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Abstract

Owing to variations in the size, shape, moving speed, and direction of different workpieces, robotic
arm vision systems exhibit insufficient capability in identifying feature points across diverse work-
pieces, resulting in limited flexibility of visual recognition. To address this issue, this study focuses
on feature matching methods for multi-workpiece identification, introducing a feature point matching
algorithm into the visual module. Specifically,A multi-workpiece recognition feature matching
method based on the improved Speeded Up Robust Features (SURF) algorithm is proposed. The
method incorporates the extraction of salient regions to reduce the number of mismatched points and
adopts the principal component analysis (PCA) dimensionality reduction principle to reduce the di-
mension of feature point description vectors, thereby shortening the matching time. Furthermore, com-
parative experiments were conducted against the traditional SURF algorithm. Experimental results
demonstrate that, compared to the traditional algorithm, the improved SURF algorithm enhances
recognition accuracy by over 95% and improves matching speed by nearly 50%, contributing to the
further optimization of the SURF algorithm’s matching performance. Workpiece recognition experi-
ments were conducted using a KUKA robotic arm for validation, which also confirms that the pro-
posed improved SURF algorithm can meet the requirements of workpiece recognition in practical
working environments.

DOI: 10.30657/pea.2026.32.31

1. Introduction

Modern industry imposes increasingly stringent demands on
workpiece precision (Anshi M et al., 2024), as high-precision

In recent years, with the acceleration of industrial produc-
tion automation, workpiece recognition has become an indis-
pensable component in production lines, strongly promoting
the development of industrial intelligence (Wei G, 2023).
Workpiece detection technology is widely applied in manu-
facturing, with its core lying in precise target positioning and
classification of diverse workpieces (Chen C et al., 2024).

@ © 2026 Author(s). This is an open access article licensed
under the Creative Commons Attribution (CC BY)

License (https://creativecommons.org/licenses/by/ 4.0/).

workpieces are essential for ensuring the performance and sta-
bility of mechanical equipment.

Over the past few years, machine vision systems have
played an increasingly crucial role in industrial production. A
machine vision system captures workpiece images via a high-
resolution camera. Subsequently, it extracts feature infor-
mation such as edges, contours, and colors of the workpieces
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by leveraging the deep-learning and image - processing algo-
rithms. This enables rapid and accurate recognition of work-
pieces.

For instance, an industrial Al vision system can support the
simultaneous identification of multiple workpieces and pre-
cisely handle randomly arranged workpieces. In the industrial
realm, machine vision finds applications in image recognition
(Oztemel E et al., 2020; Wenjian C et al., 2026), defect detec-
tion (Kan L et al., 2025; Jide Q et al., 2018), and size meas-
urement (Agnieszka S,2026; Zhisheng D et al., 2016), among
other areas.

With the advent of intelligent manufacturing, the integra-
tion of vision technology has made the application of robotic
arms in industry more intelligent (Marfo R et al., 2025). As
production requirements continue to rise, industrial produc-
tion is steadily moving towards greater intelligence. This trend
not only presents higher challenges to workpiece recognition
technology but also spurs the continuous advancement of re-
lated technologies, as well.

On one hand, the workpiece recognition needs to continu-
ously enhance its accuracy to meet the strict demands of high-
precision production. On the other hand, the recognition sys-
tem must be compatible with a wide variety of workpieces to
achieve accurate identification and classification.

In actual production scenarios, due to diverse production
environments, workpiece recognition can be affected by vari-
ous external factors. These factors can undermine recognition
accuracy, and different recognition algorithms may also lose
their precision under such influences. Consequently, higher
requirements are placed on the design and optimization of
recognition algorithms.

To address the aforementioned issues, a variety of tracking
algorithms have emerged. Leveraging these algorithms, for-
eign robot companies have allocated substantial resources to
the development and research of dynamic tracking systems.
For instance, the V-STARS system developed by GSI Com-
pany in the United States is an industrial digital photography
- based coordinate measurement system (Likun W et al., 2024).

The second-generation model IRB360 of the Swiss ABB
FlexPicker series robot, recognized as the world's fastest robot,
boasts a processing speed of up to 180 cycles per minute. In
scenarios with high processing-speed requirements, it can
achieve twice the efficiency. The robot's vision module can
accurately identify the target object. In practical applications,
it can efficiently sort different workpieces.

Meanwhile,domestic scholars have also conducted exten-

sive research on tracking algorithms. Zhao (Zhiyuan Z, 2022)
analyzed the deficiencies of the original tracking algorithm.
They proposed improvements to it, utilized the Kalman filter
for prediction, and finally analyzed the entire tracking process.
Subsequently, they developed an automatic tracking system
for the robotic arm based on visual assistance, which enhanced
the real-time performance of the tracking algorithm.
Zheng (Yuhui Z et al., 2019) proposed a bilinear structured
support vector machine algorithm. Through early classifica-
tion training, this algorithm significantly improved the com-
puting speed, thereby achieving better real-time performance
in the subsequent target - tracking process.
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Currently, the traditional industrial robotic arms employ an in-
terceptive tracking strategy for dynamic workpiece tracking.
Machine vision systems capture workpiece images, and trajec-
tory prediction algorithms are used to forecast the workpiece’s
motion trajectory and velocity (Jie P et al., 2026). Upon re-
ceiving control commands, the robotic arm prepositions itself
to the predicted interception position to grasp the workpiece.
However, if the workpiece’s velocity or direction changes dur-
ing operation and the robotic arm cannot react in real time,
tracking failure occurs. In practical engineering applications,
dynamic tracking systems are typically designed for specific
target workpieces. When dealing with different workpieces,
the entire system requires reconfiguration, which lacks gener-
alizable workpiece recognition capability and results in lim-
ited flexibility (Peng G et al., 2025).

In light of the aforementioned problems, this paper is struc-
tured as follows. In the subsequent sections, pre - processing
of the original image is performed, which includes grayscale
conversion, enhancement, and smoothing. Section 2 presents
the implementation process of the traditional SURF algorithm
and proposes improvements to address its limitations. Firstly,
the salient region is extracted. Secondly, PCA (Principal Com-
ponent Analysis) dimensionality reduction is conducted. This
method reduces high - dimensional data to low - dimensional
data, while retaining most of the information from the original
dataset, thus ensuring the accuracy of the training process. In
Section 4, through experimental verification and analysis, it is
demonstrated that the matching accuracy, real - time perfor-
mance, and robustness of the improved SURF algorithm can
meet the real - time requirements of dynamic tracking. Finally,
the conclusions of this study are summarized in Section 5.

