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Abstract

To improve the detection performance of small defects in photovoltaic modules, we propose
an enhanced YOLOv11n model—YOLO-FAD. Its core innovations include the following:
(1) integrating RFAConv into the backbone network and neck network to better capture
small defect features in complex backgrounds; (2) adding DyC3K2 for adaptive convolution
optimization to improve accuracy and robustness; (3) employing ASF for multi-layer feature
fusion, and combining it with DyHead-detect in the fourth detection layer to refine the
classification and localization of small targets. Testing on our dataset shows that YOLO-FAD
achieves an overall accuracy of 94.6% (85.3% for small defects), outperforming YOLOv11n
by 3.0% and 10.1% in mAP, respectively, and surpassing YOLOv12, RT-DETR, Improved
Faster-RCNN, and state-of-the-art (SOTA) improved models.

Keywords: photovoltaic modules; YOLOv11n; YOLO-FAD; small target defect detection

1. Introduction

Photovoltaic cells are a key technology capable of efficiently converting solar energy
into electrical energy, thereby occupying an indispensable position in the field of renewable
energy [1]. However, in actual operation, photovoltaic modules often face various potential
faults and defects, such as hot spots, fractures, and plant. These issues not only cause
energy loss and reduce the output power of the cells [2,3], but may even lead to system
failure under extreme conditions. Among these, hot spots and fractures are considered one
of the primary factors contributing to the power degradation of photovoltaic modules.

Since defects in photovoltaic cells are often difficult to identify with the naked eye,
electroluminescence (EL) imaging technology is widely used for defect detection [4,5]. As
a mature, high-resolution, non-contact, non-destructive testing method, EL imaging can
effectively identify various types of defects in photovoltaic cells. However, traditional
manual visual inspection still suffers from low detection efficiency, strong subjectivity,
high error rates, and over-reliance on the experience of professional technicians, making it
difficult to meet the demands of large-scale production and real-time monitoring. Therefore,
the development of intelligent photovoltaic cell defect detection technology has become a
current research hotspot and technical challenge.

In recent years, small-object detection has advanced via three routes: contextual
utilization, multi-scale fusion, and feature enhancement [6-10]. However, these methods
lack adaptation to PV scenarios (small defects, complex backgrounds), leading to poor
performance. To address this, we propose YOLO-FAD based on YOLOv1ln, with key
modules RFAConv, ASE, DyC3K2, and DyHead-detect. The name YOLO-FAD is derived
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from the initial letters of its key improvement modules: RFAConv (F), ASF (A), DyC3K2 (D),
and DyHead-detect (D). The main contributions of this paper include the following aspects:
(1) Introduction of the RFAConv module to replace traditional convolutions: In the
trunk and neck networks, RFAConv is used to replace traditional convolution layers.
RFAConv dynamically adjusts the receptive field to adapt to the scale of small targets,
combines attention mechanisms to enhance the expression of defect features, and integrates
multi-scale information to understand the context of defects. This improvement effec-
tively captures subtle defects in photovoltaic modules, reducing the occurrence of missed
detections and false positives, thereby enhancing the accuracy of small-object detection.

(2) Introduction of the DyC3K2 module to enhance robustness: the DyC3K2 module
is introduced in the trunk and neck networks, with dynamic convolution (DynamicConv)
embedded into the C3K2 structure, allowing the model to adaptively adjust convolution
parameters based on input images, thereby improving the accuracy and robustness of
defect detection in photovoltaic modules.

(3) Application of the ASF structure in the neck network: The introduction of the
ASF (Attention Scale Sequence Fusion) structure further enhances the model’s ability to
perceive small-object details. By fusing spatial features with multi-scale information, the
ASF structure effectively integrates features extracted at different levels (P2, P3, P4, P5)
from the backbone network. This efficient feature fusion strategy improves the model’s
small-object detection capability and enhances its overall feature representation ability.

(4) Introduction of the DyHead dynamic head detection framework: For head detec-
tion, this paper proposes the dynamic head framework (DyHead). DyHead combines object
detection heads with attention mechanisms, achieving comprehensive scale, spatial, and
channel perception through the integration of multi-dimensional self-attention mechanisms
at the feature level, spatial position, and output channel. This innovation significantly im-
proves the model’s capabilities in object classification and localization, thereby enhancing
overall detection accuracy.

2. Related Work

In the field of industrial defect detection, existing methods mainly focus on feature
enhancement and multi-scale fusion to tackle challenges like low-contrast and complex
backgrounds. Wang et al. [11] proposed an improved algorithm that embeds a structure
specifically designed for small-object detection into the network. Zhao S et al. [12] proposed
an attention-guided feature enhancement and multi-scale fusion framework for industrial
defect detection, achieving a mAP of 92.3% on benchmark industrial datasets. However,
their method was not optimized for the small, low-contrast defects in infrared photovoltaic
images, limiting its applicability in PV inspection scenarios. Similarly, Liu P et al. [13]
developed an adaptive receptive field convolution combined with context aggregation for
small defect detection in industrial products, which improved robustness but incurred
high computational complexity (120 GFLOPs), making it unsuitable for real-time PV drone
inspection tasks.

For small-object detection, recent advances have explored pyramid feature enhance-
ment and transformer-based architectures. Li Y et al. [14] proposed a pyramid feature
enhancement and global context modeling approach, achieving state-of-the-art performance
on general small-object datasets. However, their method lacks adaptation to industrial
scenarios with cluttered backgrounds and low-contrast targets, such as PV module defects.
Zhang G et al. [15] introduced a transformer-based small-object detector with multi-scale
feature alignment, which improved detection precision but only achieved 30 FPS in infer-
ence speed—far below the real-time demands of PV drone inspection (typically requiring
>100 FPS).
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However, existing research still has certain limitations in the detection of small target
defects in photovoltaic modules. The detection of small target defects (such as hot spots)
in photovoltaic modules faces numerous challenges, including the small size of defects
and the susceptibility of their features to environmental interference. This study focuses
on the detection of small target defects in photovoltaic modules, aiming to develop an
accurate and efficient detection method to address the research gap in this field and ensure
the reliable and stable operation of photovoltaic systems.

To validate the robustness and generalization capability of our improved model,
this paper conducted comparative experiments with current mainstream models (such
as YOLOv8n, YOLOvV9s, YOLOv10n, YOLOv11n, YOLOv12, and the RT-DETR series) to
assess the robustness of the improved model YOLO-FAD. Additionally, we conducted
comparative experiments using other publicly available datasets to further validate the
generalization capability of the improved model.

3. YOLO-FAD Algorithm
3.1. YOLO-FAD Structure

Addressing the challenges of detecting small defects in photovoltaic modules, such as
difficulty in detection and loss of features, this paper proposes an improved YOLO-FAD

algorithm based on YOLOv11n. The overall network structure is shown in Figure 1, consist-
ing of three core modules: Backbone, Neck, and Head, with the following specific designs:

DyHead-detect

—>| ASF-attention

L

Upsample [— ‘—» ASF-attention

Backbone

Figure 1. YOLO-FAD structure diagram. Note: ASF is integrated in the Neck (between ScalSeq
and Zoom-cat) to fuse P2-P5 features. Key modules: RFAConv (replaces traditional convolutions),
DyC3K2 (dynamic convolution), DyHead-detect (dynamic detection head).

1. Backbone: Precise extraction of basic features of small target defects
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In the Backbone section, we replace the traditional convolutional structure with RFA-
Conv and integrate the DyC3K2 module to achieve efficient extraction of multi-scale
features from photovoltaic module images. RFAConv dynamically adjusts the receptive
field by introducing an attention mechanism, enhancing feature expression capabilities and
effectively capturing the texture details of small defects. The DyC3K2 structure optimizes
feature propagation paths by embedding a dynamic convolution mechanism, making small
target defects such as fine cracks and hidden cracks more prominent in early features,
thereby providing a solid foundation for subsequent detection.

2. Neck: Strengthening the fusion and enhancement of small defect features

In the Neck structure, an attention scale fusion module (ASF) is introduced, combined
with operations such as ScalSeq and Concat, to perform deep fusion processing on the
multi-scale features output by the Backbone. On one hand, strategies like Zoom-cat are used
to effectively aggregate cross-level features, addressing the lack of contextual information
for small defects. On the other hand, the ASF-attention mechanism focuses on critical
defect regions, enhancing the feature response values of small defects to prevent them from
being overshadowed by large defect features during multi-scale fusion, thereby improving
the transmission and expression quality of small defect features within the network.

3. Head: Achieving multi-dimensional precise detection of small defects

In the detection head section, we have expanded the number of detection heads to
four and uniformly replaced them with the DyHead structure. Multiple detection heads
deployed in parallel across different feature layers can cover defect regions of varying
sizes and locations within photovoltaic modules, particularly demonstrating stronger
classification and localization capabilities for small-object defects. DyHead integrates
multi-dimensional attention mechanisms across spatial, scale, and channel dimensions,
enhancing the model’s ability to regress small-object defect bounding boxes and classify
categories, significantly improving detection accuracy for small objects, including hot spots.

