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ABSTRACT: This study developed a deep learning-based image classification method for the
automated assessment of aluminum edge quality after machining processes. The proposed
approach classified edge conditions into three categories: Normal Edge, Burr Edge, and Sharp
Edge. A Convolutional Neural Network (CNN) based on the VGG16 architecture was employed
as the feature extraction backbone, with modifications to the final fully connected layers to
accommodate the three-class classification task. The model was trained and evaluated on a dataset
of 660 aluminum edge images captured under controlled laboratory conditions at the Robotic
Manufacturing Laboratory, University of Brunei Darussalam. The training strategy employed a
stratified split with 360 training images, 240 testing images, and 60 validation images. Data
augmentation techniques (horizontal flip, rotation £15°, brightness adjustment) were applied to
enhance model generalization. The optimized model achieved an overall classification accuracy
of 98.75% on the test set. Precision, recall, and F1-scores for all three classes exceeded 0.97. For
practical deployment, the trained model was deployed on an NVIDIA Jetson Nano embedded
platform, achieving an average inference time of 47 ms per image at an input resolution of 500x500
pixels (approximately 21 FPS). These results demonstrated the feasibility of real-time edge quality
assessment for intelligent manufacturing applications.

KEYWORDS: Convolutional neural network; intelligent manufacturing; metal edge
classification; real-time quality assessment; embedded systems

1. Introduction

The detection and classification of edge defects, such as burrs and sharp edges, was a crucial aspect
of quality control in modern manufacturing processes. Edge defects represented surface
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imperfections that could lead to product failures, dimensional inconsistencies, and potential safety
hazards during product handling and operation. In machining operations, the formation of burrs
and sharp edges was often unavoidable due to material deformation during cutting, shearing, or
milling processes. These imperfections could compromise the functional integrity of manufactured
components, cause mechanical damage during assembly operations, and create aesthetic defects
that affected product appearance and customer satisfaction. The implementation of automated,
real-time edge quality assessment systems was therefore essential for ensuring consistent product
quality and enabling timely corrective actions in manufacturing environments [1].

Detection using machine vision became increasingly popular due to its advantages of low-
cost equipment, fast processing speed, and high recognition accuracy [1]. To achieve intelligent
feature detection through machine vision, two technical challenges needed to be addressed:
intelligent recognition of inconsistent edge features and accurate measurement of their size [2]. A
number of researchers had addressed these challenges through the development of various
algorithms. For instance, a fuzzy clustering algorithm consisting of two distinct phases was
proposed for segmenting polarimetric synthetic aperture radar remote sensing images into regions
[3], while another study utilized multilayer perceptron (MLP) supervised learning to identify hard
exudates in retinal images through iterative graph cut methods [4]. Additionally, the maximum
expectation algorithm was applied to weight edge points in image matching, thereby reducing
computation time. A Gaussian mixture algorithm was employed to construct a weighted least
squares model to represent object background and facilitate defect detection [5]. Moreover, a
wavelet-based method was used with depth image reconstruction for inspecting micro-milling
tools [6]. Another study established a shape model for high-precision visual localization in part
reconstruction [7]. In a similar vein, other research extracted surface roughness and dimensional
deviation data of machined workpieces through two-dimensional imaging of cutting tools,
improving detection speed [8]. In another case, a precise measurement method was developed for
modeling and simulating elastic deformations in machine parts using an efficient mass—spring—
damper model [9]. Despite these advances, challenges remained in the actual recognition of edge
features.

Historically, the detection of sharp and burr edges had been carried out in three main steps.
First, image preprocessing was performed using image processing techniques to enhance image
quality by removing noise, adjusting brightness, and improving contrast. Second, histogram
analysis, wavelet transform, or Fourier transform methods were applied to obtain image
representations in specific feature spaces, facilitating manual feature extraction. Lastly, the image
was classified based on extracted features using a classifier [10]. In general, research on sharp and
burr edge detection and recognition had focused on low-level image semantic features obtained
through manual extraction [11]. In industrial production, mechanical parts often exhibited
inconsistent shapes due to the constraints of bulk processing, making it challenging to recognize
inconsistent edge features. Recognition of these features played a critical role in enhancing
intelligent machining levels for batch-processed workpieces [12]. These inconsistent features were
characterized by varying geometric contours and randomly distributed positions. Conventional
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contour measurement techniques, such as machine vision systems or coordinate measuring
machines, were capable of determining edge profile dimensions but struggled to identify edge
features and extract their fundamental characteristics [13]. Hence, research efforts aimed at
improving the detection accuracy of inconsistent edge features had received considerable attention
in recent years [14].

