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Abstract: This paper presents an enhanced Faster R-CNN model for detecting surface
defects in resistance welding spots, improving both efficiency and accuracy for body-in-
white quality monitoring. Key innovations include using high-confidence anchor boxes
from the RPN network to locate welding spots, using the SmoothL1 loss function, and
applying Fast R-CNN to classify detected defects. Additionally, a new pruning model is
introduced, reducing unnecessary layers and parameters in the neural network, leading to
faster processing times without sacrificing accuracy. Tests show that the model achieves
over 90% accuracy and recall, processing each image in about 15 ms, meeting industrial
requirements for welding spot inspection.

Keywords: resistance spot welding; surface defect detection; deep learning model; faster
R-CNN; small object detection

1. Introduction
Welding spot quality is a very crucial factor that affects the hardware reliability of

auto-body manufacturing. In the body-in-white (BIW) production phase, the resistance spot
welding (RSW) method is widely used. A lot of traditional image processing techniques
were adopted in a previous work [1]. However, these methods cannot work well with the
influence of environmental factors such as vibration, dust, and lightness, which all usually
appear during the inspection [2]. Therefore, the manual visual inspection method is still
widely used for surface defect inspection in many workshops nowadays.

At present, the quality inspection of BIW welds mainly includes two types of methods:
non-visual and visual inspection [3]. These methods can be divided into non-destructive
testing technology and destructive testing technology. Non-visual methods mainly include
ultrasonic testing, X-ray inspection, dynamic resistance monitoring, tensile testing, and
electromagnetic testing [4].

Ultrasonic non-destructive testing (NDT) [5]: Mirmahdi et al. [6] provided a com-
prehensive review of ultrasonic testing for resistance spot welding, highlighting its effec-
tiveness in determining the integrity of welding spots. Similarly, some researchers [7,8]
explored the use of ultrasonic methods to assess weld quality, demonstrating its accuracy
in identifying internal inconsistencies.

X-ray imaging technique: Juengert et al. [9] employed X-ray technology to inspect au-
tomotive spot welds, showcasing its ability to reveal internal defects that may compromise
weld strength. Similarly, Maeda et al. [10] investigated X-ray inspection of aluminum alloy
welds, confirming its capability in the non-invasive evaluation of weld quality.

Dynamic resistance monitoring: Butsykin et al. [11] explored the application of dy-
namic resistance in real-time quality evaluation of resistance spot welds, suggesting that
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fluctuations in resistance provide key indicators of weld formation. Wang [12] developed
this approach, demonstrating its effectiveness in detecting weld faults through real-time
monitoring of resistance signals.

Tensile testing: Safari. [13] investigated the tensile-shear performance of spot welds,
providing insights into the relationship between mechanical properties and weld quality.
Radakovic et al. [14] examined failure modes in tensile testing, offering a detailed analysis
of the impact of weld conditions on shear strength and failure behavior.

Electromagnetic testing is also a non-contact method that evaluates the electromagnetic
properties of welds to detect imperfections. Tsukada et al. [15] utilized magnetic flux
leakage testing to detect imperfections in automotive parts, affirming its role in efficient
weld detection.

Vision-based inspection, combined with the tapping method, is a simple yet widely
used approach for surface quality checks. Dahmene [16] integrated visual inspection with
acoustic emission to enhance defect detection in spot welding, illustrating the method’s
potential when combined with other techniques. Similarly, Sak et al. [17] applied acoustic
testing to assess weld integrity, revealing a correlation between sound emissions and
weld defects.

Computer vision systems leverage high-resolution imaging and advanced image
processing algorithms to inspect the external characteristics of welds, such as size, shape,
and surface defects. Ye et al. [18] applied a system for the quality inspection of RSW,
showcasing the potential of automated optical systems for large-scale manufacturing.
Yang et al. [19] developed an automated visual inspection system that combines image
processing with artificial intelligence to enhance spot weld assessment.

Due to the powerful perception, recognition, and classification capabilities of deep
learning, target detection based on deep learning is now a hot research field, which can be
divided into one-stage and two-stage approaches. Typical target detection algorithms are
shown in Table 1.

Table 1. Typical target detection algorithms in deep learning.

