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Abstract This study addresses the performance teaching needs of traditional Chinese Guzheng and
attempts to introduce computer vision and deep learning technologies into gesture recognition tasks.
By constructing a dataset that includes various Guzheng playing actions, image sequences are collected
during the performance process. Combined with convolutional neural networks for feature extraction,
this approach achieves automatic recognition of multiple basic gestures. The model employs an opti-
mized ResNet50 structure, maintaining high recognition accuracy under standardized image input and
weighted classifiers. Experiments show that the system performs stably in recognizing typical actions
and has a certain tolerance for complex action transitions and partial hand occlusions. When deployed
in educational settings, the system can provide real-time feedback and visual presentations, assisting
teachers in evaluating students’ gesture standards and enhancing interactive teaching effects. From the
perspective of engineering implementation and practicality in education, this research provides method-
ological support for the integration of traditional arts and artificial intelligence, laying the groundwork
for future intelligent musical instrument training systems. Overall results indicate that this technical ap-
proach holds practical significance and application potential in improving Guzheng performance quality
and reducing teaching costs.

Keywords: computer vision technology, posture recognition, Guzheng playing, intelligent teaching
system.

1. Introduction

The Guzheng, as a traditional Chinese ethnic instrument, boasts a long history of de-
velopment and a rich array of playing techniques. In actual performance, the posture
not only affects sound production but also directly impacts the player’s hand health and
technical stability. Traditional Guzheng instruction primarily relies on teacher demon-
strations and verbal guidance, which can be subjective and result in delayed feedback.
With the rapid advancement of artificial intelligence technology, computer vision has pro-
vided new tools for posture recognition and action analysis. By capturing performance
actions in real-time through visual systems, automatic recognition and evaluation of
postures can be achieved, aiding in performance training. Computer vision has shown
excellent application potential in fields such as sports and rehabilitation medicine, but
it is still in its early stages of exploration in music education. Applying computer vi-
sion to the recognition of Guzheng playing postures not only helps enhance the level of
intelligent teaching but also provides data support for scientific analysis of performance
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actions. Through technical means, standardized posture modeling, detection of abnor-
mal movements, and optimization of playing habits can be realized, offering significant
theoretical research value and practical application significance.

In recent years, the application of computer vision technology in various fields has
continuously expanded, providing crucial support for the intelligent transformation of
traditional industries. Shan et al. (2025) [18] reviewed the application of computer
vision in sustainable mining engineering, noting that image recognition and automated
monitoring have improved mine operation efficiency and safety. Gill et al. (2024) [6]
analyzed the integration methods of computer vision under Industry 4.0, arguing that it
can effectively promote production process optimization and intelligent resource alloca-
tion. Kataev and Bulysheva (2024) [11] proposed using computer vision for automatic
defect detection in ceramic tiles, which can achieve efficient identification of minor de-
fects and enhance product quality control levels. Hui and Geng (2024) [10] explored
the construction of an intelligent English mixed teaching system in a 5G environment,
emphasizing the critical role of computer vision in real-time interaction and learning
behavior recognition.

Huang et al. (2024) [8] reviewed the development of trustworthy computer vision
from the perspective of ethics and technological evolution, highlighting that enhancing
model transparency and reliability is a crucial direction for future research. Blose and
Schenkel (2024) [2] found through facial and body posture emotion recognition stud-
ies that posture features play an independent and significant role in emotion decoding,
emphasizing the necessity of fine-grained modeling in action recognition. Li and Chen
(2023) [13] demonstrated in their study on robot English translation based on computer
vision that visual technology can enhance the understanding and transmission of lin-
guistic and cultural information. Yin (2023) [25] analyzed cross-cultural competence
development in Guzheng education, pointing out that gesture recognition and feedback
mechanisms supported by MOOC platforms can improve teaching effectiveness and pro-
fessional competence.