2. Improvements to the SURF algorithm
2.1. Introduction to the SURF algorithm

Compared to the Scale-Invariant Feature Transform (SIFT)
matching algorithm, the SURF algorithm improves computa-
tional efficiency to a certain extent, while retaining key ad-
vantages of SIFT, such as robustness to variations in illumina-
tion, occlusion, and other external conditions.

Owing to these properties, SURF is widely employed for
feature matching in complex environments. In machine vision
applications, it is commonly used for target object recognition,
image registration, and mosaicing. Additionally, the SURF-
based feature descriptors facilitate 3D reconstruction by ena-
bling multi-view, comprehensive feature integration for holis-
tic object modeling. Detailed comparisons between the two al-
gorithms are presented in Table 1 below (Yang S, 2021).

Table 1. Comparison of the SURF algorithm and the SIFT algorithm

Project SUREF algorithm  SIFT algorithm
image processing mode  Hessian matrix Gaussian difference
construction of the scale integral image multiple  convolu-
space tion

Reference direction Haar wavelet sign
stats describing the subset Haar wavelet sum
the dimension of the fea- 64 Dimensions
ture descriptor

pixel gradient
modes and direction
128 Dimensions
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2.2. Implementation process of the traditional SURF
algorithm

The matching flowchart of the traditional SURF algorithm
is shown in Figure 1, and the steps are as follows:

o ‘Construct the Hessian Main orientation of t :
matrix and construct feature points is > Feature point
the scale space determined matching

Fig. 1. Flowchart of the traditional SURF algorithm matching

Step 1: Construct the Hessian matrix and construct the scale
space

The SURF algorithm, built upon the SIFT framework, enhances
image matching efficiency by constructing the Hessian matrix for
each pixel to identify image keypoints more effectively (Hauagge
D Cet al., 2012). By computing the determinant and trace of the
Hessian matrix, the local intensity variations in pixel neighbor-
hoods can be analyzed to detect potential interest points. The Hes-
sian matrix at a point f= (x,y) is defined by the following equation:

?r
x2  9xd

HE )= 5o 5op |- )
dxdy m

After deriving the Hessian matrix using the above formula,
the Gaussian kernel size is adjusted to construct a scale space,
generating multi-scale images. Thereafter, for each octave in
the scale space, three adjacent layers of images are selected.
Taking the second-layer image as the reference, each pixel in
this layer is treated as a candidate point and compared with to
3x3x3 neighborhood — including corresponding points in the
adjacent upper and lower layers — to identify local extrema
of the Hessian determinant.

Step 2: Main orientation of the feature points is determined

The SURF algorithm achieves rotational invariance by assign-
ing each keypoint a dominant orientation, which is determined by
the most significant local intensity gradient direction (Zhaozhen J
et al., 2020). After generating the multi-scale images, the feature
orientation is computed by statistically analyzing Haar wavelet re-
sponses within a 60 sector around the keypoint. Specifically, the
x- and y-direction gradients are aggregated to construct a gradient
orientation histogram, from which the peak value defines the dom-
inant orientation, ensuring descriptor invariance to rotational
changes.

Step 3: Description of feature points

Taking the keypoints selected in Step 1 as the center, the local
image patch is divided into 4x4 subblocks aligned with the domi-
nant orientation determined in Step 2. For each subblock, Haar
wavelet responses (in x and y directions, denoted as dx and dy) are
computed using a 2Sx2S kernel, where S represents the scale pa-
rameter. The sums of dx, dy, |dx| and |dy| are then aggregated
within each subblock to form a local feature vector. This process
results in a 4x4x4=64-dimensional feature descriptor, as the 4 sta-
tistical values (sum of dx, dy, |dxl,|dyl) are calculated for each of
the 16 subblocks. The sub-regions, used for feature descriptor con-
struction, are illustrated in Figure 2.

11011

Fig. 2. Characteristic points describe the subregions

Step 4: Feature point matching

Feature matching plays a critical role in target recognition, im-
age registration, and 3D reconstruction, where it is used to locate
corresponding keypoints across images (Xin L et al., 2020; Tao F
et al., 2025; Linxiong W et al., 2024). The matching process in-
volves comparing the Euclidean distance between the feature vec-
tors of two candidate keypoints. A smaller distance indicates
higher similarity between the features, while a larger distance sug-
gests dissimilarity. To determine successful matching, a prede-
fined distance threshold is employed: if the distance between two
feature vectors falls below this threshold, the keypoints are con-
sidered a valid match; otherwise, they are rejected.

The traditional SURF algorithm assesses the feature point
correspondence by comparing the Euclidean distance between
feature vectors during image matching (Qiang Z et al., 2018).
However, relying solely on this metric often leads to a signif-
icant number of false matches. To address this, a salient region
extraction is introduced in this paper to filter out non-salient
correspondences that are unlikely to be valid. Additionally, the
traditional SURF algorithm employs 64-dimensional feature
descriptors (Kunming X, 2020), which incur substantial com-
putational overhead during matching. To meet the real-time
requirements of dynamic tracking systems, the authors pro-
pose dimensionality reduction of feature descriptors using
principal component analysis (PCA). This approach reduces
descriptor dimensionality while preserving the majority of dis-
criminative information from the original feature space, ena-
bling faster and more efficient matching. The implementation
process of the improved SURF algorithm is shown in Figure
3.

Construct the

Significance PCA Hessian
region > dimension —————> matrix and
extraction reduction construct the
scale space
Main
Feature Description orientation of
point <«—— offeature <———— the feature
matching points points is
determined

Fig. 3. Flowchart of the improved SURF algorithm
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2.3. Increased Salient region extraction

The global contrast-based image saliency detection (LC)
(Zhuoqun X et al., 2019) operates by computing the global
contrast of each pixel within the entire image. The saliency
value S(/) of a pixel I, in image I, is defined as follows :

SalS(l) = ZVIL-EI”II( =Ll . (2)

In equation(2), the variable /; represents a grayscale value
with a range of [0,255], which is the standard grayscale inten-
sity interval for 8-bit images. For a given grayscale image, the
grayscale value of each pixel J; is denoted as a,. Substituting
I = a,, into the equation, it can be further rewritten as equa-
tions (3) and (4):

SalS(Iy) = llam — aoll + llaym — asll+... +llam — axll ,(3)
SalS(Ik) = 21215=50 n”am - an” . (4)

In formula(4).f, denotes the frequency of the n-th pixel
value in the image. The visualization result of salient region
detection is presented in Figure 4.

