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Abstract: This paper compares the performance of Deep Learning (DL) and multi-template
matching (MTM) models for detecting small defects. DL models extract distinguishing
features of objects but require a large dataset of images. In contrast, alternative computer
vision techniques like MTM need a relatively small dataset. The lack of large datasets
for small metal-surface defects has inhibited the adoption of automation in small-defect
detection in remanufacturing settings. This motivated this preliminary study to compare
template-based approaches, like MTM, with feature-based approaches, such as DL models,
for small-defect detection on an initial laboratory and remanufacturing industry dataset.
This study used You Only Look Once v5 (YOLOv5) as the DL model and compared
its performance against the MTM model for small-crack detection. The findings of our
preliminary investigation are as follows: (i) YOLOv5 demonstrated higher performance
than MTM in detecting small cracks; (ii) an extra-large variant of YOLOv5 outperformed
a small-size variant; (iii) the size and object variety of the data are crucial in achieving
robust pre-trained weights for use in transfer learning; and (iv) enhanced image resolution
contributes to precise object detection.

Keywords: small metal-surface cracks; YOLO; multiple-template matching; bootstrapping;
machine learning approaches in remanufacturing

1. Introduction
Remanufacturing, which brings new life to used parts, involves a thorough inspection

process to ensure part restoration and avoid safety hazards [1]. The traditional method
of defect detection in such processes is manual inspection by human operators. However,
there are some drawbacks to manual inspection, such as it being subjective and susceptible
to errors. For instance, assessments by operators may be inconsistent because of human
subjectivity, fatigue, or variations in environmental conditions. Moreover, human inspectors
find it challenging to detect minor surface defects on metal parts due to their subtle
nature [2–4]. Small metal defects, such as cracks, may cause serious problems, depending
on their location when they are not detected, such as, for example, seal loss; compression
loss; or even further component, assemblies, and systems failures or engine failure. To
ensure that products are restored to the as-new condition in remanufacturing, defects
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in critical locations, regardless of their sizes, typically have to be repaired. Automated
inspection could address the challenges of manual inspection and improve inspection
efficiency in remanufacturing.

Recent developments in deep learning (DL) have provided efficient solutions for
inspection processes and have opened the way toward automated defect detection. In
general, DL models excel at pattern recognition and can achieve high accuracy in pre-
diction. However, they are highly dependent on large datasets of defect images to train
models effectively [5–7]. Unlike large-scale manufacturing lines, remanufacturing facilities
typically handle a smaller volume and a wider variety of parts. Additionally, diverse
operating conditions of the products while in service lead to variations in the defect types,
locations, and sizes. Together, these factors make it difficult to acquire the significant
amount of labeled data, often 200 to over 1000 images per defect category, that are needed
for good-performing DL object detection models [8–11]. Furthermore, the data collection
stage can be challenging in real-world remanufacturing settings due to important factors
such as variations in the lighting conditions, image resolution, and image acquisition
perspective [12,13].

Template Matching is an alternative approach to DL for automated defect detection,
and it has been used for quality control in manufacturing [14]. Template Matching has
performed well with poor contrast images and has been applied to microscopy images for
object detection. To further enhance the Template Matching model performance, the model
uses augmentation and Non-Max Suppression [15–20]. However, Template Matching
models do not perform well when there are deviations in object shape and orientation [15].
MTM is a computer vision technique that translates different templates for patterns to be
recognized across an image to identify objects that match a template. Unlike DL models,
MTM does not require extensive data for effective object detection [19]; therefore, it can
be considered an alternative approach to DL models when data are limited. DL models,
particularly Convolutional Neural Networks (CNNs), automatically learn features from
data, which enhances the robustness of computer vision systems [21–23]. They exhibit
superior performance in detecting small objects. For instance, YOLOv5 has enhanced
performance in identifying small targets (e.g., detecting drones that are 5% of the image
size [24]). Also, YOLO models have shown higher mean average precision (mAP) than
Single Shot MultiBox Detector (SSD), Faster Region-based Convolutional Neural Network
(Faster R-CNN), and other feature-based object detection models for the GC10 DET metal
defect dataset [11].

This study investigated the prediction performance of two computer vision algo-
rithms, YOLOv5 and MTM, in detecting small defects under limited data availability. The
algorithms are compared through the recall metric using crack defect images on metal
surfaces of cast iron cylinder heads undergoing remanufacture. This study represents a
first in the literature to compare a template-based approach (MTM) with a feature-based
approach (YOLOv5) for small-defect detection within the context of limited remanufactur-
ing data. Additionally, the impacts of deepening the DL model layers, increasing image
resolution, and transfer learning were also investigated, as the literature suggests that these
enhancements could improve model performance for large datasets [21,22].

