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You only look once v8

Wire bonding inspection is a critical process in semiconductor packaging to
ensure product quality and reliability. This study compares you only look
once version 5 (YOLOV5) axis-aligned bounding box (AABB) and YOLOV8
oriented bounding box (OBB) for wire bond defect detection. The dataset
comprises 1,063 images with 14,778 annotated bonding instances in both
AABB and OBB formats. Experimental results are evaluated using
precision, recall, F1-score, mMAP@0.5, mAP@0.5:0.95, and inference time.
The findings show that YOLOv8 OBB achieved superior recall (0.9904) and
mAP@0.5:0.95 (0.6787) compared to YOLOv5 AABB, demonstrating
improved localization of rotated and dense wire bonds. Customized
YOLOV8 variants with feature pyramid network (FPN)+efficient multi-scale
attention (EMCA) and spatial squeeze and excitation (SpatialSE)+EMCA
were also tested, with FPN+EMCA achieving the best balance of accuracy
and robustness. This work highlights the potential of OBB-based object
detection in semiconductor manufacturing and establishes a foundation for

future real-time inspection systems.
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1. INTRODUCTION

Semiconductor backend manufacturing, which comprises assembly and final test processes as
shown in Figure 1, particularly wire bonding, is a critical stage in integrated circuit (IC) manufactuing where
chips are interconnected with substrates. As packaging density increases, the detection of defects in wire
bonds has become increasingly challenging due to higher packaging density, smaller pad sizes, and rotated or
overlapping layouts [1], [2]. Bonding defects can cause electrical failure, reduced yield, and costly rework,
necessitating robust automated inspection methods. Accurate and efficient inspection is therefore essential.
Conventional inspection methods, including manual visual inspection and rule-based computer vision, are
labor-intensive and often fail under high-density or rotated bonding conditions, leading to low accuracy and
scalability issues [3], [4]-

Deep learning has revolutionized industrial defect detection, with convolutional neural network
(CNN)-based object detectors delivering significant improvements in robustness and scalability [5]. Recent
advances in deep learning, particularly the you only look once (YOLO) family of detectors, have
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significantly improved object detection accuracy and efficiency [6]. However, existing YOLO models up to
YOLOVS5 rely on axis-aligned bounding boxes (AABB), which struggle to accurately capture rotated or
overlapping bonds [7]. YOLOVS8 introduces oriented bounding boxes (OBBs), enabling orientation-aware
detection more suitable for wire bond geometry. While OBB detection has been successfully applied in aerial
imagery [8], PCB inspection [9], and scene text recognition [10], its potential for semiconductor wire bond
inspection has not been fully explored.

Assembly |

Testing

Dicing —»| Die Bond ~» Wire Bond =+ Molding (— Marking [—»| Plating | Trimand Form —» Testing | Inspection

Figure 1. Semiconductor backend manufacturing process flow

Recent studies have also introduced architectural enhancements, such as feature pyramid networks
(FPN) for multi-scale feature fusion [11], efficient multi-scale attention (EMCA) for context-aware feature
refinement [12], and squeeze-and-excitation (SE) modules for channel recalibration [13]. These mechanisms
have improved detection accuracy in general domains, yet their effectiveness within OBB-based architectures
for semiconductor defect detection has not been systematically studied. This research addresses these gaps by
proposing an enhanced YOLOv8 OBB-based framework for wire bond detection with the following
contribution: i) development of a wire bond dataset annotated in both AABB and OBB formats,
ii) comparative evaluation of YOLOv5 AABB and YOLOv8 OBB models for wire bond defect detection,
and iii) integration of customized YOLOv8 models with FPN+EMCA and spatial squeeze and excitation
(SpatialSE)+EMCA modules to improve detection performance.

2. METHOD

This research presents a new and easily customized approach which eases the potential of switching
to improved versions of model architecture in shorter time to address the current issue. Three main phases of
the research methodology are demonstrated in Figure 2, can be divided into three distinct stages. These stages
form a systematic problem-solving pathway as the future guidance for future researcher.