Fig. 4. Bicycle lock significant area detection effect; a) original im-
age; b) salience map

Figure 4 illustrates that salient region detection effectively
suppresses complex background noise in images, identifying
the bicycle lock as the salient region to eliminate substantial
background interference. Experimental results demonstrate
that this approach mitigates the effects of color, illumination,
and scale variations during feature matching to a certain extent,
enhancing the robustness of the matching process.

2.4. Bring in PCA dimension reduction

Principal component analysis (PCA) is one of the most
widely used dimensionality-reduction and multivariate statis-
tical techniques (Roque OA et al., 2022). High-dimensional
data inherently incur substantial computational complexity;
however, simply removing dimensions arbitrarily may lead to
significant information loss. To address this, dimensionality
reduction methods aim to project the high-dimensional data
onto a lower-dimensional subspace, while retaining the major-
ity of discriminative information from the original dataset to
ensure analytical accuracy (Lateef J et al., 2026; Cai E et al.,
2026) Compared to the Linear Discriminant Analysis (LDA)
and T-distributed Stochastic Neighbor Embedding (t-SNE),
the core advantages of Principal Component Analysis (PCA)
reside in its superior computational efficiency, strong adapta-
bility to large-scale datasets, capacity to maximize the preser-
vation of global data variance, and its inherent nature as an
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unsupervised general-purpose dimensionality reduction tech-
nique. The core differences among these three dimensionality
reduction methods are elaborated in detail in Table 2.

Table 2. Core differences table between PCA, LDA and t-SNE

Project PCA LDA t-SNE
Core principle =~ Maximization =~ Maximization = Preservation
of projection of inter-class of local struc-
variance separation ture
Supervisory Unsupervised Supervised Unsupervised
Dimensional- Feature dimen-  High-dimen-
Main objec- ity reduction sionality re- sional data
tive and data visu-  duction prior visualization
alization to classifica-
tion tasks
Computa- Relatively low  Relatively low  Extremely
tional com- high
plexity
Retained Global struc- Class-discrimi-  Local struc-
structure ture native infor- ture
mation
Interpretabil- Exhibits a cer-  Projection di- The low-di-
ity of results tain degree of ~ rections are not mensional
interpretability  intended to embedding
discriminate results lack
between clas- interpretabil-
ses and are ir- ity

relevant to
class discrimi-
nation

384

As a cornerstone in data analysis, the PCA operates by
transforming linearly correlated variables into a set of linearly
independent principal components via orthogonal transfor-
mation. This process maximizes the retention of variance in
the original data (Xin C et al., 2023), thereby preserving criti-
cal structural information. In this paper, the input vector for
PCA dimensionality reduction is the complete 64-dimensional
SUREF feature descriptor extracted from each feature key point.
This descriptor is constructed based on Haar wavelet re-
sponses: after performing a Haar wavelet transform on the pix-
els in the neighborhood of each feature point, the response val-
ues and response sums in the horizontal and vertical directions
are counted to form a 64-dimensional feature vector. It can
fully characterize the grayscale, texture and direction infor-
mation of feature points, and is the core feature representation
form of the SURF algorithm. In the experiment, the original
64-dimensional SURF descriptors of all valid feature points
filtered by salient region extraction are retained as the input
data for PCA dimensionality reduction, with only normaliza-
tion preprocessing performed and no additional cropping of
feature vectors to ensure the integrity of feature information.

For the selection of the target dimension k& of PCA dimen-
sionality reduction, this paper adopts the double criterion of
"maximization of variance contribution rate+industrial real-
time constraint", combined with the parametric verification of
fixed principal component number.Finally,k=32 is selected as
the optimal dimensionality reduction dimension, and the spe-
cific selection process and criteria are as follows:
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(1)Variance contribution rate screening: PCA analysis is
performed on the sample set of 64-dimensional SURF feature
descriptors, and the variance contribution rate and cumulative
variance contribution rate of each principal component are cal-
culated. The principal component dimensions with a cumula-
tive variance contribution rate>95% are retained, and three
candidate dimensions of k=28, 32, and 36 are initially
screened. The cumulative variance contribution rate reaches
96.23% at k=32 and 97.15% at k=36, with an increase of only
0.92%. This ensures that most of the discriminative infor-
mation of the original features is retained after dimensionality
reduction, avoiding the loss of feature information caused by
dimensional compression.

(2)Industrial real-time constraint: Based on the candidate di-
mensions, the algorithm running time of each dimension is
tested under the same experimental environment. It is required
that the matching time of the algorithm after dimensionality
reduction meets the real-time requirement of industrial dy-
namic tracking, excluding the situation where the running time
exceeds the limit due to excessively high dimensions.

(3)Parametric verification and trade-off: Parametric verifi-
cation of double indicators is carried out for the candidate di-
mensions. The results show that at k=32, the algorithm main-
tains a high cumulative variance contribution rate of 96.23%,
with a matching accuracy of 97.46% and a running time of
only 0.32s. Compared with k=28 (92.15% accuracy), the ac-
curacy is significantly improved; compared with k=36 (0.41s
running time), it better meets the real-time requirement, which
is the optimal balance point of variance retention, matching
accuracy and running efficiency.

In the experiment, the cumulative variance contribution rate
was calculated based on 1200 valid feature points after salient
region extraction of the mixed dataset of Type I and Type II
workpieces. The sample set covers the workpiece features un-
der different illumination and angles to ensure the representa-
tiveness of variance statistics; the running time test of all di-
mensions was repeated 10 times to take the average value,
excluding the influence of accidental factors on the timing re-
sults.