In addition, findings from this study contribute to the literature by (i) comparing the
performance of a feature-based approach and a template-based approach on a limited
industry dataset; (ii) assessing the impact of network depth (a deeper convolutional neural
network) on prediction performance by experimenting with two YOLOv5 variants—the
small model (YOLOv5s) and the extra-large model (YOLOv5x); (iii) investigating the impact
of transfer learning on the prediction capabilities of YOLOv5 models; and (iv) evaluating the
impact of higher-resolution images on the prediction performance of YOLOv5. Section 2
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of the paper reviews previous work on small-object detection using computer vision
techniques, along with the challenges of small-object detection and limited data. Section 3
describes the methodology, Section 4 the numerical study, and Section 5 concludes the
paper with a discussion of the potential directions for future work.

2. Literature Review
2.1. YOLOv5

YOLOv5 is a one-stage DL detector model that belongs to the You Only Look Once
(YOLO) family of computer vision models [25,26]. The fundamental principle of all YOLO
variants is to divide the image into multiple grids of cells and then predict the bounding
boxes with class probabilities based on contained features. Ten variants have been released
since 2016, and each variant introduced different architectural improvements to enhance
prediction performance. Variants released after YOLOv5 demonstrated improved accuracy;
however, they require more computational power, which can limit new variants’ applica-
tions in industry deployments [27]. YOLOv5 has found wide application, ranging from
traffic flow detection [28] to small-defect detection [29,30].

YOLOv5 has five different model depths: nano, small, medium, large, and extra-large.
The YOLOv5s (small) model generates weights with only 14MB, 7.2 M model parameters,
and 15.8 giga floating-point operations per second (GFLOPs). This leads to fast inferencing
speeds for the small model, allowing quick simulation, a desired feature in automated
defect detection in real-time applications. YOLOv5x, an extra-large variant, has deeper
convolutional layers for feature extraction; it uses 86.7 M model parameters, along with
205.7 GFLOPs.

The YOLOv5 architecture includes three main components: backbone, neck, and head.
The backbone extracts features from the images at the smallest level of detail. The neck
mixes and combines these features and passes them to the head to predict the classes and
the bounding boxes enclosing the objects. The backbone of the model is the Cross Stage
Partial Network (CSPNet) [31]. The neck of the model is PANet [32], and it generates
feature pyramids that consist of feature maps of different scales. These maps enhance the
capability of the model to detect objects of various sizes.

YOLOv5 performs data augmentation using scaling, color space adjustments, and
mosaic augmentation to provide a greater and richer variation of images while training the
model. Mosaic augmentation is especially useful for small-object detection, as it teaches
the model to recognize small objects in different localizations irrespective of any specific
context [24]. Also, the auto-learning bounding box anchor feature introduced in YOLOv3 is
used in YOLOv5—this feature customizes the distribution of anchor box sizes and locations
based on a custom dataset rather than a preset COCO dataset [33]. Anchor boxes are preset
in some DL models to a specific height and width that correspond to the objects of interest
in an image dataset. The YOLOv5 model can customize the size of anchor boxes, which
improves precision in localizing the object.

2.2. Template Matching and Multi-Template Matching (MTM)

Template matching is another approach for automated defect detection [34]. A cropped
image of the object of concern is defined as a template, and it is then used to find a matching
region within the whole image using metrics such as correlation. This involves moving
across an image while calculating the difference between the pixels for the template and the
image in the overlapping region one pixel at a time. In the context of template matching, cor-
relation often refers to comparing pixel values between the template and the corresponding
region in the larger image. However, the exact method of correlation can vary based on the
specific algorithm or technique used for matching templates. Metrics used to measure this
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difference can be the sum of squared errors, cross-correlation, normalized cross-correlation,
or some other metric. The user defines a threshold percentage to determine if the object is a
match or not because a perfect match may not be possible.

MTM is an extension of the template matching algorithm and uses multiple templates
to be searched throughout the entire image to identify target objects based on the similarity
between the template and image patches at each pixel. These templates are the represen-
tation of the target objects varied in size or position. By using these templates, multiple
objects, as well as multiple categories of objects, can be detected. Overlapping detections
can be eliminated through the non-maximum suppression method. The advantage of MTM
over single-template matching is that it can provide additional object orientations and
scales, which are important for object detection. Augmentation techniques like flipping
and rotation are also performed on the training dataset to enhance the object detection
capability further if the object’s orientation does not match the template [19].

