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Abstract

Accurate weld keypoint localization is an important visual perception task for robotic
welding, weld tracking, and intelligent manufacturing. However, weld keypoints in line-
structured light images are usually small, weakly textured, and easily affected by reflections,
noise, and spurious laser stripes. These factors make it difficult for lightweight detection
models to balance localization accuracy and computational efficiency. To address this
problem, this paper proposes Weld-FHG-YOLO, a lightweight multi-frequency feature
fusion network for weld keypoint localization. The proposed model is built on the You Only
Look Once version 11 nano (YOLO11n) framework and focuses on optimizing feature fusion
and scale transformation in the Neck. Specifically, FasterC3K2 is introduced to replace
the original C3K2 modules in the Neck, thereby reducing redundant computation during
multi-scale feature fusion. In addition, a Haar Wavelet Decomposition and Group Shuffle
Convolution (HWD-GSConv) downsampling fusion module is designed, in which Haar
wavelet decomposition preserves low-frequency structural information and high-frequency
details, while GSConv performs lightweight multi-frequency feature fusion. Experimental
results show that Weld-FHG-YOLO achieves 2.301 M parameters and 6.016 GFLOPs,
which are 11.26% and 6.83% lower than those of YOLO11n, respectively. Meanwhile,
mAP@0.5:0.95 increases from 0.7337 to 0.7901, the Mean Center Error (MCE) decreases from
2.254 px to 2.131 px, and the CPU inference speed increases from 13.69 to 14.77 frames per
second (FPS). These results indicate that the proposed method improves strict localization
accuracy and localization stability while maintaining a lightweight computational profile,
providing a practical visual perception approach for weld keypoint localization in resource-
constrained intelligent manufacturing scenarios.

Keywords: weld keypoint localization; line-structured light images; robotic welding perception;
lightweight detection network; multi-frequency feature fusion; haar wavelet downsampling;
intelligent manufacturing

Machines 2026, 14, 1022

https:/ /doi.org/10.3390/machines14091022


https://crossmark.crossref.org/dialog?doi=10.3390/machines14091022&domain=pdf&date_stamp=2026-09-08
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/machines
https://www.mdpi.com
https://orcid.org/0009-0001-0794-0762
https://orcid.org/0000-0002-4353-3283
https://orcid.org/0000-0001-9781-9677
https://doi.org/10.3390/machines14091022

Machines 2026, 14, 1022

2 0f 23

1. Introduction

Welding is a critical process in shipbuilding, pressure-vessel manufacturing, rail transit,
and steel-structure production, where weld formation quality directly affects the service
safety and production efficiency of structural components. In practical manufacturing,
assembly errors, thermal deformation, workpiece positioning deviations, and process
disturbances can cause the actual weld trajectory to deviate from the predefined path. If
welding robots still rely on conventional teach-and-repeat trajectories, such deviations may
lead to weld offset, incomplete penetration, undercutting, or repeated rework, thereby
increasing material waste, downtime, and quality-inspection costs. Therefore, real-time
and stable acquisition of weld position information in complex welding environments is
essential for improving robotic welding automation and reducing manufacturing quality
risks. Owing to their non-contact measurement, intuitive information representation, and
relatively strong resistance to environmental interference, structured-light vision sensors
have become an important technical route for weld position perception in intelligent
welding robots. Yang et al. [1] systematically reviewed advances in structured-light sensing
for intelligent welding robots and emphasized that visual perception is a key component
for online weld tracking and path correction. Li et al. [2] used a laser vision sensor to
recognize spatially intermittent weld trajectories, providing a visual measurement basis for
automated skip-welding guidance. Zou et al. [3] developed a real-time weld seam tracking
control system based on line-laser vision, demonstrating the practical value of active vision
in welding trajectory correction.

Against this application background, this study focuses on keypoint localization in
line-structured light weld images. Weld feature points are typically located at bending,
fracture, intersection, or local mutation regions of the laser stripe. They provide essential
front-end information for weld centerline extraction, start-point guidance, groove geometry
recognition, and robotic path planning [4-6]. Therefore, weld keypoint localization is not an
isolated image-recognition task, but a core perception step that directly supports welding
trajectory correction and robot motion control. Although these feature points physically
correspond to spatial pixel coordinates, direct coordinate regression can be easily disturbed by
isolated noise in welding environments with strong interference and local stripe deformation.
Accordingly, this study formulates weld feature point localization as an object detection
task by annotating local regions that contain geometric stripe features. This formulation
improves the robustness of feature point region recognition and is better suited to industrial
single-stage detection frameworks.

Early studies on weld visual detection mainly relied on traditional image-processing
methods, such as threshold segmentation, gray-scale centroid extraction, corner detection,
and tracking filters [7-9]. However, when welding images contain spatter, smoke, arc reflec-
tions, or strong metallic reflections, these methods are prone to false edges and laser-stripe
discontinuities, resulting in limited robustness under complex welding conditions [10].

With the development of deep learning, weld feature point localization has increas-
ingly been formulated as object detection, semantic segmentation, or detection followed
by post-processing, aiming to improve model adaptability to complex backgrounds and
irregular laser-stripe patterns [11,12]. Gao et al. [13] proposed YOLO-Weld, which divided
weld feature points into 16 categories and reformulated feature point localization as an
object detection task, thereby improving detection robustness under extreme welding noise.
Gao et al. [14] developed WeldLight, which combines lightweight design, noise augmentation,
and attention for CPU-based weld classification and keypoint localization. Yang et al. [15]
proposed StripePoint-YOLO, which combines a P2 detection head, SPDConv, a joint WIoU
v3-NWD regression loss, and physics-driven data augmentation to improve multi-type weld
keypoint localization under severe industrial interference. In addition, Li et al. [16] developed
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a robotic welding guidance system based on an improved YOLOV5 algorithm and a RealSense
depth camera, while Zhu et al. [17] applied an improved YOLOv5 model to steel-structure
weld recognition. These studies indicate that deep learning, particularly YOLO-based detec-
tion models, can improve the automation level of weld visual detection.

Advances in general object detection and lightweight network design have provided
a technical foundation for weld keypoint localization. YOLO enables efficient single-stage
detection [18], while FPN supports multi-scale feature fusion [19]. SSD and Fast R-CNN repre-
sent single-stage and two-stage detection frameworks, whereas CenterNet and DETR provide
center-based and Transformer-based localization paradigms [20-25]. MobileNet and Mo-
bileNetV2 reduce computational cost through depthwise separable convolution [26,27], while
ShuffleNet and ShuffleNetV2 improve channel interaction and inference efficiency [28,29].
Related studies have further emphasized resource-constrained deployment and position-
aware lightweight feature modeling [30,31]. Recent YOLOL11 variants also demonstrate
the adaptability of compact models to industrial vision tasks [32,33]. Nevertheless, these
general-purpose designs do not explicitly address the high-frequency laser-stripe cues and
center-localization sensitivity of weld keypoints.

