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Abstract: Benchmark feature detection is critical in mobile robot automatic drilling systems
for compensating robot accuracy and assembly errors in aerospace manufacturing. System
accuracy is influenced by reference feature recognition, which is often hindered by material
interference and background noise. To address these issues, this paper proposes a method
that uses a 2D industrial camera for image capture, applies deep learning for initial target
recognition and positioning, and then determines the feature extraction location based on
the initial recognition. The extracted benchmark positions are accurately fitted using an
improved Huber algorithm. Experimental results demonstrate that this approach improves
the benchmark feature detection recognition rate by 43.8%, center recognition accuracy by
78.26%, and overall hole processing accuracy by 54.69%.

Keywords: automatic drilling; deep learning; YOLOV5; benchmark detection; robotics;
mobile robotic systems

1. Introduction

In recent years, with the rapid development of aerospace technology, the aerospace
industry has become a representative of high-end manufacturing, and its production and
assembly technology directly determines the performance and reliability of aircraft. In the
aircraft manufacturing process, the assembly process accounts for more than 40% of the
entire production cycle [1]. As one of the key processes in aircraft assembly, drilling directly
determines the performance of the connector and the strength of the overall structure. In
the assembly of aircraft structural parts, more than half of the components need to be
completed by riveting, and the accuracy of the drilling position will directly affect the force
distribution and connection quality of the rivet [2], especially in the working environment,
where mobile robots are used to assist in assembly [3]. The drilling accuracy problem is
more prominent.

In mobile robot automatic drilling systems, accuracy is affected by three main error
sources: (1) robot-induced errors [4], such as rigidity deviations and cumulative positioning
errors; (2) dynamic operational errors, including vibrations and path deviations [5]; and
(3) visual system errors [6], such as calibration inaccuracies and lighting changes. These
errors compound, reducing system precision.

Accurate benchmark feature recognition is crucial for error compensation. Any recog-
nition error propagates through the system, impacting compensation [7]. Precise detection
ensures consistent global positioning, even with movement-induced errors [8]. It enables
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real-time local error compensation and stabilizes the system against environmental fluctua-

tions [9], thus improving overall drilling accuracy.

At present, in robotic automated drilling and assembly systems, benchmark feature
extraction can be achieved through three main methods: measuring and obtaining reference
points using laser tracker devices, analyzing and identifying benchmark features from
scanned point cloud data, and capturing 2D images of benchmark features using a 2D
industrial area scan camera for feature recognition. Although several methods have been
proposed for benchmark feature detection in robotic drilling systems, they face significant
challenges, especially in mobile robotic applications. Laser tracker-based methods [10]
can be affected by material interference, while binocular vision [11] and neuromorphic
vision [12] suffer from environmental sensitivity, reducing accuracy. Traditional techniques,
such as template matching and 3D point cloud methods [13-19], also struggle with poor
scan quality and high computational demands, particularly in non-ideal conditions.

In response to these challenges, this paper proposes a novel method that integrates
deep learning with projection feature extraction. By using a 2D camera for benchmark
feature calculation and analysis, the method overcomes data loss, high computational
demands, and hardware limitations associated with point cloud data collection through
line lasers. The main contributions are summarized as follows:

(1) Leveraging deep learning for preliminary positioning. It is highly adaptive, robust
to illumination, noise, and target deformation, and can handle a wider range of
benchmark holes with better accuracy.

(2) It uses surrounding benchmark feature sampling and projection feature extraction,
combined with an improved Huber algorithm for accurate fitting.

(3) This method addresses common recognition challenges such as dirt, surface wear, and
misaligned prefabricated benchmarks.

By calibrating the relationship between the local benchmark area and the robot’s
base coordinate system, it not only resolves positioning and path planning issues but
also significantly enhances system stability and adaptability in dynamic environments,
offering an innovative and reliable solution for improving overall accuracy in mobile robot
automatic drilling.

The paper is organized as follows. Section 2 provides a literature review, summarizing
the existing research in the field and identifying research gaps. Section 3 introduces the
hardware composition of the mobile robot drilling system and the compensation methods
for benchmark detection. In Section 4, the methodology for benchmark feature detection
is introduced, including the YOLOv5-based approach and the feature extraction process.
Section 5 presents the experimental setup and results. Section 6 concludes the paper and
discusses potential future work.

2. Literature Review

Wang Qing et al. [10] proposed a hole position correction method using hole margin
constraint and Shepard interpolation. By using a laser tracker device to obtain measured
skeleton point cloud data and perform denoising and registration, the key benchmark
features of the skeleton boundary points are extracted. This method involves the use of
a laser tracker device and is relatively complex to operate. Sun Xinyue et al. [11] used
a binocular vision inspection system to scan the test workpiece, obtained the benchmark
data of the test workpiece with the help of a laser tracker, and used SA (Spatial Analyzer;
S5A2020.04.09_65432) software to process and fit the point cloud data to obtain the actual
benchmark feature coordinate information. The binocular vision system is relatively large
and requires the help of external software for calculation and analysis.
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Abdulla Ayyad et al. [12] proposed a control method based on neuromorphic vision,
combining visual sensors to detect and locate the benchmark features of through-hole types
in real time. Although this method shows high accuracy in some cases, its limitations are
also obvious. The neuromorphic vision system has weak adaptability to changes in lighting
and environment and is easily affected by external interference, resulting in a decrease in
the recognition accuracy of benchmark features. Andreas Frommknecht et al. [13] proposed
a multi-sensor measurement system to improve the benchmark detection accuracy in robot
drilling. The system integrates laser sensors. Laser sensors are affected by surface reflection
and material, resulting in inaccurate data. Zhuang Zhiwei et al. [14] proposed a hole
position and normal vector detection algorithm based on template matching. They used the
principle of collecting three-dimensional point clouds of the measured surface using a line
laser profiler, filtered the point cloud data using a filter, converted it into a two-dimensional
plane point cloud, and used template matching to identify and locate the reference hole
position. This method requires the use of line laser scanning point cloud data, which
is easily disturbed by the reflection of the workpiece surface during scanning, resulting
in poor quality of the scanned point cloud data. In addition, post-processing requires
processing point cloud data, which has high hardware requirements and time-consuming
calculation processing. Tan Xiaoqun [15] proposed a benchmark hole detection technology
based on line laser scanning and image processing, which converts the three-dimensional
point cloud data measured by the line laser camera into a two-dimensional grayscale image
for feature extraction and processing, and then converts it to three-dimensional space for
analysis and fitting of the benchmark aperture position.