Upadhyay et al. (2023) [23] proposed a deep learning-based yoga pose recognition
model, validating the effectiveness of convolutional networks in complex pose classi-
fication and providing algorithmic support for music gesture recognition. Shih et al.
(2023) [19] designed an intelligent math tutoring system based on diagnostic teach-
ing, emphasizing the potential of combining computer vision with cognitive modeling in
adaptive teaching. Huang et al. (2022) [9] analyzed learners’ human pose recognition
behavior under the context of maker education, proposing that there is a significant cor-
relation between pose data and learning outcomes. Valipoor and de Antonio (2023) [24]
systematically reviewed the development trends of scene understanding based on com-
puter vision in the field of visual assistance for the blind, highlighting the importance of
multimodal perception and human-computer interaction optimization. Existing research
clearly demonstrates the broad application potential of computer vision technology in
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action recognition, intelligent teaching, cultural interaction, and decision support [20].
However, specialized studies on Guzheng performance pose recognition are still insuf-
ficient, and the fine-grained analysis of model actions and real-time feedback systems
need further development.

In traditional Guzheng teaching, the evaluation of performance posture mainly relies
on teachers’ experience, lacking objective and systematic quantitative standards. This
approach struggles to ensure the stability and accuracy of teaching quality when deal-
ing with large numbers of students or beginners. Although some existing studies have
introduced motion capture systems, they generally suffer from issues such as expensive
equipment, complex operation, and interference with natural performances, making it
difficult to promote their application in actual teaching. Research on Guzheng pos-
ture recognition based on computer vision is relatively scarce, lacking targeted models
and systematic methods, which results in insufficient accuracy and applicability. This
study aims to develop an efficient and low-intrusive method for Guzheng performance
posture recognition using deep learning and image processing technologies. It involves
constructing a standard dataset, designing a visual recognition model that adapts to mu-
sical action features, and achieving automatic recognition and evaluation of performance
posture. The goal is to break through existing technical bottlenecks through this re-
search, providing an intelligent auxiliary system for Guzheng teaching and performance
training, promoting the deep integration of traditional arts and modern technology.

The study employs a computer vision-based pose recognition method, combined with
a deep learning framework for model construction and training. First, high-definition
cameras from multiple angles capture pose images during the performance process to
establish a dataset that includes various playing postures. Then, a convolutional neural
network (CNN) is used as the foundation to design a lightweight and adaptable visual
recognition model. To improve recognition accuracy, feature enhancement modules and
attention mechanisms are introduced to optimize the feature extraction process. During
the model training phase, data augmentation and transfer learning techniques are applied
to enhance the model’s generalization ability. The overall system workflow includes
data collection, image preprocessing, feature extraction, pose classification, and feedback
output. Finally, the system performance and application effects are validated through
actual performance tests. Throughout the research, emphasis is placed on the practicality
and scalability of the methods, ensuring that the proposed pose recognition approach can
adapt to different playing styles and individual differences, providing technical support
for the scientific analysis and intelligent evaluation of Guzheng playing postures.
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2. Materials and methods

2.1. Data collection and sample construction

2.1.1. Selection criteria and sample basic information of performers

To ensure the diversity and representativeness of the training data for the posture recog-
nition model, performers are selected based on certain criteria. First, performers must
have over one year of Guzheng performance experience and be proficient in basic finger
techniques and common repertoire playing skills. Second, participants must not have
significant upper limb movement disorders to ensure that their movements are natural,
smooth, and can be standardized for recording. During the sample selection process,
gender, age, and performance level diversity is considered to cover different body pos-
tures and styles of movement. Ultimately, 20 performers were selected, with a roughly
balanced gender ratio and ages ranging from 18 to 35 years old, and performance ex-
perience spanning from 1 to 10 years. All participants received standardized movement
guidance before data collection to minimize individual differences that could cause er-
rors, ensuring the usability and consistency of the collected data. Before and after data
collection, identity information was anonymized and data was encrypted to protect the
privacy of the participants. The specific basic information of the samples is shown in
Tab. 1.

To capture stylistic variability, we stratified recruitment by three common perfor-
mance styles: floor-level style (instrument low and performer seated on the floor), seated
classical style (performer seated in front of a standard stand-mounted Guzheng), and
standing style (elevated instrument with the performer standing). Among 20 partici-
pants, the distribution was 6 floor-level, 10 seated classical, and 4 standing. During
collection, seat/stand height and instrument angle were recorded to contextualize pos-
ture geometry. Style labels are included in the metadata and enable subgroup analyses.
On the held-out test set, class-balanced accuracy by style was 92.4% (floor-level), 93.1%

Tab. 1. Statistics of basic information on performers.