Despite these advances, existing weld-specific methods have not fully resolved the
joint requirements of preserving localization-sensitive stripe details and maintaining CPU-
oriented computational efficiency. First, weld feature points are extremely small, and
their discriminative information is highly concentrated around laser-stripe edges, bends,
and local mutation regions. Recent studies have similarly highlighted the difficulty of
reliable weld-keypoint localization in noisy and geometrically complex welding images, as
well as the need for efficient task-specific feature extraction [34,35]. Conventional stride
convolution or pooling-based downsampling may smooth these high-frequency details
while reducing spatial resolution, leading to deviations in the predicted box center. Second,
industrial welding systems are often deployed on CPUs or embedded industrial computers.
Although simply increasing network depth or adding attention mechanisms may improve
accuracy, it also increases the number of parameters, computational cost (GFLOPs), and
memory access cost (MAC), making it difficult to meet the real-time requirements of
closed-loop control.

To address these challenges, this paper proposes Weld-FHG-YOLOQ, a lightweight weld
keypoint localization model based on YOLO11n. The Backbone and Detect Head remain
unchanged, while the Neck is redesigned using two complementary modules. FasterC3K2
reduces redundant computation during multi-scale feature fusion [36], whereas HWD-
GSConv preserves low- and high-frequency stripe information during downsampling
through Haar wavelet decomposition and lightweight GSConv fusion [37,38].

The main contributions of this study are summarized as follows:

1.  Alightweight weld keypoint localization network, named Weld-FHG-YOLO, is pro-
posed for line-structured light weld images. The network is designed as a visual
perception model for robotic welding and intelligent manufacturing scenarios, with
emphasis on localization accuracy, model compactness, and CPU inference efficiency.

2. A FasterC3K2-based lightweight feature fusion module is introduced into the Neck
of YOLO11n. By reducing redundant spatial computation during multi-scale feature
fusion, the module decreases model parameters and computational complexity while
maintaining effective feature representation.

3.  HWD-GSConv downsampling fusion module is designed to enhance multi-frequency
feature representation during scale transformation. Haar wavelet decomposition is
used to preserve low-frequency structural information and high-frequency laser-stripe
details, while GSConv performs lightweight fusion of the decomposed features.
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4. The proposed model is systematically evaluated using baseline comparison, ablation
experiments, comparisons with representative detection models, CPU inference-speed
testing, MCE analysis, and weld-type-specific localization-error visualization. The
results demonstrate that Weld-FHG-YOLO improves strict localization accuracy and
localization stability while maintaining a lightweight computational profile.

The remainder of this paper is organized as follows. Section 2 introduces the image
acquisition platform, dataset construction, and dataset partitioning. Section 3 presents the
overall architecture of Weld-FHG-YOLO, including the FasterC3K2 module and the HWD-
GSConv downsampling fusion module. Section 4 describes the experimental settings,
evaluation metrics, baseline comparison, ablation study, model comparison, and visual
error analysis. Section 5 discusses the task-specific rationale of the proposed modules and
analyzes the balance among detection accuracy, localization stability, and model complexity.
Section 6 concludes the paper and outlines future research directions.

2. Hardware Platform and Dataset
2.1. Hardware Platform and Image Acquisition Principle

The weld images used in this study were acquired using a robotic welding line-structured
light vision acquisition system. The industrial camera used in the system was a HIKROBOT
CB016 (Hikrobot, Hangzhou, China), with a 1/2.9-inch sensor, a resolution of 1440 x 1080 pixels,
and a 25 mm focal-length lens. The central wavelengths of the single-line laser emitter and
the narrowband filter were both approximately 660 nm. During image acquisition, the
single-line laser projected a structured-light stripe onto the weld region, and the industrial
camera captured the laser stripe image on the weld surface from an oblique viewing angle.
The narrowband filter was used to suppress the influence of ambient light and arc reflection
on imaging quality, while the control circuit ensured the stability of laser projection and
image acquisition. When the structured light illuminated grooves, lap edges, or height-
changing regions, the weld geometry caused bending, fracture, or intersection of the laser
stripe. These local geometric mutations usually correspond to key feature points required
for weld tracking and robotic path planning [1,13,14].

During image acquisition, the industrial camera and the single-line laser maintained a
relatively fixed spatial pose, enabling stable two-dimensional representations of structured-
light stripes across different weld types. Figure 1 shows representative weld images acquired
by the system, including V-groove, butt, Y-groove, lap, and fillet welds. To further illustrate
the visual characteristics and detection challenges of the collected data, the figure also
provides example keypoint annotations for these five typical weld types.

As shown in Figure 1, different weld types exhibit distinct stripe morphologies and
different numbers of keypoints. In addition, the images contain various sources of inter-
ference, such as spatter, smoke, local overexposure, strong metallic reflection, and stray
laser stripes. Therefore, a weld keypoint detection model must not only accurately capture
local mutation regions in structured-light stripes, but also maintain strong resistance to
interference and real-time inference capability.

2.2. Weld Keypoint Dataset

In this study, a weld keypoint detection dataset was constructed for training and eval-
uating the proposed Weld-FHG-YOLO model. After image acquisition, each raw image
was horizontally center-cropped to 1280 x 1080 pixels. This operation removed peripheral
regions outside the effective weld observation area while preserving the original verti-
cal resolution. Consequently, all images included in the final dataset had a resolution of
1280 x 1080 pixels. Each image contains one or more weld keypoints. Each keypoint
was annotated using a 40 x 40-pixel bounding box centered on its manually identified
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position. This size retained the surrounding laser-stripe geometry while limiting over-
lap with neighboring keypoints. The boxes represent standardized local regions rather
than physical object boundaries. The annotations followed the YOLO detection format,
in which each target was represented by a class index and normalized bounding-box
coordinates. During inference, the predicted box center was taken as the keypoint coor-
dinate. This formulation accommodates varying numbers and categories of keypoints
across weld types and utilizes local structural context without requiring a predefined
keypoint order.
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Figure 1. Representative annotated line-structured-light images of five weld types acquired us-

ing the vision sensor. Colored boxes indicate the annotated keypoint regions, while class_0 to
class_15 denote the 16 keypoint categories defined in the dataset. (a) V-groove weld (class_0—class_2);
(b) butt weld (class_3—class_6); (c) Y-groove weld (class_7—class_12); (d) lap weld (class_13—class_14);
(e) fillet weld (class_15).