Liu Yuanwei et al. [16] proposed a method to realize the benchmark detection of the
robot drilling system through a visual system. The Hough transform method is used to
directly analyze the benchmark hole. This method has only been verified on standard
circular through holes. This method is only suitable for the situation where the benchmark
features are good and are not affected by the environment and surface material. When
the processing environment is not good, it will be difficult to ensure the robustness of
the benchmark detection. Yan Qiubai et al. [17] used a monocular vision camera to de-
tect benchmark features online, but the benchmark type identified was a through-hole
benchmark with good drilling quality. The type was relatively simple and the benchmark
feature identification was relatively easy. Zhang Haowei et al. [18] used a 2D industrial
area scan camera to identify benchmark features based on a hybrid track drilling system.
The identified feature object was a prefabricated through hole as the reference identification
type, but the identification feature type was relatively single. Du Tianyu et al. [19] proposed
a robust detection method for multiple types of assembly benchmarks using monocular
vision. Through the selected benchmark feature arc segments, the approximate circle of the
benchmark is fitted, and then the arc is clustered by the set threshold. The final benchmark
contour is fitted to identify the benchmarks of through holes, target points, rivets and
through-hole clips. Among them, the contrast of through holes, target points and rivets is
relatively high, and the recognition difficulty is low, but target point stickers are rarely used
in actual assembly. In addition, template matching is relatively easy for the above types of
benchmarks, but template matching is prone to failure for benchmark features with low
image quality.

These methods perform well in controlled environments, but the dynamic nature of
mobile robotic drilling introduces additional challenges. Errors arising from robot mobility
and the need for real-time visual resynchronization make benchmark feature detection
crucial for maintaining drilling accuracy.
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Benchmark feature detection in robotic drilling systems has been the focus of extensive
research. The existing methods and their limitations, as well as the innovations of the

present work, are shown in Table 1

Table 1. Methods and their limitations vs. innovations of the present work.

Reference Methodology & Limitations Innovations of Present Work
[10,11] Using laser trackers and stereo cameras for measurement
! results in complex operations and relatively poor timeliness.
The neuromorphic vision-based control method uses visual
sensors for real-time detection of benchmark features but
shows weak adaptability to lighting and environmental
changes, mal:_mg it susFeftlble,z[ t? 1nterference;[ Multl—sensor The use of a 2D camera for image
finetasll.remen Sys e}r:’n Stm egi? et zs’ir sensfors ° gn]il.rove d acquisition avoids the issue of missing
etection accuracy but are affected by surface reflectionand ¢, 4., 0 edge data caused by material
material properties, leading to inaccurate data. Template LD
[12-15] ) . X ) i reflection in line laser cameras. It
matching algorithms use line laser scanning to capture point : : -
louds and t them to 2D for benchmark hole detecti shortens the time, improves efficiency,
](;0;1 s zfm COIf‘iVQ:. erfrfl Ot q tor enl(':t mar d olede .ec 19n, and is adaptable to meet various
t.u surface reflec iqn a1 ects data quali }:hap processingis .. lex reference types. A dual
ime-consuming. Line laser scanning with image processing y\..100y of coarse localization and fine
converts point clouds to 2D grayscale for feature extraction, P
) . localization is employed. The coarse
then back to 3D for analysis, but suffers from reflection o -
torf 4 lox ti . . localization efficiently and stably
interference and complex, time-consuming processing. identifies the target regions of various
The Hough transform method is used for benchmark hole complex types, and then, based on the
detection, suitable for standard circular through holes, but region obtained from the coarse
sensitive to environmental and surface material changes, localization, the fine localization
lacking robustness. Monocular vision cameras detect extracts feature points around the
benchmark features, suitable for good-quality through holes, center of the region for fitting, enabling
but have limited applicability. Two-dimensional industrial ~ precise identification of the reference
[16-19] scan cameras identify benchmark features, mainly for target’s center position.

prefabricated through holes, with limited feature types. The
monocular vision-based method for detecting multiple
benchmark types fits circles and clusters arcs, with easy
recognition for through holes, target points, and rivets, but
target point stickers are rarely used, and template matching
fails with low-quality images.

3. Mobile Robot Automatic Drilling System

3.1. System Composition

The mobile robot automatic drilling system is a piece of highly efficient automated
equipment for the assembly of aircraft parts. Combining advanced mobile robot technology,
visual inspection system and high-precision drilling spindle tools, it can achieve high-
quality and efficient drilling processing on the surface of complex aircraft parts. The system
is mainly composed of an electrical control system, drilling software control system, AGV
mobile carrier, automatic tool changer, test drilling platform, industrial robot, end drilling
actuator, vertical lifting axis, etc., as shown in Figure 1.

The mobile robot automatic drilling system is mainly used in the assembly of large
and medium-sized structural parts in the aviation manufacturing industry, including
drilling and riveting of aircraft panels, wings, fuselages and other parts, which require high-
precision and high-consistency multi-hole group drilling operations, as well as complex
areas that are difficult to process with fixed equipment during the manufacturing process. In
the aircraft assembly process, the drilling accuracy directly affects the final assembly quality.
Due to the manufacturing errors of the assembled parts and the actual installation errors, the
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direct use of the theoretical drilling points generated by the offline programming software
for processing cannot meet the accuracy requirements of aircraft assembly. Therefore, in
order to meet the accuracy requirements of aircraft assembly drilling, it is necessary to
introduce benchmark detection to correct and compensate for the theoretical position error
of the hole to be made.

SINUMERIK840Dsl
CNC system

B
Drilling software I

control system =,

| Lifting axis platform

Experimental drilling
platform

Automatic tool
Figure 1. Mobile robot automatic drilling system.

The benchmark detection module consists of a module housing, lens protection
cover, a 12-megapixel area scan industrial camera, a fixed-magnification lens, and a high-
brightness white ring light. The structure is shown in Figure 2. The 12-megapixel area
scan industrial camera offers a resolution of 4096 (pixels) x 3000 (pixels). Paired with
a 0.4x fixed-magnification lens and a shooting distance of 230 mm, it achieves a single-
pixel size of 0.008 mm. The benchmark detection module is embedded within the end
effector, ensuring that the camera’s central axis and the spindle’s central axis are installed
on the same plane. When performing benchmark detection, the control system executes
a station-switching command, moving the center of the reference detection module down
to the zero position of the spindle. This ensures that the camera’s center is coaxial with the
pressure foot’s center. Once the benchmark detection module is in position, the control
system opens the lens protection cover and activates the light source to capture images and
locate the benchmark.