MTM is known to perform well for poor contrast images and uses minimal parameters
for training, such as the correlation coefficient normed. Unlike methods based on detecting
edges and shapes, MTM is not noise-sensitive and uses a smaller annotated dataset for
the templates [19]. MTM has been successfully used in microscopy images and vegetable
detection in fields where the object of interest represents a small portion of an image and is
randomly located [15,16,19].

2.3. Small-Object Detection

Liu et al. [35], in a recent study, identified four primary challenges that affect the
accuracy of DL models in detecting small objects. These challenges include the use of
feature layers having insufficient information, poor object resolution, class imbalances, and
insufficient quantities of small anchor boxes.

Feature layers having insufficient information occur when a defect is small relative to
the image size because a large part of the image background does not provide meaningful
information, i.e., a negative background. For example, consider the small defects outlined
by yellow-green boxes in the original image at the top of Figure 1. Only a small image area
includes useful information, i.e., positive foreground (yellow-green squares in Figure 1).
Features are formed by the object detection model by aggregating pixels in convolutional
layers (for example, the model learns the features to detect a cat). The model’s predictions
are based on calculated loss functions, which sum up across convolutional layers based on
the difference between the prediction and the ground truth (i.e., the actual object). Because
the ground truth is small for a small defect, the feature extraction will also be small when
training the model. Thus, the feature layers may not contain enough information.

Image resolution can affect a model’s ability to detect small defects. For instance,
issues related to small-scale and weak feature responses have been addressed in other
research fields, such as urban monitoring, military reconnaissance, medicine, and national
security applications [22,36]. These studies highlighted the importance of high-resolution
images to improve the accuracy of neural networks. Han et al. [22] concluded that higher
resolution helped show more texture, shape, and additional details for a given object.
However, using high-resolution images significantly increases the computation time [37].

Class imbalance can also contribute to a model’s poor performance in small-defect
detection. Inconsistent or incorrect annotations are major reasons for class imbalance apart
from imbalanced data collection. Inconsistency or errors in annotations affect model preci-
sion, which has been the case for the COCO dataset. COCO [38] includes 328,000 images,
with 41% of objects categorized as small (minimum rectangle area of bounding box less than
32 × 32 pixels), 34% as medium (minimum rectangle area between 32 × 32 and maximum
96 × 96 pixels), and 24% as large (anything above 96 × 96 pixels). Despite most data in
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COCO being categorized as small, the average precision for small objects was two to three
times lower than for large objects [39].

Figure 1. Examples of small defects in the original image (top) and an enlarged inset (bottom).

Anchor boxes play a significant role in small-defect detection in DL models. A DL
model makes thousands of predictions in a given image and only shows the one belonging
to a defined object class. It does so by creating thousands of prior boxes (anchor boxes),
defined by the model creator based on the size of objects in the training dataset, their aspect
ratio, or their location in different parts of the image. In the Retina Net DL configuration
where the smallest anchor box size is 32 × 32, smaller objects will not be detected [40].
Ensuring the distribution and size of anchor boxes are tuned with the data under analysis
is key to small-object detection. DL algorithms like YOLOv5 create custom anchor boxes
based on a given training dataset [25]. This helps ensure that many sizes, shapes, and
locations based on contextual information are covered.

2.4. Limited Data

The second problem addressed in this study is the impact of limited data on small-
defect detection. Various techniques, such as transfer learning and data augmentation,
have been used to address the limited data issue in the last decade [8,12,13]. Transfer
learning, an important aspect of DL, has been found to improve DL model performance on
limited data [13]. Transfer learning leverages the results of a previous model training task
to enhance the outcomes of a new task, particularly by using weights from a pre-trained
model to initialize a new model. The pre-trained model is typically trained with a large
dataset, generating weights used for initialization for the new task [33]. For example, if a
model consists of n layers, the 1st layer learns the easiest pattern/feature in the image, and
as we progress to the nth layer, the information/feature learned becomes more complex.
This information is saved as weights. Weight initialization is performed before training the
model. Good initial weights can improve the convergence of a neural network. Conver-
gence refers to the point at which the training process reaches a stable state, and the weights
and biases have settled on values that output accurate predictions for training data. A
pre-trained model using a large dataset (COCO in our case) can be useful for a broad range
of object detection contexts. Also, using pre-trained model weights saves time. Training a
model without pre-trained weights can take several days or weeks to fully train [41].
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Data augmentation is another technique that can improve the accuracy of models
trained on limited data [16,19,22]. The augmentation process generates new training data
by applying transformations to the original input data. This helps generalize the training
data and reduces the difference in distribution between training and test sets. Several
augmentation techniques have been used in the literature; e.g., the Gaussian mixture
model, Generative Adversarial Networks, and classical augmentation techniques such
as rotation, flip, blur, mosaic, and color space adjustments [11,22,23,42]. Previous work
suggests transfer learning and data augmentation help improve precision and recall for
small-object detection with limited data [43,44].