Number of sex age Duration of Lead acting
performers playing (years) style
1 woman 22 3 Orthodox tradition
2 man 28 5 Genre fusion
... ... ... ... ...
20 woman 25 7 Genre fusion
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(seated classical), and 91.0% (standing), suggesting minor viewpoint-related occlusions
in standing performances but overall robust generalization.

2.1.2. Configuration of attitude image acquisition system
To obtain high-quality performance posture data, a professional image acquisition sys-
tem was established. The system employs a dual-camera synchronous acquisition mode,
recording the performer’s movements from both front and side angles. Industrial-grade
high-definition cameras with a resolution of 1920×1080 pixels and a sampling rate of
60 frames per second are used to ensure the precision and continuity of motion cap-
ture. The lens focal length is set at 35 mm to capture both local details and overall
posture clearly. The acquisition environment is arranged under natural light conditions,
with auxiliary lighting to ensure uniform brightness and low noise levels in the images.
All equipment is connected via USB 3.0 interfaces to ensure efficient and stable data
transmission. The synchronization control module coordinates the consistency of the
two camera signals, preventing data discrepancies caused by time delays [15]. The ac-
quisition system is equipped with a stable stand and standardized background cloth to
minimize environmental interference affecting recognition accuracy. Hardware parame-
ters of the acquisition system are listed in Tab. 2.

Both cameras were triggered synchronously to capture paired frontal and lateral
views. For model training and evaluation reported here, we treat each frame as an
independent sample and use the frontal view as the primary input to the single-image
network. The lateral view served two purposes:
(i) data diversity — selecting lateral frames into the training pool at a 1 : 3 ratio to

improve view robustness;
(ii) and cross-view validation — testing generalization when viewpoint shifts.

Tab. 2. Hardware equipment parameters.

Device Name Model Resolution Ratio Frame Rate Interface
Type

Main camera Basler 1920×1080 60 fps USB3.0
acA1920-155 um

Auxiliary camera Basler 1920×1080 60 fps USB3.0
acA1920-155 um

Isochronous IDS Sync – – USB
controller Controller
Data acquisition Dell – – Gigabit
server Precision 5820 network
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Fig. 1. The test site.

In optional deployments where both streams are available, we implement late fusion by
averaging posterior probabilities from two identical single-frame models; the main results
in this paper, however, are based on the frontal stream to ensure comparability across
sessions.

To improve methodological transparency, we add a site photograph of the data-
collection setup. The frontal camera was positioned 1.8 m from the performer at a
height of 1.25 m, normal to the Guzheng’s long edge; the lateral camera was 1.5 m from
the right side at a height of 1.15 m with a yaw of about 80◦. Two softbox lamps (500 lux
to 700 lux at the soundboard) provided uniform illumination while avoiding specular
glare. A matte dark backdrop minimized background clutter. Tripods were marked on
the floor to keep geometry fixed across sessions. Fig. 1 shows the Guzheng centered on a
marked area, the frontal and lateral cameras on tripods, softbox lighting, synchronization
controller, and the performer in the standardized posture used for calibration.

2.1.3. Data preprocessing methods
To improve the efficiency and accuracy of pose feature extraction in the model, all col-
lected image data undergoes standardized preprocessing before inputting into the model.
The preprocessing process mainly includes image cropping, size normalization, bright-
ness equalization, and data augmentation. Images are automatically cropped based on
the playing area to remove irrelevant background interference. Subsequently, images are
uniformly resized to 224×224 pixels to ensure consistent input dimensions. To miti-
gate the difficulty of feature extraction caused by lighting changes, adaptive histogram
equalization is used to normalize the brightness of the images. Data augmentation in-
troduces random rotation, horizontal flipping, and mild Gaussian noise perturbations to
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Fig. 2. Preprocessing pipeline, single frame.

increase sample diversity and enhance model robustness. Finally, all image pixel values
are normalized to the [0, 1] range to facilitate faster model convergence [22]. The specific
normalization process is described as

X ′ = X − min(X)
max(X) − min(X) , (1)

where X represents the original pixel matrix, and min(X) and max(X) respectively
represent the minimum and maximum values of sample pixels in the testing set of images.
Through standardization, the stability of the training stage and the final recognition
accuracy are effectively improved.