Therefore, there was still room for improvement in intelligent detection of edge-inconsistent
features [15]. In the field of intelligent feature recognition [16,17], deep learning had gained
widespread popularity due to its ability to automatically extract high-level semantic features
without manual feature engineering and its strong robustness [18]. This technology was often
combined with other intelligent optimization algorithms to extract high-level semantic features
from images [19,20]. A summary of representative studies on grinding and cutting tool wear
monitoring and related intelligent methods is presented in Table 1, which highlights different
approaches such as artificial neural networks, image segmentation techniques, CNN-based
models, and hybrid deep learning architectures.

Table 1. Experiments in grinding and cutting tool wear monitoring.

Reference Method Intelligent Algorithms
[21] Artificial Neural Network Otsu-Canny Edge Detection
[22] Image Segmentation Laplacian, Canny, CASENet
[23] Image Segmentation Eight Direction Sobel
[24] Artificial Neural Network Otsu-Canny Edge Detection
[25] Image Segmentation Gaussian Pulse
[26] Discrete Time Cellular Neural Network (DOTCNN)  CNNEDGEPOT
[27] Convolutional Neural Network (CNN) HED layers
[28] CNN + LSTM X-110TID, UNSW-NB15
[29] Mask R-CNN Path Augmentation Feature Pyramid

Network (PAFPN)

There have been several studies that have applied this approach to the detection of edge-
inconsistent features. For instance, a deep belief network (DBN) was utilized to detect edge-
inconsistent features from sample data [30], and deep learning was used for the automatic
identification of materials with varying compositions and orientations of microstructural features
[31]. Another study also observed that deep learning with multi-stage convolutional networks
demonstrated the highest overall performance in describing local binary features [32]. Moreover,
an automatic method was proposed that combined the Holistically Nested Edge Detection
algorithm (HED) to accurately identify closed contours in images, resulting in a 17% reduction in
the mismatching rate [33]. Meanwhile, another study utilized the Adaptive Neuro-Fuzzy Inference
System (ANFIS) to generate results correlated with the predicted surface finish quality,
specifically in relation to the length of the boss hole chamfer and the deburring process stage
classification [34].

Convolutional Neural Networks (CNNs) have gained widespread use in manufacturing
processes. In one study, researchers developed an ensemble CNN detection model for analyzing
audio signals transformed into images using various algorithms [35], while another study designed
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2D/3D sketch-based 3D retrieval methods for representing 3D objects [36]. In another study,
researchers proposed a deep space-varying convolutional neural network model for detecting
image boundary features and inconsistencies [37]. This model demonstrated lower memory usage
and computational complexity compared to existing approaches [37]. Another team developed an
improved CNN for identifying road surface cracks [38]. Lastly, a review discussed the evolution
of CNN models for image datasets and used an automated convolutional encoder for pre-training,
achieving an average precision rate of up to 96.2% [39].

In this study, the classification of sharp and burr edge features of mechanical workpieces
was investigated using an intelligent scheme based on deep learning. The datasets were divided
into three classes: “Normal Edge”, “Burr Edge”, and “Sharp Edge”. CNN played a vital role as a
feature extractor through its ability to learn from diverse input signals using convolutional layers.
These extracted features were then used for classification in subsequent layers. Spatial
dimensionality reduction was achieved by applying pooling, which retained essential information.
For determining specific target outputs, fully connected nodes computed a weighted sum of the
previous layer’s outputs. The CNN approach offered conceptual advantages by reducing the
training burden and serving as an efficient feature extraction technique for automated sharp and
burr edge classification. It eliminated the need for separate preprocessing and feature extraction
methods [41].

2. Dataset and Data Preprocessing
2.1. Data collection.

The input data for the CNN method comprised images of normal edge, burr edge, and sharp edge
made of aluminum. These images were collected from the Robotic Manufacturing Laboratory at
the University of Brunei Darussalam. The dataset comprised 660 images that were classified into
three categories: “Normal Edge”, “Burr Edge”, and “Sharp Edge”. The data were captured using
a mobile phone camera from various angles to ensure a diverse range of variations. To enhance
dataset diversity and robustness to viewpoint variations, images were captured from multiple
angles and positions relative to the workpiece edge. All images were obtained from distinct
aluminum workpiece specimens, ensuring that the same physical edge did not appear in both
training and testing sets. The three edge categories represented clearly distinguishable quality
levels: Normal Edge referred to properly finished edges without visible defects; Burr Edge referred
to edges with visible material protrusions or irregularities resulting from machining operations;
and Sharp Edge referred to edges with excessive sharpness that could pose handling hazards or
indicate incomplete deburring operations.