Figure 2. Three main phases of the research methodology

Testing and
Evaluation

In the earlier stage, a clear understanding of the challenges associated is developed with rotational
variations and bond structures in current chips, followed by prioritizing the collection of a representative
dataset that can be utilized for subsequent testing and evaluation. First, the inputs images data required to be
annotated, using labelling tool for bounding box drawing. After images is labeled, it will required to be
transformed into the required structure for model training for both YOLOV5 and YOLOv8. The same input
images dataset will be prepared to load into both model for comparison. However, the annotation are
different, as YOLOvV5 required an AABB and YOLOvS8 that we intent to trained required OBB. The
annotation served as the most time taxing process to product sufficient data for model training. Then, the
annotated data will be submitted to data normalization and data splitting to train and validate the model
performance. The preprocessed dataset will be submitted for a model using a pre-trained model of YOLOvV8-
obb.pt on DOTA dataset with customize adaptation on classification. An AABB YOLOv5 will also be
trained with similar parameters for comparison. In this phase, the switching algorithm design will be
developed in order to support the hybrid approach and the explanation on how the design is selected.
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In testing and evaluation, the performance of the new proposed model with extensive experiments is
verified. The result of two customized YOLOVS architectures: FPN+EMCA and SpatialSE+EMCA models’
architecture were evaluated based on performance over the YOLOV8 base-model architecture. The evolution
of object detection is marked by two major phases. The traditional era before 2014, relying on handcrafted
computer vision techniques like edge detection, template matching, and feature extraction methods often
limited by their sensitivity and resources. While the deep learning era post-2014, which revolutionized
performance through models like CNNs and R-CNNs [14]. The advent of deep neural networks, especially
with the introduction of YOLO in 2016, enabled real-time, high-precision object detection suitable for
practical applications [15]. Deep architectures are broadly categorized into discriminative models, like CNNs
and RNNs [16], which excel in classification tasks, and generative models, such as autoencoders and deep
belief networks, used for data generation and augmentation.

While R-CNN and its variants, Faster R-CNN [17] deliver high accuracy, their two-stage
architecture demands significant computational power, limiting real-time application. The emergence of
YOLO in 2015 [6], [18] revolutionized object detection by using a single neural network to simultaneously
predict class probabilities and bounding boxes, achieving much higher speeds and making real-time
deployment feasible. Particularly at YOLOV5 addressed some limitations by introducing anchor box learning
and customized spatial attention mechanisms [19]. The latest, YOLOvVS8, further enhances detection through
anchor-free architectures, multiscale prediction, and efficient backbone modules. Demonstration on adding
an angle prediction regressor to YOLOV5 on the DOTA dataset does show improvement with mAP but only
reached about 75.6% [20], indicating YOLOv5 may not be ideal for applications requiring precise rotational
object detection despite its computational speed benefits. In 2023, YOLOv8 became the first version of
YOLO introduces significant advancements over its predecessors by incorporating OBB [21] to enhance
object detection accuracy, especially for tasks involving rotated or non-axis-aligned objects.

2.1. Dataset and annotation

A dataset of 1,063 high-resolution wire bond images was compiled, comprising 14,778 annotated
bonding instances. The dataset includes variations in bond orientation, density, and lighting to ensure
robustness. Annotation was conducted in two phases: i) manual annotation of 100 seed images by domain
experts and ii) model-assisted annotation, where YOLOv8-generated predictions were refined to produce
high-quality labels. Two annotation formats were prepared: AABB, used for YOLOv5, and OBB, used for
YOLOV8. The dataset was split into 70% training, 30% testing. The purpose of splitting data into training
and test dataset is to evaluate the performance of new developed model on unseen data. OBB is preferable in
the two-stage detector as well and observed achieving better in overall object detection performance and
achieving lower computational consumption [22] compared to AABB. AABB represents axis-aligned
rectangles defined by four normalized values for center coordinates, width, and height. Conversely, OBB
features a bounding box that can be rotated and not necessarily aligned with the axes, characterized by
parameters including width, height, and rotation angle, with three types used in YOLOv8: ©-based, point-
based, and h-based. Figure 3 presents examples of the AABB and OBB annotation formats applied to wire
bond images, including the corresponding object classes. Figure 3(a) shows the AABB and OBB annotation
on wire bond. Figure 3(b) shows the sample of AABB annotated image and classes, while Figure 3(c) shows
the sample of OBB annotated image and classes.

@ (b)

Figure 3. AABB and OBB annotations on wire bonds; (2) AABB and OBB annotations on wire bonds,
(b) sample of AABB-annotated image and classes, and (c) sample of OBB-annotated image and classes