This study examined multiple factors and methods to determine to what extent limited
data can be used to achieve an acceptable defect detection accuracy (95% or above) for small
defects to aid the quality inspection process and minimize rework in a remanufacturing
assembly line. The study first explored the use of a DL model where transfer learning is used
to address the limited data issue. A simpler method based on MTM, which requires fewer
images, was also investigated. Results from both methods were compared to determine
their relative performance on the same images acquired in conditions of poor illumination
and with variable camera perspective settings with no attempt to correct for distortion in
the images stemming from the cameras used to acquire the images. The impact of image
resolution and model depth on the performance of a DL model trained on a limited dataset
was also examined. In the next section, the methodology used in this study is discussed.

3. Methodology
The overall flow of the methodology is presented in Figure 2. The initial step is data

preparation, which involves the pre-processing of an industry-specific dataset and the
open-source GC10 DET dataset for training [11]. GC10 DET was included specifically
to investigate whether pre-trained weights obtained through transfer learning improve
YOLOv5 model prediction performance; therefore, it was only used for transfer learning
purposes. To estimate YOLOv5 models’ prediction performance, a bootstrapping approach
is incorporated to handle limited and imbalanced data issues. Next, numerical studies
were conducted to investigate the impact of model complexity, transfer learning, and image
resolution on YOLOv5’s prediction performance, as well as to compare the performance of
YOLOv5 with MTM. Lastly, the effectiveness of each model was evaluated. The details of
each step in Figure 2 are explained in Sections 3.1–3.4.

Figure 2. The overall flow of the methodology.
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3.1. Dataset Preparation

The specifications of the two different datasets: (i) industry data and (ii) GC10 DET
open-source dataset, are detailed in Sections 3.1.1 and 3.1.2, respectively.

3.1.1. Industry Dataset

Our investigation focused on developing a system to detect small defects, specifically,
cracks no larger than ~2 mm width and ~6 mm in length, on the surfaces of used cylinder
heads. To capture these defects, we employed two distinct image acquisition methods
and settings: (i) laboratory setup and (ii) in process at the remanufacturer’s facility. The
laboratory method ensures more controlled image acquisition, while the in process method
is less controlled but is required to increase the number of images containing small defects
for model training.

(i) Laboratory setup: A Basler ace 3088-16 gm, monochrome area scan camera with
an Edmund Optics 8 mm HP series lens was used along with custom C++ code to
automate the image acquisition. The camera was positioned at a 100 mm working
distance from the cylinder head, with a fixed f/4 aperture, 8 bit pixel depth, and
perpendicular alignment for all images, using a Techman TM5-900 cobot. The camera
system captured images at a resolution of 3088 × 2064 pixels, corresponding to approx-
imately 28 pixels/mm. Illumination relied on ambient lighting conditions (fluorescent
lighting), and the camera employed no filters to mitigate spectral interference from
the ambient lighting. Images were captured at the center of each pre-defined grid box
measuring 110.28 mm × 74.33 mm on the cylinder head surfaces. No camera models
to correct for distortions created by the camera perspective and lens elements were
applied to these images. The cast iron cylinder heads were sampled and provided by
a remanufacturer in the “cleaned” state produced in the remanufacturing process to
enable the manual methods used for defect inspection.

(ii) Remanufacturer’s facility: A standard SLR camera was used with a resolution of
2592 × 1944 pixels and was mounted on a manual slide system to control the camera’s
position relative to the cylinder head surface. As with the laboratory setup, cylinder
heads were in the “cleaned” state and the camera relied on ambient fluorescent
lighting for illumination.

For this investigation, images were captured using both methods and settings in
ambient fluorescent lighting, and were merged into a single dataset. This resulted in a
total of 103 images containing cracks. To facilitate defect detection model development,
three inspectors independently annotated the location and type of defects within the
images. The open-source labelImg (https://github.com/heartexlabs/labelImg, accessed
on 10 December 2022) software aided the annotation process. To minimize errors and bias,
each inspector reviewed the same set of images consecutively. They followed an annotation
protocol that prioritized:

• Tight Bounding Boxes—minimize noise by drawing bounding boxes as tightly as
possible around the defects;

• Complete Labeling—ensure all defects are labeled individually, avoiding any grouping;
• No Missed Defects—meant to leave no defect left unlabeled.

The labeling process continued until consensus was reached by all inspectors employ-
ing this protocol [45].