2.2. Data split strategy.

To ensure reliable evaluation and prevent data leakage between training and testing sets, the dataset
was partitioned using a stratified random split. The total of 660 images was divided into 360
training images (120 per class), 240 testing images (80 per class), and 60 validation images (20
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per class). Importantly, images from the same workpiece specimen were kept within the same split,
preventing different views of the same physical edge from appearing in both training and testing
sets. This approach provided a more realistic assessment of the model’s generalization capability
to new, unseen workpieces. The dataset distribution across training, validation, and test sets is
summarized in Table 2.

Table 2. Dataset distribution across training, validation, and test sets.

Edge Class Training Validation Testing Total
Normal Edge 120 20 80 220
Burr Edge 120 20 80 220
Sharp Edge 120 20 80 220
Total 360 60 240 660

2.3. Image preprocessing.

Prior to constructing the CNN model, the raw images were preprocessed using morphological
transformations to standardize the image format. Each aluminum edge image was cropped to a
fixed size of 500 x 500 pixels, with careful consideration of the object position to ensure uniformity
across all samples. These preprocessing adjustments helped improve consistency in the dataset and
reduce variations caused by image acquisition conditions. Examples of preprocessing steps
involving position and lighting adjustments are shown in Figure 1. Sample images representing
the three classes are presented in Table 3, which illustrates examples of Normal Edge, Burr Edge,
and Sharp Edge conditions. To improve model generalization and reduce overfitting, data
augmentation techniques were applied during training. The augmentation strategies included
random horizontal flipping (probability 0.5), random rotation within +15 degrees, random
brightness adjustment (+20%), and random contrast variation (x15%). These transformations were
applied on-the-fly during training, thereby increasing the diversity of training samples without
expanding the original dataset size.

Figure 1. Preprocessing steps: (a) Adjust position; (b) Adjust lighting.
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Table 3. Sample images for three different classes.

Sample Class 1: Normal Edge Class 2: Burr Edge Class 3: Sharp Edge

3. Classification and Prediction Method
3.1. CNN model based on VGG16 architecture.

The primary objective of CNN was to generate local representations of images in order to classify
and predict multiple classes of metal edges. This deep learning technique has been widely utilized
in image classification applications [34, 42]. CNN comprised three primary layers: (i) convolution
layer, (ii) pooling layer, and (iii) fully connected layer. The convolution layer performed the
feature extraction process from the input data using multiple filters. After the convolutional layer,
the pooling layer was applied to reduce the number of processing parameters and feature
dimensions. The final layer, namely the fully connected layer, classified the inputs based on the
predefined number of classes while considering the features obtained from the previous processes
[43]. The most significant layer in CNN was the convolution layer, which extracted features from
each input matrix and produced a new output matrix [44]. The important features extracted from
the output matrix were then utilized in the classification process. The image filter calculation
equation applied for each pixel is presented in Equation (1) [45]:

A =10l * Kij + Bj) 1)

where Aj denotes the output feature map at position j, i represents the input matrix, Ki; is the
learnable convolutional kernel (filter), B; is the bias term, and f(-) represents the non-linear
activation function (ReLU in this case).
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The overall training architecture for metal edge classification based on CNN with VGG16 is
illustrated in Figure 2. The computation process can be accelerated by reducing the dimensions of
the matrix output from the convolution layer using the pooling layer [45]. In the Flatten layer, the
2D matrix resulting from the pooling layer undergoes a transformation into a 1D matrix. The final
classification process occurs in the fully connected layer.

Region Proposal Network
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Figure 2. Training architecture for metal edge classification based on CNN with VGG16.

The VGG network architecture was employed as the backbone model in this study. By
utilizing the VGG16 network, the depth of the network was increased, resulting in improved
performance. The VGG network consisted of simple modules comprising small convolution
kernels (3 x 3), small pooling kernels, and ReLU activation functions. As illustrated in Figure 3,
the network comprised 13 convolutional layers, 3 fully connected layers, and a softmax output
layer. The layers were separated using max pooling, and the activation function of all hidden layers
was ReLU. This simplified neural network structure represented one of the significant advantages
of VGG networks. The feature map of size 7 x 7 x 512 obtained from the network was fully
connected, and the classification results for the three edge categories were produced through
softmax activation.
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Figure 3. Structure diagram of VGG16 model.
3.2. Construction of classification model.

