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Abstract—The objective of this study is to identify the optimal
object detection architecture for training on a specific type of de-
fect detection, namely incorrectly polished surfaces on aluminium
elements. In order to facilitate a meaningful comparison of the
various architectures, a maximum training time of approximately
one hour was established for each architecture. Using the
Darknet framework and a specific dataset, five architectures
were compared (for the time being). The parameters of the
various architectures, including network size, number of batches,
and so forth, were modified according to a well-defined and
systematic procedure. The preliminary findings indicate that the
YOLOv4-tiny network exhibits superior training performance on
this dataset, rendering it an optimal choice for industrial appli-
cations. This research provides support to small and medium-
sized enterprises (SMEs) by identifying effective object detection
architectures for quality control and highlighting avenues for
advancing Al-driven defect detection in manufacturing.

Index Terms—Al, Manufacturing, Comparative Analysis,
YOLO, Darknet, Object Detection

I. INTRODUCTION

Surface finishing is an important process in industrial
manufacturing as it enhances mechanical properties, such as
stress and fatigue resistance, and aesthetic properties, such as
the polish and feel of products [1], [2]. The emergence of
3D printing technology and the resulting ability to produce
products with complex but cheaper geometries have presented
new challenges for robotic surface finishing. The advent
of new technologies has opened up new opportunities for
SMEs (Small Medium Enterprises) to have more flexible and
customised manufacturing, in line with user-centric design
principles [3]-[6]. However, the limited resources, including
personnel, specific skills, lack of managerial leadership, and
the small scale of production, represent significant obstacles
to the adoption of such technologies [[7]-[11].
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Programming industrial robots can be a time-consuming
task and can also raise safety concerns [[12f]. Collaborative
industrial robots, also known as cobots, offer a solution for var-
ious industrial applications due to their simpler interface and
advanced sensor technology that ensures greater safety [13]]—
[18]]. However, their use in surface finishing, such as polishing,
remains limited due to the complexity of the task and the
need for human dexterity. In addition, polishing involves risks
to operators due to the materials used (generation of dust
harmful to humans by inhalation or skin contact) and the
musculoskeletal effort required for prolonged and repetitive
tasks.

The integration of Artificial Intelligence (AI) with robotics
has the potential to significantly enhance efficiency and safety,
even in polishing tasks where Al control and decision-making
are crucial [19]. Through computer vision, Al can evaluate
the quality of polishing in a similar manner to a human
operator, optimizing the process until satisfactory results are
achieved [20]. However, the adoption of this technology,
particularly among SMEs, generally is hindered by the limited
availability of useful images and the extensive training time
required for Al from zero.

This work is part of the project described in [21], [25],
which aims to develop a framework for robotic surface fin-
ishing of components produced by 3D printing. To achieve
this, it is necessary to integrate Al for vision to recognize
surface defects for both quality control and task execution in
case the processed piece does not meet the expected standards.
To do this in compliance with industrial constrains such as,
low computational performance, high accuracy to detection,
fast training, and small/micro image dataset, is necessary to
compare the effectiveness of different network architectures in
training on a restricted dataset for robotic surface finishing.



The primary objective is to find the fastest and most efficient
network for a particular dataset, described in section [I-A]
The decision to use a restricted dataset is driven by the
operational constraints typical of SMEs, which often face
limited computational resources and small data volumes.

Given these constraints, future research could benefit
from exploring Tensor Processing Units (TPUs). TPUs are
application-specific integrated circuits developed by Google
to accelerate machine learning workloads. Their high perfor-
mance and energy efficiency make them particularly suitable
for industrial applications where computational resources are
limited. Evaluating models optimized for TPUs could provide
valuable insights into reducing training time and improving
detection accuracy, making advanced Al techniques more
accessible and cost-effective for SMEs.

II. METHODOLOGY

To disseminate the knowledge acquired during this research,
a detailed methodology is presented below. First, is described
the dataset used; subsequently is described the framework used
to train the deep neural networks (DNNs). This is followed by
a description of the systematic approach used in this work and
a brief description of the networks used.