Ring light

Figure 2. Benchmark detection module.
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3.2. Benchmark Detection Compensation Method

Benchmark detection uses the internal visual positioning module of the end effector
of the mobile robot automatic drilling system [20] to identify the image pixel coordinates of
the center position of the benchmark hole, and then converts it to the position information
in the robot end effector coordinate system, and finally obtains the corrected robot hole
position to be processed. The benchmark detection process first needs to establish the
world coordinate system (World), robot base coordinate system [21] (Robot Base), tool
coordinate system [22] (Tool), benchmark detection camera coordinate system (Camera),
resynchronized landmark camera coordinate system (ResynCamera), product coordinate
system (Production), and fixture coordinate system (Fixture). The coordinate system of the
benchmark detection process is shown in Figure 3.

(calculate) T™P*“*™ x(Error) T eP2Cm
/
TCamZTc Camera

P Coordinate System

Coordinate System

TBaseZRe
C

Robot Base
Coordinate System

Production
Coordinate System

ResynCamera
Coordinate System

TFix2Pd

/\/ Fixture
Coordinate System

TWorleReC

TReCZWorld

World
Coordinate System
Figure 3. Coordinate system of the benchmark detection process.

According to the coordinate system diagram in Figure 2, the camera obtains the
pixel coordinates of the reference hole by photographing the reference hole based on the

XCal X
product coordinate system |y ;1Y is the reference hole coordinate based on the
ZCal pix Z hole

product coordinate system calculated by pixel coordinates and transformation matrix. Its
relationship can be expressed as Equation (1).

% [TCamZTcp} -1 % {TTcpZBase} -1 % [TBaseZRec] -1 < [TReCZW} -1 % {Twzm} -1 % {TFixZPd] -1 1)

The coordinates of the reference hole in the robot tool center point TCP coordinate
system can be calculated by Equation (2).
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X XCal 1
Y| = |yca| x [T } )
Z tcp ZCal pix
X
where |Y , the pixel coordinates of the reference hole, are converted to the reference
Z tep
XCal
coordinate points under the robot TCP, |y is the reference pixel coordinate for iden-
ZCal

pix
tification, T""2T¢P represents the transformation matrix from camera coordinate system to
TCP, which can be calculated by conversion Equation (3).

[TCamZTCP} -1 _ [Tpix2pic} -1 « {Tpiczcum} -1 « {Tcunﬁbaard} -1 % {TbourdZtcp} -1 3)

XCal
Further, |ycgy can be expressed by Equation (4).

ZCal pix

XCal XRstd — Xe
Ycal = | YRstd — Ye 4)
ZCal pix ZRstd — Ze pix

where (Xgsid, YRstds ZRstd) 1S the absolute standard value of the reference hole on the work-
piece in the image pixel coordinates, and (x., Y, z,) is the error between the actual iden-
tification of the reference hole and the absolute standard value. The difference between
the two is the actual identified usable value. From Equation (5), we can analyze that when
the value of (x,, ye, z.) infinitely approaches 0, the value of (xc,;, Ycar, Zcar) is closer to the
absolute standard value.

XCal XRstd
lim - =0 5
Xererze—0 Ycal YRstd ( )
ZCal pz'x ZRstd pix

The reference hole recognition algorithm is used to identify the pixel coordinates of the
image, (Xca1, Ycal, Zcar); €rror value compensation further reduces the error of benchmark
hole fitting and improves the overall benchmark detection accuracy.

Tpix2pic piczcam eam2board Thoard2tcp gre the transformation matrix relationships from
pixel to image, image to camera, camera to calibration board, and calibration board to
TCP. TP*2Pi¢ is the transformation matrix from the image coordinate system (x,y) to
pixel coordinate system (u,v), which is calibrated by checkerboard. The camera intrinsic
parameters are calculated by Equation (6), and the pixel coordinates can be converted into
image physical coordinates through the calculated camera intrinsic parameters.

u 1/dx 0 U X
vl=1| 0 1/dy v| X |y (6)
1 0 0 1 1
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Tric2eam yepresents the transformation matrix relationships from (X,, Y, Z.) to image
coordinate system (x,y), which is calculated by Equation (7).

X,
X f 000 YC

ch=0f00><zc 7)
1 0010 1C

eam2board represents the transformation matrix relationships from (Xe,Ye, Zc) to the
calibration plate coordinate system (Xj, Y, Z;), which is calculated by Equation (8).

X, X,
Ye| _ |Rsz Tz Y, ®)
Z, o 1 Z

1 1

Establish the calibration plate coordinate system on the calibration plate and take two
points in the calibration plate coordinate system, P1 = (Xj1, Yp1, Zp1), P2 = (X2, Yoo, Zp)
and Zy = Zjp = 0, then the camera coordinate point can be obtained as P| and Pj:

[P{1] = [RT]  [Xin, Yin, ]| o)
[P3,1] = [R, T] x [Xp2, Yi2, Zpo)
which can be rewritten as:
R31Xp1 + Ry + T =0 (10)
R31Xp + R32Ypo + T =0

According to the calibration method of Zhang Zhengyou [23], the R and T matrix
obtained can be used to calculate the normal vector of the camera plane A, B, C.