In summary, the YOLO-FAD model has been specifically optimized for small target
defects in photovoltaic modules at each stage of feature extraction, feature fusion, and
final detection, effectively improving the detectability of small defects and overall detec-
tion accuracy, providing an efficient and reliable solution for defect monitoring in actual
photovoltaic systems.

3.2. RFAConv Module

Existing convolutional attention modules (such as CBAM [16]) and coordinated atten-
tion modules (CA [17]) still have certain limitations in practical applications: on the one
hand, they struggle to adequately focus on the importance of features at different positions
within the receptive field; on the other hand, they also fail to effectively address the issue of
convolutional parameter sharing. To overcome these shortcomings, this paper introduces
the Receptive Field Attention Convolution (RFAConv) module [18] to enhance the model’s
ability to express features of small target defects in complex contexts.

RFAConv achieves parameter sharing of convolutional kernels by introducing a spatial
attention mechanism, while dynamically evaluating the importance of features within the
receptive field to extract more discriminative receptive field features from the original
feature map. As shown in Figure 2, this module divides feature processing into two stages:
the spatial feature domain (i.e., the original input feature map) and the receptive field
feature domain (non-overlapping feature blocks generated by a sliding window with a
stride of three). Each 3 x 3 window corresponds to a receptive field unit, enabling the
model to effectively model the contextual relationships between the target region and
its surrounding environment during the early stages of feature extraction. It should be
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clarified that these non-overlapping 3 x 3 feature blocks (stride = 3) are exclusively for
attention computation (to model receptive field feature importance) rather than replacing
convolution itself. Each block corresponds to a receptive field unit, enabling the model to
capture contextual relationships between targets.

7
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Figure 2. RFAConv structure diagram.

To balance performance and efficiency, RFAConv employs a three-tier processing strat-
egy: first, average pooling is used to compress the receptive field features and reduce their
dimensionality; second, 1 x 1 convolutional layers are employed to establish connections
between different receptive fields; finally, the softmax activation function is used to perform
adaptive feature selection for each receptive field unit. The aforementioned computational
process can be formally represented by Equation (1). This structure not only maintains the
model’s lightweight characteristics but also significantly enhances feature representation
capabilities, providing more discriminative inputs for subsequent detection.

F= Softmax(g(lxn(Angool(x))) X ReLU(Norm (g(ka)(X))) (1)

Here, g(1X1)

convolution kernel, Norm denotes normalization, X is the input feature map, and F is

denotes a group convolution of size i x i, k denotes the size of the

obtained by multiplying the attention map A,f with the transformed receptive field’s
spatial features F .

3.3. ASF Module

To more effectively obtain detailed information about small defects in photovoltaic
modules, this paper introduces the ASF (Attentional Scale Sequence Fusion) structure [19]
into the neck structure of the network. ASF is a framework that fuses spatial and multi-
scale features, widely used in object detection and segmentation tasks, and has excellent
small-object recognition capabilities. By fusing feature outputs from various layers of the
backbone network (P2, P3, P4, and P5), it effectively enhances the representation capability
for multi-scale targets.

Building upon the ASF framework outlined in [19], this paper addresses the require-
ments of PV defect detection by replacing the original TFE (Temporal Feature Extraction)
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Unsqueeze

module with an MLFE (Multi-Scale Local Feature Extraction) module. This modification fo-
cuses on extracting local detail features, thereby adapting the system to scenarios involving
small defect detection. The rationale for this modification is clearly articulated.

The ASF network structure primarily consists of two functional modules: the SSFF
(Spatial-Scale Feature Fusion) module and the MLFE (Multi-Scale Local Feature Extraction)
module. The SSFF module focuses on integrating global multi-scale information, while the
MLEFE module focuses on integrating local detail features from multi-scale receptive fields,
which is critical for identifying small defects that are easily obscured by PV module textures.

As shown in Figure 3, the core objective of the SSFF module is to integrate spatial
features at different scales into a unified, efficient representation. Specifically, the module
first aligns feature maps from multiple levels (P2 to P5) in terms of size (including upsam-
pling and downsampling) to a uniform spatial resolution. Subsequently, these multi-scale
feature maps are stacked and fused, and a 3D convolution (3D Conv) is applied to model
the complex dependencies between spatial and scale dimensions. Based on this, batch
normalization (BN) is introduced to stabilize the training process, and the SiLU activation
function is used to enhance the network’s non-linear expression capabilities. The mod-
ule ultimately outputs fused feature maps, providing more comprehensive and refined
semantic support for downstream small-object defect detection and segmentation tasks.

Upsamlping

SSFF

Squeeze

—
—

Figure 3. Structure of the SSFF module.

The scaled images input to the SSFF module can be calculated using Formulas (2)
and (3).

Fy(w,h) = Gg(w, h) X f(w,h) ()
1 2.2 2
_ —(w*+h*) /20

Golw,h) = 5—se )

Among them, f(w, h) represents a two-dimensional input image with width w and
height h. F,(w,h) is generated by smoothing through a series of convolutions with a
two-dimensional Gaussian filter G, (w, I1). Here, 0 represents the scale parameter, which
determines the standard deviation of the two-dimensional Gaussian filter used in the
convolution process.

The MLFE module is shown in Figure 4. Its structure adopts a three-branch design
tailored to PV defect characteristics:

Large-scale branch: processes low-resolution features (stride = 2) using Conv-BN-SiLU
and max-pooling, focusing on capturing the global context of defects (e.g., the positional
relationship between hot spots and PV cell grids);

Medium-scale branch: directly processes features with stride = 1 to retain the shape
and edge information of medium-sized defects (e.g., plant shadows on modules);
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Figure 4. MLFE module structure.

Small-scale branch: first upsamples features (nearest-neighbor interpolation, scale = 2)
to enhance the resolution of small defects, then uses a 3 x 3 convolution to refine texture
details (e.g., the edge of micro-fractures).

The outputs of the three branches are concatenated along the channel dimension, and
a1l x 1 convolution is used to fuse multi-scale local features, with the process formally
expressed as

Fyrre = Convyx1(Concat(F, F, Fs)) (4)

where F, Fy;, Fs represent the features of the large, medium, and small branches, respectively.
This module effectively compensates for the loss of local detail in multi-scale feature fusion,
enabling the model to better distinguish small defects from background noise in PV images.

3.4. DyC3K2 Module

To enhance the feature extraction capabilities of YOLOv11n in the task of photo-
voltaic module defect detection, this paper introduces a new module, DyC3k2, based on
YOLOv11n. This module is an extended improvement of the traditional C3k2 structure,
integrating DynamicConv [20], with the aim of significantly enhancing the adaptability
and expressive power of the network backbone, thereby achieving more accurate detection
of small target defects in photovoltaic modules.

DynamicConv is the core component of DyC3k2, representing a dynamic convolution
mechanism. Unlike traditional fixed convolution kernels that process all inputs uniformly,
DynamicConv dynamically selects or combines multiple convolution kernels (i.e., ‘expert
kernels’) based on the features of each input sample to adapt to different input distributions
and feature representation requirements. This mechanism introduces a higher level of
flexibility and adaptability to convolutional neural networks. Specifically, DynamicConv
introduces a learning function to dynamically allocate expert kernel weights. This function
typically consists of a multi-layer perceptron (MLP) and a Softmax layer, generating weight
coefficients for each expert kernel to enable on-demand combination. Its output can be

expressed as
M
Y= Y1 (X x W) ©

Here, X represents the input features, Wy, Wa, -- -, W) are the expert kernels, and «;
are the weight coefficients dynamically generated by the MLP and Softmax.

Applying DyC3Kk2 to the backbone portion of the network offers significant advantages
in terms of computational efficiency and feature representation capabilities. Compared to
the traditional C3k2 structure, DyC3k2 is more parameter-efficient and computationally
flexible, enabling it to maintain model lightweightness while enhancing adaptability to
complex input features. Especially in resource-constrained or real-time-critical photovoltaic
systems, the DyC3k2 design provides effective assurance for achieving high-precision,
small-object defect detection. Additionally, the module’s adaptive characteristics enhance
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the model’s generalization capability and robustness across different application scenarios.
The specific structure of DyC3k2 is shown in Figure 5.

fffff

F——n

D potnek

Concat

Conv

Figure 5. Structural diagram of DyC3K2.

3.5. Dynamic Detection Head

In the YOLOv11n model, the detection head is unable to effectively detect and locate
small objects in photovoltaic modules due to the large receptive field of the network.
DyHead [21] is a dynamic head framework designed specifically for object detection. It
introduces an attention mechanism across feature layers, spatial positions, and channels,
achieving comprehensive scale, spatial, and task awareness, and significantly improving the
performance of small object detection. Figure 6 shows the structure of the DyHead module.
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Figure 6. DyHead block structure.

The 711, module primarily focuses on the distribution of feature weights across channel
dimensions. The specific process is as follows: first, the input feature map is subjected to
global average pooling (AvgPool) to extract global semantic information at the channel level;
then, through 1 x 1 convolution, ReLU activation function, and Hard Sigmoid function,
attention weights for the channel dimension are generated. These weights are applied
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to the original feature map to dynamically adjust the response intensity of the channels,
thereby highlighting semantically more critical features.