Suppose the dataset contains m data points with the original
feature dimension n=64 for each data point, and the target di-
mension after dimensionality reduction is determined as k ac-
cording to the above criteria. The procedural steps for feature
descriptor dimensionality reduction based on the PCA are as
follows:

Step 1: Construct a data matrix X, where each row corre-
sponds to the Haar wavelet response (Paula U et al., 2020)
vector of a pixel, and each column represents a specific feature
dimension in the sample vector. The data matrix with m rows
(samples) and n columns (features) is defined as follows :

x11 x12 ot xln
x X o Xon

x="7 0 T ®)
Xm1  Xm2 Xmn

Step 2: Centralize the data matrix X by subtracting the col-
umn-wise mean from each element within its respective col-
umn, yielding a zero-mean matrix X' with the same dimension

of mxn. The column mean and centralized matrix are defined
as follows: equation (6) and equation (7).

% = = N0 (i = 1,2,,1) (©)
X11 — X1 X2 —Xp X1n = Xn

X = X1 — il X292 — iz X2n — in ) (7)
Xm1 — i1 Xm2 — i2 Xmn ~ in

Step 3: Calculate the covariance matrix E of the centralized
matrix X', where the element e;; represents the covariance be-
tween feature x; and feature x;. The covariance matrix is de-
fined as follows:

6'11 612 o eln
e e €

E=730 2 0 ®)
€n1 €n2 o enn

Step 4: Perform eigenvalue decomposition on the covari-
ance (Zongqing H, 2024; Salton A T et al., 2023; Shushan Z
et al., 2013) matrix to compute its eigenvalues 4, and the cor-
responding eigenvectors v;, associated with each eigenvalue.

Step 5: Sort the eigenvectors in descending order from left
to right by column according to their corresponding eigenval-
ues to form an eigenvector matrix (Das D et al., 2024), and
take the first £ columns to form a matrix M, whichisann X k
order matrix.

Step 6: Calculate the sample feature matrix Y reduced to k
dimensions by the formula Y = X'M, where Y is an mxk order
matrix, i.e., the feature descriptor matrix after PCA dimen-
sionality reduction.

After dimensionality reduction via Principal Component
Analysis (PCA), the extracted feature descriptors are pro-
jected into a lower-dimensional feature space while preserving
the maximal variance of the original features, leading to more
efficient and robust matching of image features. A compara-
tive analysis of the feature distribution between the PCA-
reduced features and traditional Speeded-Up Robust Features
(SURF) is presented in Figure 5.

SURF
Impr.

1.66%)

PCoAZ (

PCoAl (7T0.17%)

Fig. 5. Comparative Analysis of Feature Descriptors: Projection in
Principal Component Space (PCA) versus Classical SURF Repre-
sentation
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The proposed method is compared with the PCA-SUREF al-
gorithm proposed by Pancham (Pancham A et al., 2015) for
clear methodological positioning. The PCA-SUREF in the lit-
erature directly applies PCA to reduce the dimension of the
64-dimensional SURF descriptor without any preprocessing
of feature points. In contrast, the improved algorithm intro-
duces salient region extraction as a front-end filtering step be-
fore PCA dimensionality reduction. Furthermore, the dimen-
sion selection follows a double-criterion strategy: maximal
cumulative variance contribution rate + industrial real-time
constraint, which determines the optimal dimension k=32. The
accuracy—runtime trade-off curves under different PCA di-
mensions are given in Figure 6 to validate this selection. The
proposed method is specifically designed for dynamic multi-
workpiece recognition in industrial scenarios, while conven-
tional PCA-SURF is a general-purpose matching approach.
These differences lead to higher accuracy, fewer mismatches,
and better real-time performance for robotic vision-based
workpiece tracking.

Accuracy-Runtime Trade-off under Different PCA Dimensions
99 0.7

=@ Accuracy !
98 4 == Time

Accuracy (%)

£

Matching

92 4

90

20 30 40 50 60
PCA Dimensionality k

Fig. 6. Accuracy—runtime trade-off curves under different PCA di-
mensions

3. Experiment and discussion

3.1. Experimental environment

The experimental setup is detailed in Table 3. To evaluate
the matching accuracy, real-time performance, and robustness
of the improved SURF algorithm, in this section, Type I and
Type 11 workpieces are employed as case studies for experi-
mental validation and analysis. The two distinct workpiece da-
tasets, utilized in the experiments, are visualized in Figure 7.
All timing tests are repeated 10 times with a warm start to
avoid system fluctuation. A ground truth match is defined as
a correctly matched feature pair whose geometric reprojection
error is no larger than 2 pixels, which serves as the unified
criterion for calculating precision, recall, and F1-score. Ran-
dom Sample Consensus (RANSAC) is employed to estimate
the homography matrix for mismatch removal. In this work,
RANSAC is used to estimate the homography matrix between
image pairs to eliminate mismatches. The detailed RANSAC
parameters are set as follows:

(1) Reprojection error threshold:3.0 pixels;
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Running Time (s)

(2)Maximum number of iterations:2000;
(3)Stopping criterion: confidence level of 0.99 or conver-
gence of the inlier set.

Table 3. Experimental environment configuration

Name Environment configuration
Operating system Windows 10-64-bit
CPU AMDR?7-5800H,3.2GHz
Programming environment Python3.7
Library function Opencv3.4.2.16
RAM 16 GB
GPU acceleration No

Fig. 7. Collected images of Type I and Type Il workpieces; a) Type
I; b) Type II

To ensure the reproducibility and comparability of all ex-
perimental results, a unified set of fixed parameters is adopted
throughout the algorithm implementation and testing. These
parameters include key thresholds for feature detection, di-
mensionality reduction, feature matching, and outlier rejection.
The complete list of core algorithm parameters is summarized
in the following table 4.

Table 4. Key Fixed Parameters of the Proposed Algorithm

Parameter Value
Hessian matrix threshold 400
Salient region detection method Global contrast (LC)
PCA reduced dimension k 32
Feature matching distance ratio 0.75
RANSAC reprojection threshold 3.0 pixels
RANSAC maximum iterations 2000

Ground truth match criterion Reprojection error < 2 pixels

3.2. Case 1: Comparative analysis of image matching
for type I part

The objective of the image matching experiments in this
section is to evaluate the performance of the improved SURF
algorithm. Using a Type I workpiece in the laboratory as a
case study, in this section, the matching effectiveness and suc-
cess rate of the improved algorithm are analysed through the
comparative image matching with the traditional SURF
method are analysed. The visualization result of salient region
detection for the Type I workpiece is presented in Figure 8.
The matching results of the traditional SURF algorithm and
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the improved algorithm proposed in this paper are shown in
Figures 9 and 10, respectively.