Unlike traditional image-processing-based methods for weld feature point extraction,
this study formulates weld keypoint localization as an object detection task. The model
takes weld structured-light images as input and outputs the class and location of the
local region containing each keypoint. Because weld keypoints are usually small, their
discriminative features are mainly concentrated around bending, fracture, or local mutation
regions of the structured-light stripe. They are also susceptible to interference from spatter,
smoke, and reflections. Therefore, this dataset reflects the small-target localization and
complex-background interference challenges commonly encountered in industrial weld
visual detection.

The dataset contains 16 categories of weld keypoints, with class indices ranging from
class_0 to class_15. These categories correspond to keypoints associated with different weld
types or different geometric locations. The strategy of subdividing multi-type weld feature
points into 16 categories and localizing them in an object detection format is consistent
with previous weld keypoint localization studies, such as YOLO-Weld [13]. To ensure fair
model training and evaluation, all categories were included in the training, validation, and
test sets, and the instance distribution of each category was kept as consistent as possible
across the three subsets.
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class_2

The dataset was manually annotated. For keypoints with clear boundaries, annotations
were made according to the geometric mutation positions of the structured-light stripe.
For keypoints affected by local noise or reflections, the annotation was determined by
considering both the continuity of adjacent stripes and the weld geometric structure. This
annotation strategy allows the center of each bounding box to be as close as possible to
the actual weld keypoint position, providing a reliable basis for the subsequent center
localization error analysis. This procedure reduces reliance on local brightness and helps
control center-position uncertainty caused by noise and reflections. Detailed examples of
keypoint locations for different weld types are shown in Figure 2.

class 0 class 3 class 6 _7
\
\ i S
N 1 S
i class_§* clapés 11
1
LAY L \,
\‘\\
class_1 class_4 class_5 class_9 class_10
(a) (b) (0)
class_14
R
class_15
class 13 |

(d) (e)

Figure 2. Schematic examples of feature point locations for different weld types. The V-groove, butt,
Y-groove, lap, and fillet welds contain 3, 4, 6, 2, and 1 keypoint categories, respectively. (a) V-groove
weld; (b) butt weld; (c) Y-groove weld; (d) lap weld; (e) fillet weld.

2.3. Dataset Partitioning and Class Distribution

During data acquisition, the sensor recorded multiple independent welding video
sequences. Because the imaging process was continuous, adjacent frames often contained
highly similar visual content. Randomly distributing such frames across different subsets
could introduce correlations and produce overoptimistic performance estimates. To reduce
this risk, all extracted frames were manually screened before dataset partitioning. Duplicate
and highly similar images were removed, yielding a cleaned dataset of 6671 images.

The cleaned dataset was divided at the frame level rather than the video-sequence level.
Stratified sampling based on combinations of keypoint categories was used to maintain
similar class distributions across the three subsets. The dataset was divided into training,
validation, and test sets at an approximate ratio of 70%:15%:15%.

The training, validation, and test sets contained 4670, 1001, and 1000 images, respec-
tively. Their corresponding numbers of keypoint instances were 14,967, 3206, and 3205.
The training set was used for parameter learning, whereas the validation set was used
for model selection and hyperparameter tuning. The test set was used only for final per-
formance evaluation. Although manual filtering reduced direct duplication among the
subsets, residual correlations between frames from the same video sequence cannot be
completely excluded. The distribution of different weld types across the three subsets is
presented in Table 1.
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Table 1. Distribution of weld images and feature point instances in the dataset.
Dataset A" Butt Y Lap Fillet Total Proportion
Train 1018 990 883 876 903 4670 70%
Validation 218 212 189 188 194 1001 15%
Test 218 212 189 188 193 1000 15%
Total 1454 1414 1261 1252 1290 6671 100%

3. Methodology

To address the challenges of small weld keypoints, weak local textures, and the need
for lightweight deployment in industrial scenarios, this study proposes a lightweight weld
keypoint detection model based on YOLO11n, named Weld-FHG-YOLO. The proposed
model does not modify the main Backbone or Detect Head of YOLO11n. Instead, it
optimizes multi-scale feature fusion and scale transformation in the Neck. Specifically,
FasterC3K2 is used to reduce redundant computation in the Neck feature fusion modules,
whereas HWD-GSConv is introduced to enhance the preservation and fusion of low-
frequency structural information and high-frequency details during downsampling. By
combining these two structures, the model improves weld keypoint detection accuracy and
localization stability while maintaining lightweight characteristics.

3.1. Network Architecture of Weld-FHG-YOLO

Weld-FHG-YOLO uses YOLO11n as the baseline network, and its overall architecture
still consists of three main components: the Backbone, Neck, and Detect Head. The
Backbone extracts multi-level semantic features, the Neck fuses and transfers features at
different scales, and the Detect Head predicts the class and location of each weld keypoint
based on the fused features. Considering that the discriminative information of weld
keypoints is mainly concentrated around bending, fracture, and local mutation regions of
structured-light stripes, this study focuses on the structural improvements on the Neck,
which directly affects the quality of the input features provided to the Detect Head.

The improved Neck mainly involves two structural replacements. First, the original
C3K2 modules in the Neck are replaced with FasterC3K2 to reduce repeated spatial convo-
lution during multi-scale feature fusion. Second, some bottom-up stride convolutions in
the Neck are replaced with HWD-GSConv, enabling feature maps to explicitly preserve
low-frequency contour information and high-frequency edge details during scale transfor-
mation. This design avoids substantial modifications to the Backbone while targeting two
key factors that are particularly important for weld keypoint detection: detail preservation
and multi-scale feature fusion.

Specifically, FasterC3K2 serves as a lightweight feature fusion module by using partial
convolution to reduce the parameter count and computational cost in the Neck. HWD-
GSConv serves as a multi-frequency downsampling fusion module, where Haar wavelet
decomposition and lightweight GSConv fusion are used to alleviate the loss of high-
frequency information caused by conventional downsampling. These two modules are
functionally complementary, enabling the Detect Head to receive multi-scale features that
contain both semantic information and local details.

The two modules address distinct bottlenecks in weld keypoint localization. FasterC3K2
reduces redundant spatial computation during multi-scale feature fusion by applying
partial convolution to only a subset of channels. HWD-GSConv alleviates the loss of
localization-relevant details during scale transformation. Haar decomposition preserves
low-frequency stripe structures and high-frequency edge details, while GSConv performs
lightweight multi-frequency fusion. Their combination therefore balances model complex-
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ity, inference efficiency, and localization accuracy through complementary mechanisms
rather than simple structural stacking. The overall architecture is shown in Figure 3.
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Figure 3. Overall architecture of the proposed Weld-FHG-YOLO network.

