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Abstract: How to accurately detect and segment gesture parts from the facial area is a major research
focus in the field of human-machine interaction. The similarity in texture between the hand and the face
poses significant challenges to the stability of gesture recognition. This paper proposes a gesture
recognition algorithm based on edge repair using a computer-based method to handle the issue of
overlapping between hands and faces. Based on the Chamfer distance matching method, an edge repair
algorithm is introduced to handle blurred edge areas at the intersec-tion of hands and faces. Experimental
results show that the accuracy of the edge repair algorithm reaches 94.6%, significantly outperforming
other methods with an accuracy of only 8.7%. This algorithm is particularly effective in scenarios
involving frequent gesture changes and facial movement.
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1. Introduction
In the field of computer vision research, visual gesture recognition serves as a key discip-line within
human-computer interaction. Its development is closely linked to the progress of human-computer
interaction. In gesture recognition research based on computer vision technology, the accurate
identification and segmentation of gestures in images or videos form the technical foundation. Image
segmentation is a fundamental aspect of human-computer interaction studies and holds significant
research value in computer visual ana-lysis.

Gesture segmentation is a fundamental issue in the field of gesture recognition. Many research directions
exist in this area, where segmentation techniques rely on the advanced features of gestures such as
fingertips, fingers, joints, and other specific parts. These features are used to determine the presence of a
hand. Studies on human skin tone and texture have shown that the color and texture of the hand and face
are very similar. The problem of facial and hand skin interference remains unsolved. At present, many
studies focus on gesture localization or tracking, without providing precise segmentation of gesture
regions [1][2].

In [3], a Haar-like feature classifier is used to detect and track hand gestures, suc-cessfully achieving
stable tracking of the hand in front of the face. In [4], a model based on motion of facial target parts is
established, combining skin color with local motion for dual tracking to detect crossing hands in front of
the face. In [5], a Gaussian skin color model and density distribution features are used to track gestures for
segmentation and recognition in specific regions. This method ensures high recognition accuracy for
gestures entering and exiting open-face regions, enabling accurate distinction of hands and faces. In [6],
gesture shapes, textures, and color features are extracted and Bayesian model-generated images are used
for gesture segmentation. Although this method is highly adaptive to background complexity, it has
slower computation speed.



Based on the foundation of previous research, this paper proposes a gesture recognition method using
edge-repair-based segmentation of gesture parts. This method provides fast recognition, high accuracy,
and has high research value for processing visual elements in human-computer interaction.

2. Gesture Recognition System Architecture
With the widespread deployment of modern network technologies and intelligent sensing devices,
computer-based gesture recognition systems have gradually evolved toward modular, end-to-end
architectures within human-computer interaction (HCI) frameworks. In designing such systems, emphasis
is placed on robustness, scalability, and the integration of perception and decision-making modules.

Liu et al. [7] proposed a graph neural network-based framework for user satisfaction classification in HCI
systems, demonstrating that structured feature representation and relational modeling can significantly
enhance classification stability and system robustness. Inspired by this structured modeling paradigm, the
architecture proposed in this study adopts a modular design to ensure reliable feature extraction and
decision-making in dynamic gesture interaction scenarios.

The overall system architecture consists of four primary components: data acquisition, preprocessing,
feature extraction and segmentation, and gesture classification. A camera captures real-time gesture
information, and the acquired visual data are transmitted to the gesture recognition subsystem through the
host computer. Within this subsystem, image preprocessing operations-including denoising, normalization,
and edge enhancement-are first applied to suppress background interference and illumination variations.

Following preprocessing, the system performs automatic gesture region localization. Drawing on the
structured feature modeling concept described by Liu et al. [7], the extracted visual features are organized
into a digital modeling framework, enabling effective filtering and refinement of gesture-related
information. This structured representation enhances the robustness of gesture classification under
conditions of facial movement and hand-face overlap.

Subsequently, based on the predefined gesture models and the interaction interface requirements, the
system classifies gesture information through feature matching and decision rules. The complete gesture
recognition process, including acquisition, preprocessing, segmentation, feature modeling, and
classification, is illustrated in Figure 1.

After the camera captures the input image, the system automatically identifies the gesture region and
performs denoising preprocessing. Feature information is then recognized and filtered through digital
modeling, forming the basis for subsequent edge-repair-based segmentation and classification procedures.

Figure 1. Computer-based gesture recognition flowchart

3. Gesture Features
3.1 GTRI Features
GTRI features are primarily used to describe image details and are typical features fre-quently used in the
image recognition process. These features are based on multidimen-sional space and contain many image



recognition characteristics, among which multi-angle rotation and two-dimensional spatial image scaling
are representative [8-9]. Therefore, GTRI features exhibit strong adaptability to special background
conditions and high light environments. They can perform comprehensive depth analysis of the target and
other objects. The core working principle of GTRI is to use multidimensional space as the origin and
construct the spatial quantity of GTRI features.

