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[Abstract]            [Objective]  To construct a precise model for identifying traditional Chinese medicine (TCM) constitutions, thereby offering optimized guidance for clinical diagnosis and treatment planning, and ultimately enhancing medical efficiency and treatment outcomes.  [Methods]  First, TCM full-body inspection data acquisition equipment was employed to collect full-body standing images of healthy people, from which the constitutions were labelled and defined in accordance with the Constitution in Chinese Medicine Questionnaire (CCMQ), and a dataset encompassing labelled constitutions was constructed. Second, heat-suppression valve (HSV) color space and improved local binary patterns (LBP) algorithm were leveraged for the extraction of features such as facial complexion and body shape. In addition, a dual-branch deep network was employed to collect deep features from the full-body standing images. Last, the random forest (RF) algorithm was utilized to learn the extracted multifeatures, which were subsequently employed to establish a TCM constitution identification model. Accuracy, precision, and F1 score were the three measures selected to assess the performance of the model.  [Results]  It was found that the accuracy, precision, and F1 score of the proposed model based on multifeatures for identifying TCM constitutions were 0.842, 0.868, and 0.790, respectively. In comparison with the identification models that encompass a single feature, either a single facial complexion feature, a body shape feature, or deep features, the accuracy of the model that incorporating all the aforementioned features was elevated by 0.105, 0.105, and 0.079, the precision increased by 0.164, 0.164, and 0.211, and the F1 score rose by 0.071, 0.071, and 0.084, respectively.  [Conclusion]  The research findings affirmed the viability of the proposed model, which incorporated multifeatures, including the facial complexion feature, the body shape feature, and the deep feature. In addition, by employing the proposed model, the objectification and intelligence of identifying constitutions in TCM practices could be optimized.       
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1  Introduction
The constitution in traditional Chinese medicine (TCM) reflects an individual’s distinct traits, offering insights into their response to external stimuli and susceptibility to health issues [1]. It serves as a comprehensive blueprint for one’s physical and mental constitution, shaped by TCM principles, enabling a deeper understanding of one’s health trajectory, disease prevention, and recovery processes [2]. Recent researches have shown a link between TCM constitution and various diseases, which has fostered the development of personalized healthcare strategies [3, 4]. By accurately identifying one’s TCM constitution, we can more effectively direct health interventions towards those who require them, ultimately improving their overall well-being.
The primary approach to identifying constitution in TCM involves completing the Constitution in Chinese Medicine Questionnaire (CCMQ) and subsequently applying statistical analysis methods to investigate and evaluate the results [5-7]. For example, YANG et al. [8] employed the CCMQ for the purpose of constitution identification, and further utilized statistical methods to explore the application of TCM constitution identification in health management and prevention in TCM treatment. Therefore, it is simple and easy to collect the constitution data of subjects by filling out the CCMQ. However, this approach has a problem of low efficiency.
In recent years, the advancement of computer vision and machine learning has led to the application of image processing techniques in TCM constitution identification [9]. Different TCM constitutions exhibit distinct tongue and facial features. For example, individuals with a balanced constitution may display a ruddy face and a pink tongue, while those with a phlegm-dampness constitution might exhibit much facial oil and a greasy tongue. ZHOU et al. [10] proposed a TCM constitution identification method based on tongue images, which used convolutional neural network (CNN), gray level co-occurrence matrix, and edge curve to extract features from tongue images, and employed support vector machine (SVM) classifier to classify various constitutions. YU [11] established a model for identifying TCM constitutions based on tongue images through multi-scale filtering CNN. LIANG [12] implemented an automatic identification system for TCM constitution based on facial complexion features incorporating skin color detection, SVM, and other technologies, subjecting facial images to analysis. YANG et al. [13] analyzed and compared the differences in facial complexion, lip color, and facial gloss in facial images of individuals with different constitutions, which provided important quantitative parameters for facial diagnosis in TCM constitution identification. Facial complexion and other information can be represented by heat-suppression valve (HSV) and other color spaces in images [14]. Therefore, image processing technology can realize automatic identification of TCM constitutions. With additional application of SVM, multi-scale filtering CNN, and other approaches, a high level of classification accuracy can be achieved in TCM constitution identification, thereby enhancing the reliability of the identification results.