Thoard2tep represents the transformation matrix relationships from calibration plate co-
ordinate system (X, Y, Z;) to the end of the mobile robot automatic drilling TCP coordinate
system (X3, Yy, Zp), expressed as

Xb Xt
Yy _ Rz T34 Yi (11)
Z, o 1 Z
1 1

4. Benchmark Detection Method Integrating Deep Learning and
Improved Huber Benchmark Fitting

Among the traditional circle detection methods, the Hough transform circle detection
method [24] is a typical circle detection algorithm. It is a traditional detection method based
on parameter space search. It maps the geometric characteristics of the circle in the image
to the parameter space and determines the parameters of the circle (center and radius)
by voting based on the gradient direction of the edge points. Compared with the direct
geometric fitting method, the Hough transform circle detection method has the advantages
of good robustness and wide adaptability. Therefore, the Hough transform circle detection
method is an important detection method in many industrial and visual applications. In
subsequent experiments, the Hough transform circle detection method is also used as
a traditional detection method for comparison. Its main steps are to parameterize the
geometric equation of the circle, map the edge detection information to the parameter
space, and vote to determine the position and size of the circle. The standard equation of
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the circle is Equation (12), where a and b are the coordinates of the center of the circle, and
r is the radius of the circle.
(x—a)®+ (y—b)* = (r)? (12)

The detection principle is to use the canny edge detection algorithm to extract the
edge of the image. For each edge point (x, y), the possible center and radius range are
defined in the parameter space (a,b, ). A voting mechanism is used to generate a series
of possible (a, b, r) values in the parameter space for each edge point, and vote for these
parameter combinations. For a known radius r, the center of the circle is calculated as
a=x=xrcos(0),b =y =£rsin(6), where 0 is the edge gradient direction. Finally, the number
of votes for the parameter combination counted by the accumulator is analyzed, and the
point with the highest vote is considered to be the detected circle.

Based on the fusion of deep learning and improved Huber benchmark fitting algorithm,
the benchmark hole area is quickly located through deep learning object detection to achieve
initial positioning. The edge feature points are further accurately extracted through image
sampling, projection, differential filtering and polarity classification methods [25-27]. The
correct polarity is selected according to the detection direction, and then the edge feature
points are screened according to the preset threshold to obtain the edge feature points. The
screened feature points are fitted with a circle to achieve precise positioning.

4.1. Fusion of Deep Learning and Improved Huber Benchmark Fitting Algorithm

The overall process of deep learning fusion benchmark feature detection is shown
in Figure 4, which mainly includes five steps: image preprocessing, initial positioning,
repositioning, result output, and calculation of hole position error correction matrix. Im-
age preprocessing is employed to reduce the noise of the image and make the image
smoother; initial positioning uses YOLOVS deep learning [28] technology to perform ini-
tial positioning of the benchmark, and the initial positioning center position of the target
benchmark is exported as the image feature sampling and projection interval for reposi-
tioning; repositioning uses the benchmark center position output by the initial positioning
to determine the sampling area range, accurately extract the benchmark features, and use
the random consistency method to initially screen the feature points and Huber final fitting
benchmark center.

Preprocessing
J'r A J
oy | Convert to the System's Base
| Initial Target Detection Using | Coordinates
! YOLOV5 ! !
! |
Initial | l | Input Offline Programming
I | . o
Positioning 1 Output Initial Benchmark i Theoretical Hole Coordinates
! Coordinates | 1
|
‘11 7777777777777777777 Jv’ ffffffffffffffffff - Calculate the Correction
i } Matrix
| Benchmark Edge Feature } ]
| Extraction !
| ! Output the Correction Matrix
Accurate | !
Positioning | Improved Huber Optimal |
| Benchmark Fitting !
W — T .
Output Precision-Positioned
Benchmark Coordinates

Figure 4. Overall flow chart of deep learning-based benchmark feature detection.
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In the context of various forms of benchmark detection in aircraft assembly drilling,
compared with the traditional Hough transform benchmark detection algorithm, the fu-
sion of deep learning and improved Huber benchmark fitting algorithm has achieved
significant improvement in robustness. The traditional Hough transform circle detection
algorithm relies on edge detection results, which is highly sensitive to image noise, pa-
rameter settings and edge integrity. It is easy to produce false detections due to noise
points, or miss detections due to occlusion and incomplete edges. The fusion of deep
learning and the improved Huber benchmark fitting algorithm extracts features through
the deep learning object detection model to complete the initial positioning, and performs
outstandingly in suppressing noise and improving the robustness of detection. At the same
time, the improved fitting benchmark strategy combines the initial positioning results to
accurately locate the benchmark target area, reducing the dependence on edge integrity
and parameter adjustment.

4.2. Initial Positioning of Assembly Benchmark Based on YOLOv5

In the process of benchmark hole detection, in order to improve the detection accuracy
of assembly benchmark, the method based on YOLOvVS5 object detection [29] is used to
realize the initial positioning detection of assembly benchmark. The initial position of
assembly benchmark is first located by object detection, and then the projection method is
used to extract features, and the improved Huber method is used to accurately locate and
detect assembly benchmark. High-precision benchmark positioning is achieved through
the two processes of initial positioning auxiliary detection and precise positioning detection.
As a single-stage object detection algorithm, YOLOVS5 has the advantage of combining
speed and accuracy, providing technical support for industrial real-time detection.

Based on the analysis of the characteristics of the benchmark targets, this paper selects
CSPDarknet53, PANet, and CNN as the network structures for Backbone, Neck, and Head,
respectively, when building the network model architecture.

In the object detection model, the Backbone network is the core module for extracting
image features. Its main function is to convert the input original image X € RE*"*W into
a multi-level feature map F € RE*HW' for subsequent detection tasks. The input image
X € R*H*W jg a three-dimensional tensor, which contains the two-dimensional spatial
dimension width W and height H and channel dimension C information. The feature map
F € RE*H*W' is the feature map tensor, C’ is the number of channels after convolution
processing, H and W’ represent the smaller length and width of the feature map generated
after convolution processing. The CSPDarknet53 network is optimized by using CSPNet
(Cross Stage Partial Network) to improve the feature extraction efficiency. CSPNet is
a neural network architecture optimization technique. The core idea of CSPNet is to divide
the feature map into two parts, one of which is directly passed through, and the other is
processed by the residual module, and then the two parts of the feature map are spliced
together, which enhances the transmission of information flow and effectively reduces the
computational burden. Its feature fusion formula can be expressed as Equation (13):

Fesp = Concat (Fdirect/ Residual (Conv (Fspl,-t) ) ) . (13)

Fiirect 1s a directly passed feature map, which is the feature directly output after
passing a certain stage of the network. F;p;;; is the part into which the input feature map
X is divided, and the features are obtained after being processed by the convolutional
layer and the residual structure. Residual (Conv (Fsplit)) is a feature map processed by
convolution and residual modules, which enhances the depth and information transfer of
the network. Concat is the directly transmitted features, and the residual processed features
are concatenated in the channel dimension to form the final fused feature map.
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The Neck is an intermediate module in the object detection network. Its main function
is to fuse features of different scales to support the detection of objects of different sizes. This
paper adopts PANet as the Neck structure. PANet enhances the information transmission
of low-level features by introducing a bottom-up path, and combines the top-down path
to achieve efficient fusion of multi-scale features. Its feature fusion mechanism can be
expressed by Equation (14):