A. Dataset

The SPADD Dataset utilized in this work, which is available
on GitHub [23]], aims to assist in the development of AI models
that can identify inadequately polished areas on metal surfaces.
Some images contained in this dataset are reported in Fig[I] At
an early stage, it provides labelled data to refine the quality
of industrial finishing using machine vision algorithms. The
dataset is expected to expand in size and diversity.

B. Framework Darknet

Darknet [24] is an open source framework focused on artifi-
cial intelligence and visual recognition using neural networks.
A recent fork of this framework [25], which is easier to
configure and suitable for resource-constrained projects, makes
it ideal for small and medium-sized enterprises (SMEs). It can
be trained on custom datasets and is compatible with CUDA
(Compute Unified Device Architecture) for GPU acceleration,
making it ideal for real-time applications such as surveil-
lance and industrial applications. The Darknet framework is
designed for use with YOLO (You Only Look Once), but it
can also be used with other architectures.

C. Network architecture and Procedure

The employed architectures are those already available
within the Darknet framework. For this initial phase, only five
architectures were utilized and are detailed in Table [Il

The main objective is to determine which network achieves
the highest performance within a given training time. The time
range selected for training the network is between 40 and 70
minutes. This duration is generally considered short, but the
purpose of this paper is to evaluate which duration is most
effective for training with a limited dataset.

The training procedure follows the schema proposed in the
diagram shown in Fig. |2l The procedure starts with selecting
a network. To accommodate the two main requirements, i.e.,
training time between 40/70 minutes and the PC’s computing
capabilities (12GB of RAM for GPU), it is necessary to
modify the maximum batch size, batch size, and subdivision.
Default networks have different sizes due to the number of
layers and the size of the input images.

D. Workstation Specifications

In this study it was used a workstation that was configured
for intensive neural network training tasks. The environment
runs on an Ubuntu 22.04.3 LTS operating system and is
equipped with the NVIDIA GeForce RTX 3060 GPU, pro-
viding high performance that is essential for processing the
parallel computational tasks required in network training. The
Ampere architecture of the GPU and its support for CUDA
version 12.2 significantly accelerate computation. The table in
reference [lI| summarises the specifications of this workstation.

E. Data Augmentation

To enhance the robustness and generalization capability of
the neural networks, various data augmentation techniques
were employed. These techniques help simulate a diverse
range of scenarios that the model might encounter in real-
world applications. The following augmentations were applied
to the training dataset:

o Color Adjustments:

— Saturation: Variations in color saturation were in-
troduced to ensure color consistency is not a factor
in model performance.

— Exposure: Exposure levels were randomly altered
to simulate different lighting conditions the model
might face.

— Hue: The hue of images was shifted randomly to
enhance the model’s tolerance to color variations.

o Miscellaneous Techniques:

— Flip: Both horizontal and vertical flips were utilized
to augment the dataset and prevent directional biases.

— Mosaic: Multiple images were combined into a
single training example to help the model handle
complex scenes.

— Mixup: Images and their labels were blended to
encourage the model to focus on multiple features
simultaneously.

— Random: Random transformations, including slight
rotations and shifts, were applied to emulate real-
world unpredictability.

These augmentations were systematically applied during the
training process, ensuring that each epoch received a varied
set of inputs. This approach helps in creating a more resilient
model capable of accurately detecting defects in a wide array
of conditions.



Fig. 1. Examples of images from the SPADD repository showing defects in unpolished aluminum.