Resizing images is a critical pre-processing step in computer vision applications for
reducing the computing time needed for training the algorithms. The original images
were resized to 640 × 640 pixels for YOLOv5s and YOLOv5x. Prior research has shown
improvement in small-object detection with high-resolution images [22]. Therefore, a

https://github.com/heartexlabs/labelImg
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separate high-resolution dataset was created by partitioning the original image into blocks
of 640 × 640 pixel sub-images, as shown with red boxes in Figure 3, while keeping the
original resolution intact, i.e., 3088 × 2064. For partitioning the images, an OpenCV library
was used [46]. The crack in the magnified region of the image at left in Figure 3 is in the
yellow bounding box.

Figure 3. Example showing the 640 × 640 pixel sub-images derived from a large-size, 3088 × 2064
pixel image and an example crack defect identified in one of the partitions.

3.1.2. Benchmark Datasets for Transfer Learning

The pre-trained weights of YOLOv5s and YOLOv5x, trained by Jocher et al. [25] on the
COCO dataset, were used as initial weights for training models on our custom dataset. The
other benchmark dataset GC10 DET [11], needed for transfer learning, has ten categories of
metal-surface defects and 2272 images. The reason for choosing the GC10 DET dataset is
that it possesses a diverse range of images, including various metal defects of varied type,
size, and shape. The rationale for using GC10 DET for transfer learning was to allow the
model to learn the features of defects similar to those in our industry dataset. By using
these pre-trained weights, we aimed to streamline the training process and enhance the
prediction performance of the model, YOLOv5.

There were three important issues we found related to defect labels in the GC10 DET
dataset: (i) some bounding boxes tightly captured the defects, while some were loosely
drawn, leading to noise; (ii) some images were missing defect annotations; and (iii) some
images in the dataset exhibited inconsistencies in the labeling of the small defects, i.e., some
were labeled as a group, whereas the others were individually labeled. The GC10 DET
data underwent a pre-processing stage to correct labels on images and revise bounding
boxes on images to have the same labeling strategy as the custom dataset [45] mentioned
in Section 3.1.1.

3.2. Bootstrapping

The bootstrap method was used to provide a reliable estimate of the performance
metrics, because the use of the best-performing result can bias the model’s performance
toward an optimistic estimate given the small dataset [47–49]. Small datasets are susceptible
to outliers and noise. Additionally, limited data often result in high variation in prediction
results, making model performance less reliable [13]. In this study, bootstrapping was used
to address the small dataset issue and accurately capture the prediction performance of
YOLOv5 models.

In this method, a bootstrap sample is randomly obtained from a pool of a given
population with replacement, ensuring that a sample (image in our case) has an equal
chance of being picked in subsequent draws from the pool. Through replicating the
sampling iteration, multiple bootstrap samples are created, which are the same size as
the original dataset, i.e., 103 images for our problem. This approach, having multiple
resampling iterations, ensures that each bootstrap sample has a different summary statistic
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for the performance metric, which is important for calculating the confidence interval [50].
The samples not selected in the training dataset (~30%) were then divided in half for
validation and testing datasets. Each dataset was used to estimate prediction performance
metrics. The number of iterations (i.e., bootstrap samples) typically varies between 200
and 1000 [50,51]. Our study started with 50 iterations and then increased until the width
of the confidence interval was on the order of 1% at 500 samples. Increasing the number
of iterations provides a better estimate of the sampling distribution. Two metrics were
calculated using the 500 bootstrap samples: average precision and recall for each dataset.
These two metrics are the estimators used to predict the average precision and recall values,
respectively. The twelve largest and the twelve smallest estimates for each metric were
removed before calculating the 95% confidence interval using the t-statistic [50].

3.3. Numerical Study

In the numerical study, five experiments were conducted to understand the effects of:
(i) model complexity, (ii) transfer learning, and (iii) image resolution on YOLOv5 predic-
tion performance; and (iv) to compare the performance of YOLOv5 versus MTM. Table 1
summarizes image size, algorithms used, and the dataset used for transfer learning in these
experiments. In Table 1, the first two experiments, #1 and #2, investigated the effect of
increasing network depth by extending the convolutional layer structure from YOLOv5s
to YOLOv5x. To explore the advantage of transfer learning on prediction performance,
Experiment #3 was conducted. Experiment #4 was designed to investigate the impact of
input image resolution on YOLOv5s prediction performance. The last experiment, Experi-
ment #5, was conducted to observe the prediction performance of the MTM model through
comparison against that of YOLOv5 models. In all five experiments, the hyperparameters
were set to a batch size of 16, a learning rate of 0.003, and training for 2499 epochs. These
hyperparameter values were selected based on their superior performance after testing
various preliminary training iterations.

