure 12 Broken insulators generated by the conditional Wasserstein GAN with a size of 32×32. The columns represent 500, 1000, 2500, and 5000
training epochs

Figure 13 Flashover damage insulators generated by the conditional Wasserstein GAN with a size of 32×32. The columns represent 500, 1000, 2500,
and 5000 training epochs

the original images in most cases. This shows that when
a model is not trained properly, it can impair the ability
to classify insulators. The only superior result using 500
training epochs to generate images was when 5000 images
from the conditional Wasserstein GAN were considered,
and in this case, the large number of images meant that the
model’s performance was superior. The qualitative results
also had this outcome, observing that when few epochs are
considered, synthetic images can have worse quality. This
result reinforces the importance of proper training.

In general, the use of smaller images resulted in lower
performance (best F1-score equal to 0.98149) when com-
pared to higher resolution images (best F1-score equal to
0.98986). In terms of training time, the conditional diffu-
sion model for 256×256 images took 607.19 hours (≈ 25
days) to complete 5000 training epochs, and for 32×32 im-
ages it took 36.91 hours. In comparison, the conditional

Wasserstein GAN took 120 hours (≈ 5 days) to complete
5000 training epochs, while for 32×32 images it took 22.15
hours.

A cost-benefit analysis shows that the conditional dif-
fusion model is advantageous only when the target is
maximum classification performance and the augmen-
tation process is performed offline, whereas conditional
Wasserstein GAN offers a more economical alternative
when computational budget is tighter. For high resolution
256×256 images, the baseline classifier trained only on
real data achieved an F1-score of 0.96887 in 9.90 h, while
the best conditional Wasserstein GAN setting increased
the F1-score to 0.98953 with 5000 synthetic images gener-
ated at 5000 epochs, requiring 42.84 h of classifier training;
the best conditional diffusion setting further improved the
F1-score to 0.98986 with 5000 synthetic images generated
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Figure 14 Broken insulators generated by a conditional diffusion model with a size of 32×32. The columns represent 500, 1000, 2500, and 5000
training epochs

Figure 15 Flashover damage insulators generated by a conditional diffusion model with a size of 32×32. The columns represent 500, 1000, 2500,
and 5000 training epochs

at 2500 epochs, while reducing classifier training time to
18.50 h.

Diffusion provided only a marginal absolute gain of
0.00033 in F1 over the best Wasserstein GAN result, but
reached that best point with substantially lower down-
stream training time for the classifier. For low-resolution
32×32 images, however, the advantage of diffusion be-
comes clearer in effectiveness but not in generation cost:
the original model obtained an F1-score of 0.96887, the
best Wasserstein GAN result reached 0.97999, and the
best diffusion result reached 0.98149, corresponding to
gains of about 1.11 and 1.26 percentage points, respec-
tively, over the non-augmented baseline. At the same time,
the manuscript explicitly states that training the condi-
tional diffusion generator required 5.06 times longer than
the conditional Wasserstein GAN for 256×256 images and

16.45 times longer for 32×32 images, which confirms that
the generative stage is the main computational bottleneck.

The practical conclusion is that conditional diffusion is
justified when the objective is the highest possible predic-
tive performance and augmentation is performed once of-
fline, while conditional Wasserstein GAN remains a more
favorable trade-off for adaptive or frequently retrained
pipelines where lower augmentation cost is more impor-
tant than the final fraction of a percentage point in F1-
score.

5.2.4 Explainable results
While DL architectures such as CNNs and transformer-
based models like Swin models have achieved promising
performance, their decision-making processes often re-
main a black box. This lack of interpretability raises con-
cerns about the reliability and trustworthiness of these
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Table 6 Classification results using augmented data (images of 32×32 pixels)

Model Synthetic
images

Epochsa Precision Recall F1-score Training
time (h)

Original - - 0.97692 0.96116 0.96887 9.90

Conditional
Wasserstein
GAN

500 500 0.95045 0.93275 0.94102 30.44
1000 0.96351 0.93951 0.95112 36.25
2500 0.97064 0.93759 0.95343 34.03
5000 0.96063 0.93014 0.94476 40.34

1000 500 0.95930 0.94886 0.95395 21.55
1000 0.96443 0.94472 0.95415 32.47
2500 0.96140 0.94940 0.95529 31.58
5000 0.96751 0.95005 0.95853 42.25

2500 500 0.96461 0.94856 0.95628 20.97
1000 0.97813 0.95975 0.96856 36.90
2500 0.97643 0.96523 0.97070 30.82
5000 0.98064 0.96197 0.97096 32.48

5000 500 0.98182 0.97309 0.97727 15.56
1000 0.97834 0.97306 0.97562 30.95
2500 0.98105 0.97899 0.97999 37.59
5000 0.97907 0.97203 0.97537 18.94