Frusion = Concat(TopDown (Fhigh),BottomUp(Flozu)) (14)

Fign is the upper-layer feature map (usually with smaller spatial size and richer se-
mantic information). Fj,,, represents lower-level feature maps (usually with larger spatial
size and more detailed information). TopDown is a top-down path that is used to gradually
transfer high-level features to low-level features, thereby enhancing the semantic informa-
tion of low-level features. BottomUp is a bottom-up path that gradually transfers low-level
features to high-level features to ensure that the detailed information of the low level can be
fully utilized. Concat is used to splice the feature maps from different paths in the channel
dimension to form a multi-scale fused feature map. The Head is the final module of the
object detection model and is responsible for performing object classification, bounding box
regression, and confidence prediction. This paper adopts a convolutional neural network
(CNN) as the network structure of the Head. By inputting multi-scale fusion features into
the CNN, the network can perform object classification and bounding box regression. The
final output is Equation (15):

{PclaSS/ Bpox, Pconf} =CNN (Ffusion> (15)

where P, is the classification probability, which represents the probability distribution of
the category to which each candidate box in the input image belongs. By, is a bounding box
regression, which represents the exact position and size of the object (usually represented
by four parameters x,y,w,h, which are the center coordinates, width and height of the box,
respectively). P,y is prediction confidence, which indicates the model’s confidence in the
existence of the object, and usually expresses the probability of whether the object exists.
CNN (F fusion) inputs the fused feature map Fys,, into the convolutional neural network
to perform object classification, regression and confidence prediction.

Through the efficient feature extraction of the Backbone, the multi-scale feature fu-
sion of the Neck, and the accurate detection output of the Head, the entire network can
complete the task of efficient and robust object detection. The mutual cooperation and
functional division of each module enables the model to handle objects of different scales
and complexities at the same time.

4.3. Surrounding Benchmark Sampling Projection Feature Extraction Algorithm

The Surrounding Benchmark Sampling Projection Feature Extraction Algorithm
demonstrates novelty in two key aspects. Precise Sampling Location: The method evenly
distributes sampling points around the target center, narrowing the sampling area to
enhance feature extraction accuracy. Robustness to Noise and Outliers: The algorithm
incorporates a projection strategy that effectively filters out noise and minimizes the impact
of outliers, improving its robustness in real-world applications. Surrounding reference
sampling projection feature extraction requires image sampling, projection, differential
filtering and polarity classification. Determine the sampling direction for the target area,
and according to the set sampling size L x W, obtaina L x W (length x width) size image
along the sampling direction. We project the sampled image to obtain a 1 x L size image,
and calculate the average intensity of each projection line, that is, the average grayscale



Machines 2025, 13, 154

12 of 25

value. The average intensity obtained by projection processing can reduce the probability
of detection failure caused by noise in the measurement sampling area. According to
the sampling image in Figure 5, the average intensity values of the projection line can be
calculated as 255, 218, 142, 44, 11, 0.

255 |255 (179 {105 |19 |0

255|158 |95 |25 (0 |0

255 255 (178 |57 |10 |0

255|169 {100 (12 |0 |0

255 [253 |158 |21 (26 |0

Figure 5. Sampling diagram.

The calculated average intensity value is subjected to a separate convolution operation,
and two one-dimensional convolution kernels are used for filtering operations. Differential
filtering is performed in the horizontal and vertical directions, respectively, and it can
be separated into two independent one-dimensional filters in the x direction and the y
direction. Specifically, we first apply a 1D convolution kernel (Ky) in the x direction, and
then we apply a second 1D convolution kernel (Ky) in the y direction to the result of the
first convolution. The formula is shown in the following Equation (16):

Filter2D(I,K) = filter2D (filter2D(I,Ky), Ky) (16)

where [ is the average intensity of the input, K is the convolution kernel, Ky and K, are the
one-dimensional convolution kernels in the horizontal and vertical directions, with sizes
of 1 x n and m x 1. Execute the differential processing Equation (17), and the differential
processing can eliminate the influence caused by the change of the absolute intensity value
in the center of the measurement area.

=) = far ) - £ 17)

Referring to Figure 5, there is no change in the shadow, the absolute value of the
intensity is 0, and the change is —255 when the color changes from a grayscale value of 255
to a grayscale value of 0. The more obvious the grayscale difference value in the sampling
image, the greater the deviation value obtained by differentiation, and the edge intensity
waveform is shown in Figure 6.

Set the edge threshold and edge polarity value, and filter out interference edges by
using the edge threshold preset in the differential waveform. Edges greater than the set
edge threshold are valid edge feature points and stored in the variable container. Edges
have polarity, which is determined by the direction of edge detection, and the polarity
parameters can be set according to the detection requirements. Figure 7 shows polarity
and threshold screening, which are threshold screening for positive polarity and threshold
screening for negative polarity.
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Figure 7. Polarity and threshold screening.

The output result can be obtained according to the following Equation (18):

LIR(ry)[= T

18
0, otherwise (18)

g(xy) = {

4.4. Improved Huber Circle Fitting Benchmark Identification Algorithm

The improved Huber fitting circle method adds the RANSAC [30] algorithm, performs
a circle fitting screening on the extracted feature points to eliminate some interference points,
and uses an iterative algorithm to correctly estimate the mathematical model parameters
from a set of data containing interference points. Interference points generally refer to noise
in the data, such as mismatches in matching and outliers in the estimated curve. After
the RANSAC algorithm is used for rough screening, the Huber [31] ultra-precision fitting
algorithm is used to fit the reference circle to obtain the optimal position information.

Point set P = {(x1,y1), (x2,¥2), (x3,¥3) . ..... (X1, yn)}; randomly select three points
(xr1, Y1), (%2, ¥2), (X3, Yr3), from the point set P, and fit a circle to the three randomly
selected points using Equation (19), where (x, y.) are the coordinates of the center of the
circle and r is the radius.