Fig. 8. Result of significant area detection for I-type workpiece; a)
original image; b) salience map

Fig. 9. Traditional SURF feature matching results for type I artifact

Fig. 10. Match results of the improved SURF algorithm for type I
artefact

As demonstrated in Figures 9 and 10, the improved SURF
algorithm exhibits a significant enhancement in matching pre-
cision for Type I workpiece images, compared to the tradi-
tional SURF method. Through timing measurements of the
host computer algorithm, the improved approach is shown to
have effectively reduced the runtime, enabling the real-time
operation in the dynamic tracking system proposed in this pa-
per. Quantitative results of the image matching experiments
— including accuracy metrics and computational efficiency
— are summarized in Table 5 of the Appendix and Figure 11.

As shown in Table 5, the improved algorithm achieves a
matching accuracy exceeding 95% and a 56% increase in pro-
cessing speed compared to the baseline SURF method.

200 —— Traditional SURF algorithm
—— Improved SURF algarithm

175
150

125

100

Matching

False Accuracy Time Precision Recall (%)
points matches %)

RANSAC Reprojection
(s} (%1 Inlier Rate (%] ermor

Fig. 11. Image Comparison of Pre- and Post-Algorithm Perfor-
mance Improvement for Type-I Part

These results demonstrate that the proposed modifications
significantly enhance both matching precision and computa-
tional efficiency, thereby improving the overall performance
of the SURF algorithm. The substantial gains in accuracy and
speed enable the improved algorithm to meet the real-time re-
quirements of dynamic tracking systems, showcasing its prac-
tical utility in resource-constrained applications.

3.3. Case 2: Comparative analysis of image matching
for type II part

To validate the robustness of the improved SURF algorithm,
image matching experiments on a Type II workpiece are con-
ducted using the methods described above. The salient region
detection visualization for the Type II workpiece is shown in
Figure 12. The matching results of the traditional SURF algo-
rithm and the proposed improved SURF algorithm are pre-
sented in Figures 13 and 14, respectively.

Fig. 12. II type workpiece salient region detection result; a) original
image; b) salience map

Fig. 13. Traditional SURF feature matching results for Type II
workpiece
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Fig. 14. Improved SURF algorithm matching results for Type II
workpiece

As demonstrated in Figures 13 and 14, the improved image
matching algorithm maintains effective correspondence for
different Type II workpieces under varying conditions, exhib-
iting high matching precision. Quantitative results of the im-
age matching experiments, including accuracy metrics and ro-
bustness evaluations, are summarized in Table 6 of the
Appendix and Figure 15.

200 = Traditional SURF algorithm
—— Improved SURF algorithm

Matching False Accuracy Tirme precision Recall (%)
points (%)

Reprojection
matches is) 36 emor

Fig. 15. Image Comparison of Pre- and Post-Algorithm Perfor-
mance Improvement for Type-II Part

As shown in Table 6,the proposed algorithm achieves a match-
ing precision of 97% for Type Il workpiece and a 55% improve-
ment in processing speed compared to the baseline method. These
results demonstrate that the improved algorithm effectively gener-
alizes to different workpiece types and exhibits strong robustness
across varying operational conditions.

To verify the anti-interference performance of the proposed im-
proved SURF algorithm in complex industrial scenarios, experi-
mental images of Type I and Type II workpieces were collected
for three typical interference conditions: illumination variation,
image blur and surface occlusion. Ten repeated matching experi-
ments were conducted for each interference type, and the mean
and standard deviation of the experimental results were calculated.
Thus, the algorithm performance indicators of different workpiece
types under various interferences were obtained, as shown in Ta-
ble 7 of the Appendix.

It can be seen from the experimental results in the table that
under three typical interference conditions, including illumi-
nation variation, image blur and surface occlusion, the im-
proved SURF algorithm maintains an average matching accu-
racy of over 93% for both Type I and Type II workpieces, with
the average reprojection error all below 2 pixels. In addition,
the standard deviation of each index is small, indicating that
the algorithm is less affected by external interferences and ex-
hibits excellent stability. Meanwhile, although there are slight
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differences in the performance indicators between Type I and
Type 11 workpieces, the overall fluctuation range is extremely
small, which further verifies that the algorithm has good anti-
interference adaptability for different types of workpieces and
can meet the practical application requirements in complex in-
dustrial scenarios.

To validate the superiority and competitiveness of the im-
proved SURF algorithm presented in this work, a thorough
performance comparison is conducted against three repre-
sentative feature extraction and matching methods, including
the traditional SURF, classic SIFT (Lowe G D, 2004) and Ori-
ented FAST and Rotated BRIEF (ORB) (Rublee E etal., 2011)
algorithms. All experiments are implemented on the identical
workpiece dataset, experimental platform, parameter settings,
and evaluation metrics to guarantee the fairness and standard-
ization of the comparative results, as quantitatively exhibited
in Table 8.

Table 8. Performance comparison between the proposed algorithm and
SIFT/ORB baselines

Algo- Accu- Time Preci- Recall F1I- RANSAC Avg.

rithm racy (s) sion (%) score Inlier Ratio Reprojec-
(%) (%) (%) tion Error

(pixels)

SIFT 83.54 121 8512 8047 0.827  74.68 3.41

ORB 88.71 0.41 89.36 86.52 0.879 82.31 2.75

Tradi- 85.82 0.84 87.15 84.36 0.857  79.08 3.07

tional

SURF

Proposed 9746 0.32 96.82 94.17 0.962  93.28 1.11

Improved

SURF

In contrast to SIFT, ORB, and conventional SURF, the pro-
posed method shows distinct advantages in both efficiency
and accuracy. It achieves significantly higher accuracy, preci-
sion, recall, F1-score, and RANSAC inlier ratio while con-
suming less computation time. Moreover, the average repro-
jection error of the improved algorithm is remarkably lower
than that of the three contrast algorithms, indicating more sta-
ble and precise feature matching performance. Experimental
results show that the proposed algorithm achieves the highest
matching accuracy and F1-score, while maintaining the short-
est running time. It outperforms SIFT, ORB and traditional
SURF in comprehensive performance, which proves its effec-
tiveness for industrial multi-workpiece visual recognition
tasks.