Conditional
Diffusion

500 500 0.91446 0.91227 0.91297 10.13
1000 0.97684 0.95210 0.96409 20.43
2500 0.96817 0.95069 0.95921 20.48
5000 0.96259 0.93374 0.94762 10.07

1000 500 0.92285 0.90712 0.91390 11.17
1000 0.96938 0.95186 0.96040 32.71
2500 0.96758 0.95010 0.95861 32.89
5000 0.96613 0.95480 0.96037 10.11

2500 500 0.92375 0.91887 0.92125 26.77
1000 0.97690 0.96959 0.97319 37.18
2500 0.97647 0.96975 0.97306 37.26
5000 0.96604 0.96510 0.96556 23.28

5000 500 0.93681 0.93332 0.93441 36.72
1000 0.98531 0.97797 0.98149 44.88
2500 0.98036 0.97496 0.97758 44.91
5000 0.98114 0.97606 0.97853 42.02

aEpochs used to create synthetic images
Best results in bold

models, particularly in high-stakes domains such as power
grid infrastructure monitoring, where incorrect decisions
can lead to costly operational failures or safety hazards.

To address these challenges, eXplainable Artificial Intel-
ligence (XAI) techniques have been adopted to provide in-
sight into model behavior. Figure 16 (for broken insulators)
and Fig. 17 (flashover damage insulators) present results of
different CAM methods. In these figures, the CAM meth-
ods highlight in red the areas identified by the model as
activation maps, thus creating this fault interpretability.

Although the results are promising, the XGradCAM and
ScoreCAM methods go beyond the limits of the fault by
highlighting areas larger than the focus of analysis, so re-
sults using SHAP are evaluated. Figures 18 and 19 show
the results obtained using SHAP. The blue results mean
that they are features that move away from the class under

study. Values coloured red mean that they are features that
are closer to the class under study.

Based on the CAM and SHAP methods, this work pro-
posed a combination of both to improve the visualization
of the fault observed in the data provided. Figure 20 (bro-
ken insulator) and Fig. 21 (flashover damage class) show
the results of this fusion, where visual improvement is no-
ticeable and, for the most part, only the focus on the class
to be detected is increased.

In the proposed hybrid SHAP-CAM method, there is
greater clarity in highlighting the regions of evidence,
which results in a better interpretation of the results. This
hybrid SHAP-CAM method outperforms other methods,
as it is possible to observe the exact location of the fault,
rather than the large observation area as in other CAM
methods, or the difficulty in interpreting SHAP.



Stefenon et al. Autonomous Intelligent Systems            (2026) 6:13 Page 21 of 27

Figure 16 CAM results for broken insulators: The columns are the raw images, XGradCAM, HiResCAM, and ScoreCAM, respectively

Figure 17 CAM results for flashover damage insulators: the columns are the raw images, XGradCAM, HiResCAM, and ScoreCAM, respectively

Figure 18 SHAP results for broken insulators: the columns are the raw images, the SHAP results for the broken class, the SHAP results for the
flashover damage class, and the SHAP results for the no issues class
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Figure 19 SHAP for flashover damage insulators: the columns are the raw images, the SHAP results for the broken class, the SHAP results for the
flashover damage class and the SHAP results for the no issues class

Figure 20 Proposed hybrid SHAP-CAM results for broken insulators: the columns are the raw images, SHAP-XGradCAM, SHAP-HiResCAM, and
SHAP-ScoreCAM, respectively

Figure 21 Proposed hybrid SHAP-CAM results for flashover damage insulators: the columns are the raw images, SHAP-XGradCAM, SHAP-HiResCAM,
and SHAP-ScoreCAM, respectively
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Table 7 Insulator fault detection evaluation models’ prediction
performance

Model Precision Recall F1-score mAP

[0.5] [0.5:0.95]

DETR 0.69900 0.85619 0.76965 0.65116 0.46523
Faster R-CNN 0.41826 0.85230 0.56114 0.41211 0.26569
RetinaNet 0.27802 0.91727 0.42671 0.34637 0.23005
SSD 0.66123 0.58523 0.62091 0.32116 0.16968
STN-YOLO 0.90778 0.83811 0.87155 0.92821 0.78253
SAE-YOLO 0.88339 0.85990 0.87149 0.92579 0.79439

YOLOv10n 0.95897 0.95107 0.95452 0.97674 0.89722
YOLOv10s 0.95415 0.92386 0.93881 0.96839 0.90620
YOLOv10m 0.95047 0.95245 0.95177 0.97355 0.90680
YOLOv10l 0.94928 0.94527 0.94768 0.97151 0.90878
YOLOv10x 0.96555 0.94079 0.95315 0.97544 0.92064