Table 1. Summary of numerical experiments.

Experimental Structure

Experiment
Number

Image Dataset Used by
the Model

Algorithm
Used

Dataset Used for
Transfer Learning

1 Resized 640 × 640 YOLOv5s COCO

2 Resized 640 × 640 YOLOv5x COCO

3 Resized 640 × 640 YOLOv5s GC10

4 High-resolution (3088 × 2064) YOLOv5s COCO

5 High-resolution (3088 × 2064) MTM N/A

3.3.1. Model Size

Experiments #1 and #2 investigated the impact of model complexity on the model’s
prediction performance using two variants of YOLOv5: YOLOv5s and YOLOv5x. Both
experiments used default pre-trained weights derived from the COCO dataset. In both
experiments, the model converged at about ~250 epochs. The YOLOv5s and YOLOv5x
were trained on a NOVA high-performance computing cluster, and it took less than an hour
to train each model. For a more detailed explanation of the architecture and loss functions
used, please refer to Jocher et al. [25].
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3.3.2. Transfer Learning

Experiment #3 in Table 1 was conducted to investigate the impact of transfer learning.
In this context, the GC10 DET dataset was used as an alternative to the COCO dataset to
derive pre-trained weights, which were subsequently used during the YOLOv5 models
training phase for the industry dataset. Resized GC10 DET images (640 × 640 pixels) were
used to create 500 bootstrap samples for the training phase.

3.3.3. Image Resolution

Experiment #4 was conducted to assess the impact of higher-resolution images on DL
algorithm performance. In this experiment, YOLOv5s was trained on the high-resolution
image dataset, using default pre-trained weights from the COCO dataset.

3.3.4. MTM

In Experiment #5, MTM was used to identify defects in the higher-resolution images.
MTM defect detection was calculated using the Coefficient Correlation Normed R(x,y) to
make predictions about the test image, which is determined by

R(x, y) =
∑x′ ,y′ T′(x′, y′) I′(x + x′, y + y′)√

∑x′ ,y′ ·T′(x′, y′)2 · ∑x′ ,y′ I′(x + x′, y + y′)2
(1)

where T′ represents the template’s mean-subtracted coordinates, and I′ represents the
coordinates on the test image used to locate the template with reference to the top left corner
of the image. The numerator computes the cross-correlation between the mean-subtracted
template T′ and the mean-subtracted image patch I′. The denominator normalizes the
cross-correlation by the product of the squared norms energies of T′ and I′, where x and y
represent the original data values, and x′ and y′ represent the mean-subtracted version of
the original data. Four other metrics are available for evaluating MTM performance, but
the Coefficient Correlation Normed metric was used because it yielded the best results for
our dataset [52]. The model was trained on all defect templates, excluding one as a test
sample (i.e., training set of 102 images and test set with 1 image) to check whether it could
identify the defect in the given test image. A total of 103 iterations were performed by
alternatively evaluating detection on all images. The result of each iteration is a Bernoulli
random variable that can take two possible values, either detected or undetected. Detection
is when the R score is highest for a given prediction. Recall was estimated by dividing the
number of true positives detected out of all iterations by 103 (true positive + false negative),
where the true positive is the highest R score amongst the detected objects, which can
range from 0.5 to 1 andfalse negative is when the model is unable to detect a crack. For
MTM, there were two hyperparameters; namely, a recommended score threshold of 0.5 [19]
and the number of predictions (N) per image defined as two because few images have
more than one defect. This parameter tells the model to output the top two bounding box
predictions with the highest score values based on Equation 1. Bootstrapping was not used
to calculate the confidence interval because bootstrapping would reduce the images in the
training set. This reduction would lower the model’s performance because fewer templates
(less than 102) would be available to map to the given test image.

3.4. Performance Comparison

To evaluate the performance of an object detection algorithm, key metrics like precision,
recall, and average precision are commonly used. Before defining these metrics, it is
essential to explain Intersection over Union (IoU) and confidence score, which are critical
to calculating key metrics. IoU is the ratio of the ground truth bounding box for a defect
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that is contained in the predicted bounding box generated by a DL algorithm to the union
of predicted and ground truth. The ground truth bounding boxes for all images are
pre-determined by a subject matter expert before evaluating the algorithms’ prediction
performance. The confidence score shows the probability of the image being detected
correctly by an algorithm.

Predictions are considered true positives when both IoU and the confidence scores
are above threshold values; otherwise, they are false positives. A false positive represents
a Type I error, while a false negative corresponds to a Type II error. In this study, a fixed
threshold value of 0.5 was used for IoU. The confidence threshold is set by determining the
confidence score where the F1-score (harmonic mean of precision and recall) is a maximum,
which is calculated by the YOLOv5 algorithm.