To make preprocessing auditable, we visualize each step on the same sample frame.
Starting from the raw frame, we apply:
(a) Region-of-interest crop anchored on the instrument’s soundboard contour (margin

8–10% of width);
(b) Resize to 224×224 pixels with bilinear interpolation;
(c) Illumination normalization via CLAHE (clipLimit 2.0, tileGridSize 8×8);
(d) Color jitter for augmentation (brightness ±10%, contrast ±10% during training only);
(e) Horizontal flip with p = 0.5 (training only; disabled for evaluation);
(f) Light Gaussian noise δ = 0.01;
(g) Min–max scaling to [0, 1].

As shown in Fig. 2, Panels show Raw → Crop → Resize → CLAHE → Augmented
(training) → Normalized, enabling visual inspection of the cumulative effects before
model ingestion.
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Tab. 3. Comparison of performance of mainstream algorithms.

Model name Top-1 precision Number of parameters Speed of reasoning
[%] [M] [ms/image]

VGG16 71.5 138 25

ResNet50 76.2 25.6 15

MobileNetV2 72 3.5 10

EfficientNet-B0 77.1 5.3 12

2.2. Model construction and training strategy

2.2.1. Analysis of visual model selection basis
In the task of recognizing Guzheng performance postures, achieving both high recogni-
tion accuracy and inference efficiency is crucial. Model selection must be systematically
considered from multiple dimensions. The accuracy of the model, parameter size, com-
putational efficiency, and scalability collectively form the evaluation criteria. Currently,
typical deep learning models widely used in image recognition tasks include the VGG
series, ResNet series, MobileNet series, and the EfficientNet, which has shown outstand-
ing performance in recent years. VGG16, as a representative of early deep convolutional
networks, despite its clear structure and ease of implementation, has a large number of
parameters and slow inference speed, making it unsuitable for lightweight requirements.
ResNet50 introduces residual structures to effectively alleviate gradient disappearance
issues in deep networks and has achieved excellent performance on various image recog-
nition benchmark tests, demonstrating good accuracy and controllable complexity. Mo-
bileNetV2 employs depth separable convolutions, resulting in an extremely lightweight
model suitable for deployment on mobile devices. Although its accuracy is slightly lower,
it offers significant advantages in computational efficiency. EfficientNet achieves a bet-
ter balance between model size, accuracy, and speed, making it particularly suitable for
resource-constrained deployment environments such as [21].

In order to ensure the identification effect, the study needs to achieve near real-
time feedback, so ResNet50 was selected as the benchmark model, and the subsequent
lightweight and optimization strategies were combined to achieve the unity of high per-
formance and high availability. Comparative data of four mainstream models is shown
in Tab. 3.

2.2.2. Network architecture design details
Network architecture design is crucial for the successful recognition of posture actions
in computer vision systems. This study has customized the ResNet50 infrastructure to
better align with the visual characteristics of Guzheng playing movements. In the original
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ResNet structure, residual connections serve as the main pathway, deepening network
depth without increasing computational costs, thereby enhancing the model’s stability
and expressiveness in multi-layer semantic feature extraction. To improve the perception
of local changes in the hand, the study adjusted the size of the first convolutional kernel
from 7×7 to 5×5, making the network more sensitive to capturing local action details
at the initial stage. In subsequent network layers, a strategy of stacking small-sized
convolutional kernels was adopted, along with the addition of batch normalization layers,
to accelerate model convergence and mitigate overfitting risks [17].

The network is optimized by introducing lightweight convolutional structures such
as Depthwise Separable Convolution, which compress redundant computational paths
and reduce resource consumption. At the network’s end, a multi-layer perception fusion
structure (multi-level feature fusion) is connected, combining low-level local features
with high-level semantic features to enhance the modeling capability for complex pose
variations. In forward propagation, the convolution operation serves as the basic unit
for feature extraction, and its calculation method is described as

Y (i, j) =
∑
m

∑
n

X(i + m, j + n) × K(m, n), (2)

where X represents the input image, K is the convolution kernel, Y is the output feature
map, i, j are pixel indices, and m, n are the translation offsets of the convolution win-
dow. By continuously optimizing the convolution kernel through iterative processes, the
network can automatically learn stable gesture and pose features from large amounts of
image data.