3.4. Ablation Experiment Analysis

To quantitatively verify the independent performance im-
provement effects of two core optimization modules, salient
region extraction and PCA dimensionality reduction, in the
improved SURF algorithm, as well as their synergistic effect.
After the combination, a series of comparative ablation exper-
iments were designed in this study. The dataset, hardware op-
erating environment and core parameters of the SURF algo-
rithm were kept consistent throughout the experiments, and
only the combination and adjustment of optimization modules
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were carried out. Four groups of control experiments were set
up: the traditional SURF algorithm, the SURF algorithm with
only salient region extraction, the SURF algorithm with only
PCA dimensionality reduction (k=32), and the improved
SUREF algorithm integrating salient region extraction and PCA
dimensionality reduction. The experimental algorithm results
are shown in Figure 16. The experiments were conducted on
a mixed feature dataset of Type I and Type II workpieces, and
matching accuracy, algorithm running time, number of mis-
matched points and F1-score were uniformly selected as the
performance evaluation indicators. The F1-score was calcu-
lated with the geometric matching error of feature points < 2
pixels as the criterion for true matching, and the statistical re-
sults of each group of experiments are shown in Table 9 and
Figure 17.

(a)SURF+Salient (b)SURF+PCA (c)SURF+Salient Region+PCA
Fig. 16. Visualization of ablation experiment results

Table 9. Ablation Experiment Results Comparison

Matching Running Number of

Algorithm Type Accuracy  Time Mismat- F1-Score
(%) (s) ched Points
Traditional SURF Algo- g5 ¢ g4 25 0.836
rithm
SURF+Salient Region o, 15 57 8 0.928
Extraction
SURF+PCA Dimension-
ality Reduction (k=32) 92.07 0.39 1 0.905
SURF+Salient Re-
giontPCA 97.46 0.32 4 0.962

Matching Accuracy Comparison
1000 10

s 97.46 i

Running Time Comparison

F o0 9415
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§ o
g wa 85.02
2 850

825

80.0 00
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Mismatched Points Comparison
30 1.000
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H 0950
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i -
° 0.800
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SURF Region +PCA SURF Region +PCA

Fig. 17. Ablation Experiment Performance Comparison of the Im-
proved SURF Algorithm

It can be concluded from the ablation experiment results in
Table 7 that the introduction of any single optimization mod-
ule can achieve targeted improvement in the performance of
the traditional SURF algorithm. After adding only, the salient
region extraction module to the SURF algorithm, the matching
accuracy is increased by 8.33% compared with the traditional
algorithm, the number of mismatched points is reduced by
68%, and the running time is also shortened by 32.14%. This
result indicates that salient region extraction can effectively
filter out the background noise interference of images in in-
dustrial scenarios, eliminate meaningless redundant feature
points, reduce the probability of mismatches from the feature
extraction stage, and at the same time reduce the amount of
computation for subsequent feature matching, realizing the
dual preliminary optimization of accuracy and efficiency. The
SURF algorithm with only the PCA dimensionality reduction
module has a running time shortened by 53.57% and a match-
ing accuracy increased by 6.25% compared with the tradi-
tional algorithm, which verifies the dimensional compression
effect of PCA dimensionality reduction on the 64-dimensional
high-dimensional feature descriptor. On the premise of retain-
ing 96.23% of the cumulative variance of the original features,
the computational complexity of the feature matching process
is greatly reduced, and the running efficiency of the algorithm
is significantly improved.

The improved algorithm proposed in this paper, which in-
tegrates the two modules of salient region extraction and PCA
dimensionality reduction, realizes the synergistic effect of the
two optimization strategies and achieves an optimization ef-
fect of 1+1>2. Compared with the traditional SURF algorithm,
the matching accuracy is increased by 11.64%, the running
time is shortened by 61.90%, the number of mismatched
points is reduced by 84%, and the F1-score is increased by
0.126. Compared with the algorithms with a single optimiza-
tion module, it not only retains the advantage of salient region
extraction in improving matching accuracy, but also inherits
the optimization effect of PCA dimensionality reduction in
running efficiency without any performance loss. This result
fully proves the rationality and effectiveness of the two-step
optimization strategy of "salient region extraction + PCA di-
mensionality reduction" proposed in this paper: the feature
points are first screened through salient region extraction to
ensure the purity of the feature data participating in the subse-
quent matching, and then PCA dimensionality reduction is
performed on the high-dimensional feature descriptors to
avoid information redundancy caused by the dimensional
compression of invalid feature points, so that the algorithm
achieves the optimal performance in two core dimensions of
matching accuracy and running efficiency.

This part of the ablation experiments quantitatively verifies
the effectiveness of each core optimization strategy and the
rationality of the module combination of the improved SURF
algorithm from the perspective of algorithm modules, provid-
ing solid experimental support for the improvement of the
overall performance of the algorithm. On this basis, this study
further carries out physical robot arm recognition and dynamic
tracking experiments with the KUKA industrial robotic arm to
verify the adaptability and comprehensive performance of the
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proposed improved algorithm in actual industrial application
scenarios.

4. Robotic Arm Recognition and Tracking Ex-
periment

4.1. Camera calibration

The camera imaging model describes the projection from a
3D world space to a 2D image plane through four coordinate
systems,namely the world coordinate system ( O,, —
XwYwZw),the camera coordinate system (O, — X Y.Z.), the
image coordinate system (o — Xy), and the pixel coordinate
system (oi — uv). The geometric transformations among these
systems allow the pixel coordinates of an image point to be
converted into world coordinates. Such a transformation relies
on two matrix parameters: the intrinsic parameter matrix,
which describes the internal optical properties of the camera,
and the extrinsic parameter matrix, which represents the pose
of the camera frame relative to the world frame. The camera’s
internal parameters calibration is shown in Table 10.