In this research, three classes of image datasets, namely “Normal Edge”, “Burr Edge”, and “Sharp
Edge”, were used to provide representative images for classification. To reduce computation time,
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the weights were computed using various convolutional regions. During the filtering stage, the
CNN generated multiple filters capable of capturing diverse image features. The CNN employed
sub-sampling to extract translation-invariant features, thereby simplifying the computation
process. Unlike conventional machine learning methods, which can be time-consuming and prone
to errors, this approach did not require manual feature extraction during training. In the fully
connected layer, the CNN consolidated all extracted features obtained through the combination of
convolution and pooling operations. The overall workflow of the CNN-based classification
method is illustrated in Figure 4.

/ 0 // 1 // 2 / / 0 // 1 // 2 / O-Nomaledg‘eimagedatasets
1. Burrs edge image datasets

\ / \ / 2. Sharp edge image datasets

A4 y

Create testing
dataset

Image reshaping

Y

Create training

dataset
\ 4
v
VGG16-SSD Prediction
Architecture CNN model result

Figure 4. Flowchart of the CNN method.
3.3. Training configuration.

The model was trained using the Adam optimizer with an initial learning rate of 1x107°. The
categorical cross-entropy loss function was employed as the optimization objective because it is
suitable for multi-class classification tasks. Training was conducted for 100 epochs with a batch
size of 16. Transfer learning was applied to leverage features learned from the ImageNet dataset.
The convolutional base of VGG16 was initialized with pre-trained weights, while the new
classification head was randomly initialized. In addition, dropout regularization with a rate of 0.5
was applied to reduce overfitting. The hyperparameter settings used during model training are
summarized in Table 4.

Table 4. Hyperparameter settings for model training.

Parameter Value
Loss Function Categorical Cross-Entropy
Optimizer Adam
Learning Rate 1x10°*
Epochs 100
Mini-batch Size 16
Dropout Rate 0.5
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Training Dataset
Testing Dataset

Validation Dataset

360 images
240 images
60 images

4. Results and Discussion

4.1. Training and validation results.

Figures 5 and 6 present the performance of the training and validation processes in terms of
accuracy and loss per epoch, respectively. The training and validation accuracy showed a steady
increase before stabilizing within a consistent range of values. Similarly, the loss curves
demonstrated that both training and validation loss gradually converged toward zero. The
validation loss remained close to the training loss throughout the training process, indicating good
model generalization without significant overfitting.
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Figure 5. Training and validation accuracy.
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Figure 6. Training and validation loss.

4.2. Classification performance.

The classification results obtained from the CNN model are illustrated in Figure 7. A total of 80
images were classified and predicted for each edge category. For the “Normal Edge” class, all 80
images were correctly classified. For the “Burr Edge” class, 78 images were correctly predicted,

96



Advanced Mechanical and Mechatronic Systems 2(2), 2026, 88-105

while the remaining 2 images were misclassified as “Sharp Edge”. For the “Sharp Edge” class, 79
images were correctly classified, with 1 image incorrectly predicted as “Burr Edge”.

Confusion matrix

Normal edge Burrs_46

Burrs edge

True label

Sharp_55
Sharp edge

10
- — — — — |

L S

Predicted label
Figure 7. Confusion matrix of CNN prediction on testing data.

The detailed classification performance metrics for each class are summarized in Table 5.
The results demonstrate high precision, recall, and F1-score values across all edge categories,

indicating that the proposed CNN model achieved reliable and balanced classification
performance.

Table 5. Classification performance metrics per class.
Edge Class Precision Recall F1-Score Support

Normal Edge 1.00 1.00 1.00 80
Burr Edge 0.99 0.97 0.98 80
Sharp Edge 0.98 0.99 0.98 80
Overall 0.99 0.99 0.99 240

A comprehensive analysis of the training and validation results demonstrated an overall accuracy
of 98.75% with a loss value of 3.20%. The “Normal Edge” class achieved perfect classification
accuracy for all 80 images, while the “Burr Edge” and “Sharp Edge” classes recorded 78 and 79
correctly predicted images, respectively. Furthermore, the high precision and recall values
presented in Table 5 indicate that the model was well-balanced and did not exhibit significant bias
toward any specific class. Examples of prediction outputs for the three edge categories are
presented in Figures 8-10.
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Figure 8. Prediction for class 'Normal Edge".
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Figure 9. Prediction for class ‘Burrs edge’.
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Figure 10. Prediction for class ‘Sharp edge’.
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4.3. Hardware implementation and runtime performance.