2.2. Model architectures

In this study, four models were evaluated: i) YOLOvV5 AABB baseline, ii) YOLOv8 OBB baseline,
iii) YOLOv8 OBB (FPN+EMCA), and iv) YOLOv8 OBB (SpatialSE+EMCA). YOLOVS, a lightweight
backbone for efficient feature extraction, a neck for multi-scale feature aggregation [23], and a detection head
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that predicts bounding boxes, class probabilities, and objectness scores. Compared to YOLOvV5, YOLOvVS8
introduces enhanced modules such as improved convolutional blocks, better feature fusion techniques, and
more refined anchor and bounding box prediction methods. These advancements allow YOLOVS to achieve
higher accuracy, better generalization across diverse datasets, and faster inference times, making it more
effective in real-time object detection tasks. Figure 4 shows the customized YOLOvV8 architectures.
Figure 4(a) shows the architecture of FPN+EMCA YOLOv8 OBB model, while Figure 4(b) shows the
architecture of SpatialSE+EMCA YOLOv8 OBB model. The performance of these two models will then be
compared based on these metrics to evaluate their relative strengths.
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Figure 4. Customized YOLOVS architectures of; (a) FPN+EMCA and (b) SpatialSE+EMCA

2.2.1. Efficient multi-scale attention

Traditional object detection methods often struggle with varying object sizes, leading to
inaccuracies, which EMCA aims to address by enhancing multi-scale feature learning. Integrating EMCA
into object detection frameworks enhances detection accuracy and computational efficiency, as demonstrated
in a 2021 study showing improved mAP and processor efficiency when compared to standard models [24].
Its lightweight design ensures effective real-time operation and adaptability to diverse environmental
conditions, such as lighting changes or occlusions, advancing the robustness of object detection applications.

2.2.2. Feature pyramid network

YOLOV8 features an advanced architecture comprising a backbone for feature extraction, a neck for
feature aggregation, and a head for generating object detections, which collectively improve both speed and
accuracy in object detection tasks. However, it struggles with detecting small and tightly packed objects due
to scale issues and insufficient pixel data, often resulting in misclassifications or undetected items within
cluttered scenes. These limitations, particularly pronounced in instances where objects are smaller than 8x8
pixels [25], lower the mean average precision (mAP) and overall efficacy, underscoring the need for
architectural optimizations. Proposed enhancements, such as integrating FPN [26] could utilize a top-down
approach with lateral connections to merge upsampled high-level features with lower-level features,
enhancing feature representation and improving the detection of small objects. This design is adopted in
ProFPN [27], resulting in significant reductions in FLOPs while maintaining effective feature utilization.

2.2.3. Spatial squeeze and excitation

The SE block [13], enhances CNNs by adaptively recalibrating feature map channels to focus on the
most informative features, thus improving detection of small and variable-sized objects in complex
environments. SE blocks have been successfully applied not only in object detection but also in segmentation
tasks like U-Net, yielding significant accuracy improvements with minimal complexity increase [28]. For
instance, integrating SE blocks into YOLO (e.g., ISE-YOLO) has shown positive gains in detection accuracy
and inference speed.
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2.3. Training setup and evaluation metrics

All models were trained on an NVIDIA RTX 3090 GPU (24 GB VRAM) using PyTorch 2.0. The
training configuration was optimizer: SGD with momentum 0.937; initial learning rate: 0.01 (cosine decay);
batch size: 16; epochs: 100; input resolution: 1280x1280; data augmentation: random flips, £15° rotations,
brightness and contrast jitter. Performance was evaluated using precision, recall, F1-score, mAP@0.5,
mAP@0.5:0.95, and inference time (FPS). Robustness was ensured through 5-fold cross-validation, reporting
95% confidence intervals. Paired t-tests were conducted to assess statistical significance.

3. RESULTS AND DISCUSSION

This study clearly outlines two primary objectives. The first involves training a YOLOv8 OBB
model using a newly developed OBB image dataset. The model’s performance will be compared to that of
the existing YOLOv5 AABB model to validate the hypothesis that YOLOv8 OBB addresses the limitations
of YOLOv5 AABB, particularly in detecting rotated and densely packed objects. An additional notable
contribution is the implementation of a model-assisted labelling algorithm, which enhances the efficiency of
data annotation. As electronic components continue to miniaturize and increase in complexity, there is a
growing need for an optimized YOLOv8 OBB model capable of accurately detecting smaller objects.
Motivated by this, the second objective focuses on evaluating the performance of two improved YOLOv8
OBB architectures—enhanced FPN+EMCA and Spatial SE+EMCA—in terms of detection accuracy and
efficiency for small objects.

A diverse and well-annotated dataset enables the trained model to generalize effectively across
various conditions, such as different lighting, angles, and occlusions, while a limited dataset risks overfitting
and poor performance on new images. The annotation process was significantly streamlined through a new
developed model-assisted labelling algorithm on YOLOv8 OBB model, inspired by tools used for YOLOV5
AABB [29]. This algorithm utilizes pretrained models to predict object locations, reducing manual effort.
Initially, manual annotation was performed on 100 images, which trained the first version of the YOLOv8
OBB model. This model then predicted bond locations for an additional 50 images, achieving over 70%
accuracy. This accuracy level reduced manual validation to 30% of the annotations, greatly improving
efficiency. The iterative process of retraining and model-assisted annotation further enhanced detection
performance and consistency, ultimately leading to a total of 1,063 annotated images with 14,778 annotated
first and second bonds. With an increase of annotated set close to 265% more than initial planning, highly
generalized YOLOv8 OBB models are trained.