Study has indicated that individuals with different constitutions exhibit significantly distinct physical traits [15]. For instance, individuals with a balanced constitution tend to possess a well-balanced and robust physique, whereas those with Qi deficiency constitution and Yang deficiency constitution may have soft and weak muscles. Body mass index (BMI) can serve as an indicator of physical characteristics to some extent. Many TCM constitution identification models have been constructed based on BMI. LU et al. [16] established a TCM constitution identification model by integrating BMI with features of tongue image. PAN et al. [17] extracted digital tongue image features and BMI to create an automatic TCM constitution identification model based on an artificial neural network and SVM. However, current related research falls short of fully exploiting the pertinent texture and structural characteristics present in the images to accurately represent body shape features.
With the continuous advancement of deep learning, the extraction of deep features using deep network models has been widely applied across various tasks [18, 19]. DONG et al. [20] proposed a strawberry pest classification method based on CNN to improve the classification accuracy. This method used the PyTorch deep learning framework to fine-tune AlexNet, which consists of five convolutional layers and three fully connected layers [21]. HE et al. [22] introduced residual connections and proposed a deep learning neural network architecture, ResNet, which swiftly trained extremely deep neural network models and prevented the gradient vanishing problem through cross-layer connections [23]. This network architecture performed well on tasks such as image recognition and object detection. GU et al. [24] proposed a deep learning model based on self-attention and visual converter structure to realize shape recognition. This model leveraged a Swin Transformer architecture and a comprehensive shape representation to enhance model performance [25]. The Swin Transformer employs a hierarchical structure and a design that are capable of processing and capturing deep features at multiple scales. This Swin Transformer-embedded model achieved an accuracy of 93.82% on the animal dataset, surpassing the visual geometry group (VGG) method by 3.8% [26]. Therefore, deep learning network models can not only automatically extract deep features, but also capture complex semantic information in images in a better manner than traditional methods. Deep features can effectively represent semantic information in images and enhance the performance of the model.
In the field of TCM, deep learning methods have been successfully employed for the intricate task of identifying TCM constitutions. ZHOU et al. [27] introduced an innovative approach that leveraged deep features extracted from tongue images to enhance the accuracy and efficiency of TCM constitution identification. This method improved the AlexNet network by incorporating an error-weight-based integration of features from each layer, thereby refining the network’s performance. Meanwhile, ZHOU et al. [28] proposed a TCM constitution identification model that utilized a dual-channel network, which combined tongue image features obtained manually with deep features to enhance the accuracy of TCM constitution classification. Therefore, the integration of features with multi-channel processing through deep learning networks can significantly improve the accuracy of identifying TCM constitutions. Unfortunately, current research endeavors in TCM constitution identification have yet to fully exploit the potential of deep learning networks for deeply mining and leveraging visual information from images.
However, most research on TCM constitution identification tends to focus solely on an individual aspect such as facial image or tongue image, resulting in limited outcomes confined to single TCM constitution identification models. This often fails to fully capture the comprehensive characteristics of an individual’s constitution. Therefore, this paper has surpassed existing deep learning methods by incorporating the attention mechanism, which has not only strategically directed the proposed network’s proficiency in extracting key features but also elevated the richness and accuracy of feature representation, leading to more comprehensive and insightful outcomes. In addition, this paper adopts a multi-feature approach, incorporating features such as facial complexion, body shape, and deep features extracted from full-body standing images using deep learning networks, with the aim of developing a TCM constitution identification model based on these multiple features.
2  Data and methods
2.1  Data collection
In this paper, participants who voluntarily enrolled in the TCM constitution test were carefully selected from Nanjing University of Chinese Medicine, and the data collection period was from April 23 to May 10, 2023. Participants were eligible for the study if they did not have chronic diseases and signed an informed consent form; participants were excluded from the study if their clinical data of height, weight, or responses to questions were incomplete, or if they were unable to complete the questionnaire or respond to questions. The study protocol was approved by the Medical Ethics Committee of Affiliated Hospital of Nanjing University of Chinese Medicine (2023NL-255-01), in accordance with the guidelines of the Declaration of Helsinki of the World Medical Association.