The 715 module primarily processes the spatial dimension of the feature map. First, it
uses an offset mechanism to perceive spatial details of the target, then uses the Sigmoid
function to generate spatial weights. These weights dynamically adjust the input feature
map to enhance prominent regions in the spatial dimension, making it particularly suitable
for capturing small defects on photovoltaic modules.

The 7t module comprehensively considers global context and local feature informa-
tion. The input features first pass through a fully connected layer (Fc), activation function
(ReLU), and normalization (Normalise) to generate comprehensive features. At the same
time, the exponential function adjusts the feature amplitude to enhance the contrast be-
tween local information and the global background, improving the ability to identify
small targets.

Among these, 1], represents the scale-aware attention mechanism, which dynamically
fuses features of different scales based on semantic importance. 7t represents the spatial-
aware attention mechanism, which continuously focuses on coexisting distinguishable regions
in spatial positions and feature layers. 7t represents the channel-aware attention mechanism,
which enables different objects to jointly learn and generalize distinct representations.

In summary, the dynamic feature enhancement mechanism of the DyHead block
provides robust technical support for defect detection of small objects in photovoltaic
modules, demonstrating superior detection performance in complex scenarios.

4. Experimental Results and Analysis
4.1. Experimental Environment

To fully verify the performance of YOLO-FAD in both high-performance and resource-
constrained scenarios, experiments were conducted on two types of hardware platforms: a
desktop GPU and an embedded platform.

4.1.1. Desktop GPU Environment

To complete the experiment, we conducted our research based on the PyTorch frame-
work. The experimental environment configuration is as follows: the operating system is
Windows, the Python version is 3.8, the PyTorch version is 1.11.0, and the experimental
hardware is NVIDIA RTX 3080 Ti.

In this experiment, model optimization and training were performed using the stochas-
tic gradient descent (SGD) optimizer with a momentum of 0.9 and weight decay of 0.0005.
To address the severe class imbalance (hot spots: 36,524 instances; fractures: 835 instances),
we adopted the Focal Loss as the classification loss function (y = 2, « = 0.25). The pa-
rameter o = 0.25 downweights the loss contribution of majority classes (e.g., hot spots),
while ¢ = 2 amplifies the loss of hard-to-detect minority classes (e.g., fractures), forcing the
model to focus on small and imbalanced defects. For the YOLO-FAD network parameters,
the initial settings were an input image size of 640 x 640, an initial learning rate of 0.01, and
the OneCycleLR strategy was used to dynamically adjust the learning rate to ensure the
stability of the training process. To smoothly guide the model through the initial training
phase and achieve a better initialization state, we designed a three-epoch ‘warmup’ strategy.
The batch size was set to 16, with a total training cycle of 300 epochs.

Hyperparameter selection justification: (1) Optimizer: SGD was chosen over Adam
because it achieves better generalization on imbalanced industrial defect datasets [22];
Adam often overfits to the dominant class (hot spots) in our dataset, leading to poor
performance on small defects. (2) Input size: 640 x 640 was selected to balance spatial
resolution (critical for detecting small hot spots < 10 x 10 pixels) and computational
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efficiency—larger sizes (e.g., 800 x 800) increased GFLOPs by 40% without significant mAP
improvement, while smaller sizes (e.g., 480 x 480) reduced small defect detection accuracy
by 5.2%. (3) Learning rate: 0.01 was determined via grid search (0.001, 0.01, 0.1), with 0.01
achieving the fastest convergence and highest mAP.

4.1.2. Embedded Platform Environment

To simulate real-world PV plant inspection scenarios (e.g., UAV-mounted detection),
an NVIDIA Jetson Nano (472 GFLOPs computing power) was selected as the embedded test
platform—this device is widely used in low-power on-site detection due to its small size
and low energy consumption. The platform was configured with JetPack 4.6 (supporting
TensorRT 8.2 for inference acceleration), and the input image size and model weights
were consistent with the desktop environment. TensorRT int8 quantization was applied to
optimize the model for embedded hardware, reducing redundant computations without
significant accuracy loss.

4.1.3. PV Scenario-Adapted Data Augmentation

Given the characteristics of PV module EL images (e.g., uneven illumination small defect
scales, and single-channel grayscale), targeted automated data augmentation was implemented
to improve model generalization, avoiding over-reliance on generic augmentation methods:

1. Geometric augmentation for defect scale adaptation: Random cropping (crop ratio:
0.6-1.0) was used to simulate close-range and long-range inspection angles, while slight
rotation (—8° to 8°) mimicked the tilt of PV modules during actual installation. Horizontal
flipping (probability 0.5) was applied to adapt to left-right symmetric module layouts, with
vertical flipping excluded to avoid violating the physical structure of PV strings.

2. Grayscale and contrast enhancement for EL image features: For grayscale EL
images, adaptive histogram equalization (CLAHE) was used to enhance the contrast
between small defects (e.g., dark hot spots) and normal regions. Brightness adjustment
(0.7-1.3x) simulated changes in ambient light during UAV inspections, reducing sensitivity
to illumination variations.

3. Mosaic fusion for complex background adaptation: four PV module images with
different defect types were randomly mosaicked (probability 0.3) to simulate the multi-
module layout in actual PV arrays, helping the model distinguish overlapping defects or
defects adjacent to module edges.

All augmentation operations were only applied to the training set to ensure the
authenticity of validation and test results.

4.2. Dataset

The infrared images were captured using a DJI Zenmuse H20T thermal camera (spec-
tral range: 8-14 um, resolution: 640 x 512 pixels, frame rate: 30 FPS) mounted on a DJI
Matrice 300 RTK UAV. The flight altitude was 5-8 m above the PV modules, resulting in a
ground sampling distance (GSD) of 1 cm/pixel. All images were collected under uniform
illumination conditions (solar irradiance: 800~1000 W/m?, ambient temperature: 25-30 °C)
to avoid interference from extreme light or weather. Due to confidentiality agreements
with the partner company, the full dataset is not publicly accessible. Additionally, we
report 95% confidence intervals for all metrics based on 5-fold cross-validation to reflect
result variability. After screening, we selected 2272 concentrated, low-altitude aerial im-
ages as the original data, the dataset was repartitioned following the 8:1:1 standard for
machine learning.

Training set: 1818 images (80%), containing 41,802 defect annotations (hot spots: 29,219;
plants: 7654; battery strings: 4262; fractures: 667);
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Validation set: 227 images (10%), containing 5225 defect annotations (hot spots: 3652;
plants: 957; battery strings: 533; fractures: 84);

Test set: 227 images (10%), containing 5226 defect annotations, (hot spots: 3653; plants:
957; battery strings: 533; fractures: 84).

Stratified sampling was used during partitioning to avoid over-representation of
majority classes (e.g., hot spots) in the test set, ensuring reliable evaluation of minority
class performance.

For these images, we used the Labellmg tool for manual annotation, identifying four
defect types: fracture, hot spot, plant, and battery string, as shown in Figure 7.

fracture

hot spot

plant

battery string

Figure 7. Defect categories.

The annotation results encompass 52,253 defect boundaries, with hot spots accounting
for 36,524, plants for 9568, battery strings for 5328, and fractures for 835. All annotations
are stored in YOLO format, as shown in Figure 8.

40,000
35,000
30,000
25,000
20,000
15,000

10,000

5,000 I
S []

fracture hat spat plant battery string

Figure 8. Label distribution. Note: In Figures 7 and 8, and throughout the text, the term “plant” refers
to vegetation.

Class Imbalance Mitigation for Small Defects

The dataset exhibited severe class imbalance (hot spots: 36,524 annotations; fractures:
835 annotations), where fractures (small, low-contrast defects) were at risk of being ignored
by the model. To address this, a two-stage imbalance mitigation strategy was proposed:
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Adaptive weighted loss: A dynamic weight coefficient was assigned to each class
based on the inverse of the defect count and defect area. For fractures (small area, low
count), the weight was set to 3.2; for hot spots (large area, high count), the weight was set
to 1.0. This was integrated into the focal loss function to suppress the gradient dominance
of majority classes.

Defect-aware oversampling: Instead of simple image duplication, oversampling was
performed on the fracture region: for each fracture image, the defect area was cropped
and randomly pasted onto normal PV module backgrounds (ensuring no overlap with
other defects). This increased the effective number of fracture samples to 2505, avoiding
overfitting while enhancing the model’s sensitivity to small defects.

4.3. Evaluation Indicators

In the experiment, we used metrics such as detection accuracy mAP (mean average
precision), precision, and recall to evaluate model performance [23].

Precision: the ratio of the number of correctly detected samples to the total number of
samples detected, used to measure the model’s accuracy.

Recall: the ratio of the number of correctly detected samples to the total number of
samples that should have been detected, used to reflect the model’s coverage capability.

AP (Average Precision): the area under the PR curve (recall on the x-axis, precision
on the y-axis) for a specific category, used to measure the detection performance of a
single category.

mAP (mean Average Precision): the average of all category AP values, an important
metric for evaluating the overall detection performance of the model.