Type Algorithm

One stage Transformer [20], YOLO [21], SSD [22], RetinaNet [23]
Two stage R-CNN [24], SPPNet [25], Fast R-CNN [26], Faster R-CNN [27], FPN [28]

Recent studies have proposed using Vision Transformers (ViTs) to detect surface ir-
regularities, benefiting from their ability to model both local and global features without
the need for convolutions, which is particularly effective for detecting complex surface
patterns in materials. YOLO is a real-time object detection model known for its speed and
accuracy. In surface defect detection, YOLO’s single-shot approach is particularly advanta-
geous because it processes the entire image at once, making it highly efficient for real-time
industrial applications. Dai et al. [4] proposed an improved YOLOv3 method with the use
of MobileNetV3. Cao et al. [29] used a YOLOv4 detector for pose estimation in the robot de-
tection field. Li et al. [30] proposed an SSD-based model to detect surface defects in ceramic
materials, showing that the multi-scale feature extraction capability of SSD is beneficial for
identifying both small and large-scale defects in real-time production environments.

R-CNN models generate region proposals that likely contain defects, which are then
classified and localized. Although slower than YOLO and SSD, R-CNNs are highly accurate
and are often used in applications where detection precision is paramount. Wang et al. [31]
applied Mask R-CNN to detect rail surface defects, demonstrating that despite the slower
inference time, the model’s high precision is advantageous for identifying critical defects
that require exact localization.
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Faster R-CNN extends R-CNN by integrating a Region Proposal Network (RPN)
that significantly accelerates the process of generating region proposals. This model has
been widely utilized in detecting surface cracks, scratches, and other anomalies in BIW.
Luo et al. [32] developed an FPC surface defect method based on the Faster R-CNN
object detection model, achieving high precision and recall while maintaining a reason-
able inference speed, making it ideal for quality control in high-precision manufacturing.
Oh. et al. [33] proposed an improved Fast RCNN model for weld inspection.

In this paper, an improved deep learning detection model for RSW is proposed
to detect welding spots’ location and quality. In order to increase the speed of model
calculations, the Faster R-CNN algorithm uses a shared feature extraction layer structure,
which greatly reduces the number of parameters and simplifies calculations. The Faster
R-CNN detection algorithm based on the VGG-16 [34] model has achieved over 90%
accuracy (mAP) on our data sets, respectively, and the detection speed is 15 fps, which is
a milestone in target detection. The algorithm is currently widely used in various target
detection scenarios.

2. Proposed Approaches
2.1. Welding Spot Localization and Classification Using Faster R-CNN

The Faster R-CNN [27] detection algorithm is a two-stage, high-efficiency target
detection algorithm proposed by Ren and He in 2015, which has the advantages of fast
speed and high accuracy. This algorithm first proposed the concept of region proposal
network (RPN), using a neural network to extract candidate detection regions, and based
on candidate regions, using the target detection principle of Fast R-CNN algorithm for
target classification and target positioning.

The Faster R-CNN detection algorithm can be divided into three main parts: con-
volution feature sharing, RPN candidate region decision-making, target regression, and
classification calculation. Its overall structure is shown in Figure 1.
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The network is further split into two sub-networks, each responsible for detecting
defects and confirming defects, respectively. The RPN network is responsible for detecting
whether there are defects, and the Fast RCNN network confirms the detailed information
of the defects. The test network structure of the two sub-models is shown in Figure 2.
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The feature extraction layer architecture of the Faster R-CNN algorithm is similar to
other convolutional neural networks. It is a combination of a series of convolutional layers,
pooling layers, and ReLU activation layers. In the algorithm, the author performs feature
extraction operations based on the two structures of VGG-16 and ZF, respectively. The
comparison between the two is shown in Table 2.

Table 2. Comparison of feature extraction layer structure based on VGG-16 and ZF.

Name CL PL AL Parameter mAP fps

VGG-16 13 5 ReLU 14.7 M 73.2% 5
ZF 5 2 ReLU 3.17 M 62.1% 17

From the comparison of the above table, we can see that VGG-16 has more layers and
a deeper network, so it is conducive to extracting more subtle features. However, the huge
number of parameters affect the calculation speed. Compared with ZF, the detection speed
is greatly improved, and at the same time, it can guarantee a higher accuracy rate (62.1%).
Therefore, the feature extraction layer based on the ZF structure is used in this article to
satisfy real-time requirements for welding spot defect detection.