YOLOv11n 0.97209 0.95530 0.96375 0.98379 0.90439
YOLOv11s 0.97219 0.95546 0.96376 0.98319 0.91813
YOLOv11m 0.97012 0.95904 0.96322 0.98219 0.92031
YOLOv11l 0.97068 0.96973 0.96996 0.98385 0.92990
YOLOv11x 0.96319 0.94591 0.95488 0.97249 0.89402

YOLOv12n 0.97189 0.95852 0.96474 0.97793 0.90716
YOLOv12s 0.96819 0.96520 0.96677 0.98173 0.92474
YOLOv12m 0.96348 0.96025 0.96258 0.97741 0.90668
YOLOv12l 0.95698 0.94239 0.95045 0.97730 0.91488
YOLOv12x 0.97624 0.94793 0.96201 0.97709 0.89832

YOLOv26n 0.97093 0.96164 0.96627 0.98018 0.91333
YOLOv26s 0.97028 0.95332 0.96173 0.98019 0.93533
YOLOv26m 0.97378 0.94267 0.95797 0.97497 0.92984
YOLOv26l 0.96329 0.96466 0.96398 0.97949 0.93174
YOLOv26x 0.96197 0.96491 0.96344 0.98340 0.93236

Ours 0.98531 0.97797 0.98149 0.98951 0.90891

Best results in bold

The results are promising both when broken insula-
tors are analyzed and when the evaluation is carried out
on insulators with the presence of surface discharges
(flashover). This highlighting indication can help opera-
tors to be more assertive in classifying faults when com-
pared to good insulators or those that have small signs of
contamination.

5.3 Benchmarking
To carry out a comparative analysis, the DETR, Faster R-
CNN, RetinaNet, SDD, YOLO (versions 10 to 24, sizes
nano, small, medium, large, and extra large), STN-YOLO,
and SAE-YOLO models are evaluated. These models are
used to detect and classify the insulators simultaneously
(multi-classification). Table 7 presents the performance re-
sults of this comparison; the default hyperparameters of
each model are used so that our model can be compared
with versions used in the literature.

In general, the YOLO versions are more promising than
other models, confirming their suitability for our base-
line model. All standard versions of YOLO achieve an

Table 8 Insulator fault detection evaluation of computational
cost

Model GFLOPs Training
time (h)

Inference
time (ms)

DETR 234.96 2.15 14.84
Faster R-CNN 272.14 2.74 80.37
RetinaNet 245.77 2.86 65.41
SSD 91.28 1.15 22.09
STN-YOLO 10.70 7.06 5.51
SAE-YOLO 9.49 6.49 4.59

YOLOv10n 8.39 4.54 5.02
YOLOv10s 24.77 6.02 6.56
YOLOv10m 63.97 8.85 13.27
YOLOv10l 127.20 11.25 25.55
YOLOv10x 171.00 16.23 27.06

YOLOv11n 6.44 3.84 3.78
YOLOv11s 21.55 4.31 6.11
YOLOv11m 68.19 6.97 12.78
YOLOv11l 87.27 8.48 14.02
YOLOv11x 195.45 13.42 24.40

YOLOv12n 6.48 4.85 6.22
YOLOv12s 21.52 5.81 9.00
YOLOv12m 67.74 9.09 14.80
YOLOv12l 89.41 13.39 24.97
YOLOv12x 199.82 21.28 37.63

YOLOv26n 5.77 3.46 4.61
YOLOv26s 22.50 5.61 4.69
YOLOv26m 74.72 7.28 6.08
YOLOv26l 93.12 8.95 7.67
YOLOv26x 208.51 12.17 10.76

Ours 208.50 23.41 32.18

Best results in bold

mAP@[0.5] greater than 0.96 and an mAP@[0.5:0.95]
greater than 0.89, showing that they are indeed suitable
for the task being analyzed. The simulation time can vary
as the early stop is used to avoid overfitting the model,
which means that training is stopped early to ensure that
the model has been trained properly.

With an F1-score of 0.98149 and mAP@[0.5] of 0.98951,
our method outperforms all compared models. In terms of
computational effort, models that use a greater number of
parameters have higher GFLOPs, which is not a limitation,
considering that the inference time is acceptable for real-
time applications.

Table 8 compares various models for insulator fault
detection in terms of computational cost, training time,
and inference speed. Classical detectors such as DETR,
Faster R-CNN, RetinaNet, and SSD show moderate to high
GFLOPs, with SSD achieving the fastest training (1.15 h)
and DETR the lowest inference time (14.84 ms), though
Faster R-CNN and RetinaNet are significantly slower dur-
ing inference.