By calculating the spatial orientation quantities within different regions, stable feature values for each
region can be obtained. During this process, the feature vectors need to be normalized. To achieve
weighted calculations of image features in different regions, feature sets F and T are used. The calculation
formula is expressed as:

F (x, y, λ ) = H (x, y, kλ ) − H (x, y, λ )
In the equation: T (x, y, λ) is the feature function, k is the feature coefficient, and H(x, y, λ) is the standard
function of the feature vector. The standardized result of the feature function is used to compute the
coefficients F and T , plot the path curve of the feature space, and determine the extremum of the curve as
the extremum point of the feature function.

Through the above feature function, the extremum points of feature vectors can be computed.
Multidimensional parameters under different combination conditions can be used to locate specific
feature points. By eliminating unstable and unclear points around the image, robust feature points under
challenging background and lighting conditions can be acquired. Each pixel point’s location and
orientation need to be determined [10-11]. Using the positions of surrounding pixels as references, the
direction of the target pixel can be obtained. This enables precise localization of other feature points,
forming the feature vector of GTRI, which provides a basis for image matching.

3.2 KLT Features
KLT features are commonly used for image feature region division. These features possess strong
resolution and are widely applied in image processing feature algorithms [12]-[15]. KLT calculates the
gray values of the image at distribution points and compares them with surrounding pixels to extract
feature functions that describe image clarity. Target feature functions can be obtained through local pixel
distribution. The feature function formula is expressed as:

T ∼ t (m (g0 −gn) . . . m (gr−1 −gn))
In the equation: n represents the number of distributed feature pixels, r denotes the weight value of
the spatial image pixels. When r is set to 6, 269 types of KLT feature extrema can be obtained. The
KLT algorithm is shown in Figure 2.

Figure 2. Illustration of KLT Algorithm: (a) Numerical Detection, (b) Normalization, (c) Weight
Calculation

The KLT algorithm uses a 3×3 matrix combination to form a feature function with normalized numerical
values. This algorithm enables precise localization based on the spatial distribution of image pixels,



effectively improving processing efficiency. However, due to the small radius of the KLT algorithm, it
cannot cover most image areas, resulting in some regions being unrecognized.

To address this issue and expand the recognition range of image gray levels, researchers optimized the
KLT algorithm by replacing the original 3×3 matrix with a circular region. The improved KLT algorithm
can compute KLT coefficients at any arbitrary pixel within a radius R, thus generating multiple KLT
computation sub-factors for labeled pixels [16]. The KLT algorithm not only offers simple
implementation but also provides remark-able results in regional pixel statistics and image classification.
It exhibits superior detec-tion and classification performance and demonstrates strong robustness against
complex backgrounds and intense lighting environments, making it highly valuable for practical
applications.

4. Gesture Segmentation Based on Edge Repair
Gesture segmentation technology involves extracting the foreground image of the gesture from the
captured image and separating the hand region from the background. Accurate gesture segmentation can
eliminate background interference [17]. Currently, most gesture segmentation research is based on
traditional segmentation methods, including color-based skin detection segmentation, depth threshold-
based segmentation, circular scan edge-based segmentation, and others. These conventional methods are
often sensitive to lighting and background complexity, resulting in low segmentation speed and poor
accuracy.

To address these issues, this paper proposes a gesture segmentation method based on edge repair. The
overall framework of this method is shown in Figure 3. First, a rough segmentation result is obtained
using skin color detection and background difference detection. Then, a hierarchical chamfer matching
algorithm (HCMA) is applied to further refine the gesture region.

Figure 3. Framework of Edge-Repair-Based Gesture Segmentation Algorithm
Due to the flexibility of fingers, a classifier based on image structure and vertical gradient direction is
used to detect the palm and fingers precisely. Finally, the boundary information at the intersection of the
hand and face is repaired using pre-stored templates, resulting in a complete and clear gesture region.



4.1 Hierarchical Chamfer Distance Matching Algorithm
The Chamfer distance matching algorithm first converts the edge image into a Chamfer distance map. A 3
× 3 window is used to calculate the distance value for each pixel. The algorithm is formulated as follows:

In the equation, wi represents the pixel values of the template image, and N is the total number of
pixels in the template wheel [18-20]. When Ed reaches its minimum value, the best matching
position is found.