TABLE I
SUMMARY DESCRIPTION OF THE NETWORKS USED IN THIS PRELIMINARY WORK

Network Name Number of Layers | Size Weight [MB] | Notes
YOLOv4 162 512x512 | 256 3 YOLO layers
YOLOV4-tiny 38 416x146 | 23.5 2 YOLO layers
YOLOvV7 143 640x640 | 146.2 3 YOLO layers
YOLOV7-tiny 99 416x416 | 24.1 3 YOLO layers
cd53paspp-gamma | 180 512x512 | 237 3 YOLO layers. Speri-

mental

TABLE I

THE TABLE LISTS THE SYSTEM CONFIGURATIONS OF THE WORKSTATION

Operating System

Ubuntu 22.04.3 LTS

Kernel Version

6.2.0-37-generic

GPU Model

NVIDIA GeForce RTX 3060 Lite Hash Rate

GPU Architecture Ampere
GPU Driver Version 470.223.02
CUDA Version 12.2
CUDA Cores Number | 3584

III. PERFORMANCE CRITERIA

The effectiveness of the defect detection models was evalu-
ated using metrics provided by the Darknet framework. These
metrics offer a comprehensive view of a model’s performance.
Before discussing the specific metrics, it is important to define
the key terms used in their calculation.

o TP (True Positives): The number of positive
correctly identified by the model as positive.

o FP (False Positives): The number of negative
incorrectly identified by the model as positive.

e TN (True Negatives): The number of negative
correctly identified by the model as negative.

o FN (False Negatives): The number of positive
incorrectly identified by the model as negative.

cases
cases
cases

cases

Below are the definitions of the metrics used:

Precision: The ratio of true positives to the total number
of positives identified by the model. It is calculated using the
formula:

TP

Precision = TP—I——_FF)

Recall: The ratio of true positives correctly identified to the
total number of actual positive cases. It is expressed with:
TP
TP+ FN
Accuracy: The ratio of correct predictions (both positive
and negative) to the total number of observations. It is deter-
mined through the formula:

Recall =

TP+TN

TP+TN+FP+FN

Error Rate: The proportion of all incorrect classifications
over the total number of observations. It is calculated as:

FP+FN
TP+TN+FP+FN

Specificity: The proportion of true negatives to the total

number of actual negative cases. The formula is:
TN

TN+ FP

These metrics are essential for reliably evaluating the ef-
fectiveness of models in correctly identifying defect areas in
polished components.

mAP (Mean Average Precision): A comprehensive metric
for evaluating object detection quality, averaging the precision
across different recall levels. The Average Precision (AP) for a
single class is calculated by plotting the precision-recall curve
and computing the area under this curve. mAP is then the mean
of AP values calculated for all classes or over all recall levels.
The formula involves integrating the precision with respect to
recall:

Accuracy =

Error Rate =

Speci ficity =

1
AP=— ) AP,
m N;
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Fig. 2. Flowchart describing the procedure used in this training process.

where AP; is the Average Precision for class i, and IV is the
number of classes.

IV. RESULTS

The results of this preliminary study are summarised in
table which shows the performance of each of the archi-
tectures analysed.

In an evaluation of five object recognition models, two
models, cd53paspp-gamma and yolov7-tiny, showed remark-
ably poor performance. Neither model was able to correctly
identify any target objects, as evidenced by zero true positives
(TP) and mean average precision (mAP@0.50) values close to
0%. This indicates a complete failure to identify the intended
targets, despite achieving perfect specificity scores, which

merely reflect the absence of false positives rather than actual
identification success.

On the other hand, yolov4-tiny excelled, achieving the high-
est mAP of 99.23%. This model correctly identified almost
all target objects, with 138 true positives and only minor
inaccuracies, including 2 false positives and 3 misses. Its high
precision (0.99) and recall (0.98) underline its reliability and
accuracy, making it particularly suitable for tasks requiring
precise object recognition.

The yolov4 model showed moderate effectiveness with a
mAP of 43.49%, positioning it well above cd53paspp-gamma
and yolov7-tiny but below yolov4-tiny. It showed a reasonable
balance with a precision of 0.63 and a recall of 0.43, suggest-
ing a moderate ability to identify true positives, but with some
errors and misses.