(x — XC)Z +(y— VC)Z = (19)
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The Huber loss function can effectively reduce the impact of outliers on the fitting
results, which can be expressed by Equation (20):

{ %eiz forle;] <6

2
(5(\ei| - %5) otherwise (20)

plei) =

Among them, ¢; represents the residual value from the point to the center of the fitted
circle, and ¢ is the judgment threshold of the Huber loss function. The fitting error is the
distance from each data point to the circle model. For a given circle (x_, y.,r) and data
point (x;,y;), the error can be obtained by calculating the distance from the point to the
center of the circle minus the radius r. It is expressed as Equation (21):

e =/ (xi — 2+ (i — v 7 1)

Equation (22) is the result of calculating the minimum sum of losses of the data

()

xC/ yC/ r

point set.

Improved Huber circle fitting benchmark identification algorithm implemen-
tation steps:

Step 1: Randomly select three points from the point set P = {(x1,v1), (x2,¥2),
(x3,y3) ... (xn,yn)} and record them as (x,1,y,1), (X2, Yr2) and (xy3, ¥y3).

Step 2: Use Equation (19) to calculate the center (x, y.) and radius r of the fitted circle.

Step 3: For each point P = {(x1,y1), (x2,¥2), (x3,¥3) ... (Xn,yn)} in the point set
(xi,yi), use Equation (21) to calculate the residual ¢; with the fitting circle, and then use
Equation (20) to calculate the corresponding Huber loss for each point (x;, y;).

Step 4: Use the RANSAC algorithm to select the inliers, and select the inliers according
to the Huber loss value of each point calculated in step 3.

Step 5: Use Equation (22) to optimize the fitted circle by minimizing the Huber loss,
recalculate the center (x_,y.) and radius r, and further refine the fitting by weighted least
squares method.

Step 6: Repeat steps 1-5, randomly sampling three points each time, fitting a new
model, and calculating the set of inliers. Select the fitting circle with the largest number of
inliers as the best model.

Step 7: Output the center (x ., y.) and radius r of the best-fitting circle.

The above steps realize the circle fitting of the Huber loss function, which reduces the
influence of outliers on the fitting results. In the dataset with noise or outliers, the circle
fitting using the Huber function can obtain more robust and accurate results.

5. Experimental Verification and Analysis

The benchmark detection experiment was carried out using the mobile robot automatic
drilling system as a platform. Its visual system consists of hardware such as a 12 million
high-pixel industrial camera, lens, and light source. The benchmark detection camera uses
an area scan industrial camera with a camera resolution of 4096 x 3000 pixels, a white
90-degree ring light source, and a fixed-magnification lens. The processing experiment of
the mobile robot automatic drilling system is shown in Figure 8.

At present, the existing hole and rivet assembly benchmark data are collected, and
the collected assembly benchmark images are expanded by data enhancement. There are
200 samples of each type, and the samples are divided into a training set and test set in
a ratio of 9:1.
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Figure 8. Mobile robot automatic drilling test system.

In this experiment, various performance indicators are analyzed through the training
process of the YOLOv5 model. The pixel size of the image input is 640 x 640, and the
stochastic gradient descent (SGD) optimizer is used for training for a total of 250 rounds.
The initial learning rate is set to 0.01, the batch size is 4, and the momentum is set to 0.937.
Figures 9 and 10 show the changing trends of the mean average precision (1mAP), precision,
and recall of the model during the training process.
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Figure 9. mAP average precision mean graph. (a) mAP_0.5 Mean average precision. (b) mAP
_0.5:0.95 Mean average precision.

metrics/precision o3¢ metrics/recall o

Vd
1
08

06 1

05 09

0.4 08

03 07

06

02 05

0.4

0 50 100 150 200 2 0 50 100 150 200
(a) (b)

Figure 10. Precision and recall graph. (a) Precision. (b) Recall.
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mAP@0.5 (Mean Average Precision at IoU = 0.5): This metric calculates the mean
average precision with an Intersection over Union (IoU) threshold of 0.5. The formula for
mAP@Q.5 can be expressed by Equation (23):

1N
mAP@0.5 = N izt AP (23)

where AP; is the average precision for the i-th class, and N is the total number of classes. A
predicted bounding box is considered correct if the IoU with the ground truth is greater
than or equal to 0.5.

mAP@0.5:0.95 (Mean Average Precision at IoU thresholds from 0.5 to 0.95): This metric
calculates the mean average precision over IoU thresholds from 0.5 to 0.95 with a step size
of 0.05. It provides a more stringent evaluation of the model’s performance over a range of
IoU thresholds. The formula for mAP@0.5:0.95 is shown as Equation (24):

N 1 0095

i=1 () &=t=05 AFi(t) (24)

1
AP@0.5:0.95 = —

m N )
where AP;(t) is the average precision for the i-th class at a given IoU threshold ¢, and the
summation is performed over the 10 thresholds from 0.5 to 0.95.

Precision: Precision measures the proportion of true positive detections out of all the
detections made by the model. The formula can be expressed by Equation (25):

TP

P .. __
recision TP + FP

(25)
where TP is the number of true positives (correctly detected objects), and FP is the number
of false positives (incorrectly detected objects).

Recall: Recall measures the proportion of true positives out of all the ground truth
objects. The formula can be expressed by Equation (26):

TP
Recall = TPLEN (26)
where TP is the number of true positives (correctly detected objects), and FN is the number
of false negatives (ground truth objects missed by the model).

As can be seen from Figure 9a, mAP_0.5 rises rapidly within the first 100 rounds of
training, and tends to stabilize after nearly 100 rounds, and finally stabilizes at a level close
to 1. This shows that the model can accurately detect the object when the IoU threshold is
0.5, and has high detection performance. Although the mAP_0.5:0.95 shown in Figure 9b is
relatively flat during the rise, it eventually stabilizes at above 0.8, indicating that the model
still has good object detection capabilities under stricter IoU requirements (ranging from
0.5 to 0.95). The model can not only effectively detect under looser IoU threshold condi-
tions, but also maintain efficient detection under stricter object positioning requirements,
indicating that it has high positioning accuracy for objects and good generalization ability.

Precision and recall are important indicators for measuring the performance of object
detection models. Precision indicates the proportion of samples predicted by the model to
be positive that are actually positive, while recall measures the proportion of samples that
the model can successfully identify as true positives.