The feature map, generated after extraction by the convolutional network, is input to
the RPN network to generate a series of rectangular region candidate frames and scores.
Different from the manual sliding window target area selection method based on the SS
algorithm, RPN uses a neural network to further extract the feature map features and
generate anchor boxes of different scales (the number is k) at each point of the feature
map. These anchor boxes are mapped to the original image, where coordinate regression
calculation and target judgment are carried out through the neural network. At each feature
point, RPN predicts 2k scores (probability of being/not the target) and 4k values (target
coordinates). The detailed RPN structure is shown in Figure 3.
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2.2. Optimizations on Anchor Box, RPN Box Selection, and Training Loss

In order to adapt to different detection sizes, the anchor can change the size according
to the actual detection situation and adjust the ratio of width to height and zoom ratio. The
size of the receptive field of the feature map is the basic size of the anchor setting. In the ZF
model, after multi-convolutional layer down-sampling, the receptive field of the feature
map is 16 × 16. Therefore, the anchors can be adjusted by stretching or zooming based on
this 16 × 16 measurement. The size of the defect image detected in this article is 640 × 480.
After the feature extraction of the convolutional layer, the feature map size is 50 × 37, then
a total of 50 × 37 × k anchor boxes are generated, and k is the number of anchor box types.
The anchor box setting diagram is shown in Figure 3.

During the training process, each anchor box may be close to the ground truth box
(the target marked in the training sample). We need to judge whether the anchor has a
target based on the relationship between the anchor box and the adjacent ground truth box,
so we adopt the method of calculating the intersection-over-union ratio IoU, as shown in
Equation (1). The IoU measures the closeness between the anchor box and the ground truth
box by the ratio of the overlapping area to the total area.

IoU =
Sanchor ∩ Sgroud-truth

Sanchor ∪ Sgroud-truth
(1)

The anchor is marked according to the value of IoU to determine whether the anchor
participates in training. The marking method is expressed in Equation (2).

label(xi) =


1
0
none

i f IoUxi > 0.7 or IoUxi = max(IoUi)

i f IoUxi < 0.3
otherwise

(2)

It can be seen from the above that an anchor box corresponding to the same ground-
truth box is considered a positive sample if the IoU is the maximum value or the value is
greater than 0.7 and a negative sample if the value is less than 0.3; the rest are excluded from
the training after preliminary marking and screening. This greatly reduces the number of
anchor box training and only trains the samples that have an impact on the result. Random
sampling is performed in batches in the marked anchor box samples during the training
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process and each batch of data ensures that the data from the positive sample and the data
from the negative sample are 1:1.

In the RPN model, the confidence of the b-box prediction the probabilities of being
an object or belonging to the background, which is predicted by a two-class Softmax layer.
During the forward pass of the network, we can select top N predictions with a higher
score (probability) for being an object for the downstream defect category identification
and box refinement. In the Region Proposal Network (RPN) used in Faster R-CNN, anchor
box confidence scores are calculated to indicate the likelihood that a given anchor contains
an object.

For each prediction box, we need to perform category output and coordinate regres-
sion output. The category output can use the Softmax function to calculate the probability
of belonging to the positive sample and the negative sample, respectively. The coordinate
regression output uses the feed-forward operation to obtain the coordinates of the predic-
tion box and calculate the offset between the prediction box and the anchor box and the
offset between the ground-truth box and the anchor box to minimize the difference between
the two offsets. The offset between the two coordinates can be expressed as Equation (3):

tx = (x− xa)/wa, ty = (y− ya)/ha

tw = log(w/wa), th = log(h/ha)

t∗x = (x∗ − xa)/wa, t∗y = (y∗ − ya)/ha

t∗w = log(w∗/wa), t∗h = log(h∗/ha)

(3)

xa, ya, wa, ha: the center coordinates, width, and height of the anchor box;
x∗, y∗, w∗, h∗: the center coordinates, width, and height of the ground truth box.
During training, a joint optimization method of multi-task solving is adopted, with the

loss function comprising classification loss and regression loss. In this article, the positive
and negative samples of the anchor box are marked as a multi-class problem, using the
Softmax output unit and a loss function based on a negative algorithm. For the coordinate
prediction of the anchor box, which is a regression problem, the improved SmoothL1 loss
function is used to calculate the distance between the predicted coordinates and the true
value. The loss function is expressed in Equation (4):

