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strategy was employed to optimize recognition performance. Experimental
results demonstrate that the proposed method achieves a recognition
accuracy of 92.31% in complex backgrounds, significantly outperforming
other comparative methods. The introduction of data augmentation and
GHOG features improved recognition accuracy by 1.94% and 3.42%,
respectively. This study provides an effective solution for the automatic
recognition of Tibetan medicine slices in complex environments, holding
significant implications for research and applications in Tibetan medicine.

l. Introduction

With the advancement of Tibetan medicine, the identification and classification of Tibetan medicinal
materials, as crucial components, have become increasingly important for medical research and
application. Herbaceous Tibetan medicines, in particular, present significant challenges to traditional
manual identification methods due to their diverse species and varied morphologies. The emergence of
deep learning technologies has introduced a new solution for the automatic recognition of Tibetan
medicine slices using computer vision techniques. However, the high difficulty of image recognition
for Tibetan medicine slices in complex backgrounds has led researchers to turn their attention to the
application of deep learning models to improve recognition accuracy and efficiency!! 2.

Deep learning has made remarkable progress in the field of image recognition, especially with the
introduction of Convolutional Neural Networks (CNNs), which have significantly enhanced the
accuracy and efficiency of image classification and recognition. LeNet, proposed by LeCun et al. 1!
was one of the early deep learning networks, initially used for handwritten digit recognition.
Subsequently, AlexNet, introduced by Krizhevsky et al. [ achieved breakthrough results in the
ImageNet challenge, drawing widespread attention to the application of deep learning in image
recognition. Since then, various deep learning models such as VGGNet, GoogLeNet, and ResNet have
been proposed, demonstrating powerful performance in various image recognition tasks.

With technological advancements, deep learning has gradually been applied to medical image
processing, including CT scans, X-rays, and MRI Pl. However, for image recognition of herbaceous
Tibetan medicines, the complex structure, especially in slice images often accompanied by complex
backgrounds and uneven lighting, poses challenges to the direct application of traditional image
classification models. Consequently, researchers have begun to explore more targeted deep learning
methods to address these specific issues [ 7],

Herbaceous Tibetan medicines encompass a wide variety of species with diverse morphological
characteristics, particularly in their sliced state, where texture, shape, and other features are notably
complex. Additionally, during the image acquisition process, slice backgrounds are often varied and
complex, potentially containing fragments of other medicinal materials, hair, dust, and other impurities.



JOURNAL OF MEDICAL THEORY AND TECHNOLOGY

These interfering factors increase the difficulty of image recognition -,

Furthermore, herbaceous Tibetan medicines exhibit morphological diversity within species. Even for
the same medicinal material, factors such as growth environment and harvesting time can lead to
significant differences in the appearance of slices. This variability makes it challenging for traditional
methods based on shallow features to accurately extract useful information. Therefore, developing an
automated system capable of accurately recognizing herbaceous Tibetan medicine slices in complex
backgrounds has become a focal point of current research.

In recent years, substantial progress has been made in the automated recognition of herbal medicines.
Some researchers have begun to utilize convolutional neural networks (CNNs) from deep learning for
the classification and recognition of Chinese herbal medicine slices. For instance, Zhou et al. 1%
proposed a CNN-based recognition system for Chinese herbal medicine slice images, achieving
favorable results through automatic feature extraction and classification. This system employs multiple
convolutional layers to gradually extract fine features of medicinal slices, combined with pooling layers
and fully connected layers for classification!!! 1],

For the recognition of Tibetan medicine slices, researchers are actively exploring deep learning-based
solutions. For example, Li et al. '] proposed a Tibetan medicine slice image recognition method based
on an improved ResNet model. By optimizing the ResNet network structure, they addressed the
challenge of feature extraction in complex backgrounds during the recognition process. Additionally,
the study incorporated data augmentation techniques such as rotation, translation, and cropping to
enhance model robustness!!* 1],

Beyond convolutional neural networks, other deep learning methods such as Generative Adversarial
Networks (GANs) and attention mechanisms have been applied to Tibetan medicine recognition
research. For instance, Chen et al. '®proposed a GAN-based image generation and recognition method,
improving recognition accuracy in complex backgrounds by generating clear Tibetan medicine slice
images. Attention mechanisms, on the other hand, adaptively focus on important regions in the image,
reducing the impact of background interference on recognition results.