The calculation formulas for each evaluation metric are as follows:

TP
P= TP+ FP (©)
TP
R=TprEN @)
1
AP = / precision(recall)d(recall) (8)
0
1 N
mAP = Y1, AP; 9)

True positive (TP) represents the number of correctly detected targets, i.e., the number
of instances correctly identified as targets by the model.

False positive (FP) represents the number of incorrectly detected targets, i.e., the
number of instances where the model incorrectly identifies non-targets as targets.

False negative (FN) represents the number of missed targets, i.e., the number of
instances where the model fails to identify targets.

N represents the total number of detected object categories, used to calculate the
average of mAP.

4.4. Test Results and Analysis
4.4.1. Comparison of Different Algorithms

This paper is based on the YOLOv11n model as an improved foundation. To validate the
effectiveness of the proposed YOLO-FAD algorithm, we selected various existing models and
improved models for comparison. The specific selections include the following;:

1.  YOLO series models: YOLOvS8n [23], YOLOv9s [24], YOLOv10n [25], YOLOv12 [26].
2. RT-DETR [27] series models: RT-DETR-1, RT-DETR-x, RT-DETR-Resnet50, RT-DETR-
Resnet101.
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3. Other models: Improved Faster-RCNN [28], some improved models based on SOTA
such as BiTNet [29] and DHC-YOLO [30].

To ensure fairness in the comparative experiments, all models included in the compar-
ison (YOLOv8n, YOLOv9s, YOLOv10n, YOLOv11n, YOLOvV12, RT-DETR series, Improved
Faster-RCNN, BiTNet, DHC-YOLO) were fully retrained on the dataset presented in this
paper. Training parameters and hyperparameters were kept consistent across all models:
input image resolution was uniformly set to 640 x 640. The optimizer used stochastic
gradient descent (SGD) with momentum set to 0.9 and a weight decay coefficient of 0.0005.
The initial learning rate was 0.01, employing the OneCycleLR learning rate scheduling
strategy. The first 3 epochs constituted a warmup phase (learning rate linearly increased
from 0.001 to 0.01), with a total of 300 training epochs. The batch size was set to 16, and
mixed-precision training (FP16) was used to accelerate the training process.

All models utilize pre-trained weights from official open-source sources. For the
four defect categories in this dataset, only the classification head output dimension was
adjusted (from the default 80 classes to 4 classes). The remaining network architecture
(e.g., backbone, neck) and hyperparameters (e.g., anchor box sizes, loss functions) retained
the official default settings. Specifically, the encoder layers and decoder heads of the
RT-DETR series models remained unchanged. For Improved Faster-RCNN, the Region
Proposal Network (RPN) anchor sizes were adapted to the photovoltaic defect size range
(16 x 16-128 x 128). GFLOPs, FPS, and parameter counts (Params) for all models were
tested under identical hardware conditions (NVIDIA RTX 3080 Ti GPU, Intel Core i9-12900K
CPU). The batch size was set to 1 during testing to ensure consistent hardware conditions
and prevent device variations from affecting performance comparison results.

To validate the statistical significance of the performance differences, we conducted
two-tailed t-tests on the mAP@0.5 values of YOLO-FAD and comparative models (5-fold
cross-validation results as independent samples). The results show that YOLO-FAD
achieves a statistically significant improvement over YOLOv11n (p = 0.003 < 0.05), DHC-
YOLO (p = 0.012 < 0.05), and BiTNet (p = 0.001 < 0.05). This confirms that the proposed
improvements are not due to random variability but to the effective integration of RFAConv,
ASF, DyC3K2, and DyHead modules.

The specific comparison results are shown in Table 1.

Table 1. Comparison of different algorithms. (%).

Algorithm Precision Recall mAP@0.5 Fracture ;-II)(:)tt Plant %ﬁ:gg GFLOPs FPS  Params(M)
YOLOvS8n 91.38 84.96 91.57 99.2 75638 922 99.5 8.1 344.8 3
Improved
Fasteli‘-RCNN 90.4 89.2 91.8 98.6 81.3 93.2 94.1 16.2 233 414
DHC-YOLO 89.4 87.2 92.2 98.4 78.8 93.5 98.1 10.5 256.7 9.8
BiTNet 88.6 82.8 88.35 94.2 76.4 90.5 92.3 108.6 42.98 17.68
RT-DETR-1 76.6 76.7 81.4 97.5 64.6 86.7 76.7 103.4 85.5 32
RT-DETR-x 79 76.5 81.4 98.5 61.9 86.7 78.4 222.5 72.9 65.5
RT-DETR-Resnet50 82.4 82.5 86 99.2 68.5 88 88.4 125.6 87.7 42
RT-DETR- Resnet101 86.5 81 87.5 98.8 71 87.6 92.7 186.2 75.75 61
YOLOV9s 85.38 89.44 92.7 99.4 78.1 93.7 99.5 26.7 303 7.2
YOLOv10n 90.7 83.14 91.5 99.3 76.8 90.5 99.5 6.5 3125 2.26
YOLOv1ln 89.89 88.14 91.6 99.3 75.2 924 99.5 6.3 434 2.6
YOLOV12 82.9 90 90.9 99.2 76.1 91.6 96.8 5.8 344.8 2.39
YOLO-FAD(Ours) 92.5 91.7 94.6 99.5 85.3 94 99.6 9 161.3 418

Note on comparative models: All SOTA models (BiTNet, DHC-YOLO) were retrained on our PV dataset un-
der the same settings as YOLO-FAD: 300 epochs, batch size = 16, SGD optimizer (momentum = 0.9, weight
decay = 0.0005), and OneCycleLR scheduling. Their original implementations were adjusted to support our four
defect categories (no other modifications), ensuring performance differences are due to architecture rather than
training discrepancies.
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1.  YOLO Series Models

YOLOv8n: Achieves 91.38% accuracy, 84.96% recall rate, and 91.57% mAP@0.5, demon-
strating excellent performance in defect detection for cracks (99.2%) and battery strings
(99.5%). Its low computational complexity (8.1 GFLOPs), fast inference speed (344.8 FPS),
and small parameter count (3 M) make it lightweight and efficient, suitable for photovoltaic
module defect detection scenarios with high-speed requirements.

YOLOv9s: Accuracy of 85.38%, recall rate of 89.44%, mAP@0.5s of 92.7%, crack
detection accuracy of 99.4%, and hotspot detection accuracy of 78.1%, with room for
improvement. Computational load: 26.7 GFLOPs, inference speed: 303 FPS, parameter
count: 7.2 M, a standard-performance model within the YOLO series.

YOLOvV10n: Accuracy of 90.7%, recall rate of 83.14%, mAP@0.591.5%, crack detection
accuracy of 99.3%, and hotspot detection accuracy of 76.8%. Computational complexity:
6.5 GFLOPs, inference speed: 312.5 FPS, number of parameters: 2.26 M, lightweight with
good accuracy performance.

YOLOvlln: Accuracy of 89.89%, recall rate of 88.14%, mAP@0.5s 91.6%, with a
solid foundation for defect detection (e.g., hotspot detection at 75.2%). Computational
complexity: 6.3 GFLOPs, inference speed: 434 FPS (extremely fast), number of parameters:
2.6 million. It serves as the foundation for improvements to YOLO-FAD, with a significant
speed advantage.

YOLOvV12: Accuracy of 82.9%, recall rate of 90%, mAP@0.590.9%, battery string defect
detection accuracy of 96.8% slightly lower. Computational load: 5.8 GFLOPs, inference
speed: 344.8 FPS, parameter count: 2.39 M, accuracy fluctuates but efficiency is notable.

2. RT-DETR Series Models

RT-DETR-I: Accuracy 76.6%, recall rate 76.7%, mAP@0.581.4%, crack detection accu-
racy of 97.5% is acceptable, but hotspot detection accuracy of 64.6% is poor. Computational
load: 103.4 GFLOPs, inference speed: 85.5 FPS, number of parameters: 32 M. Both detection
performance and efficiency require improvement.

RT-DETR-x: Accuracy 79%, recall rate 76.5%, mAP@0.5s 81.4%, crack detection accu-
racy of 98.5% is good, but hotspot detection accuracy of 61.9% is weak. Computational
complexity: 222.5 GFLOPs, inference speed: 72.9 FPS, number of parameters: 65.5 M, with
a noticeable efficiency shortfall.

RT-DETR-Resnet50: Accuracy 82.4%, recall rate 82.5%, mAP@0.5s 86%, crack detection
accuracy 99.2% (excellent), hotspot detection accuracy 68.5% (average). Computational
complexity: 125.6 GFLOPs, inference speed: 87.7 FPS, number of parameters: 42 M. Under
the Resnet50 backbone network, accuracy and efficiency performance are moderate.

RT-DETR-Resnet101: Accuracy 86.5%, recall rate 81%, mAP@0.5s 87.5%, crack detec-
tion accuracy 99.8% (top-notch), hotspot detection accuracy 71% (insufficient). Computa-
tional complexity: 186.2 GFLOPs, inference speed: 75.75 FPS, number of parameters: 61 M.
Strong crack detection capability but overall efficiency is not high.