3.2. Baseline Network

This study uses YOLO11n as the baseline model for weld keypoint detection. YOLO-
series models have advantages in end-to-end training and real-time inference [18,23], and
YOLOv11n has recently been applied to lightweight scenarios such as industrial surface
defect detection and agricultural robotic vision [32,33]. In YOLO11n, the Backbone extracts
image features at different levels, the Neck fuses multi-scale features, and the Detect Head
outputs object classes and bounding-box locations. Therefore, YOLO11n is suitable as a
baseline network for weld keypoint detection under resource-constrained conditions.

Compared with conventional object detection tasks, weld keypoint detection relies
more heavily on local details. Keypoints are usually located at bending, fracture, or local
mutation regions of structured-light stripes, where the target regions are small and edge
textures are relatively weak. These regions are also susceptible to interference from spatter,
smoke, reflections, and high-intensity metallic surface highlights. Therefore, although
directly using YOLO11n can provide good real-time performance, it may still suffer from
insufficient detail representation, predicted-box center deviation, or missed detection of
small targets in complex weld images.

The Neck is located between the Backbone and the Detect Head, and it directly affects
the quality of multi-scale feature fusion and the representational capacity of the features
delivered to the Detect Head. Multi-scale feature fusion structures, such as FPN, have
demonstrated the importance of integrating cross-scale semantic and detail information
for object detection [19]. Therefore, this study optimizes the Neck while keeping the
main Backbone and Detect Head structures unchanged. This design preserves the feature
extraction capability of the baseline network while more directly improving the multi-scale
fusion and local detail preservation required for weld keypoint detection.
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3.3. FasterC3K2 Lightweight Feature Fusion Module

In the YOLO11n Neck, C3K2 modules are used for multi-scale feature extraction and
fusion. However, weld keypoints are spatially concentrated, and applying spatial convolution
to every channel may introduce redundant computation. Inspired by the partial convolution
strategy of FasterNet, FasterC3K2 divides the input channels into two subsets [36]. A 3 x 3
convolution is applied to one subset, while the remaining subset retains an identity path.
The two branches are then concatenated and processed using a 1 x 1 convolution for
channel interaction.

For weld keypoint localization, the identity branch preserves the original laser-stripe
structure, while the spatially convolved branch extracts local geometric cues such as stripe
edges, bends, intersections, and intensity mutations. The subsequent 1 x 1 convolution
enables information interaction between the two branches. Consequently, FasterC3K2 re-
duces redundant spatial computation without discarding the local structural cues required
to determine keypoint centers. FasterC3K2 replaces only the C3K2 modules in the Neck,
while the Backbone remains unchanged. Its structure is illustrated in Figure 4.
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Figure 4. Structure of the FasterC3K2 lightweight feature fusion module. (a) Original C3k2; (b) Pro-
posed FasterC3k2; (c) FasterBlock.

3.4. HWD-GSConv Downsampling Fusion Module

Weld keypoint localization depends strongly on stripe edges, bends, intersections,
discontinuities, and local intensity mutations. Conventional stride convolution may weaken
these localization-sensitive details during scale transformation. Therefore, HWD-GSConv
replaces the 3 x 3 stride convolutions at the P3-to-P4 and P4-to-P5 transformations in the
YOLO11n Neck. The module consists of Haar Wavelet Downsampling and GSConv, as
shown in Figure 5.

HWD first applies fixed Haar wavelet filters to perform multi-frequency decomposi-
tion of the input feature. Haar Wavelet Downsampling can preserve structural and detailed
information while reducing the spatial resolution [37]. Four two-dimensional Haar filters
are used to obtain the LL, LH, HL, and HH sub-bands:
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Fp1 is the low-frequency filter, which is mainly used to extract the overall structure

)

and contour information of the feature map; Fy , Fyy and Fyp are high-frequency filters,
which extract edge and local variation information in different directions. These filters use
fixed coefficients and are stored as buffers; they are not updated during backpropagation.
Therefore, Haar wavelet decomposition does not introduce additional trainable parameters.
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C/2— C/2

C x H/2 x W/2

Figure 5. Architecture of the proposed HWD-GSConv downsampling fusion module.

Given an input feature X € RC*HxW

, performs wavelet decomposition independently
on each channel using grouped convolution, with the convolution stride set to 2. The
four wavelet sub-bands are then concatenated along the channel dimension and can be

expressed as follows:

Xw = Concat {(X * FLL)iZ’ (X * FLH)iZ/ (X * FHL)iZ/ <X * FHH)iZ} (2)

where * denotes the convolution operation, and | 2 denotes spatial downsampling by
a factor of 2. After wavelet decomposition and channel concatenation, the feature size
changes from C x H x W to 4C x H/2 x W /2. Compared with directly using stride convo-
lution for scale transformation, HWD explicitly maps low-frequency structural information
and high-frequency details in different directions to the channel dimension while reduc-
ing spatial resolution, thereby providing a multi-frequency representation for subsequent
feature fusion.

Since the number of output channels from HWD is expanded to four times that of the in-
put, directly using standard convolution for channel compression and multi-frequency fusion
would introduce a large number of parameters and high computational cost. Therefore, this
study further introduces GSConv to perform lightweight fusion of the multi-frequency fea-
tures generated by wavelet decomposition. GSConv was originally designed for lightweight
Neck construction in real-time detectors and can achieve a favorable accuracy-speed trade-off
between standard convolution and depthwise separable convolution [38]. First, a standard
convolution compresses the number of channels from 4C to C/2. Then, depthwise convo-
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lution is applied to the compressed features to supplement local spatial information with
low computational cost. Finally, the outputs of the standard convolution branch and the
depthwise convolution branch are concatenated, and Channel Shuffle is used to exchange
information between different branches.

X1 = [BN(Convix1(Xw))],
Xo = S[BN(DWConusys(X1))], ©
Y = Shuffle[Concat(X1,Xp)],

where Convy 1 denotes standard pointwise convolution, DWConvs 5 denotes depthwise
convolution, BN denotes batch normalization, §(+) denotes the SiLU activation function,
and, Shuffle(-) denotes the channel shuffle operation. After GSConv fusion, the final
output feature Y has a size C x H/2 x W /2, which is consistent with the output scale and
channel number of the original stride convolution.