2.2.3. Feature extraction and pose classifier implementation

The effectiveness of the pose recognition model depends on the sufficiency of feature
extraction and the classifier’s ability to distinguish fine-grained actions. After the deep
convolutional network constructed in the previous section extracts multi-scale spatial
features, it needs to map high-dimensional feature vectors to a finite space of pose
categories to complete the task of recognizing performance actions. For this purpose,
this study designs a two-layer classifier module. The first layer is a 512-dimensional fully
connected layer with ReLU as the activation function; the second layer is a Softmax
output layer with the number of nodes equal to the number of pose categories, and the
output represents the probability distribution for each category. The overall architecture
parameters of the classifier are streamlined to enhance inference speed and facilitate
integration into [5].

In the training process, cross entropy is used as the main loss function, and the
problem of uneven sample distribution is considered. The category weight mechanism
is introduced to balance and optimize the dominant categories and scarce categories in
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the training process. The mathematical form of the loss function is

L = −
C∑

i=1
wiyi log(ŷi), (3)

where C represents the total number of categories, wi is the weight of the sample in cate-
gory i, yi is the actual label, and ŷi is the probability value predicted by the model. The
weight wi is designed based on the inverse of the frequency of each category, effectively
mitigating the negative impact of skewed distribution of pose categories in the training
set on learning performance. Through this strategy, the model not only maintains overall
accuracy but also significantly enhances its ability to recognize a few complex poses.

2.2.4. Integration of attitude recognition system
The ultimate goal of the Guzheng performance posture recognition system is to achieve a
complete end-to-end recognition and feedback process. Therefore, the system integration
phase is particularly critical after the model design is completed. The recognition system
developed in this study consists of four main modules: the front-end data acquisition
module, the intermediate image processing and model inference module, the back-end
posture evaluation module, and the feedback visualization interface. The front end cap-
tures real-time image data through a camera and performs standardization processing.
The middle part uses trained deep networks to complete feature extraction and posture
classification. The back-end system converts the model prediction results into standard
posture labels and generates corresponding prompt information, which is presented in
real-time via a visual component on [12].

The system achieves efficient data transmission between modules through the Socket
communication mechanism, complemented by edge computing devices for low-latency
deployment. In practical teaching scenarios, the system can be embedded in smart
piano desks or performance classroom terminals to analyze performers’ movements in
real-time and provide posture scores and suggestions, assisting in teaching and enhancing
training efficiency. The complete integration process of the system is shown in Fig. 3.

2.3. Training and verification

2.3.1. Model training parameter setting
The parameter settings during the model training process directly impact the final recog-
nition performance and convergence efficiency. To achieve stable training and higher
generalization capabilities, this study systematically optimized the hyperparameters of
the network training. First, regarding the learning rate, a dynamic decay strategy with
an initial value of 0.001 was adopted. The learning rate was dynamically adjusted based
on the loss in the validation set to avoid oscillatory convergence or premature local
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Fig. 3. Complete integration process in the system.

optimization. The Adam optimizer was chosen due to its adaptive learning rate adjust-
ment capability, which can balance update speed and accuracy across different gradient
scales, making it suitable for the uneven distribution of pose categories and limited train-
ing samples in this task. The batch size was set to 32, ensuring controllable memory
usage while maintaining gradient estimation stability. The number of training epochs
was controlled around 100, combined with an early stopping mechanism, to terminate
training prematurely based on the trend of validation loss changes to prevent overfitting
to [14].

The loss function employs weighted cross-entropy, with category weights set accord-
ing to the distribution of pose samples, focusing the model on low-frequency complex
poses. Dropout and L2 regularization terms are introduced into the fully connected
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Tab. 4. Hyperparameter settings.

Parameter name Set the value Explain

Initial learning rate 0.001 Use dynamic attenuation strategy

Optimizer type Adam Adaptive gradient adjustment

Batch Size 32 Balance calculation
and convergence speed

Maximum training rounds 100 Cooperate with
Early Stopping mechanism

Loss Function Weighted Consider
cross entropy category imbalance

Regularization method Dropout + L2 Prevent overfitting

Learning rate ReduceLROnPlateau Automatically adjust
scheduling method based on verified loss

layer of the classifier to reduce overfitting risks. TensorBoard is also introduced to mon-
itor the training process in real-time, observing accuracy, loss changes, and gradient
distribution, facilitating subsequent performance tuning. The overall parameter setting
strategy has been validated through multiple rounds of cross-validation, demonstrating
good training stability and transferability. Tab. 4 lists the main training hyperparameter
configurations.