Table 10. Camera calibration results

Parameter name Parameter value

Camera internal 5694.246  0.000 0
parameters -26.523  5126.652 0
850.413 501.362 1

Distortion coef-
ficient

Radial : [-0.0258,1.5216,-103.1125]
Tangential : [-0.0021,-0.0047]

In a vision-guided robotic arm system, the motion planning
and control of the manipulator are implemented under its base
coordinate system. Consequently, the target pose detected by
the vision system in the camera frame must be transformed
into the robot base frame, which is accomplished by hand-eye
calibration. The essential objective of hand-eye calibration is
to determine the relative pose between the camera and the ro-
bot end-effector or base, and to calculate the corresponding
hand-eye transformation matrix.

Using this transformation matrix, the target pose expressed
in the camera coordinate system can be uniformly converted
into the robot base coordinate system. This enables the robotic
arm to acquire the precise 3D position and orientation of the
target, and thus achieves stable dynamic tracking and control
in practical industrial scenarios.

Considering the practical application requirements and
high-precision positioning demands of the proposed system,
the Eye-to-Hand configuration was employed for hand-eye
calibration in this work. The conversion formula is as follows:

[;] —R [;] M. ©)

In the formula, R represents the rotation matrix in the hand-
eye transformation, and M represents the translation matrix in
the hand-eye transformation. The above formula can be ex-
pressed as:
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{x’ =ax+by+c
y =ax+by+c
(10)

Collect several points:

Xo' = axg + by, + C

X, =ax; +by; +C , (11)
X, = ax, + by, + C
yo = a'Xy + by, + C’
y; =a*t +bv1 4+ (' (12)
y, =a'x, + by, + C'
The transformation in matrix form is:
[Xo Yo 17ra Xo'
X1 1 1 [b]= X', (13)
_X2 YZ 1_ C XZ’
[Xo Yo 1][a’ Yo'
X3 Y1 1{|b'| =|vi| (14)
X2 Y2 11l v,

The main coordinate systems and their conversion relation-
ships are shown in Figure 18.

Camera coordinate
system: {cam}
Z Y

X A
Fixture coordinate system: %
X

Mechanical arm
coordinate system:
{base}

Calibration plate coordinate system: {cal}

Fig. 18. Hand-eye calibration coordinate system transformation re-
lationship

In this configuration, the experimental setup consists of a
KUKA KR20R180 six-degree-of-freedom industrial robotic
arm, an XMINI industrial camera, and a standard calibration
plate. Calibration is performed using the nine-point calibration
method within the VisionMaster software platform. The cam-
era is mounted on a fixed support, and the calibration pin at-
tached to the robot end-effector is required to vertically align
with each of the nine calibration points along a predefined path.
The two-dimensional visual calibration platform is con-
structed as illustrated in Figure 19. The pixel coordinate dia-
gram of the calibration plate is shown in Figure 20. The hand-
eye transformation matrix is shown in Equation 15.
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Industrial

camera

industrial
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calibration
plate

Conveyor N
belt  x

Fig. 19. Hand-eye calibration test bench

Fig. 20. Calibration plate pixel coordinate diagram

0.0064813 —0.187551
—0.0526745 —0.162554 (15)
0 0

4.2. Experiment

The experimental platform, established in a laboratory set-
ting, comprises core equipment, including a KUKA KR20 six-
degree-of-freedom industrial robotic arm, a X mini high-speed
wide-field industrial camera, and a conveyor unit. The exper-
imental steps are as follows:

Step 1: Activate the conveyor belt for workpiece convey-
ance.

Step 2: Operate the camera to capture images of the target
workpiece.

Step 3: Carry out recognition and localization on the ac-
quired image, and output the pixel coordinates of the target
position.

Step 4: Transform the pixel coordinates into the base coor-
dinate system of the robotic arm to accomplish target locali-
zation.

Step 5: Manipulate the robotic arm to move to the specified
position, and compare this actual position to the identified tar-
get position to validate the positioning accuracy.

In the experiment, dynamic path planning was implemented
by the robotic arm according to the target pose data delivered
by the visual system, while a PID control strategy was adopted
to achieve high-precision tracking of the moving workpiece.
To validate the stability and system response time perfor-
mance of the system, repeated experiments were conducted on

Type I and Type II workpieces under different operating
speeds and lighting conditions.

During the experiment, tracking tests were conducted under
multi-factor variable conditions: the workpiece was set to
move at varying speeds on the conveyor belt, slight oil con-
tamination or local occlusions were present on its surface, and
the light intensity of the environment was adjusted. For each
tracking process, three key performance indicators were rec-
orded: average positioning error, maximum tracking error, and
system response time. Specifically, under the standard operat-
ing conditions: Type I workpiece, conveyor belt speed of 0.5
m/s, and environmental light intensity of 1000 lux, six consec-
utive tracking experiments were carried out, the results of
which are presented in Figure 21.

KUKA
industrial
robotic arm |,

Industrial
camera

Cbnveyor
belt

| )

Fig. 21. Recognition and Tracking of Type I Workpiece by Robotic

Arm

Experimental data indicate that the improved SURF algo-
rithm-guided robotic arm achieves an average positioning er-
ror of 2.42 mm, a maximum tracking error of no more than
4.85 mm, and a stable single-tracking system response time
within 0.4 seconds. In contrast, the traditional SURF algo-
rithm-guided system yields an average error of 7 mm, a max-
imum error of 11.79 mm, and a system response time of 0.65
seconds, as summarized in Table 11.

Table 11. Actual Coordinates versus Identified Coordinates of Type I
Workpiece

Opti- Opti-
mized mized
Conven-  Conven- algo- algo-
Actual Actual tioqal al- tiogal al- rithm rithm
coordi-  coordi- gorithms  gorithms  to cal- to cal-
nates nates calcu- calcu- culate culate
X/mm Y/mm lated lated the ac- the ac-
value of  value of curate curate
X/mm Y/mm coordi-  coordi-
nates of  nates of
X/mm Y/mm
656.73  -936.57 652.13 -934.14 655.87  -935.77
684.39  -913.40 680.41 -917.45 683.24 -914.12
521.01 -845.39 510.46 -841.24 524.03  -844.52
589.36  -824.26 578.14 -820.64 584.56  -823.58
62348 -901.35 620.17 -904.31 622.15  -902.36
648.36  -941.02 645.36 -939.15 649.95 -942.75

For each disturbance condition (illumination variation, im-
age blur, surface occlusion),10 independent repeated match-
ing experiments are carried out.The results are presented as
mean + standard deviation for quantitative stability analysis.
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For clarity, time-related metrics in this paper are defined as
follows:

(1) Matching time: The duration of only feature extraction
and matching. In this experiment, it ranges from 0.32 s
t0 0.42 s.