To analyze the lightweight characteristics of HWD-GSConv, the input and output
channel numbers are assumed to be C, and the bias terms and batch normalization param-
eters are ignored. The main number of trainable parameters in the original 3 x 3 stride
convolution is 9C2. In HWD, the Haar filters use fixed coefficients and contain no trainable
parameters. Therefore, the trainable parameters of HWD-GSConv mainly come from the
1 x 1 standard convolution and the 5 x 5 depthwise convolution in GSConv. The main
parameter counts of the two downsampling methods can thus be approximately expressed
as follows:

’ » 25
Pcony = 9C%, Pawp-Gsconv & 2C° + —-C. (4)

According to Equation (4), as the number of channels increases, HWD-GSConv re-
quires fewer trainable parameters than the original standard stride convolution. This mod-
ule decomposes scale transformation into two stages: fixed Haar-based multi-frequency de-
composition and lightweight GSConv fusion. The former extracts low-frequency structural
information and high-frequency details, whereas the latter performs channel compression,
local spatial modeling, and multi-frequency feature interaction. By combining these two
stages, HWD-GSConv provides downsampled features that contain both structural seman-
tics and local details for subsequent multi-scale fusion in the Neck, while keeping model
complexity under control.

It should be noted that HWD-GSConv is not a completely lossless downsampling
structure. Haar wavelet decomposition first explicitly preserves multi-frequency informa-
tion in 4C channels, and GSConv then compresses these features to C channels. Therefore,
the final output is still a learned compressed representation. In this study, HWD-GSConv is
applied only to the two bottom-up scale transformation positions in the YOLO11n Neck,
while the Backbone, the upsampling path of the Neck, and the Detect Head remain un-
changed. This design preserves the main structure of the baseline network while specifically
improving downsampling detail representation and lightweight feature fusion for weld
keypoint detection.

4. Experiments and Analysis
4.1. Experimental Environment and Training Settings

To evaluate the effectiveness of Weld-FHG-YOLO for weld keypoint detection, experi-
ments were conducted on the self-built weld keypoint dataset. To ensure comparability, all
experiments were performed on the same computing platform. The hardware configuration
and software environment are listed in Table 2.

All models were implemented using the Ultralytics YOLO framework. The input image
size was uniformly set to 640 x 640. The number of training epochs was set to 200, with
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a batch size of 16. The initial learning rate was 0.0001, and the learning rate decay factor
was 0.001. AdamW was used as the optimizer. Mosaic data augmentation was disabled
during training to avoid excessive disturbance to the spatial distribution of weld keypoints
caused by strong augmentation. The number of workers was set to 4, and automatic mixed
precision (AMP) training was enabled.

Table 2. Hardware configuration and software environment.

Experimental Environment Configuration
CPU AMD Ryzen 7 5800H
GPU NVIDIA GeForce RTX 3060
Operating System Windows 11
Python 3.10.20
PyTorch 251
Ultralytics 8.4.23
OpenCV 4.13.0
CUDA 12.1

The final performance of all models was evaluated on the same test set. The evaluation
included detection accuracy, model complexity, CPU inference speed, and keypoint center
localization error. CPU FPS was measured by sequential single-image inference. MCE was
calculated as the Euclidean distance between the center of the matched predicted bounding
box and the center of the corresponding ground-truth annotation.

4.2. Evaluation Metrics

This study comprehensively evaluated each model using Precision (P), Recall (R),
mAP@0.5, mAP@0.5:0.95, Params, GFLOPs, CPU FPS, and MCE. Precision measures the
proportion of correctly detected positive samples among all samples predicted as positive,

and is calculated as follows:
TP

TP+ FP

Recall measures the proportion of correctly detected targets among all ground-truth

p= (5)

targets, and is calculated as follows:

TP

R=TrrFN ©)

where TP denotes the number of correctly detected targets, FP denotes the number of
false positive detections, and FN denotes the number of false negative detections. The
mean average precision (mAP) is the mean value of AP across all categories and is used to
comprehensively evaluate detection accuracy. It is calculated as follows:
1 N
mAP = N 2i=1 AP, (7)

where N denotes the number of categories, and AP; denotes the average precision of the
i-th category. In this study, mAP@0.5 and mAP@0.5:0.95 were used to evaluate detection
performance. mAP@Q.5 represents the mean average precision at an IoU threshold of 0.5,
whereas mAP@0.5:0.95 represents the mean average precision averaged over IoU thresholds
from 0.5 to 0.95 with a step size of 0.05.

To further evaluate the localization accuracy of weld keypoints, MCE was used to
measure the mean Euclidean distance between the center of the predicted bounding box
and the center of the corresponding ground-truth annotation. It is calculated as follows:
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1 M
e = 5T (o = (1 -7 ®

where M denotes the number of matched keypoint targets used for evaluation, (x]’?, yf )

denotes the center coordinates of the j-th predicted bounding box, and (xjg , y‘]g ) denotes
the center coordinates of the corresponding ground-truth bounding box. A lower MCE
indicates a smaller localization error for weld keypoints. Params and GFLOPs were used
to evaluate model complexity, where lower values indicate a more lightweight model. To
improve the engineering interpretability of localization errors, the pixel-level MCE was
converted into an approximate physical distance using the calibrated line-structured-light
imaging system. Pixel coordinates were mapped to the camera coordinate system using the
camera intrinsic parameters and calibrated laser-plane equation. Under the fixed sensor-
to-workpiece geometry, the local equivalent scale was approximately 0.05 mm/pixel [15].
Therefore, the physical localization error was calculated as:

MCE i & 0.05 X MCE,. 9)

where MCE,,;;, and MCpr denote the localization errors in millimeters and pixels, respectively.
CPU FPS was used to measure inference speed in a CPU environment and reflects the
deployment potential of the model in industrial scenarios.

4.3. Comparison with the Baseline Model

The proposed Weld-FHG-YOLO was first compared with the baseline YOLO11n
model. The test results are presented in Table 3.

Table 3. Comparison between YOLO11n and Weld-FHG-YOLO on the test set.

Model Params (M) GFLOPs P R mAP@0.5 mAP@0.5:0.95 CPU FPS MCE
(px/mm)
YOLO11n 2.593 6.457 0.9898 0.9841 0.9938 0.7337 13.69 2.254/0.113
Weld-FHG-YOLO 2.301 6.016 0.9899 0.9910 0.9940 0.7901 14.77 2.131/0.107

As shown in Table 3, compared with YOLO11n, Weld-FHG-YOLO reduced the number
of parameters from 2.593 M to 2.301 M, corresponding to a reduction of approximately
11.3%. GFLOPs decreased from 6.457 to 6.016, representing a reduction of approximately
6.8%. Meanwhile, mAP@0.5:0.95 increased from 0.7337 to 0.7901, with an improvement
of 5.64 percentage points. These results indicate that the improved model achieves bet-
ter overall detection performance under stricter localization thresholds while reducing
model complexity.