L({pi}, {ti}) =
1

Ncls
∑

i
Lcls(pi, p∗i ) + λ

1
Nreg

∑
i

p∗i Lreg(ti, t∗i ) (4)

Fast R-CNN target detection calculation includes two stages. First, the selected candi-
date frame is matched with the feature map extracted by the convolutional layer. Next, the
feature map is pooled with a fixed size so that the feature map dimensions are consistent
when entering the fully connected layer. At the end of the network, the Softmax output
unit is also used to determine the specific types of defects and the Smooth L1 loss function
is used to correct the position of the defect to output more accurate position coordinates.

The optimization of the bounding box prediction is a regression problem, which can
be formulated as follows: Given an input image I ∈ RH×W×C, where H, W, and C are the
height, width, and number of channels of the image, a neural network is used to predict a
set of continuous coordinates t ∈ Rd. The network function can be represented as follows:

f (I; θ) = t (5)

where θ denotes the parameters (weights and biases) of the neural network. For a dataset
D = {(Ii, ti)}N

i=1 with N samples, the goal is to minimize the prediction error between the
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true coordinates f (I; θ). The typical loss function for this regression task can be L1 loss,
L2 loss, and the Smooth L1 loss function used in this paper.

L2(θ) =
1
N

N

∑
i=1
∥ti − f (Ii; θ)∥

2

;

L1(θ) =
1
N

N

∑
i=1
∥ti − f (Ii; θ)∥;

SmoothL1(x) =

{
0.5(ti − f (Ii; θ))2

|ti − f (Ii; θ)| − 0.5
,

i f |yi − f (Ii; θ)| ≤ 1
otherwise

(6)

where ti is the true coordinate vector, f (I; θ) is the predicted coordinate vector, and N is
the total number of samples. The objective is to find the parameters θ that minimize the
loss function:

θ∗ = argmin
θ

L(θ) (7)

As shown in Equations (5)–(7) and Figure 4, we can find that L1 loss has a constant
gradient to the prediction error. When the error approaches 0, the constant gradients
could make the network optimization hard to converge to the ground truth. In contrast,
L2’s gradient is proportional to the prediction error. When the prediction error becomes
smaller, the gradient approaches 0, which offers the network stability to converge to the
ground truth. However, when the error is too large, especially at the beginning of the
training, the large gradients could also cause instabilities. Smooth L1 loss reaches a trade-off
between L1 and L2. It has a constant gradient when the error is large and a small gradient
when the error is small. It has shown better robustness in many other bounding box
regression problems [35].
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This article focuses on the common defects in actual production. According to statistics
of existing defect samples, it is found that the largest defect is about 240× 240 pixels, and
the smallest defect is about 18× 18 pixels. Therefore, the initial setting is 12 kinds of anchor
boxes w× h = [162, 962, 1762, 2562]. The ratio of width to height is [0.5,1,2] to cover the
shape and size of the actual defect as much as possible. At this time, k = 12. When setting
the convolution kernel dimension of RPN classification and regression output, it is also
modified to cls: 2k = 24, reg: 4k = 48.



Machines 2025, 13, 33 8 of 17

2.3. Neural Network Pruning

Neural network parameters are numerous and require a lot of computing resources
and memory, which makes it very difficult to deploy neural networks in the embedded
devices industry. Therefore, we propose to prune the original Faster R-CNN architecture
using structure pruning, aiming to search for an architecture that can achieve the best
tradeoff between performance and efficiency. We iteratively remove the t = {1/8, 1/4, 1/2}
parameters of the model. For each t, we then conduct layer-wise pruning by removing a
complete layer if the pruned model can achieve better performance after fine-tuning. We
summarize this procedure as an algorithm in Algorithm 1.