System response time: The total latency from image ac-
quisition to output of the target 2D pixel coordinates.
Full robot control cycle: The complete period from im-
age capture to the end-effector reaching the target pose.
In this experiment, it was be approximately 5 seconds.
All time measurements are repeated 10 times and aver-
aged to ensure stability.

Under the identical standard operating conditions applied to
Type I workpieces, six consecutive tracking experiments were
performed on Type Il workpieces, with the results presented
in Figure 22. The experimental data showed that the improved
algorithm achieved an average positioning error of 2.49 mm,
a maximum tracking error of 4.07 mm, and a system response
time of 0.42s. By comparison, the traditional SURF algorithm
produced an average error of 6.75 mm, a maximum error of
7.81mm, and a response time of 0.76 s, as summarized in Ta-
ble 12. These findings confirm that the improved SURF algo-
rithm possesses excellent tracking accuracy and real-time per-
formance. Even when the conveyor belt speed was elevated to
1.5 m/s, the average error of the improved algorithm increased
marginally, and it still met the strict positioning accuracy cri-
teria for practical industrial assembly scenarios.

2
3

KUKA
industrial
robotic arm |

Industrial
camera

1
Conveyor
__belt

Target
workpiece

N Sm—

Fig. 22. Recognition and Tracking of Type Il Workpiece by Ro-
botic Arm

Table 12. Actual Coordinates versus Identified Coordinates of Type 11
Workpiece

Opti- Opti-
Conven- Conven- mllzed mllzed
tional al-  tional al- algo- algo-
Actual Actual orithms orithms rithm to  rithm to
coordi- coordi- gcalc ) gcalc . calcu- calcu-
nates of  nates of u u late the late the
lated lated
X/mm Y/mm accurate  accurate
value of value of . .
coordi- coordi-
X/mm Y/mm
nates of  nates of
X/mm Y/mm
614.64  -943.84 619.13 -939.14 615.14  -945.50
685.64  -918.28 680.41 -917.45 684.48 -918.41
562.24  -994.83 558.46 -089.24 566.12  -992.74
565.05 -911.59 561.14 -917.64 566.55 -914.31
643.38 -935.36 647.17 -929.31 642.59  -937.51
651.50 -948.50 648.36 -956.15 65340 -951.34
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When 5% of the workpiece surface area is randomly oc-
cluded, the traditional algorithm suffers three instances of
tracking failure. In contrast, the improved algorithm only pro-
duces a slight positioning deviation in one test case, and it rap-
idly resumes stable tracking following simple adjustments —
an outcome that highlights its robust anti-interference perfor-
mance. Under different lighting environments, the fluctuation
range of positioning errors for the improved algorithm is con-
trolled within £0.3 mm, whereas the traditional algorithm
yields an error fluctuation range of up to +0.7 mm. This ex-
perimental result further verifies that the improved algorithm
maintains high stability even under the complex operating
conditions.

The experimental results show that the robotic arm com-
pletes a single recognition and positioning cycle with an aver-
age system response time of 5 seconds, and the tracking error
of the end effector is constrained within +2.5 mm, which
meets the high-precision operation criteria for industrial field
applications. Notably, in the case of random speed variations
of the workpiece, the system remains capable of stable recog-
nition and continuous tracking. This not only confirms the re-
liability of the system but also further verifies the synergistic
effectiveness and robustness of the integrated algorithm and
control system. In conclusion, the robotic arm recognition and
tracking system, combined with the improved SURF algo-
rithm, can effectively cope with diverse interference factors in
actual industrial environments, thereby exhibiting substantial
practical application value.

5. Summary and conclusion

In this paper, an enhanced SURF algorithm is presented for
robust and efficient feature point matching of diverse work-
pieces in industrial vision systems. The proposed method in-
tegrates salient region extraction and PCA dimensionality re-
duction to suppress background interference, reduce
mismatches, and accelerate feature matching.

Experimental results illustrate that the proposed algorithm
yields higher matching accuracy and shorter computational
time than the conventional SURF algorithm, while exhibiting
strong robustness against illumination changes, blur, and par-
tial occlusion. Comparative evaluations with SIFT and ORB
further validate its superior overall performance and practical
competitiveness. Physical experiments on a KUKA robotic
arm verify that the proposed method meets the accuracy and
real-time demands of dynamic workpiece recognition and
tracking.

In future work, the algorithm will be further optimized and
compared with state-of-the-art learning-based matching meth-
ods to improve its adaptability in more complex industrial sce-
narios.
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Appendix

Table S. Systematic Performance Comparison of Algorithms for Type-I Part
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RANSAC  Average re-

Algorithm Matching False  Accuracy[%] Time[s] Precision(%) Recall(%) Inlier projection
points matches Rate (%) error
(pixels)
Traditional SURF algorithm 191 29 82.36 84.81 79.23 76.44 3.26
Improved SURF algorithm 75 3 97.05 96.00 92.56 93.12 1.18
Table 6. Systematic Performance Comparison of Algorithms for Type-II Part
RANSAC  Average re-
Algorithm Matching False = Accuracy[%] Time[s] Precision(%) Recall(%) Inlier projection
points matches Rate (%) error
(pixels)
Traditional SURF algorithm 185 21 89.47 0.94 88.65 85.32 81.73 2.89
Improved SURF algorithm 51 2 97.86 0.42 96.15 91.87 92.45 1.05
Table 7. Anti-Interference Stability Analysis Table
Type-I Parts Type-1I Parts
. Number of  Average matching Average reprojec- Number of Average matching Average reprojec-
Type of in- . N . - . o . .
torf experiments accuracy (%) + tion error (pixels) + experiments accuracy (%) = tion error (pixels)
erierence ™N) Standard deviation  standard deviation N) Standard deviation + standard devia-
tion
[llumination 10 95.32+1.28 1.32+0.26 10 94.97+1.35 1.38+0.29
variation
Image blur 10 94.76+1.53 1.48+0.31 10 94.31£1.61 1.55+0.33
Surface oc- 10 93.85+1.87 1.65+0.38 10 93.42+1.95 1.72+0.41
clusion
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