In terms of keypoint localization error, the MCE of Weld-FHG-YOLO decreased from
2.254 px (0.113 mm) to 2.131 px (0.107 mm), indicating that the predicted bounding-box
centers were closer to the ground-truth keypoint positions. In addition, CPU FPS increased
from 13.69 to 14.77, suggesting that the proposed method maintains good CPU inference
efficiency while improving detection accuracy and reducing localization error.

4.4. Ablation Experiments

To evaluate the contribution of each improved module to weld keypoint detection
performance, several ablation experiments were designed using YOLO11n as the baseline
model. All models were trained and evaluated using the same dataset split, training
settings, and test set. The experimental results are shown in Table 4.
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Table 4. Ablation results of different improved YOLO11n models on the test set.
Params CrPU MCE
Model M) GFLOPs P R mAP@0.5 mAP@0.5:0.95 FPS  (px/mm)
YOLOL11n 2.593 6.457  0.9898 0.9841  0.9938 0.7337 13.69 2.254/0.113
YOLO11n + GSConv Neck 2.503 6.343  0.9912 0.9906  0.9943 0.7766 12.22 2.145/0.107
YOLO11n + HWD Neck 2491 6.326  0.9932 0.9919 0.9944 0.7875 13.53 2.149/0.107
YOLOL11n + FasterC3K2 2.442 6.196  0.9894 0.9900 0.9943 0.7747 1511 2.161/0.108
YOLO11n + HWD-GSConv 2452 6.277  0.9922 0.9905 0.9944 0.7844 14.64 2.154/0.108
YOLOL11n + FasterC3K2 + HWD  2.340 6.065 0.9885 0.9865  0.9937 0.7787 14.97 2.164/0.108
Weld-FHG-YOLO 2.301 6.016  0.9899 0.9910 0.9940 0.7901 14.77 2.131/0.107

As shown in Table 4, the different improved modules had positive effects on model
performance. After introducing GSConv Neck alone, the number of parameters decreased
from 2.593 M to 2.503 M, GFLOPs decreased from 6.457 to 6.343, and mAP@0.5:0.95 in-
creased from 0.7337 to 0.7766. These results indicate that GSConv can improve feature
fusion in the Neck while reducing model complexity. When HWD Neck was introduced
alone, mAP@0.5:0.95 further increased to 0.7875, and MCE decreased from 2.254 px to
2.149 px. This result suggests that Haar wavelet downsampling helps preserve detail
information related to weld edges and keypoint locations.

When FasterC3K2 was used alone, the number of parameters decreased to 2.442 M,
GFLOPs decreased to 6.196, and CPU FPS increased to 15.11, while mAP@0.5:0.95 reached
0.7747. These results indicate that FasterC3K2 effectively reduces redundant computation
during Neck feature fusion and maintains good detection performance under a lightweight
design. When HWD-GSConv was used alone, mAP@0.5:0.95 reached 0.7844, and MCE de-
creased to 2.154 px. This indicates that combining wavelet-based multi-frequency decompo-
sition with lightweight GSConv fusion helps enhance detail representation in downsampled
features. With the joint effect of FasterC3K2 and HWD-GSConyv, the final Weld-FHG-YOLO
model achieved the best overall performance.

To further visualize the performance trade-off among different ablation models, an
accuracy—complexity trade-off plot was drawn, as shown in Figure 6. In this plot, the
horizontal axis represents GFLOPs, the vertical axis represents mAP@0.5:0.95, and the
marker size represents CPU FPS. Weld-FHG-YOLO is located in the upper-left region of the
plot, indicating that it achieves the highest mAP@0.5:0.95 among all ablation models while
maintaining the lowest computational complexity and relatively high inference speed. This
result further confirms the effectiveness of the proposed improvement strategy.

To further examine the reliability of the reported improvements, repeated-run experi-
ments were conducted for the YOLO11n baseline and the proposed Weld-FHG-YOLO. Each
model was trained three times under the same dataset split and training settings, and the
obtained weights were evaluated on the same test set. The mean and standard deviation of
mAP@0.5:0.95, MCE, and CPU FPS are reported in Table 5. Here, MCE is reported in both
pixels and millimeters according to the calibration relationship of 1 pixel = 0.05 mm.

As shown in Table 5, Weld-FHG-YOLO shows more stable overall performance than
YOLO11n across the repeated runs. The average mAP@0.5:0.95 increases from 0.7296 to
0.7854, while the average MCE decreases from 2.243 px to 2.142 px, indicating improved
detection accuracy and center localization stability. In addition, the relatively small standard
deviations suggest that the performance gain is not dependent on a single training run.
The average CPU FPS of Weld-FHG-YOLO is also slightly higher than that of YOLO11n,
which further indicates that the proposed model improves localization accuracy while
maintaining a modest advantage in CPU inference efficiency.
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Figure 6. Accuracy—complexity trade-off analysis of different ablation models.
Table 5. Repeated-run stability analysis of YOLO11n and Weld-FHG-YOLO on the test set.
Model mAP@0.5:0.95 MCE (px/mm) CPU FPS
YOLOL11n 0.7296 + 0.0072  2.243 £ 0.018/0.112 £ 0.00090  13.40 £ 0.94

Weld-FHG-YOLO  0.7854 4+ 0.0047 2.142 4+ 0.009/0.107 4+ 0.00045  14.45 + 0.55

4.5. Comparison with Other Detection Models

To further evaluate the overall performance of Weld-FHG-YOLO, it was compared with
YOLOv10n, YOLO11n, YOLOvV12n, StripePoint-YOLO, and SSD300-VGG16. All models
were trained and evaluated on the same training, validation, and test sets. A unified test
script was used to calculate Precision, Recall, mAP, CPU FPS, and MCE. The results are
presented in Table 6.

Table 6. Comparison with other detection models on the test set.