The YOLO series demonstrates a clear trade-off between
model size and efficiency, with YOLOv11n achieving the
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best balance of lowest GFLOPs (6.44) and fastest inference
(3.78 ms), while larger variants of YOLOv11 and YOLOv12
increase computational cost and latency.

The proposed model exhibits high complexity (208.50
GFLOPs) and long training time (23.41 h, considering ob-
ject detection and classification), yet maintains competi-
tive inference speed (32.18 ms, considering object detec-
tion and classification), suggesting that it prioritizes detec-
tion performance and robustness over training efficiency.
These results indicate that lightweight YOLO variants are
optimal for real-time applications, whereas the proposed
model suits scenarios where performance is more critical
than training cost.

Although the full model integrates diffusion-based aug-
mentation, transformer-based classification, and explain-
ability modules, these components are primarily confined
to the training phase, while the inference pipeline relies
only on the hypertuned YOLO26x detector and the Swin-
V2-B classifier operating on real images. Empirical results
demonstrate that the detection stage achieves inference
times on the order of a few milliseconds (e.g., 14.67 ms
for YOLO26x), while classification requires approximately
17.51 ms, indicating that near real-time performance is al-
ready attainable on standard hardware.

The modular architecture enables straightforward light-
weighting strategies, including replacing Swin-V2-B with
smaller variants such as Swin-V2-T, reducing input reso-
lution (e.g., 32×32 crops), and selecting compact YOLO
variants (nano or small), which offer favorable trade-offs
between performance and latency.

Additional optimizations such as model pruning, quan-
tization, and edge-oriented deployment (e.g., TensorRT
acceleration) can further reduce computational overhead.
These results, combined with the demonstrated effective-
ness of low-resolution inputs and smaller models, confirm
that the proposed framework is adaptable to low-power
UAV edge devices while preserving high detection and
classification performance, supporting its practical viabil-
ity in real-time engineering applications.

5.4 Limitations
The conditional diffusion model needed 5.06 times longer
to be trained than the conditional Wasserstein GAN to
generate 256×256 images, which can be a problem for
adaptive models. For images of 32×32, the conditional dif-
fusion model needed 16.45 times longer to be trained than
the conditional Wasserstein GAN. For offline applications
such as those considered in this work, this limitation does
not represent a problem since the model’s inference time
is considerably faster once it has been trained.

6 Conclusion and future research
This paper has presented a novel, end-to-end approach
for fault detection in high-voltage insulators by integrating

data augmentation, object detection, classification, and in-
terpretability techniques. To address the challenge of the
unbalanced dataset, the conditional diffusion model has
been used to generate synthetic images of faulty insulators,
achieving superior results compared to the conditional
Wasserstein GAN. The model has enhanced transparency
through a hybrid SHAP-CAM approach, providing intu-
itive visual explanations directly to field engineers, and
helping the designers to better understand the strengths
of the DL models.

The proposed YOLO-Swin architecture (hypertuned via
Bayesian optimization) proved to have better results at
both localizing insulators (mAP@[0.5] equal to 0.98951)
and classifying fault conditions (F1-score=0.98149), out-
performing the state-of-the-art detectors (DETR, Faster
R-CNN, RetinaNet, SSD, YOLOv10–12, STN-YOLO, and
SAE-YOLO) and CNN classifiers (VGG, ResNet, Efficient-
Net, ViT, Swin). Beyond these quantitative achievements,
the proposed approach reduces the reliance on scarce real-
fault images, enabling retraining to cover new insulator de-
signs or damage conditions.

The evaluation under complex environmental condi-
tions, such as rain, fog, and occlusion, remains an im-
portant direction for further validation of the proposed
framework. However, the availability of publicly accessible
datasets that comprehensively represent such challenging
scenarios is currently limited, which restricts a systematic
assessment in this context.

As future work, efforts could focus on incorporating
more diverse and realistic environmental variations, either
through the collection of new field data or through ad-
vanced data augmentation strategies, including physics-
informed simulation and domain adaptation techniques.
This would enable a more rigorous evaluation of model
robustness and generalization capability under adverse in-
spection conditions, further strengthening the practical
applicability of the proposed approach in real-world power
grid environments.

To further strengthen the solution’s real-world appli-
cability, future work may focus on expanding generative
diversity by integrating multi-source weather and imag-
ing conditions to capture a wider array of fault manifes-
tations. Real-time deployment on edge devices, optimiz-
ing for latency and energy efficiency so that inspections
can be performed via drones or on-site cameras. Adaptive
learning through online fine-tuning allows the model to in-
corporate newly acquired fault instances and continuously
improve detection performance. Cross-domain validation
across different grid infrastructures and insulator materi-
als to ensure broad generalizability and robustness.
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