3.  Other models

Improved Faster-RCNN: Accuracy 90.4%, recall rate 89.2%, mAP@0.5s 91.8%, crack
detection accuracy 98.6% (excellent), hotspot detection accuracy 81.3% (slightly weaker).
Computational complexity: 16.2 GFLOPs, inference speed: 233 FPS, parameter count: 41.4
M (relatively large). As a traditional two-stage model, it ensures accuracy but has slightly
lower efficiency.

BiTNet: Accuracy 88.6%, recall rate 82.8%, mAP@0.5s 88.35% (relatively low), and
performance for defect detection (e.g., hot spots at 76.4%) is average. Computational
complexity: 108.6 GFLOPs, inference speed: 42.98 FPS (slow), number of parameters:
17.68 million, overall performance is slightly inferior.
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DHC-YOLO: Accuracy 89.4%, recall rate 87.2%, mAP@0.5s 92.2%, battery string detec-
tion accuracy of 98.1% is good. Computational load 10.5 GFLOPs, inference speed 256.7 FPS,
parameter count 9.8 M, achieving a certain balance between accuracy and efficiency.

In the task of photovoltaic module defect detection, YOLO-FAD demonstrates sig-
nificant performance advantages. Compared to YOLOv11n, YOLO-FAD achieves com-
prehensive improvements across multiple metrics: its Precision, Recall, and mAP@0.5s
are all enhanced. Particularly for small-object defects (such as hot spots), YOLO-FAD
improves detection accuracy from 75.2% to 85.3%, significantly enhancing its ability to
identify small-object defects. Additionally, detection accuracy for other defect types (such
as cracks and series-connected cells) has also been optimized.

Compared to other models in the YOLO series (such as YOLOv11n), YOLO-FAD
demonstrates superior overall detection performance; when compared to models in the
RT-DETR series, YOLO-FAD outperforms in terms of accuracy, small object recognition
capability, and efficiency balance; when compared to other detection frameworks (such
as Improved Faster-RCNN), YOLO-FAD achieves better adaptability between detection
accuracy and inference speed.

Additionally, it is necessary to explain the reason for the AP discrepancy among
different defect categories in the dataset:

(1) Intrinsic detection difficulty of defects: Hot spot defects are mostly tiny, low-
contrast regions (especially prone to confusion with normal heating areas in complex
backgrounds), and some hot spots have irregular shapes and blurred boundaries, making it
difficult for the model to distinguish them accurately. In contrast, fracture defects are mostly
obvious linear features with large texture differences and high distinctiveness, which can
be effectively learned by the model even with a small number of samples.

(2) Data distribution characteristics: Although hot spot samples are large in quantity,
there are a large number of “similar redundant samples” (such as continuous hot spot areas
of the same module), which limits the generalization ability of the model. For fracture
samples, despite the small quantity, the annotation accuracy is high (the boundaries of
linear defects are clear, and the annotation error is small), and there is no obvious category
confusion, so the AP is higher.

(3) Annotation quality difference: Due to the small size and scattered distribution of
hot spots, manual annotation is prone to slight deviations (such as incomplete coverage of
small hot spots), which introduces subtle noise into the training data. Fracture defects are
large in size and distinct from the background, so the annotation consistency is high, and
the training data is more reliable.

This discrepancy also confirms the necessity of the proposed YOLO-FAD model, which
is optimized for small, low-contrast defects like hot spots and effectively mitigates the
impact of the above factors.

Deployment trade-offs: We tested inference latency on an NVIDIA Jetson Xavier NX
(UAV-mounted edge device). YOLO-FAD achieves 32 ms per 640 x 640 image, meeting real-
time requirements (<50 ms) for UAV flight speed (5 m/s). Compared to YOLOv11n (28 ms),
the 4 ms increase is negligible for 10.1% higher small defect mAP. For low-power devices
(e.g., DJI Manifold 2), a lightweight variant (removing one DyC3K2 module) achieves 25 ms
latency with mAP@0.5 = 93.2%—a favorable trade-off.

In summary, YOLO-FAD successfully addresses the challenge of detecting small
objects (such as hot spots) by precisely improving detection accuracy for various defects,
while balancing detection efficiency and performance, thereby providing a superior solution
for photovoltaic module defect detection.
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4.4.2. Accuracy-Efficiency Trade-Off Analysis

To comprehensively evaluate the practical application value of YOLO-FAD, this
study analyzes the accuracy—efficiency trade-off of the model from both quantitative and
qualitative dimensions.

We conducted a quantitative performance comparison using mAP@0.5 as the vertical
axis, FPS as the horizontal axis, and GFLOPs as the bubble size, plotting an accuracy—
efficiency scatter plot as shown in Figure 9. As shown in Figure 9, YOLO-FAD out-
performs all comparison models in mAP@0.5 (94.6%) while maintaining high inference
speed (161.3 FPS) and moderate computational complexity (9 GFLOPs). Specifically, while
YOLO-FAD'’s FPS is lower than lightweight models YOLOv11n (434 FPS) and YOLOv10n
(312.5 FPS), it significantly outperforms the RT-DETR series (72.9-87.7 FPS) and Improved
Faster-RCNN (233 FPS). Its GFLOPs requirement increases by only 42.9% compared to
the baseline YOLOv11n (6.3 GFLOPs), remaining far below BiTNet (108.6 GFLOPs) and
RT-DETR-x (222.5 GFLOPs). The parameter count (4.18 M) increases by only 1.58 M
compared to YOLOv1lln (2.6 M), achieving a balance of “accuracy improvement with
controllable efficiency.”

Precision-Efficiency Analysis Chart

® YOLOV8n
Improved Faster-RCNN
DHC-YOLO

q ' . BiTNet

RT-DETR-I
RT-DETR-x

® RT-DETR-Resnet50

® RT-DETR- Resnet101

@ YOLOV9s

©® YOLOv10n

® YOLOv11

® YOLOv12

@ YOLO-FAD(Ours)
200 300 400 500

Figure 9. Trade-off Analysis Chart for Precision and Efficiency.

We also conducted a qualitative analysis of advantages: YOLO-FAD'’s precision—
efficiency balance stems from lightweight designs across core modules. RFAConv dynam-
ically adjusts receptive fields and attention mechanisms to enhance small defect feature
expression while avoiding redundant convolutional computations; DyC3K2 embeds dy-
namic convolutions into the C3K2 architecture, achieving adaptive feature extraction with
minimal additional parameters; ASF employs an efficient multi-scale feature fusion strategy
to integrate P2-P5 layer information without redundant feature map generation; DyHead fo-
cuses on critical defect regions through multi-dimensional attention mechanisms, reducing
unnecessary computations on background areas. This “precision enhancement-redundancy
reduction” design philosophy enables the model to enhance detection accuracy without
excessive sacrifice of inference efficiency.
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4.4.3. Analysis of the Impact of Different Datasets on Results

To verify the generalization ability of the proposed model, two publicly available defect
detection datasets with different application scenarios were selected for cross-domain testing:

1. NEU-DET dataset [31]: Released by Northeastern University, China, it contains
1800 images of six types of hot-rolled steel strip surface defects, including Grazing, Inclu-
sion, Patches, Pitted-surface, Roll-in scale, and Scratches. Each image contains a single
defect, and the dataset is characterized by high contrast between defects and backgrounds,
diverse defect morphologies, and is widely used for evaluating metal surface small defect
detection algorithms.

2. PCB-DET dataset [32]: A classic dataset for printed circuit board (PCB) defect
detection, containing 1468 images of six common PCB defects: Missing hole, Mouse bite,
Open, Short, Spur, and Spurious. The defects in this dataset are small in size, dense in
distribution, and have low contrast with the background, which is highly consistent with
the characteristics of small defects in photovoltaic modules, making it suitable for verifying
the model’s ability to detect subtle defects.

The specific test results are shown in Tables 2 and 3 below.

Table 2. Performance comparison of baseline and improved models on PCB-DET (%).

Algorithm Missing Hole = Mouse Bite Open Short Spur Spurious mAP@0.5 GFLOPs FPS Params(M)

YOLOv1l1n
YOLO-FAD

90.2 86.4 82.8 84.9 84.2 87.6 6.3 434 2.6
93.5 92.8 89.6 91.2 92.6 93.17 9 161.3 4.18

Table 3. Performance comparison of baseline and improved models on NEU-DET (%).

Algorithm  Grazing

Inclusion Patches

Pitted-  Roll-In g .\ 1o mAP@0.5 GFLOPs FPS Params(M)

Surface Scale
YOLOv11ln 67.2 83.3 92.4 85.2 70.4 94.5 82.16 6.3 434 2.6
YOLO-FAD 76.5 88.4 93.7 91.5 82.8 98.4 88.55 9 161.3 4.18

Table 2 presents the PCB-DET dataset, which includes the following defect types:
Missing hole (Missing hole defect), Mouse bite (mouse bite defect), Open (open circuit
defect), Short (short circuit defect), Spur (burr defect), and Spurious (false defect).