The upcoming sections evaluate the performance of YOLOv8 and YOLOv5 models, focusing on
their ability in object detection especially on dense rotational bonds. For both objectives, thorough
assessment between them using key metrics, including:

- Precision represents the ratio of true positive predictions over the total number of positive observations:

TP
TP+FP

Precision = (8]
- Recall, also known as sensitivity, represents the ratio of true positives to the number of actual positive
observations:

TP
Recall = ——
TP+FN

2

- F1-score combining precision and recall into single value for a balanced measure, and normally use when
both false positives and false negatives are important to the consideration:

F1— score =2 X Preci.si.on X Recall (3)
Precision+Recall

- mAP@O0.5 represents the metric to evaluate objection with measurement of accuracy of the model
correctly detecting and locating the objects within images at loU [30], [31], the overlapping between 2
boundaries, with a threshold 0.5.

- mAP_0.5:0.95 computing the average precision for each class at each loU threshold in the interval of 0.5,
up to 0.95. These metrics provide a comprehensive assessment of each model's detection capabilities,
especially when balancing the importance of false positives and false negatives.

The experimental approach used involves training a YOLOvV5 model using a similar dataset with

AABB annotations for 100 epochs at a standardized high resolution [22] input size of 1280 pixels.
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3.1. Baseline comparison

The experiment result shown in Table 1, YOLOv8 OBB model consistently outperformed YOLOvV5
AABB across all key metrics, except precision. YOLOV5 achieved higher precision (0.99413) but slightly
lower recall (0.98978) compared to YOLOv8 (precision 0.99374, recall 0.99041). YOLOv8 outperformed
YOLOV5 in mAP@0.5:0.95 (0.67873 vs. 0.66317), indicating better localization of rotated and dense wire
bonds. These improvements were statistically significant (p<0.05).

Table 1. Performance comparison between YOLOv5 AABB and YOLOv8 OBB

Models Metrics/precision  Metrics/recall ~ Metrics/F1-score  MetricssmAP_0.5  Metrics/mAP_0.5:0.95
YOLOvV5 AABB 0.99413 0.98978 0.99195 0.99074 0.66317
YOLOv8 OBB 0.99374 0.99041 0.99207 0.99194 0.67873

Based on the mAP results for the YOLOv5 AABB and YOLOv8 OBB models, it’s observed that
YOLOvV8 OBB outperforms YOLOvV5 AABB in mAP@0.5 with a value of 0.99194 compared to 0.99074.
This indicating that YOLOV8 achieves higher detection accuracy at a moderate loU threshold. In another
view from the mAP@0.5:0.95 metric, which evaluates performance across a range of loU thresholds, further
emphasizes the robustness of YOLOv8 OBB, yielding a score of 0.67873 versus YOLOvS AABB’s 0.66317.

In addition to accuracy, another significant factor used to determine the suitability of a object
detection models viability for real-time inspection process, called operational efficiency. This efficiency best
represented by the measurement of inference time and frames per second (FPS) to determine model
efficiency performance. Figure 5 shows two histograms of inference time distribution over 344 images with
some basic statistics of two evaluated models. Figure 5(a) show the inference time statistics for YOLOv5
AABB model, while Figure 5(b) shows the inference time statisticss for YOLOv8 OBB model. As the
assessment of inference time of both models in the same platform, the statistic could still be a reference.
YOLOV5 showcased an average inference time of 0.603s, translating to approximately 1.658 FPS. In
contrast, YOLOVS8 displayed a longer average inference time of 1.063s and an FPS of 0.941, indicating the
shortcoming of YOLOv8 OBB model.