To improve the search efficiency for the optimal match, the algorithm adopts a quadtree structure. Any
pair of grid points is selected as the initial match position. The edge dis-tances Ed of these points and
neighboring points are calculated until the minimum value is obtained. The algorithm is formulated
as follows:

Here, (x, y) is the template coordinate position, and (X, Y ) is the coordinate on the distance map at
level n of the quadtree. (cx, cy), (sx, sy), and θ represent the translation, scaling, and rotation
parameters respectively, indicating that the matching process can accommodate these
transformations.

4.2 Edge Repair Algorithm
The purpose of the edge repair algorithm is to obtain complete wheel shapes of gesture components. The
principle is to repair broken edges. The specific steps are as follows:

(1)Use the Chamfer distance matching algorithm to search the nearby region of a gesture part and
compare the best matching region image with the template for analysis.

(2)Repair the broken part of the newly detected edge image using the wheel rim break repair process.
Assume a set of newly detected breakpoints P ; for each breakpoint, find its nearest point Q in the
template, divide Q into multiple segments, and generate a new point set P based on their relative positions,
as follows:

Using a Catmull-Rom interpolation curve algorithm, these points are connected to optimize the
edge image [21]. The algorithm is formulated as follows:



4.3 Result Analysis

To more accurately analyze gesture feature recognition in human-computer interaction, it is necessary to
assign weights to the parameter factors of gesture feature recognition based on different classification
methods. As shown in Table 1, in the RTF classification method, the selected parameters include feature
functions, orientation node distribution, and influence factor recognition. Each parameter is assigned a weight
and compared. The results show that the influence factor recognition occupies a relatively high proportion in
feature classification. In contrast, the CTI classification method selects parameters such as pixel distance
matching, gesture feature positioning, and algorithm accuracy checking. Using the same method, each
parameter is weighted and compared. The analysis reveals that algorithm accuracy checking accounts for a
larger proportion-2.5 times that of pixel distance matching. Therefore, it is necessary to analyze the
segmentation accuracy of the algorithm.

Table 1: Gesture Feature Recognition Parameters

Method Parameter Value

RTF Classification

Feature Function Count 5

Orientation Node Distribution 7

Influencing Factor Recognition 13

CTI Classification

Pixel Distance Matching 51

Gesture Feature Positioning 107

Algorithm Accuracy Verification 126

The segmentation accuracy of the algorithm is quantitatively evaluated. 600 images were randomly selected
from 15 test video sequences for manual labeling and statistical analysis. The standard testing metrics are true
positive rate (TPR) and false positive rate (FPR). TPR is defined as the number of correctly predicted gesture
points divided by the total number of gesture points. FPR is the number of falsely predicted background
points divided by the total number of gesture points.

During recognition, if the fingers are not sufficiently extended, they may not be recog-nized. By counting the
number of extended fingers, digital gestures can be identified. In addition, the meaning of a gesture can be



inferred from the number of extended fingers, the name of the gesture, or the angle between fingers. Overall,
the algorithm achieves fast and accurate digital gesture recognition.

Table 2: True Positive Rate (TPR) and False Positive Rate (FPR) of Gesture Segmentation Results

Method TPR/% FPR/%

Edge and Region-Based Segmentation 84.5 20.4

Skin Color + Background Subtraction 99 89.5

Edge-Repair-Based Component Segmentation
(no sub-part) 88.7 9.4

Edge-Repair-Based Component Segmentation
(with sub-part) 94.6 8.7

Based on computer vision gesture recognition research, accurate recognition and seg-mentation of gestures in
images or videos are fundamental goals. Experimental results show that, using computer vision techniques,
skin color segmentation combined with background difference methods, and the edge-repair-based gesture
segmentation method achieve high TPR and low FPR. As shown in Table 2, the TPR and FPR of the edge-
repair-based method are 94.6% and 8.7%, respectively. Compared with other methods, this approach shows
superior segmentation accuracy. The edge-repair-based segmentation method offers fast recognition, high
accuracy, and high research value in processing visual elements of human-computer interaction.

5. Conclusion
The edge-repair-based gesture component segmentation algorithm proposed in this paper can accurately
extract the gesture region, effectively solving the problem of facial inter-ference. It also adapts to various
dynamic gesture changes and has potential for real-time human-computer interaction applications.

First, the method uses GTRI features for detailed image description. Then, it applies KLT features to divide
image regions. By analyzing gesture trajectory features and bone joint keypoint sequences, it achieves
recognition of functions such as waving, moving, and pushing.
Compared with other algorithms, the edge-repair method achieves higher accuracy. Its advantages include
low computational cost, robustness to background and distance changes, and strong suitability for long-
distance dynamic gesture recognition. It exhibits good recognition stability and robustness.

However, a limitation of this method is its dependence on indoor lighting conditions. Although it shows some
resistance to strong outdoor light interference, it is more suitable for indoor gesture recognition tasks and has
good application value.
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