In identifying Tibetan medicinal material slices against complex backgrounds, preprocessing and
feature extraction are crucial alongside the selection of deep learning models. Common preprocessing
techniques include image denoising, background segmentation, and color space conversion. For
instance, utilizing image segmentation techniques to separate slices from backgrounds effectively
reduces background interference. Additionally, techniques such as illumination correction and contrast
enhancement contribute to improving slice identifiability 7!,

Regarding the selection of deep learning models, lightweight network architectures such as ResNet,
DenseNet, and MobileNet have become predominant choices. Compared to traditional CNN models,
these networks maintain high recognition accuracy while requiring lower computational complexity,
making them suitable for real-time recognition on resource-constrained devices. Furthermore,
researchers have introduced transfer learning techniques, applying pre-trained models from other
domains to Tibetan medicine identification tasks to enhance training efficiency and recognition
accuracy!'® 191,

Tibetan medicinal material slice images present significant challenges due to complex backgrounds and
variable stacking formations, making it difficult to distinguish them from similar regions in the
background. Moreover, environmental factors such as lighting variations and noise interference pose
additional challenges to ensuring model robustness in these complex scenarios. This paper primarily
investigates the multi-feature fusion of texture, shape, and color characteristics of Tibetan medicinal
slices, integrating deep learning networks and attention mechanisms to apply multi-feature fusion for
slice image recognition in complex backgrounds.

Il. Materials and Methods

2.1 Herbal Tibetan Medical Slices in Complex Backgrounds

In the field of Tibetan medicinal slice image recognition, there is a notable absence of a publicly
accessible standardized dataset, which complicates the comparative evaluation of different research
methodologies under unified criteria. Previous studies have predominantly focused on datasets of
individual medicinal slices obtained under controlled environments. However, in practical scenarios,
medicinal slices often exist in cluttered backgrounds or stacked arrangements, limiting the applicability
of previous research findings in natural conditions. To enhance the practical utility of Tibetan medicinal
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slice image recognition technology, this study has compiled a dataset of slice images in complex
backgrounds. Figure 1.1 illustrates the comparison between images captured under controlled

environments and complex backgrounds.
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Figure 1.1 Comparison of Images Under Controlled Environment and Complex Backgrounds

2.2 Construction of Herbal Tibetan Medical Slice Image Dataset

During the research process, 32 types of processed root and rhizome slices from plant-based Tibetan
medicines, including Rhodiola, Tibetan Gastrodia, and Tibetan Saussurea, were selected as research
subjects with reference to the "Complete Collection of Chinese Tibetan Medicines." These medicinal
materials hold significant importance in Tibetan medical research. For data collection, 1,000 images of
Tibetan medicinal slices were captured in natural settings at the Tibet Natural Museum (Medical Hall)
and specialty stores in Lhasa. Subsequently, these images underwent manual annotation to identify the
category information of each slice. Due to the large original image sizes, they were standardized to
512512 pixels using image processing software to facilitate storage and processing.

2.3 Herbal Tibetan Medical Slice Image Acquisition

For image acquisition, a Selenium-based approach was adopted, offering significant advantages over
manual image downloading. Given Bing's anti-crawling mechanisms that render conventional web
scraping techniques inadequate, we implemented a Selenium-based image acquisition method inspired
by automated testing practices, which simulates human browsing behavior for data collection. This
method was primarily employed to gather slice images with complex backgrounds from major Tibetan
medicine websites and Bing Images.

The web-scraped images contained considerable erroneous data. For instance, searching for "Rhodiola
slice images" yielded numerous irrelevant results. Training models on such unfiltered data would
significantly impair model performance. Therefore, guided by the "human-in-the-loop" principle, we
implemented an automated annotation method. This approach centered on utilizing a pre-trained
ImageNet network to identify misclassified categories, followed by manual selection of 50 correct
instances per category for model training. Subsequently, the trained model was used to recognize
unlabeled data, with confidence threshold evaluation in the human-machine loop identifying
inaccurately labeled samples for manual re-annotation.

After screening, blurred or incorrectly labeled images were removed, and all images were standardized
to 512x512 pixels using image processing software. The study compiled images of 32 types of Tibetan
medicinal slices, totaling 3,200 images.

2.4 Data Augmentation Methods for Herbal Tibetan Medical Slice Images

Data augmentation, a common technique in deep learning, aims to enhance model generalization by
increasing training data diversity. Given the limited number of directly collected or web-scraped
Tibetan medicine images, which constrains model training effectiveness and accuracy, this study
implemented several innovative data augmentation methods, including brightness adjustment, random
rotation, mirror flipping, and rotation with noise addition.