YOLO-FAD significantly improves detection accuracy for all defect types (e.g., Missing
hole from 97.1% to 99.3%, Mouse bite from 90.2% to 93.5%, etc.), particularly for small tar-
gets/fine defects (such as Mouse bite, which are prone to misclassification), demonstrating
that the improved model achieves more precise identification of complex defects.

mAP@0.5s have jumped from 87.6% to 93.17%, proving that YOLO-FAD’s overall
detection performance significantly outperforms YOLOv11n; although GFLOPs have in-
creased from 6.3 to 9 (slightly higher computational complexity), FPS remains at 161.3
(meeting industrial detection real-time requirements), and the parameter count of 4.18 M
has not been overly inflated, achieving a balance between accuracy and efficiency.

Table 3 shows the NEU-DET dataset, which includes defect types such as Grazing
(scratches), Inclusion (inclusions), Patches (patches), Pitted-surface (pitted surfaces), Roll-
in-scale (rolled-in scale), and Scratches (scratches).

YOLO-FAD significantly improves detection accuracy for all defect types (e.g., Grazing
from 67.2% to 76.5%, Inclusion from 83.3% to 88.4%, etc.), particularly Scratches from 94.5%
to 98.4%, indicating that the improved model achieves more precise identification of
complex and subtle defects.

Overall performance: mAP@0.5s have jumped from 82.16% to 88.55%, proving that
YOLO-FAD'’s overall detection performance significantly outperforms YOLOv1ln; al-
though GFLOPs have increased from 6.3 to 9 (slightly higher computational complexity),



Computers 2025, 14, 518

18 of 28

the FPS remains at 161.3 (meeting industrial real-time detection requirements), and the
number of parameters (4.18 M) has not increased excessively, achieving a better balance
between accuracy and efficiency.

The YOLO-FAD model outperforms the YOLOv11n model in various defect detection
accuracy metrics. By comparing the YOLO-FAD model on two publicly available datasets
with different characteristics and application scenarios—PCB-DET (printed circuit board
domain) and NEU-DET (hot-rolled steel strip domain)—the above conclusions were drawn.
This indicates that the YOLO-FAD model is not limited to specific types of data or appli-
cation domains but can perform well on different types of datasets, strongly validating
that the YOLO-FAD model possesses excellent generalization capabilities, i.e., it can be
effectively applied to diverse real-world application scenarios.

4.4.4. Domain Relevance Test on ELPV Dataset

We tested YOLO-FAD on the public ELPV dataset [33] (1435 EL images of PV defects:
cracks, hot spots, cell defects) to validate domain relevance. As detailed in Table 4

Table 4. Performance on ELPV dataset.

Algorithm Precision (£95% CI) Recall (+£95% CI) mAP@0.5 (£95% CI) Hot Spot (£95% CI)
YOLOv1ln 85.2 (84.1-86.3) 83.6 (82.4-84.8) 86.4 (85.6-87.2) 78.5(77.3-79.7)
YOLO-FAD(Ours) 90.7 (89.8-91.6) 89.5 (88.4-90.6) 91.8 (91.1-92.5) 87.2 (86.1-88.3)

On the ELPV specialized dataset, YOLO-FAD significantly outperforms YOLOv1ln
in precision, recall, overall detection accuracy (mAP@0.5), and detection capability for
small hotspot defects. Moreover, the narrow 95% confidence intervals across all metrics
indicate stable performance. This fully validates YOLO-FAD’s domain adaptability for PV
module defect detection and its advantage in detecting small defects, maintaining high
performance even under scenarios with different data distributions.

4.4.5. Comparison of Different Algorithms (Supplemented: Embedded Platform Performance)

To verify the practical applicability of YOLO-FAD in on-site PV inspections, supple-
mentary experiments were conducted on the NVIDIA Jetson Nano embedded platform.
The results (Table 5) show that YOLO-FAD maintains a good balance between accuracy
and speed in resource-constrained scenarios.

Table 5. Performance comparison of models on NVIDIA Jetson Nano (embedded platform) (%).

Algorithm Fracture = Hot Spot mAP@0.5 GFLOPs FPS Inference Latency (ms) Params(M)
YOLOvlln 96.5 70.1 88.2 6.3 31 323 2.6
YOLO-FAD 99.1 80.3 92.5 9 15 66.7 4.18
YOLO-FAD — og 7 79.5 91.8 9 22 455 418
(Quantized)

Note: The “Quantized” version refers to YOLO-FAD optimized with TensorRT int8 quantization, which is more
suitable for embedded deployment.

An analysis of the results presented in Table 5 reveals key performance characteristics
of YOLO-FAD on the embedded NVIDIA Jetson Nano platform, particularly in terms of
accuracy retention, real-time adaptability, and the rationality of performance trade-offs. For
accuracy retention, YOLO-FAD achieves an mAP@0.5 of 92.5% on this resource-constrained
platform, which is 4.3 percentage points higher than that of the YOLOv11n baseline; notably,
its AP for fractures—a minority defect class—is also increased by 2.6 percentage points. This
outcome directly verifies that the class imbalance mitigation strategy (adaptive weighted
loss and defect-aware oversampling) remains effective even in low-computing-power
environments, ensuring stable detection performance across all defect types. In terms of
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real-time adaptability, Table 5 shows that YOLO-FAD delivers an FPS of 15 on the Jetson
Nano, a value that meets the real-time requirements of on-site PV inspections: UAVs used for
such inspections typically operate at speeds <5 m/s, and a minimum FPS of 10 is sufficient
to prevent defect omission. When optimized with TensorRT quantization (also detailed in
Table 5), YOLO-FAD's FPS further rises to 22, with only a 0.7% loss in mAP@0.5—a balance
that makes it well-suited for long-duration battery-powered inspection scenarios (e.g.,
mobile robots or UAVs with limited power supplies). Regarding the rationality of the
performance trade-off, Table 5 confirms YOLO-FAD maintains the same GFLOPs (9.0) as
in the desktop GPU tests (Table 1), a slight increase from YOLOv11n’s 6.3 GFLOPs. This
increase is attributed to the integration of the MLFE (Multi-Scale Local Feature Extraction)
and RFAConv modules, which are essential for enhancing the detection of small PV defects
(e.g., micro-fractures, tiny hot spots). In practical PV inspections, the cost of missing such
small defects—which can lead to severe consequences like module failure or cascading
system damage—far outweighs the impact of reduced inference speed, thus confirming the
practical value of this trade-off between computational complexity and detection accuracy.

4.4.6. Comparison Analysis of Curve Charts

In the experiment on defect detection in photovoltaic modules, we compared the new
Improved Faster-RCNN, the SOTA-based improved HDC-YOLO, YOLOv11n, YOLOv12,
and our improved algorithm YOLO-FAD based on YOLOv1ln. The experiment was
conducted over 300 epochs, and the specific experimental curve comparison is shown in
Figure 10.

mMAP@0.5 mMAP@0.5:0.95

0.8
0.6
0.4 1
0.2
0.2 4 —— DHC-YOLO —— DHC-YOLO
~— Improved Faster-RCNN ~—— Improved Faster-RCNN
— YoLovlln 0.1 — YoLoviln
—— YOLOv12 —— YOLOv12
0.0 - —— YOLO-FAD 0.0 - —— YOLO-FAD
0 50 100 150 200 250 300 0 50 100 150 200 250 300
epoch epoch

Figure 10. Training curves. (Left) mAP@0.5 (IoU = 0.5); (Right) mAP@0.5:0.95 (IoU 0.5-0.95). X-axis:
training epochs; Y-axis: Mean Average Precision (mAP).

1. mAP@O0.5 metric: Efficient detection under loose matching

mAP@0.5 Reflects the average precision when the IoU threshold is 0.5 (relatively loose
matching standard). In the early stages of training (the first 50 epochs), all algorithms
quickly learn the features of photovoltaic components, and the mAP value rises steeply.
Among them, the YOLO series algorithms (such as DHC-YOLO, YOLOv11n, YOLOv12,
and YOLO-FAD) leverage the characteristics of their single-stage detection framework to
converge faster than the two-stage Improved Faster-RCNN, demonstrating initial adapt-
ability to the photovoltaic module detection task.
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As training progresses (50-300 epochs), the curves gradually stabilize. YOLO-FAD
ultimately achieves an mAP value exceeding 0.9, demonstrating the best performance.
Compared to other algorithms, DHC-YOLO and YOLOv11n also achieve high accuracy,
but YOLO-FAD, with its improvements over YOLOv11n, demonstrates more prominent
detection performance in specific target detection tasks like photovoltaic components, en-
abling more efficient and precise identification of photovoltaic components while reducing
false negatives and false positives.

2. mAP@0.5:0.95: Balancing Precision Across Multiple Strictness Levels

mAP@0.5:0.95 measures the average accuracy when the IoU threshold ranges from
0.5 to 0.95 in 0.05 intervals, testing the algorithm’s ability to balance precise boundary box
localization and classification confidence for photovoltaic modules. In the early stages
of training, all algorithms improve rapidly, but due to the need to adapt to multiple IoU
thresholds, the overall upward slope is lower than that of the ‘'mAP@0.5" scenario.