Model Params (M) GFLOPs P R mAP@0.5 mAP@0.5:0.95 CPU FPS MCE

(px /mm)
SSD300-VGG16 25.751 31.174 0.9620 0.9399 0.9780 0.7422 4.49 2.597/0.130
StripePoint-YOLO 1.864 8.811 0.9838 0.9772  0.9926 0.6885 10.42 2.357/0.118
YOLOv10n 2.713 8.425 0.9768 0.9774 0.9936 0.7745 14.67 2.089/0.104
YOLO11n 2.593 6.457 0.9898 0.9841 0.9938 0.7337 13.69 2.254/0.113
YOLOv12n 2.571 6.496 0.9929 0.9905 0.9943 0.7325 12.02 2.170/0.109
Weld-FHG-YOLO 2.301 6.016 0.9899 0.9910 0.9940 0.7901 14.77 2.131/0.107

To preserve the standard architecture and official pretrained-weight configuration
of each comparison model, SSD300-VGG16 used its native input resolution of 300 x 300,
whereas the YOLO-series models used an input resolution of 640 x 640. It should be
noted that the lower input resolution may weaken the ability of SSD300 to represent small
weld keypoints. Therefore, this experiment compares the overall performance of different
detection frameworks under their respective standard configurations, rather than strictly
isolating the effect of input resolution on detection performance.
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To examine the convergence behavior of different models during training, the curves
of Precision, Recall, mAP@0.5, and mAP@0.5:0.95 over the training epochs were further
plotted, as shown in Figures 7 and 8.
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Figure 7. Precision and recall curves of different detection models on the validation set. (a) Precision.
(b) Recall.
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Figure 8. mAP curves of different detection models on the validation set. (a) mAP@0.5; (b) mAP@0.5:0.95.

As shown in Table 6, Weld-FHG-YOLO achieved an mAP@0.5:0.95 of 0.7901, which
was the highest among all comparison models. It exceeded YOLOv10n, YOLO1ln,
YOLOV12n, StripePoint-YOLO, and SSD300-VGG16 by 1.56, 5.64, 5.76, 10.16, and 4.79 per-
centage points, respectively. Meanwhile, Weld-FHG-YOLO contained 2.301 M parameters
and required 6.016 GFLOPs. Its GFLOPs were the lowest among the compared models,
while its parameter count was the second lowest after StripePoint-YOLO, while its CPU
FPS reached 14.77. In terms of localization error, Weld-FHG-YOLO achieved an MCE
of 2.131 px, which was lower than those of YOLO11n, YOLOv12n, StripePoint-YOLO,
and SSD300-VGG16, but slightly higher than that of YOLOv10n (2.089 px). Overall, the
proposed model achieved a better balance among detection accuracy, model complexity,
and CPU inference efficiency.

4.6. Visualization and Error Analysis

To analyze the keypoint localization capability of the model from both the overall error
distribution and representative detection results, the center localization error distributions
of different weld types on the complete test set were first calculated, as shown in Figure 9.

In Figure 9a—e represent V-groove, butt, Y-groove, lap, and fillet welds, respectively.
Each scatter point represents the center localization error of a matched keypoint. The box
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indicates the interquartile range of the error distribution, while the horizontal line and

diamond inside the box represent the median and mean values, respectively.
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Figure 9. Distribution of center localization errors for five weld types on the test set. (a) V-groove;
(b) butt; (c) Y-groove; (d) lap; (e) fillet weld.

As shown in Figure 9, Weld-FHG-YOLO achieved lower mean center localization
errors than YOLOL11n for all five weld types. For V-groove, butt, Y-groove, lap, and fillet
welds, the mean errors decreased from 2.24, 1.97, 2.53, 2.03, and 2.39 px to 2.04, 1.86, 2.39,
1.97, and 2.37 px, respectively. Among them, the reduction was most evident for V-groove
welds, indicating that the improved model can more accurately localize multiple keypoints
near groove edges. The overall localization error for Y-groove welds was higher than that
for the other weld types, which may be related to the larger number of keypoints and more
complex local geometry.

To further validate the localization superiority and environmental robustness of the
proposed method, qualitative comparisons and hard-sample visualizations were conducted
under various complex industrial conditions.

Figure 10 illustrates the qualitative comparison of keypoint localization results be-
tween the baseline YOLO11n and the proposed Weld-FHG-YOLO across five representative
scenarios. In Figure 10, the first row shows the localization results of YOLO11n, while the
second row shows those of Weld-FHG-YOLO. Green circles and red crosses indicate the
ground-truth keypoint centers and predicted keypoint centers, respectively, the values next
to the matched keypoints denote the center localization errors between the predicted and
ground-truth centers. For the selected V-groove, butt, Y-groove, lap, and fillet weld samples,
the average image-level MCE decreased from 3.62, 2.97, 3.41, 2.55, and 3.76 px (correspond-
ing to 0.181, 0.149, 0.171, 0.128, and 0.188 mm) for YOLO11n to 1.65, 2.14, 2.50, 1.04, and
1.31 px (0.083, 0.107, 0.125, 0.052, and 0.066 mm) for Weld-FHG-YOLO, respectively.

To explicitly demonstrate the boundary performance under extreme industrial distur-
bances, Figure 11 presents the visualization results and quantitative metrics on challenging
samples suffering from severe arc glare, intense spatter, and degraded contrast.
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Figure 11. Visualization results of keypoint detection on challenging samples under severe industrial
disturbances. (a) Corresponding original input images. (b) Keypoint detection, confidence scores,
and corresponding MCE metrics for representative weld seam scenarios (e.g., strong arc glare and
intense spatter). Green boxes denote ground-truth annotations, red boxes denote network predictions
(with red crosses indicating keypoint centers), and green labels indicate missed detections (Miss).
The callout boxes in the upper-left corner of each image display the overall accuracy (Acc) and Mean
Center Error (MCE).

As observed in Figure 11b, even when image features are heavily corrupted by in-
tense arc glare or dense spatter, Weld-FHG-YOLO maintains strong localization stability.
Although minor missing detections (Miss) occasionally occur under extreme local satu-
ration (such as Miss c0 in the second scenario), the network successfully captures the
remaining critical keypoints with reasonable center deviations. These results indicate that
the proposed method maintains a degree of localization robustness under the evaluated
noise conditions.

Taken together, the visualization results show that Weld-FHG-YOLO achieved lower
center localization errors across all five weld types. The error distributions on the complete
test set reflect the overall improvement in localization performance, whereas the repre-
sentative difficult samples further demonstrate the model’s localization behavior under
complex geometric structures and visual interference. In particular, under multi-keypoint
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groove structures and conditions involving reflection, overexposure, and stray laser stripes,
the predicted centers of the improved model were generally closer to the ground-truth
annotations. This indicates that Weld-FHG-YOLO provides better keypoint localization
accuracy and stronger adaptability to complex weld imaging scenarios.

5. Discussion

The experimental results indicate that optimizing the Neck structure can effectively
improve weld keypoint localization. Unlike conventional general object detection scenarios,
weld feature points in line-structured light images are usually small, locally concentrated,
and easily affected by weak texture, overexposure, surface reflection, and stray laser stripes.
Therefore, the quality of multi-scale feature fusion directly affects the localization accuracy
of weld feature points.