As can be seen from Figure 10a, the accuracy fluctuates greatly in the first 50 rounds of
training, but as the number of training rounds increases, the accuracy gradually stabilizes
and eventually approaches 1. This shows that as the model parameters are continuously
optimized, the number of false positive samples gradually decreases, and the model can
more accurately classify and predict positive samples. As shown in Figure 10b, the recall
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rate also fluctuates to a certain extent in the early stage of training, but gradually stabilizes
at 1 after 50 rounds of training, indicating that the model can identify almost all objects
with a very low missed detection rate.

Based on the above indicators, the performance of the trained model shows good
convergence. Whether mAP_0.5 is close to 1 or mAP_0.5:0.95 is stable above 0.8, it shows
that the model can stably detect the object under different IoU threshold conditions. In
addition, the rapid improvement of precision and recall and the performance that eventually
tends to 1 further verify the superiority of the model in positive category recognition.

Figure 11 shows the detection results on the validation set. By analyzing the results of
the validation set, the effectiveness and robustness of the model in practical applications
are further confirmed. The validation results show that the trained model can demonstrate
high accuracy and stable detection capabilities, and has strong generalization performance.

Figure 11. Validation set test diagram.

The proposed algorithm detects reference holes for covered holes, eccentric holes, flat
head rivets, polished rivets, round head nails, cross nails and core clips. The comparison of
various feature detection results is shown in Table 2, where the first column is the original
image, the second column is the initial positioning result of YOLOVS5 object detection, the
third column is the result of the traditional Hough transform circle detection method, and
the fourth column is the detection of the proposed method. The comparison of various
feature detection results is shown in Figure 11. The effect diagrams shown in the figure are
all local areas intercepted from the original size result diagram after calculation processing.

Table 2. Comparison of various feature detection results.

Benchmark Type

Original Image Y?)Eg;zrll?:lal Traditional Method Proposed Detects
Features 1ng Detection Effect the Effect
Detection

o . . . .
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5.1. Benchmark Recognition Effectiveness and Recognition Accuracy

Verification of the effectiveness of benchmark identification: The effectiveness verifi-

cation of the recognition algorithm is mainly to verify whether the benchmark detection

algorithm can accurately detect the assembly benchmark in the image. First, it is necessary
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to complete the image acquisition work. The mobile robot automatic drilling system is used
to collect various types of assembly benchmark images on the simulation parts, including
occluded holes, eccentric holes, flat head rivets, polished rivets, round head nails, cross
nails and through-hole clips. There are seven types of assembly benchmarks; each type has
30 test samples, as shown in Table 3. The comparison of the effectiveness of the traditional
Hough transform circle detection method and the improved method in this paper is shown
in Figure 12, and the number of identifiable benchmark features is counted, respectively.

Table 3. Experiment feature type and sample size.

Feature Covered Eccentric Flat Head Polished Round Cross Nails Core Cli
Type Hole Hole Rivets Rivets Head Nail P
Sample size 30 30 30 30 30 30 30

Traditional methods

Methods of this article

Recognizable quantity

0C0vered Eccentric  Flat heaﬂ Polished Round Core

clip

Cross

hole rivets head nail  nails

Feature type

hole rivets

Figure 12. Statistics on the effectiveness of seven types of benchmark recognition.

The experimental verification prepared 30 samples for the above seven types of bench-
marks for detection, totaling 210. Compared with the traditional detection method and the
proposed method, the traditional detection method identified a total of 117 holes, and the
proposed method identified a total of 209 holes, and the overall detection recognition rate
increased by 43.8%. Among them, the recognition rates of blocked holes, eccentric holes, flat
head rivets, polished rivets, round head nails, cross nails and through-hole clips increased
by 10%, 16.6%, 93.3%, 36.6%, 23.3%, 40%, and 86.6%, respectively. The experimental results
show that the proposed method has a good effect on benchmark feature recognition, can be
used for heterogeneous benchmark feature recognition, and has better robustness.

Verification of benchmark recognition accuracy: To facilitate the comparison of the
accuracy of benchmark center recognition, a through-hole benchmark with a higher recog-
nition rate of the traditional Hough transform circle detection algorithm is selected, and
10 groups of benchmark image results are identified for calculation. The calculation
method is used to calculate the square difference with the measurement results of the third-
party measurement software VisionMaster (VisionMaster4.2.0) from Hikvision company
(Hangzhou, China). The VisionMaster measurement software was selected as a benchmark
for calculating variance due to its industry recognition and proven accuracy. By comparing
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our method to this reference, we were able to assess its performance and demonstrate
improvements in measurement accuracy. Py (x,y) is the measurement value of the third-
party measurement software, P;(x,y) is the measurement result value of the traditional
Hough transform circle detection method, and P;(x, y) is the measurement result value of
the algorithm in this paper. The square difference between the measurement values of the
two methods and Py(x, y) is calculated to obtain the error values E; and E;, as shown in
Equation (27).

E={/(xi—x)+ (1 — o) @)

By calculating 10 groups of benchmark samples, the values of benchmark X, Y and
error values E; and E; are shown in Table 4. As shown in Figure 13, the algorithm error
comparison shows that the difference between the results calculated by the algorithm in
this paper and the third-party measurement software is small, with an average value of
0.848712 pixels, and the difference between the results calculated by the traditional Hough
transform circle detection algorithm and the third-party measurement software is large,
with an average value of 3.905571 pixels. Compared with the average error value, the
recognition accuracy is improved by 78.26%, so the recognition accuracy of the algorithm
in this paper is significantly higher than that of the traditional Hough transform circle
detection algorithm.

Table 4. Comparison of reference coordinate differences.