Through these augmentation techniques, the original 3,200 slice images were effectively expanded to
22,400 images, significantly enriching training sample diversity. To validate the augmentation effects,
models were trained on both pre- and post-augmented datasets and evaluated on unseen test sets. The
original dataset was randomly split into training and test sets at a 9:1 ratio to ensure experimental
reliability and generalizability.

2.5 Feature Extraction Methods for Herbal Tibetan Medical Slice Images
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Tibetan medicinal materials are widely distributed and diverse. Variations in growing regions, climate
conditions, and processing methods result in differences in color, shape, and texture features of
medicinal slices, providing crucial basis for classification and identification.

Compared to grayscale images, human visual perception is richer for color images. For scientific color
information processing, quantitative methods for describing image color information are necessary
through color spaces (color models). While acquired images are typically described in RGB space, HSI
space better aligns with human visual perception. The HSI color space features two characteristics: 1)
Hue (H) and Saturation (S) components closely correlate with human color perception; 2) Intensity (I)
component is independent of color information. The HSI color space components correspond to three
elements of human visual characteristics, with each channel operating independently.

As a crucial element in Tibetan medicinal slice identification, this chapter first extracts color features
using RGB color feature methods. Through RGB encoding, each color's intensity is represented by red,
green, and blue variables. After encoding, the RGB color space is converted to HSI color space for
feature vector extraction, followed by normalization of the obtained color feature vectors.

The HOG (Histogram of Oriented Gradient) algorithm, which forms features by calculating and
statistically analyzing gradient direction histograms in local image regions, is widely used for shape
feature extraction. An improved HOG method (GHOG) is employed for shape feature extraction,
processing images in blocks to include more information in the extracted feature vectors.

The LBP (Local Binary Patterns) texture analysis operator, first proposed by Ojala, is widely applied
in texture feature extraction. For Tibetan medicinal slice images in complex backgrounds affected by
lighting, angles, and mutual stacking occlusion, the LBP algorithm effectively extracts texture features,
enhancing the robustness and accuracy of slice image recognition. The process begins with
standardizing image sizes before texture extraction.

2.6 Complex Background Tibetan Medicinal Slice Recognition Method Based on Multi-Feature Fusion

The recognition of Tibetan medicinal slice images involves comprehensive analysis of color, shape,
and texture features. Since single feature extraction methods struggle to capture these attributes
comprehensively, this study proposes a multi-feature fusion strategy combining RGB, HOG, and LBP
algorithms for more comprehensive image feature description. This method optimizes feature fusion by
adjusting weights of different features, calculated as follows:

F = aFrgp + bFyoc + cFipp
where F represents the fused features, Fr;p represents color features, Fiy o represents shape features,
F, pp represents texture features, and a, b, ¢ represent their respective weight coefficients.
To determine optimal weights, a values were chosen from 0.1, 0.2, 0.3; b values from 0.3, 0.4, 0.5; and
c values from 0.3, 0.4, 0.5, using orthogonal analysis to enhance experimental efficiency, as shown in
Table 1.1.
Table 1.1 Optimal Weight Table

A b c

0.1 0.3 0.3
0.1 04 0.5
0.1 0.5 0.4
0.2 0.3 0.5
0.2 04 0.4
0.2 0.5 0.3
0.3 0.3 0.4
0.3 0.4 0.3
0.3 0.5 0.5

Regarding deep learning model selection, AlexNet was chosen over more complex networks like
ResNet and GooglLeNet due to its simpler structure and fewer parameters for Tibetan medicinal slice
image recognition. AlexNet's architecture consists of eight layers: five convolutional layers followed
by three fully connected layers. The network employs ReLU activation functions and incorporates
Dropout layers in fully connected layers to prevent overfitting. Additionally, maximum pooling and
local response normalization layers enhance model generalization capability.

To further improve recognition accuracy in complex backgrounds, this study introduces an attention
mechanism. This mechanism simulates human visual processing, enabling the network to focus on key
information while ignoring irrelevant parts. Incorporating attention units into AlexNet (M-AlexNet),
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particularly in crucial texture feature regions, effectively extracts precise feature information. The
attention units primarily comprise 1x1xC convolution filters and global maximum pooling layers,
facilitating feature map conversion into attention maps.