Recall is the ratio of the number of true positives to the total number of actual objects
in the image. Recall is used to evaluate how well a model performs in predicting all the
actual objects. Precision is the proportion of true positives to the total number of positive
predictions. If the model predicts false positives, the precision will decrease. Average
precision (AP) is the area under the precision-recall curve based on the defined confidence
threshold and the intersection over union threshold for a single object category.

4. Results
Table 2 summarizes the AP and recall values of experiments #1 to #5. Sections 4.1–4.4

explore the impact of model size, transfer learning, and image resolution and compare the
performance of the YOLOv5 and MTM models, respectively.

Table 2. Result summary for all experiments.

Experiment
Number

Dataset Used by
the Model

Algorithm
Used

Data Used for
Transfer Learning

95% Confidence
Intervals for AP

95% Confidence
Intervals for Recall

1 Resize 640 × 640 YOLOv5s COCO 93.90–94.83% 90.50–91.76%

2 Resize 640 × 640 YOLOv5x COCO 94.08–95.22% 94.70–95.75%

3 Resize 640 × 640 YOLOv5s GC10 85.16–87.01% 84.66–86.52%

4 High-resolution YOLOv5s COCO 95.14–95.89% 92.82–93.97%

5 High-resolution MTM N/A N/A 12.37%

4.1. Impact of Model Size

We compared two YOLO variants, YOLOv5s and YOLOv5x, to assess how increasing
the depth of the model’s network affects its prediction performance in Experiments #1 and
#2 in Table 2. Both models, equipped with COCO pre-trained weights, performed well for
small-defect detection on our limited dataset. Although there was no significant difference
for AP, YOLOv5x showed a significant improvement in recall. The relationship between
network depth and performance metrics like recall and AP can be influenced by various
factors. Generally, deeper CNNs tend to improve recall because they capture intricate
details, which enhances recognition of a broader range of instances and positively impacts
recall [21]. However, the improvement in recall does not necessarily translate to more
precise localization, which is necessary to increase AP. Further, the recall metric emphasizes
retrieving relevant instances regardless of precision, which might show improvements due
to the broader generalization by deeper layers [40]. Thus, our preliminary results show
that training a deeper CNN yields better performance in reducing false negatives and a
higher chance of detecting the maximum number of defects present.
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4.2. Impact of Transfer Learning

A comparative analysis of Experiments #1 and #3 in Table 2 shows that the transfer
learning performed with the GC10 DET dataset resulted in poorer performance, with
recall and AP values dropping 6–10%. This decrease could be associated with the size of
the datasets. Given that the ~328,000 images in the COCO dataset is much larger than
the ~2272 images in GC10 DET, the initial weights are calculated by observing a wide
range of instances and capturing various instances, which are more robust and generalized
by first employing the COCO dataset. Even though GC10 DET shares similarities with
the industry data, its small size might not capture sufficient variety, which may produce
ineffective initial weights that do not perform well across different instances. This suggests
the importance of having sufficient data for the initial weights. Nonetheless, the amount of
data for sufficiency was not assessed in this study.

4.3. Impact of Resolution

The analysis of Experiments #1 and #4 demonstrates the impact of image resolution on
the model’s prediction performance. The results show modest differences in AP and recall
values, indicating that YOLOv5s with high-resolution images outperforms YOLOv5s with
resized images. Further study is needed to explore the trade-offs between image resolution
and model performance for rapid identification of small defects.

4.4. Performance Comparison Between MTM and YOLOv5

The results from Experiment #5 show that MTM performed poorly at crack detection,
detecting only 12.37% of true positives out of the total 103 crack defects in the industry
dataset. The precision metric is not calculated in MTM because it provides only Bernoulli
outputs; i.e., detection (1) and no detection (0). Hence, we could not calculate AP because it
does not account for false positives.

Figure 4 presents example prediction results from YOLOv5s and MTM models and
compares them with the ground truth in the images shown. Due to the small defect sizes,
the prediction results for MTM and YOLOv5 are presented in cropped and enlarged images
in Figure 4 to improve the visibility of defects in the figure. MTM was able to detect the
defects that are relatively larger and easy to detect; however, it was not able to identify the
smaller defects (see MTM prediction for image #2 in Figure 4).