The CNN model was deployed on a hardware platform for real-time edge classification. The
hardware implementation prototype, shown in Figure 11, consisted of a camera, an embedded
system (NVIDIA® Jetson Nano), and a 7-inch monitor. The camera captured images of aluminum
edges with specifications including a 60° field of view, 4.0 mm focal length, optical resolution of
1280 x 960 (1.2 MP), and a maximum frame rate of 30 fps at 640 x 480 resolution. The embedded
system utilized was the NVIDIA® Jetson Nano, featuring a 128-core NVIDIA Maxwell GPU, a
quad-core ARM® A57 CPU operating at 1.43 GHz, and 4 GB LPDDR4 memory with a bandwidth
of 25.6 GB/s. The runtime performance results obtained from the NVIDIA Jetson Nano platform
are summarized in Table 6. The model achieved efficient inference performance while maintaining
high classification accuracy.

Figure 11. Components utilized in the hardware implementatioin: (a) NVIDIA Jetson Nano developer kit, (b) 7-inch
monitor, (¢) Camera, and (d) WiFi receiver.

Table 6. Runtime performance on NVIDIA Jetson Nano.

Metric Value

Input Resolution 500 x 500 pixels
Average Inference Time 47 ms per image
Frame Rate (FPS) ~21 FPS

GPU Utilization 78-85%
Memory Usage ~1.2GB

The runtime performance measurements demonstrated that the model was capable of near
real-time inference on the embedded platform. At an input resolution of 500 x 500 pixels, the
average inference time was 47 ms per image, corresponding to approximately 21 frames per second
(FPS). This performance was sufficient for many industrial quality inspection applications. The
hardware implementation results for real-time edge classification are illustrated in Figures 12-14.
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Figure 14. Real-time 'Sharp Edge' detection displayed on the monitor.
4.4. Discussion.

The experimental results demonstrated the effectiveness of CNN-based image classification for
aluminum edge quality assessment. The high classification accuracy of 98.75% achieved on the
testing set indicated that the VGG16-based model successfully learned discriminative features for
distinguishing between the “Normal Edge”, “Burr Edge”, and “Sharp Edge” categories. The use
of transfer learning from ImageNet pre-trained weights proved beneficial, as the lower
convolutional layers captured general visual features that transferred effectively to the edge
classification task.

Several aspects of the experimental design contributed to the robust performance of the
proposed model. First, the carefully designed data split strategy ensured that images from the same
workpiece specimen were not distributed across different dataset splits, thereby preventing data
leakage and providing a realistic evaluation of the model’s generalization capability. Second, the
data augmentation techniques expanded the effective training dataset and improved model
robustness against variations in image acquisition conditions. Third, the regularization techniques,
including dropout and early stopping, reduced overfitting despite the relatively small dataset size.

The runtime performance achieved on the embedded platform further demonstrated the
practical applicability of the proposed approach. The achieved processing speed of approximately
21 FPS was suitable for many industrial quality inspection scenarios. Moreover, the successful
deployment on the NVIDIA® Jetson Nano indicated that CNN-based edge quality assessment
could be implemented using low-cost embedded hardware, making the system suitable for small-
and medium-sized manufacturing operations.

5. Conclusions

This study presented the development and implementation of a CNN model for the classification
of aluminum edge quality. The CNN model was trained using a dataset consisting of 660 images
divided into three categories: “Normal Edge”, “Burr Edge”, and “Sharp Edge”. The dataset was
partitioned into 360 training images, 240 testing images, and 60 validation images. The
performance of the trained model was evaluated using the testing dataset, in which 80 images from
each class were classified and predicted. The results demonstrated an overall classification
accuracy of 98.75% with a loss value of 3.20%. The “Normal Edge” class achieved perfect
classification accuracy for all 80 images, while the “Burr Edge” and “Sharp Edge” classes achieved
78 and 79 correctly predicted images, respectively. The CNN model was successfully integrated
into a hardware system consisting of a camera, an embedded platform (NVIDIA® Jetson Nano),
and a 7-inch monitor. The on-device inference achieved an average processing time of 47 ms per
image at an input resolution of 500 x 500 pixels, corresponding to approximately 21 FPS. These
results demonstrated the feasibility of implementing real-time edge quality assessment for
intelligent manufacturing applications. In conclusion, the developed CNN model demonstrated
high accuracy in the classification of aluminum edge conditions and was successfully integrated
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into a hardware platform for practical implementation. This study contributes to the advancement
of machine learning applications in manufacturing quality control. Future research may focus on
optimizing the CNN architecture for improved classification accuracy and extending the proposed
approach to classify other types of edge conditions and materials.
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