Algorithm 1 Structured Pruning of Faster RCNN model

1: Input: Pretrained CNN model M, pruning thresholds {1/8, 1/4, 1/2}, layers {L1, L2,
. . ., Ln}
Excluding first and last layers
2: Output: Pruning configuration and Pruned model M’
3: Initialize pruned model M’←M
4: for each threshold t ∈ {1/8, 1/4, 1/2} do
5: Remove t portion of parameters in M’
6: Fine-tune M’ on training data
7: Evaluate performance of M’
8: for each layer Li ∈ {L2, . . . , Ln−1} do
9: Temporarily remove layer Li from M’
10: Fine-tune M’ on training data
11: Evaluate performance of M’
12: if Performance improves then
13: Permanently remove layer Li from M’
14: else
15: Restore layer Li in M’
16: end if
17: end for
18: Save the pruning configuration and the pruned model of the best performance
19: end for
20: Take the best model from t ∈ {1/8, 1/4, 1/2} as M’
21: Return Pruned model M’

3. Experiments and Discussions
3.1. Dataset and Evaluation Metric
3.1.1. Dataset Preparation

For the algorithm validation, the object detection model requires a well-labeled dataset.
As no pre-existing dataset for auto body spot welds is available, 1000 images of spot welds at
various positions were collected from an automotive assembly line. The RSW quality vision
inspection experimental platform is depicted in Figure 5. By varying the position of the
robot arm, numerous welding images were captured using an RGB camera, Intel RealSense
d435 (Shanghai, China). Each image in the dataset has a resolution of 4032 × 3024 pixels,
with some spot welds representing only one-thousandth of the total image, making them
small targets. The spot welds were annotated to form a body welding spot detection dataset
consisting of 800 images for training and 200 for testing.
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The imbalance of the data means the imbalanced ratio between the normal spot and
the abnormal spot. In practice, the frequency of the abnormal data is below 0.1%, i.e., every
1000 welding contains no more than one abnormal spot on average. The dataset used in this
article is collected from the industrial partner in the real-world production line, containing
approximately 10% abnormal spots. To alleviate the data imbalance problem, we apply
data augmentation techniques to increase the data quantity and diversity.

An expert engineer annotated the spot welds and classified their quality as “normal”
or “abnormal”, which served as the ground truth. The defective welding spots were further
categorized by defect type, such as overlaps, edge welds, cold welds, etc. Samples of BIW
welding spots and labels are displayed in Figure 5.

Figure 6 further illustrates the process of welding spot image acquisition and local-
ization. The left side shows an image of a welding plate with multiple welding spots
highlighted by red boxes, indicating that the system has successfully located and iden-
tified the welding areas on the plate. These highlighted regions are then cropped and
displayed within the dashed frame on the right. Each welding spot exhibits different
quality characteristics, potentially including both normal and defective spots. This process
involves segmenting the welding spot images and categorizing them, ultimately facilitating
quality inspection.

The experiments were performed on a system equipped with an NVIDIA 2080ti GPU
(NVIDIA, Shanghai, China), using the PyTorch v2.5 deep learning framework for implemen-
tation. The input images used for training were resized to 256 × 256 pixels resolution. A
total of 1035 images were employed for model training processing and data augmentation.
By using the Adam optimization method [36], we set 500 epochs in the training stage, with a
learning rate of 0.02 and a batch size of eight. We compare our proposed model with some
typical surface detection models, such as SSD and CNN-Lenet5 [37].
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Figure 6. The procedure diagram of the welding spot quality inspection process.

3.1.2. Evaluation Metrics

In this work, mAP (mean Average Precision) is used to evaluate the overall accuracy of
object detection by considering both precision and recall across all classes. Recall measures
the model’s ability to detect all true positive instances, highlighting its sensitivity. The
F1-score represents the harmonic mean of precision and recall, providing a balanced
evaluation of detection performance. FPS (Frames Per Second) assesses the inference
speed of the model, indicating its real-time processing capability. Together, these metrics
comprehensively evaluate the effectiveness and efficiency of the proposed approach.

3.2. Experimental Results and Discussions
3.2.1. Comparison Between the Proposed Model and Typical Model

A comparison between SSD, CNN-Lenet5, classical Faster RCNN, and the proposed
model is conducted by visualizing images in Table 3 and Figure 7. Table 4 shows the mean
Average Precision (mAP) and the speed of each model. Figure 7 shows the recall rate of
normal and abnormal samples relatively. Compared to the other models, the proposed
approach significantly improves accuracy, even with a slight increase in time.

Table 3. Comparison between the proposed model and typical models.