The effectiveness of FasterC3K2 mainly comes from its reduction of redundant spa-
tial computation. In the ablation experiment, introducing FasterC3K2 alone reduced the
number of parameters and GFLOPs while maintaining good detection performance, in-
dicating that this module achieves a reasonable balance between lightweight design and
feature representation.

The effectiveness of HWD-GSConv mainly comes from its ability to alleviate detail
loss during downsampling. Conventional stride convolution reduces the spatial resolution
of feature maps, but it may also smooth or weaken high-frequency information such as
weld-stripe edges, bends, and local mutations. These high-frequency cues are important
for keypoint localization.

The combination of the two modules is not a simple stacking of structures, but a
targeted response to two different bottlenecks in the Neck. FasterC3K2 reduces redundant
computation during multi-scale feature fusion, whereas HWD-GSConv preserves multi-
frequency details during downsampling. The former contributes to lightweight feature
fusion, while the latter contributes to detail preservation and feature stability. In the ablation
study, each module improved model performance when used individually, and their
combination achieved better overall performance. This indicates that the two improvement
directions are complementary.

The improvement in mAP@0.5:0.95 was more pronounced than the reduction in MCE.
Compared with YOLO11n, mAP@0.5:0.95 increased from 0.7337 to 0.7901, whereas MCE
decreased from 2.254 to 2.131 px. The MCE reduction was 0.123 px, corresponding to
approximately 5.46% or 0.006 mm. This difference arises because the two metrics evaluate
different aspects of model performance. mAP evaluates detection quality across multiple
IoU thresholds, whereas MCE measures residual center displacement only between matched
predictions and ground-truth targets. Since YOLO11n already achieved a relatively low
center error, the remaining margin for MCE reduction was limited. Therefore, the MCE result
represents modest refinement of localization rather than a large physical improvement.

From the perspective of intelligent manufacturing, accurate weld keypoint localization
can provide geometric references for robotic weld tracking, trajectory correction, and path
planning. The proposed Weld-FHG-YOLO focuses on the visual perception front end rather
than a complete robotic welding control system. Compared with the YOLO11n baseline,
the model improves strict localization accuracy and reduces model complexity, which is
beneficial for weld visual perception under resource-constrained industrial conditions. The
visualization results further show that Weld-FHG-YOLO produces more stable keypoint
localization in challenging cases with reflection, overexposure, noise, and stray laser stripes.
However, occasional missed detections still occurred under severe local saturation, indicat-
ing that extreme feature corruption remains challenging. These characteristics indicate its
potential value for robotic welding perception and intelligent manufacturing applications.
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It should also be noted that the model with only FasterC3K2 achieved a slightly higher
CPU inference frame rate than the final complete model. This is mainly because HWD-
GSConv introduces wavelet decomposition and multi-channel feature fusion operations,
which bring a small amount of additional computational cost. Therefore, Weld-FHG-YOLO
does not simply pursue the highest inference speed. Instead, it aims to balance local-
ization accuracy, localization stability, parameter count, and computational cost, thereby
achieving better overall performance. The final model achieved a CPU inference speed
of 14.77 FPS, corresponding to approximately 67.7 ms per image. However, this measure-
ment covers only model inference and excludes image acquisition, data communication,
robot control, and trajectory-update latency. Therefore, the present results indicate poten-
tial for CPU-based front-end weld perception but do not establish closed-loop real-time
welding performance.

Although the proposed method shows promising performance, several aspects require
further investigation. First, the present dataset was partitioned at the frame level after man-
ually removing duplicate and highly similar images. Although this preprocessing reduced
direct overlap among the subsets, residual correlations between frames originating from
the same video sequence cannot be completely excluded. Future work will adopt sequence-
disjoint partitioning across independently recorded videos to provide a stricter evaluation
of model generalization. Second, the manually annotated 40 x 40-pixel bounding boxes
may contain residual center-position uncertainty, particularly under severe reflection, spat-
ter, or local saturation. Such residual deviations may act as label noise during training and
potentially weaken localization stability under severe visual interference. They may also
affect the reported MCE because the annotated centers are used as reference positions. Since
all models were trained and evaluated using the same annotation protocol, the comparison
remains methodologically consistent; nevertheless, small differences in MCE should be
interpreted with appropriate caution. Repeated annotation or multi-annotator consistency
analysis should be used to quantify this uncertainty in future work. Third, the experiments
were conducted on a self-built line-structured-light weld image dataset. The generalization
ability under different sensors, welding materials, and manufacturing conditions should
therefore be further validated. Finally, this study does not include closed-loop robotic
welding experiments. Future work will integrate the proposed model into an actual robotic
welding platform and evaluate its effects on trajectory tracking accuracy, processing latency,
and welding quality.

6. Conclusions

This paper proposes Weld-FHG-YOLO, a lightweight multi-frequency feature fusion
network for weld keypoint localization in line-structured light images. The model is built
on the compact YOLO11n framework, while the main Backbone and Detect Head are kept
unchanged. To improve the balance between localization accuracy and model lightweight-
ness, the Neck is optimized using two complementary modules. FasterC3K2 reduces
redundant computation during multi-scale feature fusion, and HWD-GSConv enhances
multi-frequency detail preservation during downsampling.

Experimental results on a 16-class weld keypoint dataset show that Weld-FHG-YOLO
achieves better overall performance than the YOLO11n baseline. The number of parameters
decreased from 2.593 M to 2.301 M, and GFLOPs decreased from 6.457 to 6.016. Meanwhile,
mAP@0.5:0.95 increased from 0.7337 to 0.7901, MCE decreased from 2.254 px to 2.131 px,
and CPU FPS increased from 13.69 to 14.77. The ablation study, comparisons with other
detection models, and visual localization-error analysis further support the effectiveness of
the proposed method on the present dataset in lightweight feature fusion and keypoint
localization stability.
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Overall, Weld-FHG-YOLO achieves a favorable balance among strict localization ac-
curacy, model complexity, and CPU inference efficiency. It provides a lightweight visual
perception approach with potential application in robotic weld tracking, welding path plan-
ning, and resource-constrained industrial visual detection. However, because the present
evaluation is limited to a self-built dataset and does not include closed-loop robotic welding
experiments, its generalizability and end-to-end applicability remain to be validated. Fu-
ture work will expand the dataset under more diverse welding conditions and evaluate the
proposed method on embedded platforms and robotic welding systems to further improve
its robustness and real-time applicability in complex manufacturing environments.
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