Figure 1 depicts the data acquisition scenario. The image acquisition area is designated as the green zone, with the self-developed data acquisition equipment strategically positioned to its left. This equipment incorporates a camera utilizing Femto technology, capable of capturing images with a resolution of 640 × 480 pixels, and is placed at a height of 1.5 m above the ground. Adjacent to the green area is the standing point, located 2 m away from the data acquisition equipment. The blue area is designed for completing the CCMQ, which was placed on the table for the subjects to fill out. The data acquisition process consisted of two steps. (i) The subject stood against the wall, waiting for the staff to operate the equipment to capture the full-body standing images. The purpose of collecting the full-body standing images was to extract subjects’ facial color features, body shape features, and deep features simultaneously. (ii) After their full-body images were captured, the subjects were asked to move to the blue area, where their TCM constitution types were determined and their heights and weights were measured, assisting in the construction of an image dataset with accurate constitution labels.
[image: hukongfa-1.jpg]
Fig. 1  Data acquisition scenario
A, the acquisition scenario. B, the actual acquisition example.
2.2  Determination of the TCM constitution types
In this paper, the constitution of the subjects was assessed following the guidelines outlined in the “Classification and Determination of Constitution of TCM” published by the Chinese Association of Chinese Medicine in 2009 [29]. The subjects answered all the questions in the “Classification and Judgment Table of Chinese Medicine Constitution”, with each question rated on a 5-point scale. The subjects’ answers were used to calculate both the original score and the conversion score, and the constitution type was determined in accordance with predetermined criteria.
In this paper, a TCM constitution dataset was built with images and constitution data from 125 subjects. As illustrated in Figure 2, the dataset is comprised of 26 subjects with a balanced constitution and 99 with a biased constitution, encompassing various types such as Yang deficiency (21), Yin deficiency (20), Qi deficiency (16), dampness-heat (13), Qi stagnation (10), phlegm-dampness(9), inherited special constitutions (8), and blood stasis (2).
[image: hukongfa-2.jpg]
Fig. 2  Distribution of different types of constitutions in the dataset
3  Model construction
Figure 3 represents the proposed model framework in this paper, which was divided into four distinct stages: data acquisition, feature extraction, data partitioning, and model training. During the data acquisition stage, a self-developed data acquisition equipment was used to capture full-body standing images. Additionally, the TCM constitution was assessed using the CCMQ, and the height and weight were also measured to construct an image dataset annotated with constitution labels.
[image: hukongfa-3.jpg]
Fig. 3  Framework of the proposed approach
During the feature extraction phase, the facial color feature, body shape feature, deep feature, and BMI were all extracted and calculated as follows. (i) The YOLOv5 method was employed to identify the facial region in the full-body standing image. Subsequently, the red, green, and blue (RGB) facial image was converted to the HSV color space to extract the facial color feature . (ii) An improved LBP method was employed to extract the body shape feature  from the full-body standing image. (iii) The CResNet-ST method was utilized to collect the deep feature  from the full-body standing image. (iv) The BMI of the participants was calculated as . Finally, the four , , , and  were concatenated to obtain .
In the data partitioning phase, the dataset was split into a training set and a test set in a 7 : 3 ratio. Approaches such as SVM, multilayer perceptron (MLP), random forest (RF), and k-nearest neighbor (KNN) were employed to train the model. Subsequently, images in the test set were input into the four established models for identifying TCM constitutions. The performance of the models was verified with corresponding evaluation measures of accuracy, precision, and F1 value. Of the models, the one that exhibited the best performance was chosen as the final TCM constitution identification model.
3.1  Extraction of the facial color feature
The facial color feature serves as the foundation for identifying TCM constitutions [30]. It is a critical visual feature in the image that is insensitive to translation, scaling, or rotation, displaying a strong robustness. In this study, the facial color feature was extracted based on HSV color space (Figure 4).
[image: hukongfa-4.jpg]
Fig. 4  Facial color feature extraction
Firstly, the object detection algorithm YOLOv5 [31] was utilized to analyze the full-body standing images so as to obtain the facial complexion, or in other terms, facial color. Figure 4 shows that the network architecture of YOLOv5 is divided into image input, backbone, neck, and detection head. The backbone, the core of the network, comprises modules such as Convolution Batchnorm SiLu (CBS), cross-stage partial network (CSP), and spatial pyramid pooling-fast (SPPF). The CBS module consists of convolutional layer, normalization, and activation function, facilitating effective down-sampling. The CSP module diminishes network complexity and computational demands, while SPPF dynamically adapts feature maps of varying sizes into uniform feature vectors. The neck is designed according to the feature pyramid and channel aggregation structures, enhancing feature integration. The detection header outputs the location, class, and confidence of the object.