The yolo7 had a significantly low mAP of 18.29%, indi-
cating limited effectiveness. Despite its high specificity (1.00)
and precision (0.84), the model’s extremely low recall (0.10)
highlights a significant shortfall in the detection of true pos-
itives, which severely limits its practical utility in real-world
applications.

yolov4-p6 and yolov4-p5 models were similarly ineffective,
each failing to record any true positives and demonstrating
extremely low mAP values of 0.01% and 0.00% respectively.
Their inability to identify target objects renders them unsuit-
able for practical deployment without substantial improve-
ments.

The yolov3-VOC and yolov4-New models also performed
poorly, with neither model achieving any true positives and
both displaying a mAP of 0.00%. The negative values in
the "TN’ column for yolov3-VOC and yolov4-New suggest an
error in data collection or processing, further complicating any
assessment of their utility based on this study.

Overall, yolov4-tiny demonstrated the best performance of
the models tested, establishing itself as the most reliable option
for high accuracy requirements. Conversely, models such as
cd53paspp-gamma and yolov7-tiny may require significant
modification or retraining to meet the demands of operational
environments.

Fig. shows some examples of defect detection. The
detections are based on yolov4-tiny, which showed the best
performance over the other networks.

V. DISCUSSION AND CONCLUSION

This study compares five YOLO architectures for object de-
tection of inadequately polished areas on different aluminium
samples, using images from the SPADD dataset available on-
line refa21. The results show that the YOLOv4-Tiny network
performs the best given training constraints between 40 and 70
minutes with the hardware described in table [[Il This suggests
that, in business contexts, the use of this network may be
the most appropriate. However, as this study is preliminary in
nature, we plan to extend the analysis to a larger number of
CNN networks for the full version of this article. This will
provide a broader and more detailed comparison.



TABLE III
TRAINING RESULTS OF DIFFERENT RECOGNITION MODELS.

Models Duration | mAP@0.50 (%) | TP | FN | FP TN | Precision | Recall | Specificity | Fl-score
cd53paspp-gamma 49 min 0.00 0 | 149 0 | NA 0.00 0.00 1.00 N/A
yolov7-tiny 58 min 0.03 0 | 166 0 197 0.00 0.00 1.00 N/A
yolov4-tiny 45 min 99.23 | 138 3 2 289 0.99 0.98 0.99 0.98
yolov4 66 min 43.49 64 85 | 37 | 4134 0.63 0.43 0.99 0.51
yolo7 56 min 18.29 16 | 141 3 | 3936 0.84 0.10 1.00 0.18
yolov7x 58 min 4.73 0| 152 0 701 0.00 0.00 1.00 N/A
yolov4-p6 52 min 0.01 0 55 0 981 0.00 0.00 1.00 N/A
yolov4-p5 60 min 0.00 0| 167 0 139 0.00 0.00 1.00 N/A
yolov3-VOC 42 min 0.00 0 55 0 -55 0.00 0.00 1.00 N/A
yolov4-New 66 min 1.82 0 55 0 -11 0.00 0.00 1.00 N/A

Fig. 3. Detected defects in unpolished aluminum samples from the SPADD dataset.

The positive outcomes of YOLOv4-Tiny offer a strong foun-
dation for additional research. It is suggested that forthcoming
studies explore the adjustment and customization of neural
networks for particular industrial applications and broaden the
scope and variety of the dataset to enhance dependability and
efficiency in defect detection.

This work establishes the basis for technological advance-
ment in the area of industrial surface finishing, with direct
implications for enhancing quality and production efficiency.
Future prospects involve assessing additional neural networks
and creating a specialized surface finishing framework to
tackle and overcome current industry obstacles.

Future research will explore the integration of Tensor Pro-
cessing Units (TPUs) into the defect detection framework
to potentially speed up the training processes and execute
models with high efficiency on edge devices. This offers a
practical solution for SMEs facing computational and cost
constraints. Specifically, the Coral Dev Board will be utilized
in these studies. Comparative studies will be conducted to
evaluate the performance of TPU-optimized models against
current architectures, with the aim of enhancing the feasibility
and scalability of Al-driven defect detection in industrial
applications.
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