2.3.2. Validation and test data partitioning strategy
To ensure the effectiveness of model training and the scientific nature of evaluation,
this study systematically divided the original dataset, setting the ratio for training,
validation, and test sets. The training set is used for learning model parameters, the
validation set for monitoring the model’s generalization ability during training, and the
test set for assessing the final performance of the model on unseen data. The division
ratio is 7:2:1, meaning 70% of the dataset is used for training, 20% for validation, and
10% for testing. This ratio ensures sufficient training and independent testing with a
limited sample size. The division process is based on performer numbers rather than
image numbers, avoiding data leakage issues caused by repeated images of the same
performer appearing in multiple subsets [3].

In the specific implementation, first stratified sampling is conducted based on the
identity of performers to ensure that the basic distribution of pose categories is con-
sistent across groups. Each group of images is randomly shuffled to enhance training
diversity and reduce the model’s reliance on specific sequence order. After partitioning,
normalization and label encoding are performed separately for each subset to maintain
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input consistency. The mathematical representation of data partitioning is described as

Dtrain : Dval : Dtest = 7 : 2 : 1, (4)

where Dtrain represents the training set, Dval represents the validation set, and Dtest
represents the test set. This partitioning strategy ensures data independence during
the training process, providing a reliable basis for model performance evaluation and
effectively supporting subsequent generalization capability analysis and error diagnosis
research.

3. Results and Discussion

3.1. Result analysis

3.1.1. Posture recognition accuracy index
After the model training is completed, its overall pose recognition performance is eval-
uated on the test set, with accuracy (Accuracy) as the primary metric. Accuracy rep-
resents the proportion of correctly classified samples among all test cases, serving as
the most intuitive standard for evaluating recognition capability. The ResNet50 struc-
ture selected in this study, after optimization, demonstrated relatively stable recognition
performance on the test set. All recognized poses are categorized into eight classes,
including finger lifting, string bending, pressing, finger rolling, and balling, which are
fundamental playing actions. The overall accuracy rate reached 92.8%, achieving an
accuracy of over 85% across multiple pose categories. Some gestures, due to their small
amplitude and high similarity between images, showed slight disadvantages, such as the
light lifting action having an accuracy rate of 86.1%, meeting the practical teaching anal-
ysis requirements [1]. Please see the diagrams of the gestures shown in the Appendix A,
Figs. A.1-A.8.

By summarizing the recognition results of different categories, it can be found that
the network has higher recognition accuracy on the postures with obvious structural
features. This indicates that the network structure can effectively learn the core identifi-
cation features of gestures in Guzheng playing. The recognition accuracy of each posture
category is shown in Fig. 4.

3.1.2. Attitude classification confusion matrix analysis
The analysis model evaluates the ability to distinguish various postures, creating a confu-
sion matrix for cross-identification analysis. The confusion matrix reflects misjudgments
between different categories in the classification system, helping to identify recognition
challenges specific to certain categories. From the matrix, it is evident that there is some
overlap between the actions picking up and quickly flicking, primarily due to similar vi-
sual features at the beginning of the movements and blurred boundaries between image
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Fig. 4. The accuracy index of posture recognition.

frames. There is also a minor overlap in recognizing lifting fingers and rolling fingers,
which may be related to partial finger occlusion and rotation angles [4].

In addition to the aforementioned groups, most postures can maintain high classifi-
cation purity, with a significant concentration along the main diagonal, indicating that
the classifier has been adequately trained and features have good separability. By com-
bining image preprocessing and feature enhancement methods, recognition accuracy is
further improved, providing data support for subsequent teaching analysis and auxiliary
error correction. The following Fig. 5 shows an example of the confusion matrix data
for posture recognition [16].