Model mAP Time/s

SSD 79.13% 0.727
CNN-Lenet5 84.69% 0.837

Classical Faster RCNN 90.11% 0.983
The proposed model 92.50% 0.969

Models mAP@0.5 Parameters (M) GFLOPs FPS

SPP [38] 83.42 12.77 27.3 162
SPPF 83.50 12.87 27.3 104

SimSPPF [39] 83.18 12.74 27.2 121
YOLO-BiFPN 88.90 9.65 28.8 118
YOLOv8-SE 89.32 7.40 30.1 97

YOLO-CBAM 90.55 7.39 25.6 90
YOLO-EMA 89.30 8.28 25.2 68
Biform [40] 91.3 8.13 25.7 59

LSK attention 91.1 10.15 26.0 73
Our proposed model 90.13 11.39 25.8 66 (15 ms)
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Figure 7. The comparison of recall rates of different models.

Table 4. Model pruning optimization experiment.

Number Experiment Parameter Ts/frame Ps/Frame mAP

1 Faster R-CNN 57.8 M 0.043 0.031 89.8%
2 1/2 Network-wide pruning 14.6 M 0.021 0.008 88.7%
3 1/4 Network-wide pruning 3.7 M 0.008 0.004 86.5%
4 1/8 Network-wide pruning 0.9 M 0.005 0.002 85.1%
5 Delete the 4th Conv Layer 56.5 M 0.041 0.030 90.7%
6 1/2 connected layer pruning 26.3 M 0.026 0.020 91.2%

7 Delete the 4th ConvLayer and
1/2 connected layer pruning 25.5 M 0.025 0.018 92.5%

Figure 8 shows the results of several samples to show the performance of different
models: SSD model (a), CNN-Lenet5 (b), Faster RCNN (c), and the proposed model (d). The
green boxes denote the good welding spots, while the red ones indicate the bad samples.
It can be found that the proposed model can recognize the good and bad welding spots
well. To further validate the model’s prediction and generalization ability, some objects
in the training set were artificially unlabeled. Results demonstrate that it successfully
identified the previously missed spot welds, as demonstrated in Figure 8, confirming the
good performance of the proposed model.

Figure 9 shows some additional examples of detected defects in the testing data. To
verify the detection performance and generalization capability of the proposed model, we
conducted tests using both cropped images and original images. Additional examples
demonstrate that the proposed model achieves a high level of detection accuracy in real
production environments and exhibits strong generalization capability. The defect positive
and negative sample labels are normalized between (0, 1). A result closer to 0 indicates a
higher probability of a normal weld, whereas a value closer to 1 suggests a defective weld.
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3.2.2. Study of Neural Network Pruning

In this section, we propose a pruning algorithm in order to reduce the redundant
parameters of the model, improve the detection speed, and facilitate the deployment of the
neural network model in the actual production detection system. In this paper, combined
with the visualization results of the output of each layer, pruning experiments on different
scales of the model are carried out, and the structure and parameters of the model are
optimized. The experiment content is shown in Table 4.

Analysis of pruning optimization experiment results:
It can be seen from experiments 1–4 that with the decrease in network parameters,

the training time and testing time both decrease significantly. From the test results, the
reduction in parameters will cause the fluctuation of test mAP (mean Average Precision).
According to the analysis, there are two reasons for this phenomenon: one is that modifying
the entire network prevents migration learning based on the pre-trained model, resulting in
insufficient model training; the other is that modifying the model to a large extent damages
the model’s detection capability. However, in general, the modified models of different
scales all have better detection performance, which shows that the algorithm has a certain
degree of stability and robustness.

It can be seen from experiments 1, 6, and 7 that the fully connected layer occupies most
of the parameters of the entire network, and the pruning of the fully connected layer has an
obvious effect on reducing the number of parameters of the entire model. After pruning the
fully connected layer, the model checking performance has improved significantly (mAP:
91.2%). Experiment 7 is carried out on the basis of Experiment 5 and Experiment 6, and the
fourth convolutional layer and the fully connected layer are pruned at the same time.

The experimental results show that the model parameters are reduced by about 50%,
the amount of calculation is reduced, and the training of the model is greatly reduced.
Detection time and model detection performance have been further improved (mAP: 92.5%).
The reason for the improved performance after analysis is that because the training data set
used by the model in this article is small and the data distribution is simple, it is easy to
train with a more complex model. The phenomenon of over-fitting is caused by the targeted
reduction in network parameters, which reduces the non-linearity of the network, reduces
the occurrence of over-fitting to a certain extent, and improves the detection performance
of the model.