In the later stages of training (150-300 epochs), the YOLO-FAD curve remained at
a high level and was smooth, demonstrating strong generalization in multi-strictness
detection. In contrast, Improved Faster-RCNN was limited by its two-stage framework and
had slightly weaker adaptability to multiple IoU thresholds; DHC-YOLO, YOLOv11n, and
YOLOV12 also perform well, but YOLO-FAD further optimizes bounding box regression
and classification heads. In photovoltaic component detection, it ensures detection accuracy
across different stringency levels while maintaining training stability, effectively addressing
the challenge of bounding box localization caused by angles and occlusions in photovoltaic
component detection, and accurately identifying component locations and categories.

3. Superiority of the YOLO-FAD Algorithm

Leading comprehensive performance: YOLO-FAD demonstrates outstanding detec-
tion capabilities in both the ‘mAP@0.5" (loose matching) and ‘mAP@0.5:0.95" metrics,
adapting to different precision requirements in photovoltaic module detection scenarios.
Whether for rapid screening (IoU = 0.5) or detailed inspection (high IoU threshold), it
efficiently completes tasks.

Convergence and Stability: The algorithm converges quickly during the initial training
phase, rapidly learning the features of photovoltaic modules. In the later stages, the
performance curve remains stable, with minimal impact from increased epochs, ensuring
consistent high-precision detection results even during prolonged training. This guarantees
the reliability and consistency of photovoltaic module detection tasks.

Optimized for photovoltaic scenarios: Based on improvements to YOLOv11n, it
precisely meets the requirements for photovoltaic module detection, effectively addressing
the challenge of detecting small defects caused by background interference. In real-world
scenarios such as photovoltaic power plant inspections and production line quality control,
it can more accurately identify module status, supporting efficient operations and quality
management in the photovoltaic industry.

YOLO-FAD demonstrates superior detection accuracy, generalization, and stability
in photovoltaic module detection tasks, significantly outperforming other comparison
algorithms. It provides a more efficient and precise technical solution for object detection
in the photovoltaic field.

4.47. Visualization Analysis

To further analyze and improve the performance of the YOLO-FAD model in detecting
small defects in photovoltaic modules, we conducted a visual comparison experiment
using YOLOv11n and YOLOv12 on the test set, as shown in Figure 10. The defects marked
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with red circles in the original image are indicated by black arrows, which highlight false
positives. The specific details are as follows:

To further analyze the performance of the YOLO-FAD model in detecting small defects
in photovoltaic modules, a visual comparison experiment with YOLOv11n and YOLOv12
was conducted on the test set, as shown in Figure 11. The defects marked with red circles
in the original image are the key detection targets, and the false positives are highlighted
with black arrows. The specific details are as follows:

(a) Original image

(b) YOLOvI11n (¢) YOLOv12 (d) YOLO-FAD

Figure 11. Detection results of different algorithms on the same detection image: (a) Original image;
(b) YOLOV11n detection result; (¢) YOLOvV12 detection result; (d) YOLO-FAD detection result. The
circles in the image indicate defects, while the arrows point to the detection results.

1. Upper region (first row)

Figure 11a (Original image): a noticeable hot spot (small defect) in the left module is
highlighted with a red circle. Figure 11b (YOLOv11n): detected two hot spots (confidence:
0.71/0.74); false positives: the black arrow points to the right module, where multiple
non-defective areas were incorrectly detected (hot spot confidence: 0.72/0.92); missed
detection: the defect marked by the red circle was not covered. Figure 11c (YOLOv12):
detected slightly more hot spots than YOLOv11n, but false positives still existed (e.g., upper
right area); the area indicated by the black arrow has no defect but was marked, and the
detection box overlap with the red circle is moderate. Figure 11d (YOLO-FAD): correctly
detected all defects within the red circle; no obvious false positives, and the detection
results are concentrated in the actual defect areas; high detection confidence (hot spot:
0.80/0.89) and accurate positioning.

2. Central region (second row)

Figure 11a (Original image): two hot spot defects (marked with red circles) in the
left-middle and lower-right areas. Figure 11b (YOLOv11n): the positions of the detection
boxes are slightly offset; one defect was missed; false positives exist: the central section
was incorrectly identified as a defect. Figure 11c (YOLOv12): the positions of the detection
boxes are improved, but missed detections and minor false positives still exist; one hot
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spot has low confidence (0.64). Figure 11d (YOLO-FAD): successfully detected both defects
marked by red circles; the detection boxes are more accurate with almost complete overlap;
no false positives; excellent detection confidence (0.84/0.77).

3.  Lower region (third row)

Figure 11a (Original image): three defect areas marked with red circles, all of which
are small in size. Figure 11b (YOLOv11n) detected two targets but did not cover all red
circles; severe false positives (area indicated by black arrows)—the hot background was
misclassified as defects; low hot spot confidence (0.25). Figure 11c (YOLOv12) detected all
three targets, but false positives still exist; the bounding box offset is slightly large, and
some are not accurately aligned with the defect points. Figure 11d (YOLO-FAD) detected
all defects within the red circles; no false positives; the highest positioning accuracy of
detection boxes, with hot spot confidence concentrated between 0.75 and 0.78; stable
performance even in complex backgrounds.

YOLO-FAD demonstrates significant advantages in detecting minor defects in photo-
voltaic modules, particularly in complex backgrounds and scenarios with subtle defects; it
maintains outstanding detection performance. Compared to YOLOv11n and YOLOv12,
YOLO-FAD offers more accurate detection box positioning, significantly reduced false
positive rates, and higher sensitivity to small hotspots. Image analysis shows that it nearly
100% covers red-circled defects while avoiding false positives indicated by black arrows,
demonstrating the optimized effects of its small-object perception, feature fusion, and
confidence assessment capabilities.

To quantitatively evaluate the classification performance and class confusion of YOLO-
FAD, we supplement the analysis of the normalized confusion matrix in Figure 12. The
horizontal axis represents the true classes (fracture, hot spot, plant, battery string, back-
ground), and the vertical axis represents the predicted classes. The values indicate the
normalized classification accuracy between classes, from which the false positive rate (FPR)
and false negative rate (FNR) can be derived:

Confusion Matrix Normalized

0.8
0.6

-04

Predicted
plant hot spot fracture

battery string

-0.2

background

' ' ' ' ' -0.0
fracture hot spot plant battery string background
True

Figure 12. Analysis of the normalized confusion matrix.
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Fracture: 99% of true fractures are predicted correctly, with only 1% misclassified as

background. Its FNR is 1%, and FPR is {215 = 100% (since only 0.01 of the background is

misclassified as fracture, and the proportion of true non-fracture cases is 1 — 0.99 = 0.01).

This indicates that the model almost never misses fracture defects, with only a negligible
number of background pixels misclassified as fractures.

Hot Spot: 89% of true hot spots are predicted correctly, while 11% are misclassified
as background. Its FNR is 11% and FPR is t2tk5 = 100% (0.11 of the background is
misclassified as hot spot, and the proportion of true non-hot spot cases is 1 — 0.89 = 0.11).

This reflects the inherent challenge of distinguishing small hot spots from the background
in infrared photovoltaic images, where their grayscale features overlap to some extent.
Plant: 91% of true plant occlusions are predicted correctly, with 9% misclassified
as background. Its FNR is 9%, and FPR is {299 = 100% (0.09 of the background is
misclassified as plant, and the proportion of true non-plant cases is 1 — 0.91 = 0.09).

This suggests there is still room for improvement in distinguishing plant occlusions from
the background.

Battery String: 100% of true battery string defects are predicted correctly, with no
false negatives (FNR = 0) or false positives (FPR = 0), demonstrating the model’s strong
recognition capability for this defect type.

Background: Only 0.01 is misclassified as fracture, 0.11 as hot spot, and 0.09 as plant,
indicating a low overall false positive rate and good ability to distinguish non-defective
background regions.

In summary, the confusion matrix quantitatively validates YOLO-FAD’s classification
performance: it achieves near-perfect recognition for fractures and battery string defects.
Misclassifications for hot spots and plants mainly stem from feature confusion with the
background (which also points to future optimization directions), while the overall false
positive rate remains controllable.

4.4.8. Failure Case Analysis and Error Quantification

To clarify the error performance and improvement potential of each algorithm in
defect detection, we conducted a quantitative analysis of error types (false negative rate
FN, false positive rate FP) and primary failure causes for critical defects on the test set,
generating Table 6. The data reveals that YOLOv1ln exhibits a false negative rate (FN
Rate) of 18.7% and a false positive rate (FP Rate) of 9.2%. Its failure to detect critical defects
primarily stems from “small size (<10 x 10 pixels) + low contrast”; YOLOv12 exhibits
an FN rate of 15.3% and FP rate of 7.8%, with failures attributed to “insufficient multi-
scale fusion”, whereas YOLO-FAD (Ours) achieves an FN rate of only 4.2% and FP rate of
2.1%, effectively enhancing small defect detection through RFAConv and ASF modules. In
summary, this table quantifies the error type differences among algorithms. Compared to
YOLOvV11n, YOLO-FAD reduces the false negative rate by 77.5% and false positive rate by
77.2%. Its dynamic receptive field and attention fusion mechanism successfully addresses
the challenge of missing small-sized, low-contrast hotspot defects, significantly enhancing
defect detection reliability.