2.7 Evaluation Metrics

To comprehensively evaluate the proposed model's performance, accuracy serves as the primary
evaluation metric. Accuracy is a crucial parameter measuring the model's recognition capability,
reflecting its ability to correctly identify samples. The accuracy calculation formula is:
. TT+TF
" TT+TF + FT + FF
where TT represents true positives (correctly identified positive samples), TF represents true negatives
(correctly identified negative samples), FT represents false positives (negative samples incorrectly

identified as positive), and FF represents false negatives (positive samples incorrectly identified as
negative).

lll. Results and Discussions

3.1 Ablation Experiments

During training, the network model's recognition accuracy gradually improved and stabilized with
increasing iterations. Notably, the AlexNet network model integrated with attention mechanism
demonstrated higher recognition accuracy. Overall, models employing feature extraction techniques
surpassed those using only deep learning networks. Specifically, the standard AlexNet network model
achieved 72.40% recognition accuracy. The multi-feature fusion method achieved superior performance
with 92.94% recognition accuracy. The combination of multi-feature fusion strategy with deep learning
network model (M-AlexNet) demonstrated more robust performance in complex background Tibetan
medicinal slice image recognition, with accuracy degradation of only approximately 1%, compared to
about 3% degradation for both standard AlexNet and attention mechanism-enhanced networks. These
results convincingly demonstrate the effectiveness of multi-feature fusion technology in extracting
texture information from Tibetan medicinal slices in complex backgrounds.
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Figure 3.1 Recognition Accuracy Comparison between Multi-Feature Fusion Method and Single
Methods

3.2 Feature Weight Determination

In this study, we investigated the impact of different feature weight combinations on the recognition
accuracy of Tibetan medicinal slice images. Through a series of experiments, we compared recognition
performance under various weight configurations and determined the optimal feature fusion weights.
The experimental results are shown in Table 3.1.
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Table 3.1 Optimal Weight Results

a b c Accuracy
0.1 0.3 0.3 82.34%
0.1 0.4 0.5 87.67%
0.1 0.5 0.4 88.23%
0.2 0.3 0.5 91.35%
0.2 0.4 0.4 88.29%
0.2 0.5 0.3 82.17%
0.3 0.3 0.4 85.29%
0.3 0.4 0.3 83.24%
0.3 0.5 0.5 81.29%

Table 3.1 clearly demonstrates that when feature weights are set to a=0.2, b=0.3, c¢=0.5, the system
achieves maximum recognition accuracy for Tibetan medicinal slice images under complex background
conditions. This finding indicates that appropriate fusion of RGB, HOG, and LBP features enables more
comprehensive image feature description. Specifically, in this optimal weight configuration, RGB
features are weighted at 0.2, HOG features at 0.3, and LBP features at (.5, highlighting the importance
of texture and shape features in expressing Tibetan medicinal slice image content.

Further analysis reveals that while using RGB, HOG, or LBP features independently can provide certain
image information, single features alone cannot comprehensively reflect multi-dimensional image
attributes. By combining these three features with different weights, we can more precisely describe
and recognize Tibetan medicinal slice images. This multi-feature fusion method not only improves
recognition accuracy but also enhances model robustness in complex background image recognition.
Furthermore, this study incorporates an attention mechanism that simulates human visual processing,
enabling the network to focus on key information while ignoring irrelevant parts during image
processing. By incorporating attention units into AlexNet (M-AlexNet), particularly in crucial texture
feature regions, we can more effectively extract precise feature information. The attention units,
primarily comprising 1x1xC convolution filters and global maximum pooling layers, facilitate feature
map conversion into attention maps, thereby enhancing overall model performance.

3.3 Comparison between HOG and GHOG Methods

The HOG algorithm is a classical image feature extraction method that forms features by calculating
gradient direction histograms in local image regions, widely applied in shape feature extraction. To
further enhance shape feature expression capability, this paper introduces an improved HOG method,
termed GHOG. In the GHOG method, we process images in blocks to ensure extracted feature vectors
contain more information. This approach better captures local details and shape features in images. To
validate GHOG method effectiveness, we conducted a series of experiments applying both original
HOG and improved GHOG methods using optimal weights. The experimental results are shown in
Figure 3.2.