Subsequently, the RGB image capturing the facial color feature was converted into HSV color space using Equations (1) − (3), where H represents hue, S represents saturation, and V represents brightness. Notably, the HSV color space offers a distinct advantage over the RGB model by decoupling image brightness from color information, leading to a color representation that more closely mirrors the human visual perception of color [32].
			(1)
Where , , and  denote the pixel values in row i and column j within the RGB channels of the image, and , , and  represent the pixel values at the same spatial position but within the HSV channels of the image.
			(2)
			(3)
Next, the facial color features were extracted from the images. To realize this purpose, a mask was created to extract the skin region in the HSV color space, which was calculated as follows:
			(4)
Where , , and  are the lower limits of the skin color range in the H, S, and V channels, and , , and  denote the corresponding upper limits of skin color range. Additionally,  signifies the mask value in row i and column j in the image.
Then, a bitwise AND operation was performed between the input RGB image and the mask to isolate the skin color region of the face image, and the calculation, formula is shown in Equation (5). Here, , , and  represent the pixel values in row i and column j of the R, G, and B channels in the new image, respectively.
			(5)
Lastly, the pixel values within the skin color region were flattened into a one-dimensional vector, which was subsequently normalized. From this normalized vector, the 10 maximum pixel values were selected to represent the facial color feature.
3.2  Extraction of the body shape feature
People exhibit diverse body shapes depending on their constitutions, making the full-body body shape an essential basis for recognizing TCM constitutions. Given that LBP [33] is adept at capturing intricate details in images, this paper introduced a method for extracting the body shape feature using the LBP algorithm [34], as illustrated in Figure 5.
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Fig. 5  Body shape feature extraction
Firstly, the grayscale map of the RGB image was computed by Equation (6), where , , and  represent the pixel values in row i and column j of RGB channels in the image. The resulting  is the gray value of the corresponding pixel in row i and column j of the image.
			(6)
Subsequently, the full-body standing image was analyzed using the LBP algorithm [35], which is:
			(7)
			(8)
Where P represents the total number of sampling points placed on a circle centered around the pixel point, with P set to 8. For each sampling point k (where k = 0, 1, ..., P − 1),  denotes the gray value of the kth adjacent pixel on the sampling circle.  is a threshold to binarize the gray-scale difference between  (the gray value of the central pixel) and . Lastly,  is the calculated LBP value of the pixel.
Next, the LBP image was normalized using the grayscale map. The improved LBP map was obtained with the use of Equation (9), and  is the value of the pixel point in row i and column j of the improved LBP map.
			(9)
Subsequently, the feature map was generated using Equation (10), where  denotes the pixel value at the i row and the j column of the feature map. As illustrated in Figure 5, this feature map effectively captures the body shape feature of the subject.
			(10)
Lastly, the shape feature vector was derived by computing the frequency histogram of the feature map. The Equation (11) for the shape feature vector is as follows:
			(11)
Where t = 0, 1, ..., 9,  denotes the pixel value as the frequency of t in the feature map.  denotes the pixel value as the number of times u appears in the feature map. The  is 1 × 10−7, which is used to avoid the case where the denominator is zero.
3.3  Extraction of the deep feature with CResNet-ST
In this paper, the CResNet-ST method was introduced to extract deep features from full-body standing images (Figure 6). The method consists a dual-branch network architecture, with the upper half containing the Swin-T module, which is adept at capturing global features of the full-body standing image, and the lower half incorporating CResNet module, tailored for extracting local features from these images.
[image: hukongfa-6.jpg]
Fig. 6  Deep feature extraction
The attention mechanism assists the network in focusing on important regions within the image, enhancing its capability to extract essential features and thereby improving feature representation. The Swin-T module is a Swin Transformer network architecture that incorporates a self-attention mechanism. It is composed of five stages: Stage 1, 2, 3, 4, and 5. In Stage 1, the full-body standing image was divided into 4 × 4 size image patches using the Patch Partition layer. Stage 2 then transformed the input image patch into a low-dimensional feature space via the Linear Embedding layer to form the image patch , and then delivered  into the Swin Transformer Block to process and interact with these features to construct a final feature map , Figure 7 shows the Swin Transformer Block. The computation process of the Swin Transformer Block is as follows.
[image: hukongfa-7.jpg]
Fig. 7  Swin Transformer Block
			(12)
			(13)
Where, LN is the layer normalization operation that standardizes the input. W_MSA is a window self-attention module, MLP is a multi-layer perceptron module, and SW_MSA is a moving window self-attention module.  gained features from  through operations involving LN, W_MSA, and the MLP modules. Then the feature map  was generated by the operation of  through LN, SW_MSA, MLP modules.