3.1.3. Comparison of recognition performance of different models

To evaluate the relative performance advantages of the selected models and compare their
performance with other mainstream networks on the same dataset. The experiment se-
lects three representative architectures: VGG16, MobileNetV2, and EfficientNet-B0 for
training and testing, with a unified data preprocessing process and partitioning method
to ensure experimental comparability. Comparison metrics include accuracy, inference
speed, and model parameter size. The results show that ResNet50 slightly outperforms
EfficientNet-B0 in terms of accuracy and significantly outperforms VGG16 and Mo-
bileNetV2. Although MobileNetV2 has faster inference speed, it suffers from noticeable
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Fig. 5. Posture classification confusion matrix.

performance degradation in pose recognition. Due to parameter redundancy, VGG16
exhibits unstable performance and requires longer training time. Ultimately, the results
indicate that ResNet50 achieves a better balance between recognition accuracy and op-
erational efficiency within an acceptable computational load, validating its adaptability
and practical value in Guzheng pose recognition tasks. The performance metrics of the
four models are compared in Fig. 6.

3.1.4. System practical application test

After completing the model training and accuracy verification, the recognition system
was deployed in a teaching scenario for real-time testing during actual performance pro-
cesses. The test subjects included six new participants who performed specified pieces,
with the system analyzing their postures in real time and outputting action classifica-
tion results. The test scenarios included bright environments, low-light environments,
and multi-player simultaneous performances. The test results covered metrics such as
real-time recognition accuracy, system response time, and false alarm rate [7].
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Fig. 6. Comparison of recognition performance of different models.

The results show that the system maintains a real-time recognition accuracy of over
90% in standard environments, with an average response time of 180 milliseconds, meet-
ing the requirements for real-time teaching feedback. The accuracy slightly decreases
under complex lighting conditions or partial occlusion, but it remains within an ac-
ceptable range. No severe delays or misidentification accumulation issues were found
during testing, indicating good stability and versatility of the system. Fig. 7 presents
the aggregated data from actual application tests.

3.1.5. Temporal aggregation illustration for static frame models

Although the classifier operates on single frames, we aggregate predictions over short
windows to stabilize labels during action transitions. Specifically, a sliding window of 9
frames (150 ms at 60 fps) applies majority voting with tie-break using average Softmax
confidence. This post-hoc temporal smoothing does not change the underlying static
model.

Fig. 8 presents single performance timeline and shows raw frame-wise predictions
(top row) and the smoothed label sequence (bottom row). Transition regions (e.g.,
index pluck outward → damped stop) display reduced label flicker after aggregation.
In classroom tests, this simple procedure increased temporal label consistency by 1.3
percentage points without affecting latency perceptibly (mean added 6 ms on CPU).

Machine GRAPHICS & VISION 35(1):71–92, 2026. DOI: 10.22630/MGV.2026.35.1.4.

https://doi.org/10.22630/MGV
https://doi.org/10.22630/MGV.2026.35.1.4


Dan Lu 87

Fig. 7. Actual application test results of the system.

Fig. 8. Temporal aggregation schematic for static frame predictions.

3.2. Discussion and future outlook

3.2.1. Identification of error sources and problem summary
In the practical application of gesture recognition systems, although overall accuracy has
reached a high level, there are still some misidentification phenomena, mainly focusing
on ambiguous action boundaries and interference from hand detail features. First, the
changes in Guzheng playing gestures are continuous, with no clear breakpoints between
different actions. For example, the transition areas between plucking and rapid strum-
ming in image sequences are difficult to clearly delineate, leading to unstable model
boundary judgments. Second, some performers exhibit occlusions, non-standard move-
ments, or hand shape deviations during performance. These non-standard factors can
easily disrupt the model’s existing understanding of action templates, causing confusion
in gesture classification. Additionally, under complex lighting conditions, the shadows
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on fingers in images change significantly, which can interfere with the recognition path
of convolutional kernels during feature extraction. Furthermore, due to the high propor-
tion of high-frequency gesture samples in training data, the model’s generalization ability
for low-frequency complex gestures remains insufficient, resulting in relatively fluctuating
performance in recognizing specific rare gestures. Although the system’s overall response
speed meets real-time requirements, there are response delays under conditions such as
multi-person collaborative playing, hand occlusions, or continuous actions across frames.
Errors in some feature frames that fail to be corrected in time affect the coherence of
the output. These issues indicate that while the current model has good recognition
capabilities, it still requires further optimization of structural robustness and temporal
modeling strategies in complex environments and high-dynamic performance scenarios
to enhance overall stability and adaptability.