Table 6. Error type quantification.

Algorithm FN Rate (%) FP Rate (%) Main Failure Reasons for Hot Spots
YOLOvllin 18.7 9.2 Small size (<10 x 10 pixels) + low contrast
YOLOv12 15.3 7.8 Inadequate multi-scale fusion

YOLO-FAD(Ours)

42 2.1 RFAConv + ASF enhances small defect response
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4.4.9. Sensitivity Analysis

To verify the robustness of YOLO-FAD, we conducted sensitivity analysis on key
hyperparameters (Table 7).

Table 7. Sensitivity analysis of key hyperparameters.

Hyperparameter Value Range mAP@0.5 (£95% CI) Hot Spot mAP (£95% CI)
Initial Learning Rate 0.001 92.1 (91.4-92.8) 81.5 (80.4-82.6)
0.01 (selected) 94.6 (94.2-95.0) 85.3 (84.5-86.1)
0.1 90.3 (89.4-91.2) 79.2 (77.9-80.5)
Input Image Size 480 x 480 89.5 (88.9-90.1) 78.4 (77.5-79.3)
640 x 640 (selected) 94.6 (94.2-95.0) 85.3 (84.5-86.1)
800 x 800 95.1 (94.7-95.5) 86.2 (85.4-87.0)

Table 7 presents the sensitivity analysis of key hyperparameters for the YOLO-FAD
model, evaluating the impact of different values for the initial learning rate and input
image size on model performance. By evaluating overall detection accuracy (mAP@0.5)
and hot spot mAP, while incorporating 95% confidence intervals (95% CI) to demonstrate
statistical reliability, the optimal hyperparameters were determined to be an initial learn-
ing rate of 0.01 and an input image size of 640 x 640. The results show YOLO-FAD is
most sensitive to learning rate (0.01 optimal) and stable to input size, confirming rational
hyperparameter settings.

4.4.10. Ablation Experiment

The improved YOLO-FAD algorithm consists of four core modules: RFAConv, ASF,
DyC3K2, and DyHead-detect head detection. The effectiveness of each module in enhanc-
ing the performance of the YOLO-FAD algorithm was validated through experimental
studies, with the results shown in Table 8.

Table 8. Effectiveness of different modules on model detection (%).

RFAConv ASF DyC3K2 DyHead-Detect mAP@0.5 Std Hot Spot Std
91.6 0.21 75.2 0.35

v 92.34 0.18 78.4 0.29

v 92.5 0.20 78.2 0.31

v 92.4 0.19 79.1 0.27

v 92.67 0.17 79.5 0.28

v v 93.15 0.16 81.3 0.25

v v 93.4 0.15 82.6 0.24

v v v 941 0.14 84.2 0.23

v v v v 94.6 0.15 85.3 0.22

Note: The v'in Table 8 indicates that the module has been added.

As shown in Table 8, YOLOv1ln achieves only 75.2% accuracy in detecting small
targets and has limited capability in identifying small target defects (such as hot spots),
resulting in high risks of missed detections and false positives.

When using a single module (adding only one module), the accuracy for detecting
small target defects ranges from 78.4% to 79.5%, indicating that a single module can
enhance feature extraction to some extent but has limited improvement in detecting small
target defects.

The two-module combination achieves a detection accuracy of 81.3% to 82.6% for
small target defects, indicating that module collaboration begins to take effect, further
improving detection accuracy for small target defects, though it has not yet reached the
optimal level.

The three-module combination achieves a detection accuracy of 84.2% for small targets,
indicating that the complementary nature of multiple modules is enhanced, enabling more
precise localization and identification of small target defects (hot spots).
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The combination of four modules achieves a small-object detection accuracy of 85.3%,
indicating that the model achieves deep collaboration among the four modules, compre-
hensively optimizing feature extraction, defect enhancement, and bounding box regression,
resulting in the best performance for small-object defect detection.

The combination of the four YOLO-FAD modules achieves a significant breakthrough
in small-object defect (hot spot) detection through collaborative optimization, validating
the rationality and practicality of the model improvements with data, and providing an
optimal solution for photovoltaic module defect detection.

To validate the reliability of ablation experiment results, this study repeated each
module combination five times (maintaining consistent experimental conditions: NVIDIA
RTX 3080 Ti GPU, PyTorch 1.11.0 framework) and calculated the standard deviation (Std)
and 95% confidence interval (CI). Results show that YOLO-FAD (full four-module con-
figuration) achieved amAP@0.50f 94.6% (95% CI: 94.3-94.9%) and a hotspot detection
accuracy of 85.3% (95% Cl: 84.8-85.8%), with standard deviations below 0.25 for both
metrics, indicating excellent experimental stability. Analysis via independent samples t-test
(x = 0.05) revealed that the difference in mAP between YOLO-FAD and the baseline model
(YOLOv11n) was statistically significant (p < 0.01), and the difference compared to the
three-module combination (RFAConv + DyC3K2 + ASF) was also significant (p < 0.05). This
confirms that the improvement in detection performance achieved through the synergistic
optimization of the four modules is not coincidental, further validating the rationality of
the module design.

5. Discussion

This paper proposes an improved defect detection algorithm based on YOLOv11n,
named YOLO-FAD, to address the challenge of detecting small-scale defects in photo-
voltaic modules. The algorithm features a dynamic detection head structure with scale,
spatial, and channel awareness capabilities. Experimental results show that the YOLO-
FAD model achieves a mAP of 94.6% in overall defect detection and a mAP of 85.3% in
small-scale defect detection, representing improvements of 3.0% and 10.1% over the base-
line YOLOv11n model, respectively. Compared to current mainstream models (including
YOLOv12, RT-DETR, Improved Faster-RCNN, and some state-of-the-art (SOTA) improved
models), YOLO-FAD demonstrates significant advantages, fully validating the effectiveness
and advanced nature of the proposed algorithm.

Additionally, the YOLO-FAD model has been submitted to relevant collaborating institu-
tions and deployed for testing in actual photovoltaic component defect detection applications,
particularly demonstrating outstanding performance in small object defect identification and
further confirming the model’s practical application value and engineering feasibility.

The practical applicability of YOLO-FAD in PV plant inspections was further validated
by embedded platform experiments. On the NVIDIA Jetson Nano, the model achieved
15 FPS (22 FPS after quantization) and 92.5% mAP®@0.5, which is compatible with the
hardware constraints of UAVs and mobile robots—key devices for on-site PV inspections.
Compared with existing models (e.g., YOLOv12, which has 5.8 GFLOPs but only 76.1% hot
spot AP on embedded platforms), YOLO-FAD balances small defect detection accuracy
and embedded deployment efficiency, filling the gap between high-precision algorithms
and on-site applications.

The current study still has certain limitations. First, there is still room for improvement
in addressing the issue of category imbalance. Second, the detection of overlapping defects
(e.g., plant covering hot spots) remains a challenge. For these limitations, future work
will focus on three directions: first, optimizing the model through INT8 quantization and
channel pruning techniques to adapt it for edge deployment, with the goal of controlling in-
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ference latency within 20 milliseconds; second, introducing multi-modal fusion technology
that combines electroluminescence (EL) images and thermal images to improve the feature
representation capability of defects; and finally, designing a Transformer-based multi-object
separation module to effectively address the difficulty in detecting overlapping defects.

6. Conclusions

In actual operation, photovoltaic (PV) modules often encounter various potential faults
and defects, with small target defects (such as hot spots) being particularly prominent.
Such small target defects not only result in energy loss and reduced system efficiency but
may even cause system failures under extreme conditions. To address the detection of small
target defects in PV modules, this paper proposes an improved YOLO-FAD algorithm based
on the original YOLOv11n model, incorporating RFAConv, DyC3K2, ASF, and DyHead
components. Compared to the YOLOv11n model, the improved YOLO-FAD algorithm
achieves detection accuracy and recall rates of 94.6% and 91.7%, respectively, significantly
enhancing detection performance.

Through ablation experiments, this paper conducted separate experiments on each
module of the improved model, as well as experiments comparing two-module combina-
tions, three-module combinations, and all four modules acting together. The results further
validated that the best performance is achieved when all four modules are used together,
with small defect detection accuracy reaching 85.3%, thereby verifying the robustness
and stability of the improved YOLO-FAD algorithm. Finally, we used the public datasets
NEU-DET and PCB-DET to compare our improved YOLO-FAD algorithm with YOLOv11n.
The results demonstrate that the YOLO-FAD algorithm outperforms YOLOv11n in defect
detection across both datasets, further validating the improved model’s generalizability.
However, given the limited scale of these datasets, their generalizability requires further
validation across a broader range of industrial scenarios.

Based on the experimental results presented in this paper, the proposed YOLO-FAD
algorithm demonstrates outstanding performance in small-object defect detection for pho-
tovoltaic modules, effectively meeting industrial production requirements and providing
new solutions and insights for related fields. Future research will integrate a motion deblur-
ring module into the backbone network and explore lightweight architectures (e.g., model
distillation) to further improve embedded platform speed without sacrificing accuracy.
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