In Stage 3 − 5, the Patch Merging layer merged adjacent image patches, facilitating the consolidation of information. Following this, each consolidated patch underwent feature extraction and interaction within the Swin Transformer Block, collaboratively contributing to the construction of an enriched feature map. This sequence of Patch Merging and Transformer Block operations, consistently executed across all three stages, effectively processes the input image’s information, enhancing the model’s performance and representational capabilities while maintaining its lightweight architecture.
The CResNet module, an enhancement of the convolutional layer inspired by ResNet50 [25], innovatively incorporates the convolutional attention mechanism of CBAM [36]. This integration allows the network to sharpen its focus on significant features while minimizing disruptive noise interference. It is structured into five key stages: Stage 1 − 5. The CResNet module commences with Stage 1, which comprises two essential levels: Conv-CBAM and MaxPool. At the Conv-CBAM level, the full-body standing image underwent initial processing through a convolutional layer, subsequently refined by the application of the CBAM convolutional attention mechanism. The subsequent MaxPool layer then performed downsampling through the efficient maximum pooling method. The calculation formula for the CBAM is as follows.
			(14)
			(15)
Where F represents the feature map generated by the convolutional layer, which was then processed through the Sigmod activation function. The feature map underwent two parallel operations:  for average pooling and  for maximum pooling. Subsequently, a 7 × 7 convolution kernel (denoted as ) was applied to both average-pooled and maximum-pooled outputs. The results of this convolution operation, which fused with the original feature map through a channel-based attention mechanism, yielded , emphasizing salient channels. Further,  underwent a spatial attention mechanism, resulting in , which accentuated meaningful spatial regions within the feature map.
In Stage 2 − 5, the integration of three Conv-CBAM layers fostered robust feature propagation and seamless information flow, facilitated by the strategic deployment of residual blocks [37]. These residual blocks were designed to empower the network to delve deeper into learning complex feature representations, thereby enhancing the model's overall performance and efficiency. Within these stages, the primary function of these residual blocks was to aid the network in effectively capturing subtle variations and significant features within the data by linking input features to learned residuals. This mechanism has enhanced the model’s representational and generalization capabilities.
The heatmap intuitively displays the level of regional attention. Figure 8 shows the heatmap of deep features for different TCM constitutions, and the balanced constitution has a wider receptive field than that of the biased constitution. The prominence of a feature at its corresponding position within prior boxes correlates with the intensity of heat [38].
[image: hukongfa-8.jpg]
Fig. 8  Heatmaps of deep features for different constitutions in TCM
4  Experiment and analysis
4.1  Experimental environment and evaluation metrics
The computing platform environment employed in this paper was GeForce RTX 3080 GPU with 32 GB of RAM. The network construction, training, and testing were carried out using Python 3.7 and PyTorch 1.8.2 + cu111.
In this paper, a total of 125 subjects’ full-body standing images and constitution data were collected, and divided into a training dataset and a test dataset in a 7∶3 ratio. Regularization is a method used to avoid model overfitting and reduce generalization error [39]. Given that a small sample size affects the performance of the model, the Dropout regularization technique was introduced in the model training process to limit the complexity of the model and enhance its generalization ability. Accuracy, precision, and F1 score, three metrics generally for classification tasks, were selected for assessing the TCM constitution identification model as well. Accuracy is the percentage of samples that are correctly predicted by the model out of all the samples.  Precision is the probability that all of the samples that are predicted to be positive are actually positive. F1 score is the harmonic mean of precision and recall. TP stands for true positive, TN for true negative, FP for false positive, and FN for false negative. The calculation formulas for these metrics are as follows.
			(16)
			(17)
			(18)
4.2  Comparison of results from different identification models
This paper has introduced four classification methods, which are RF [40], MLP, KNN, and SVM, for analysis and comparison to select the best one for TCM constitution identification. The comparison among the four classification models is shown in Table 1. It is evident that RF has outperformed MLP, KNN, and SVM in terms of accuracy. RF’s accuracy rate has increased by 0.053, 0.131, and 0.052 compared with MLP, KNN, and SVM, respectively. Moreover, F1 score of RF is 0.014 and 0.06 higher than that of MLP and KNN, respectively, while showing similar performance to SVM in terms of F1 score. Based on these results, the RF algorithm was chosen as the optimal classification model for TCM constitution identification.