4. Conclusions
(1) scientific contribution

This paper aims to predict the welding spot defects during the production of body-in-
white by constructing an inspection system using an improved, faster R-CNN model. This
deep learning network model shows good performance on surface quality inspection for
small object detection. This paper makes the following scientific contributions to the field
of resistance welding spot defect detection:

Enhanced Localization Mechanism: The study improves the Faster R-CNN model by
refining the selection of anchor boxes in the RPN network, utilizing high-confidence anchor
boxes to localize welding spots more accurately. This innovation significantly enhances the
accuracy and efficiency of defect detection systems for small object detection.

Lightweight Pruning Model Design: A novel pruning approach is proposed to opti-
mize the backbone network by removing redundant convolutional and connection layers,
as well as reducing unnecessary parameters in hidden layers. This design reduces the
computational cost, speeds up the processing time, and maintains high detection accuracy.

Real-Time Detection Optimization: The proposed model achieves a testing speed of
15 ms per image, with detection accuracy and recall rates exceeding 90%. This optimization
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fulfills industrial requirements for both efficiency and precision in real-time welding spot
quality inspection.

Practical Applicability for Body-in-White Production: By addressing the specific chal-
lenges of welding spot defect detection in body-in-white manufacturing, the research
provides an efficient and accurate inspection system that meets industrial standards, mak-
ing it highly applicable for real-world deployment.

These contributions demonstrate a significant step toward integrating deep learning-
based inspection methods into industrial production lines, advancing the state-of-the-art
quality control for resistance welding.

(2) Novelty

This approach improves the Faster R-CNN model by refining the anchor box selection
in the RPN network. The method selects anchor boxes with higher confidence levels
for weld spot localization, thereby improving both the accuracy and efficiency of the
detection system.

A novel pruning model is introduced, removing redundant convolutional and connec-
tion layers within the backbone network and reducing some parameters in each hidden
layer. This design significantly decreases the model’s parameter count and improves
detection speed while maintaining detection accuracy.

The proposed model achieves a testing speed of 15 ms per image, with detection
accuracy and recall rates both exceeding 90%, meeting the high efficiency and precision
requirements of welding spot defect detection.

(3) Limitation

Due to the actual environment of the production line, we are unable to collect sufficient
data samples. The number of samples in the dataset is insufficient and unbalanced when the
model is trained, which may cause over-fitting, leading to missed detection and recognition
errors in the real test.

The predicted welding spot defects in question here are particularly surface welding
spot defects and not welding spot defects in general. Therefore, The detection performance
is also limited due to the fact that the volume spot welding defects can apparently go
undetected here.

(4) Future work

The abundance of data plays a vital role in the performance of deep learning algo-
rithms. In future work, it is necessary to improve the data management system, increase the
number of samples, and improve the quality of samples. We hope to make some progress
in the aspect of novel data augmentation.

Faster R-CNN, while accurate, is still slower than models such as YOLO or SSD
when used in real-time production environments. Future developments could focus on
optimizing the Region Proposal Network (RPN) or incorporating lightweight architectures
such as MobileNet or EfficientNet into the Faster R-CNN pipeline to reduce inference time
while maintaining accuracy.

Surface defects in weld spots often vary in size, from small cracks to large spatters.
Faster R-CNN already handles multi-scale detection to some degree, but enhancing this
capability, potentially through multi-scale feature extraction techniques such as Feature
Pyramid Networks (FPN), could lead to even better detection of tiny or barely visible defects.

Future research should also focus on integrating multiple validation techniques, includ-
ing metallographic analysis, destructive testing, ultrasonic inspection, X-ray imaging, and
statistical comparison, to establish a comprehensive and systematic evaluation framework
for weld defect detection. By combining the strengths of each method, such as the precision
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of metallography, the performance insights from destructive testing, and the scalability of
non-destructive methods such as ultrasonic and X-ray inspections, researchers can improve
the reliability and applicability of visual inspection models. Furthermore, statistical analysis
can help refine defect classification thresholds and enhance the accuracy of predictive models,
paving the way for more robust and automated welding quality control systems.
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