Figure 5 presents the prediction results of YOLOv5 with varying illumination, camera
perspective, and image focus/depth of field. In contrast to MTM, YOLOv5 was robust
enough in extracting the features and detecting defects across varying conditions. Lower
confidence scores were observed for the larger defects, which were underrepresented
in the training data set. Because the dataset was comprehensive enough to incorporate
various small-size defects, YOLOv5 correctly identified the small defects with high confi-
dence scores.
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Ground truth for image #1 Ground truth for image #2 

  
MTM for image #1 (cropped and enlarged) MTM for image #2 (cropped and enlarged) 

  

YOLOv5 for image #1 (cropped and enlarged) YOLOv5 for image #2 (cropped and enlarged) 

Figure 4. Sample images with ground truth, MTM prediction (Experiment #5), and YOLOv5 predic-
tion (Experiment #1).
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(a) Larger defect (b) Blur in image 

  
(c) Small defects under low illumination 

Figure 5. Sample prediction results under varied imaging conditions for YOLOv5.

5. Conclusions and Future Work Direction
In this study, we evaluated the performance of the DL object detection model YOLOv5

and the template matching model MTM using industry data to detect cracks on metal
surfaces. YOLOv5x had the best performance for crack detection, with a 95% confidence
interval for recall of 94.70–95.75%, compared to a 12.37% average recall for MTM. Varying
illumination conditions, camera perspective, defect scales, and object distortion added com-
plexity to the dataset. These represent realistic conditions found when relatively low-cost
image acquisition means are employed in remanufacturing settings. When consideration is
given to these conditions, the small objects of interest (i.e., cracks in this investigation) and
the limited data (i.e., defects available for model training), defect detection becomes more
challenging. Our preliminary findings clearly indicate that YOLOv5s and YOLOv5x are ca-
pable of crack detection. Higher-resolution input data exhibited some small improvements
in the AP and recall performance of the YOLOv5s algorithm. Also, deepening the layers of
the model yielded a better recall result but did not have a statistically significant impact
on AP.

Our results show that: (i) YOLOv5 models are better suited for metal-surface crack
detection than MTM; (ii) YOLOv5s and YOLOv5x were able to detect small cracks with
limited data and achieved AP values of around 95%, with YOLOv5x achieving higher
recall; (iii) YOLOv5x, a deeper convolutional neural network, enhanced defect detection
by decreasing false positives and increasing recall; (iv) the size and variety of the objects
within the dataset (GC10 DET vs. COCO) impact the robustness of the pre-trained weights,
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which are used in transfer learning; and (v) higher-resolution images increased model
prediction capabilities, leading to small increases in both AP and recall metrics.

A notable practical implication of our findings is the potential for deploying YOLOv5
for small-crack detection on metal surfaces. Considering its fast detection times and precise
prediction, it can increase the efficiency of the inspection stage in remanufacturing and be
deployed readily for a real-time cloud- or edge-based hardware implementation on the
remanufacturing floor. However, extending the dataset to cover a wide range of crack types,
and controlling the illumination, image acquisition perspective, and resolution, along with
a few other factors, are critical to providing more generalizable insights about the impacts
of these factors on prediction performance. The implications of more controlled image
acquisition, along with the relative capabilities of varied YOLO model implementations for
defect detection, are aspects of an ongoing investigation by the authors.

Additionally, experimenting with different defect types to explore how YOLOv5
performance changes when multiple defects are involved is important for future studies.
Another avenue for future research is the investigation of the effectiveness of active learning
to support the data pre-processing stage. In active learning, a learning algorithm (e.g.,
YOLOv5) is first trained on a smaller dataset. Then, the model queries the user to label
data categories where the algorithm performs poorly by proactively selecting samples to
be labeled from the pool of unlabeled data. This type of learning helps improve prediction
accuracy while using a small number of training datasets, allowing the algorithm to
select the most informative data to include in the dataset. In summary, the practical
implementation of YOLOv5 and other YOLO variants presents a significant advancement
for industrial defect detection and inspection in remanufacturing. Moreover, the ongoing
iterative work of the authors evaluating continuous data collection and processing strategies
involving active learning, varied data augmentation schemes, Monte Carlo dropout, and
other techniques will evaluate whether these techniques can help to overcome issues
with small datasets to aid in model training, minimizing bounding box uncertainty, and
improving overall model effectiveness demonstrably.
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Abbreviations
The following abbreviations are used in this manuscript:

AP Average precision
COCO Common Object in Context dataset
CNNs Convolutional Neural Networks
CSPNet Cross Stage Partial Network
DL Deep Learning
FPN Feature Pyramid Network
GC10 DET Metallic Surface Defect Detection dataset
GFLOPs Giga Floating-point Operations per second
MTM Multi-Template Matching
PANet Path Aggregation Network
SSD Single Shot MultiBox Detector
YOLOv5 You Only Look Once version 5
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