YOLOV5 AABB Model YOLOv8 OBB Model

Inference Time Distribution Inferance Tima Distribution

Ly Mean inference Time Mean Infarence Time

onds

Inference Time Stati for YOLOVS AABB model: Inference Time Statistics for YOLOVE OBB model:
Mean: ©.603105 seconds Mean: 1.862961 seconds

Min: ©.489796 seconds Min: @.931873 seconds

Max: 1.498552 seconds Max: 1.521383 seconds

Standard Deviation: 0.127602 seconds Standard Deviation: 0.872324 seconds

(@) (b)

Figure 5. Comparison of inference time between; (a) YOLOv5 AABB and (b) YOLOv8 OBB model

There is two important statistic figures sound interesting. First is the maximum value. The
maximum inference time taken between 2 models are close, with just a 0.03s gap. This could indicates in the
condition of complex bond layout, YOLOVS likely could perform more efficiently compared to YOLOV5
AABB. Secondly, the standard deviation YOLOvV8 obtained a inference time o f 0.072s, which is lower than
0.127s in YOLOv5 AABB. This longer standard deviation observed in YOLOvV5 AABB model is a clear
insight that the model faces inconsistencies in performance or that the model may struggle occasionally with
certain inputs.
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3.2. Customized architectures

In the previous section, the result confirmed that YOLOv8 OBB model outperforms YOLOvV5
AABB model in accuracy. However, YOLOV8 base model does struggles with detecting small objects due to
scale issues and feature representation challenges in cluttered scenes. To address these limitations, 2 different
optimizations suggested over the YOLOv8 OBB base model, first named as FPN+EMCA, which expects
FPN to improve the model's sensitivity to small objects through multi-scale feature processing [32], while
EMCA aims to achieve a better focus on relevant features, in helping to detect varying object sizes. The
second optimized YOLOV8 also making use of the EMCA on feature attention improvement, but integrated
PartialSE into the head. The SE block aims to enhance channel relationships by using global features which
involved 2 main steps: "squeeze" and "excitation". This SpatialSE+EMCA setup allows networks to
emphasize the right channels without being overly simplistic.

Table 2 presents results of customized YOLOv8 models. It is observed that YOLOv8 (FPN+EMCA)
hold the highest precision at 99.5% and highest recall rate of 99.12%. Additionally, YOLOvV8 with
FPN+EMCA achieves the highest performance indicating that this optimized architecture setup is effective in
handling object detection tasks. The combination of FPN+EMCA enhanced precision and recall, resulting a
superior F1-score and mAP values. In another optimized version of YOLOV8, Spatial SE+EMCA generally
achieved slightly higher F1-score comparing to ordinary YOLOVS, existing YOLOv5 AABB. The strength of
SpatialSE+EMCA seem not significant improvement, but more to comparable to ordinary YOLOVS8 as
expected may be due to data characteristics or the misalignment with the feature hierarchies.

Table 2. Results of customized YOLOv8

- - . . - Metrics/

Models Metrics/precision  Metrics/recall ~ Metrics/F1-score  MetricssmAP_0.5 MAP 0.5:0.95
YOLOv8 OBB (FPN+EMCA) 0.99523 0.99122 0.993221 0.9921 0.68102
YOLOv8 OBB (SpatialSE+EMCA) 0.99428 0.99054 0.992406 0.9923 0.67312

In summary, the enhancements in YOLOvVS, particularly with the integration of FPN+EMCA
technique, contribute significantly on better precision and recall rate on detecting small and multi-scale
objects. This new optimized YOLOv8 FPN+EMCA would be able to handle increasing complexity of bonds
detection from various chip layout. Key contributions include demonstrating how customized architecture
modifications can enhance performance, supported by recent studies [33], [34], emphasizing the importance
of a deep understanding of model design and domain expertise. As the future trend of in semiconductor
design on downscaling chip size, and more complex packaging technologies on chip on chip, chip by chip,
and even modular layout, object detection will become even more importance to be automated and supported
by Al. Thus the robustness of object detection model required to be always monitored and evaluated. The
trade-off between inference speed and detection accuracy is critical for deployment. YOLOV5 is better suited
for applications requiring real-time, high-throughput inspection, while YOLOvV8 particularly with
FPN+EMCA is ideal for high-accuracy defect detection in critical production stages.

4. CONCLUSION

This study introduced an OBB-based framework for wire bond object detection in semiconductor
manufacturing. Comparative results showed that YOLOv8 OBB significantly outperforms YOLOv5 AABB
in detecting rotated and dense bonding layouts, though with slower inference. Among the customized
architectures, YOLOv8 with FPN+EMCA achieved the best performance, confirming the value of multi-
scale feature attention. The contributions of this work include: i) development of a specialized wire bond
dataset annotated in both AABB and OBB formats, ii) demonstration that YOLOv8 OBB achieves superior
detection accuracy and robustness compared to YOLOvV5 AABB, and iii) validation of FPN+EMCA as an
effective architecture for enhancing wire bond inspection. Future work should focus on expanding the dataset
to capture broader variability, developing lightweight architectures for real-time inspection, and deploying
the system in industrial production environments.
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