The Algorithm Proposed in This Paper

Traditional Algorithms

Benchmark Benchmark E. Benchmark Benchmark E
X Difference (Pixel) Y Difference (Pixel) ! X Difference (Pixel) Y Difference (Pixel) t
—0.923 —0.441 1.022942 2.137 0.089 2.138852
—0.749 —0.724 1.041718 2.631 —0.044 2.631368
0.495 —0.076 0.5008 2.605 0.623 2.678461
—0.689 0.28 0.743721 4.331 2.232 4.872308
—0.391 —0.501 0.635517 3.539 2.259 4.198524
0.864 0.338 0.927761 3.564 3.068 4.702629
—0.175 —0.464 0.495904 3.045 —0.614 3.106287
—1.138 —0.176 1.151529 6.352 2.404 6.791695
—0.295 —0.567 0.639151 1.845 2.461 3.0758
—1.328 —0.014 1.328074 4.722 1.149 4.859782
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Figure 13. Algorithm error comparison.
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5.2. Experimental Verification of Automatic Drilling Benchmark Detection for Mobile Robots

In order to verify the final drilling accuracy of the algorithm, a mobile robot automatic
drilling system was used to perform benchmark detection and drilling experiments on the
curved test drilling plate. The experimental drilling process diagram is shown in Figure 14a.
The material of the plane wall panel is a composite material CF2P, with a thickness of
5 mm and a hole diameter of 5 mm. The mobile robot automatic drilling system was
used to make two benchmark holes at an interval of 250 mm on the experimental wall
panel, making two groups of upper and lower holes. Then, the improved algorithm in
this paper and the traditional algorithm were used to perform benchmark feature hole
recognition to perform benchmark detection and complete automatic drilling. Theoretical
points were generated by offline programming, where the theoretical hole spacing was
25 mm. After the processing was completed, a laser tracker was used to measure the hole
positions compensated by the benchmark feature recognition of the two algorithms. The
Spatial Analyzer (SA) software was used to calculate and analyze the position accuracy of
the holes.

Figure 14. Experimental drilling process diagram. (a) Experimental drilling process. (b) Experimental
drilling results.

The upper row in Figure 14b is the automatic drilling by the benchmark feature
detection of the algorithm in this paper, and the lower row is the automatic drilling by the
traditional Hough transform circle benchmark feature detection. By fitting the 11 points
in each row to generate a straight line, and then calculating the distance value from each
point to the straight line, and then analyzing the distance difference from each point to the
fitted straight line, the consistency of the mobile robot automatic drilling system can be
judged. The data are summarized in Table 5.

Table 5. Distance between hole positions and fitting straight lines.

Proposed Algorithm Distance (mm) Traditional Algorithm Distance (mm)
0.08 0.49
0.04 0.09
0.05 0.05
0.01 0.07
0.04 0.12
0.02 0.06
0.03 0.04
0.08 0.06
0.04 0.1
0.06 0.08

0.19 0.56
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From the results of calculation and analysis in Table 5, it can be seen that the distance of
the straight line distance based on the algorithm proposed in this paper is less than 0.19 mm,
compared with the distance of the straight line distance of the traditional algorithm of less
than 0.56 mm, the maximum discrete distance of the hole position made by the algorithm
in this paper is increased by 0.37 mm, indicating that the straightness of the hole is better.

The actual measurement value of 11 points in each row is further calculated to calculate
the spacing between two adjacent holes, and the difference is calculated by comparing
with the standard hole spacing. The standard spacing is the actual distance between the
two measured benchmarks divided into 10 parts as the standard spacing value, and is used
as the standard reference value for calculating the difference. After calculation and analysis,
as shown in Figure 15, the maximum difference between the measured hole spacing of
the algorithm in this paper and the corresponding standard spacing is 0.29 mm, while
the maximum difference between the hole spacing of the traditional Hough transform
circle algorithm and the measured value is 0.64 mm. Comparative analysis shows that the
accuracy of automatic drilling by the robot using the benchmark detection algorithm in
this paper has been significantly improved, and the data are summarized in Table 6 below.
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Figure 15. Comparison of actual hole spacing differences of the mobile robot automatic drilling system.

Table 6. The difference in hole spacing between reference holes of curved wall panels.

Standard
Distance (mm)

25.0055
25.0055
25.0055
25.0055
25.0055
25.0055
25.0055
25.0055
25.0055
25.0055

Proposed Standard Traditional

Algorithm Difference (mm) Di Algorithm Difference (mm)

. istance (mm) .

Distance (mm) Distance (mm)

24.74 0.26 25.0032 25.65 —0.63
2498 0.02 25.0032 25.08 —0.07
2491 0.09 25.0032 25.01 —0.01
25.05 —0.04 25.0032 24.93 0.07
25.05 —0.04 25.0032 24.96 0.04
24.95 0.05 25.0032 24.98 0.02
24.96 0.04 25.0032 25.07 —0.06
25.09 —0.08 25.0032 25.03 —0.02
25.00 0.01 25.0032 24.99 0.01
25.30 —0.29 25.0032 24.36 0.64
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6. Conclusions

Aiming at the needs of complex and diverse benchmark types in actual engineering
applications of aircraft automated assembly, this paper proposes and studies a benchmark
hole detection method that integrates a deep learning and projection method to extract
features and perform quadratic fitting for precise positioning. The use of deep learning
object detection to initially identify the position of benchmark holes solves the problem
of being unable to meet the needs of diverse benchmark types and avoids limiting the
selection of a single type of benchmark for benchmark detection hole positions during
hole processing. At the same time, the method of precise positioning feature extraction
and fitting the center of the benchmark hole is improved, which can accurately extract
sub-pixel feature points based on the sudden change of edge gradients, ensuring the data
source of the fitting benchmark center. Finally, the improved Huber fitting algorithm is
used to fit the benchmark data to obtain the benchmark center. Through the verification of
the effectiveness and accuracy of benchmark recognition, the overall recognition rate of
benchmark recognition effectiveness has increased by 43.8%, and the recognition accuracy
has increased by 78.26%. In the experimental drilling plate experiment, the improved
algorithm in this paper has improved the accuracy of benchmark feature recognition,
thereby effectively improving the accuracy compensation of benchmark detection. The
difference between the theoretical hole spacing and the actual measured hole spacing in
the drilling process is between —0.29 mm and 0.26 mm, and the absolute difference is less
than 0.29 mm. Compared with the traditional algorithm, the absolute difference is reduced
by 54.69%.

The experiment proves that after the accuracy of benchmark feature recognition is
improved by the algorithm in this paper, the processing accuracy of the entire mobile robot
automatic drilling system is compensated, ensuring the high-precision application of the
mobile robot in a dynamic working environment. Therefore, by optimizing the detection
and recognition method of benchmark features, the processing accuracy of the mobile robot
automatic drilling system can be significantly improved.

Although significant progress has been made in this study with respect to the current
materials and reference features, future work will focus on further optimizing the algo-
rithm to adapt to a broader range of material types and reference types. Specifically, the
system will maintain high robustness when dealing with materials of varying hardness,
surface quality, or strong reflective properties, as well as right-angle edge benchmarks.
Future research will concentrate on enhancing the algorithm’s adaptability, ensuring stable
operation in dynamic and ever-changing manufacturing environments.
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