Another challenge encountered in practical use relates to the variation in apparent
hand size caused by changes in performer–camera distance. When the performer leaned
forward or backward, the projected scale of the fingers on the image plane changed
noticeably, sometimes causing misclassification between visually similar gestures. To
mitigate this, three strategies were implemented. First, all image samples were rescaled
to a fixed resolution of 224×224 pixels after ROI cropping, ensuring that the network
received standardized input dimensions independent of capture distance. Second, data
augmentation during training deliberately introduced random zoom factors in the range
of ±15%, enabling the model to learn scale-invariant representations of hand features.
Third, feature extraction layers were optimized with multi-scale convolution kernels,
allowing the network to preserve discriminative features even when hand size varied.
Validation results showed that these measures reduced distance-related misclassification
rates by approximately 2.7%, improving the model’s robustness under realistic classroom
conditions.

3.2.2. Suggestions for follow-up research

To enhance the accuracy and adaptability of the posture recognition system, subsequent
research can be optimized from multiple directions. First, at the data level, it is recom-
mended to construct more representative and diverse Guzheng posture image datasets,
particularly increasing the number of edge category samples to cover different playing
styles, hand positions, playing speeds, and environmental lighting conditions. Introduce
synthetic data generation techniques, leveraging image enhancement and GAN model
training to expand the training sample set, thereby improving the ability to recognize
low-frequency postures.

Secondly, in terms of model architecture, it is recommended to introduce temporal
modeling mechanisms such as LSTM and Transformer modules, combining them with
the current static image recognition structure to build a spatiotemporal fusion gesture
recognition network. This strategy helps capture the continuity of performance actions
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and their semantic dependencies, reducing recognition errors during action transitions.
For issues like partial occlusion and lighting changes, multi-scale attention mechanisms
can be combined to guide the network to focus on finger regions, enhancing feature
separation.

Combining key point detection and pose estimation methods with deep pose esti-
mation and classification models for joint training further enhances the system’s ability
to understand movement structures. In terms of system deployment, the model infer-
ence process should be optimized to support lightweight operation on edge computing
devices, improving practicality at teaching terminals. Future research could explore
the deep integration of Guzheng performance pose recognition and teaching feedback
systems, achieving adaptive teaching suggestions and error correction, promoting the
intelligent development of Guzheng instruction.

4. Conclusion

This study aims at the recognition of Guzheng performance postures, constructing an
identification system that integrates computer vision and deep learning to explore the
integration path between traditional art and artificial intelligence. By collecting multi-
angle performance images, a posture dataset was established, and the ResNet50 neural
network model was trained and optimized. Combined with feature enhancement and
classifier design, high-precision recognition of various Guzheng performance actions was
achieved. The overall accuracy of the system reached 92.6%, demonstrating good dis-
crimination ability across multiple action types, thus validating the effectiveness of the
model structure.

The system at the application level demonstrates strong practicality and scalability.
After testing in actual teaching environments, the recognition module responds quickly
and outputs steadily, capable of providing immediate feedback on performers ’postures.
Combined with a visual interface and feedback mechanism, the system offers teachers
auxiliary evaluation criteria and provides students with suggestions for correcting their
movements, showcasing good potential for integration in intelligent teaching. The sta-
bility and accuracy of the recognition results provide technical support for subsequent
teaching evaluations, posture training, and research on performance habits. Despite
achieving phased results, some challenges remain. Local postures can easily be confused,
and the system’s robustness to changes in lighting and occlusion needs improvement. In
the future, efforts should focus on enhancing the model’s temporal perception capabil-
ities to better understand the structural aspects of continuous performance processes.
At the same time, optimizing the deployment of the model will promote its practical
application in a wider range of teaching scenarios. The study highlights the significant
potential of visual recognition in traditional instrument education, providing technical
references and methodological support for related fields.
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A. Appendix

Three frame diagram of eight gestures.

Fig. A.1. Index pluck outward (Zhai, index).

Fig. A.2. Thumb pluck inward (Tiao, thumb).

Fig. A.3. Press and slide (An-Hua).

Fig. A.4. Vibrato with press (Yao-yin).
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Fig. A.5. Finger roll arpeggio (Gun-zou).

Fig. A.6. Harmonic touch (Fan-yin).

Fig. A.7. Double-finger alternation (Shuang-zhi alternation).

Fig. A.8. Damped stop (Mute/Stop).
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