Table 1  Comparison among four classifiers in the classification of balanced and biased TCM constitutions
	ID
	Classifier
	Accuracy
	Precision
	F1 score

	1
	RF
	0.842
	0.868
	0.789

	2
	MLP
	0.789
	0.766
	0.775

	3
	KNN
	0.711
	0.755
	0.729

	4
	SVM
	0.790
	0.790
	0.790



4.3  Impacts of different YOLO versions on model performance
Currently, there are many versions of YOLO object detection algorithm. YOLOv5 algorithm has excellent performance and is applied in many practical scenarios, based on which YOLOv8 was introduced in 2023. Different YOLO versions may have different effects on the experimental results. Therefore, this paper analyzed and compared the ability to detect objects in the full-body standing images with YOLOv5 and YOLOv8 (Figure 9). The results of YOLOv5 for object detection in full-body standing images are exactly the same as those of YOLOv8, with the accuracy, precision, and F1 score being 0.842, 0.868, and 0.790, respectively. The YOLO algorithms do not affect the extraction of the HSV color features, as they are capable of acquiring complete facial images.
[image: hukongfa-9.jpg]
Fig. 9  Comparison of the performance between YOLOv5 and YOLOv8
4.4  Comparison of the performance in identifying body shape features between regular LBP and improved LBP
To validate the effectiveness of the improved LBP in recognizing body shape features, this paper compared the identification performance of regular LBP and improved LBP with the same dataset. As illustrated in Figure 10, the improved LBP has demonstrated enhanced feature extraction capabilities compared with the regular LBP method. The accuracy, precision, and F1 score of the improved LBP increased by 0.053, 0.207, and 0.070, respectively, when compared with those of regular LBP. These results indicate that the improved LBP is more effective in extracting the body shape features.
[image: hukongfa-10.jpg]
Fig. 10  Comparison of identification performance between regular LBP and improved LBP in terms of identifying body shape features
4.5  Comparison of the performance in identifying deep features between CResNet-ST and Swin Transformer
To validate the effectiveness of the CResNet-ST introduced in this paper for identifying deep features, a performance comparison was made between CResNet-ST and Swin Transformer using the same dataset. As depicted in Figure 11, CResNet-ST showed improvements in accuracy, precision, and F1 score compared with those based on Swin Transformer features. Specifically, the accuracy, precision, and F1 score increased by 0.053, 0.102, and 0.015, respectively.
[image: hukongfa-11.jpg]
Fig. 11  Comparison of the performance in identifying deep features between CResNet-ST and Swin Transformer
To further assess the capability of CResNet-ST in extracting deep features, a performance comparison was made again between CResNet-ST and Swin Transformer using the CIFAR-10 public dataset [41]. The network parameters were optimized by Adam optimizer [42] with a learning rate of 0.0001, a batch size of 32, and a weight decay of 0.05. As observed in Figure 12, CResNet-ST demonstrated easier convergence compared to Swin Transformer. The training and testing accuracies of CResNet-ST and Swin Transformer are summarized in Table 2. The results showed that CResNet-ST outperformed Swin Transformer in terms of training accuracy and testing accuracy, with improvements of 0.025 and 0.113, respectively. These findings indicate that CResNet-ST is more effective at extracting deep features.
[image: hukongfa-12.jpg]
Fig. 12  Comparison of the performance of CResNet-ST and Swin Transformer using the CIFAR-10 public dataset