The results demonstrate that compared to the original HOG method, the GHOG method, when fused
with other features, significantly improved recognition accuracy of Tibetan medicinal slice images in
complex backgrounds by 3.42%. This result indicates that the GHOG method has clear advantages in
extracting richer shape features, providing a more effective solution for image recognition tasks in
complex backgrounds.
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Figure 3.2 Comparison Results between HOG and GHOG Methods
3.4 Data Augmentation

This experiment validated the effectiveness of data augmentation by training the proposed model on an
augmented dataset and testing it using original data images. As shown in Figure 3.3, data augmentation
improved recognition accuracy of Tibetan medicinal slice images in complex backgrounds by 1.94%.
This result indicates that data augmentation can reduce network overfitting to some extent while
enhancing model generalization ability and robustness.

Furthermore, data augmentation not only increased the quantity of training samples but also introduced
more variations and noise, enabling the model to better adapt to different input scenarios. This
improvement is particularly crucial when processing Tibetan medicinal images with complex
backgrounds, which typically contain various interfering factors such as lighting variations and
background clutter. Through data augmentation, the model can learn from more diverse training

environments, thereby improving its robustness and accuracy in practical applications.
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Figure 3.3 Comparison Results between Original and Augmented Data

3.5 Complex Background Tibetan Medicinal Slice Recognition

The performance of our proposed model was evaluated and analyzed through comparison with other
models. These experiments aimed to compare performance differences between our model and various
advanced network methods currently used for complex background medicinal slice recognition.
Experimental results are shown in Figure 2.4, clearly demonstrating our model's superior accuracy
compared to other algorithms. Specifically, the RGB-SVM model % performed worst among all
compared models, with only 62.12% accuracy. This poor performance can be attributed to the model's
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sole reliance on image RGB features for classification. However, in complex background images, RGB
features are easily affected by background variations, lacking stability and reliability. Consequently,
the RGB+SVM model performed unsatisfactorily when processing Tibetan medicinal slice images with
complex backgrounds. The MobileNet V2 model *! achieved 67.12% accuracy, slightly higher than
RGB+SVM but still suboptimal. This may be due to MobileNet V2's heavy dependence on optimization
strategies, which limited its performance in the complex background dataset.
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Figure .4 Recognition Accuracy of Different Models

Other models such as VGG161? and GAN**, despite achieving high accuracy in identifying Chinese
medicine slices under ideal conditions, failed to meet expectations under this study's complex
background conditions. This indicates these models' limitations in handling challenging complex
backgrounds.

In contrast, our proposed model demonstrated the highest image recognition accuracy at 92.31% in
comparative experiments. By comprehensively considering multiple features and leveraging deep
learning capabilities, our model can more accurately distinguish and recognize Tibetan medicinal slices
in complex backgrounds, demonstrating significant value for practical applications.

V. Conclusion

This study proposed a novel method based on deep learning and multi-feature fusion for herbal Tibetan
medicinal slice image recognition in complex backgrounds. Through a series of experiments and
analyses, we drew the following conclusions:

1. Effectiveness of Multi-Feature Fusion Strategy: The multi-feature fusion method combining RGB
color features, improved HOG (GHOG) shape features, and LBP texture features significantly improved
recognition accuracy. Experimental results showed optimal performance with feature weights of
RGB:HOG:LBP = 0.2:0.3:0.5, achieving 91.35% recognition accuracy under complex background
conditions.

2. Deep Learning Model Improvements: The modified AlexNet (M-AlexNet) with attention mechanism
further enhanced recognition performance. Compared to standard AlexNet, M-AlexNet demonstrated
stronger robustness in complex backgrounds, with accuracy degradation of only about 1% versus 3%
for standard AlexNet.

3. Importance of Data Augmentation: Various data augmentation techniques expanded the original
dataset from 3,200 to 22,400 images, improving model generalization ability. Results showed a 1.94%
accuracy improvement after data augmentation, confirming its effectiveness in reducing overfitting and
enhancing model robustness.

4. GHOG Feature Advantages: The improved HOG method (GHOG) excelled in shape feature
extraction. Compared to original HOG, GHOG method improved recognition accuracy by 3.42% after
feature fusion, demonstrating superiority in capturing local details and shape features.

5. Comparison with Other Methods: Our proposed method achieved 92.31% accuracy in complex
background Tibetan medicinal slice image recognition, significantly outperforming other comparative
methods such as RGB-SVM (62.12%) and MobileNet V2 (67.12%).
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In conclusion, our proposed method based on multi-feature fusion and improved deep learning models
achieved significant results in herbal Tibetan medicinal slice image recognition under complex
backgrounds. This method not only improved recognition accuracy but also enhanced model robustness
to complex backgrounds, providing strong technical support for Tibetan medicine research and
applications.
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