Table 2  The training and testing accuracy of Swin Transformer and CResNet-ST
	Model
	Training accuracy
	Testing accuracy

	Swin Transformer
	0.963
	0.813

	CResNet-ST
	0.988
	0.926



4.6  The efficiency of the models based on multi-features
To validate the efficiency of the models based on multi-features, the accuracy, precision, and F1 score of these models were assessed utilizing the same dataset as shown in Table 3. In comparison with the identification models that encompass a single feature, either a facial complexion feature, a body shape feature, or deep features, the accuracy of the model that incorporates all the aforementioned features was elevated by 0.105, 0.105, and 0.079, the precision increased by 0.164, 0.164, and 0.211, and the F1 score rose by 0.071, 0.071, and 0.084, respectively. The accuracy of the proposed model based on multi-features reached 0.842. In many studies [16, 17], BMI is an important and effective feature that reflects an individual’s body shape. Therefore, a model on the basis of BMI, integrating body shape features, facial color features, and deep features, was built. The F1 score of the introduced model in this paper is higher by 0.010 compared with that of a single BMI feature model. The accuracy and precision increased by 0.026 and 0.062, respectively. Generally, the proposed multi-features-based model outperformed the model encompassing only one feature.

Table 3  Comparison of the performance of models based on different features
	ID
	Feature
	Accuracy
	Precision
	F1 score

	1
	BMI
	0.816
	0.806
	0.810

	2
	Body shape feature
	0.737
	0.704
	0.719

	3
	Facial color feature
	0.737
	0.704
	0.719

	4
	Deep feature
	0.763
	0.657
	0.706

	5
	BMI, body shape feature, and facial color feature
	0.816
	0.666
	0.733

	6
	BMI, body shape feature, and deep feature
	0.790
	0.662
	0.720

	7
	BMI, facial color feature, and deep feature
	0.790
	0.662
	0.720

	8
	Body shape feature, facial color feature, and deep feature
	0.737
	0.704
	0.719

	9
	BMI, body shape feature, facial color feature, and deep feature
	0.842
	0.868
	0.790



4.7  Performance analysis of the model for identifying balanced, Yin deficient, and Yang deficient constitutions
To analyze the performance of the TCM constitution identification model proposed in this study, its accuracy, precision, and F1 score for identifying balanced, Yindeficient, and Yang deficient constitutions were evaluated. In addition, the performance of the model was compared with that of other models. Table 4 illustrates that the multi-features-based constitution identification model achieved an accuracy of 0.714, a precision of 0.793, and an F1 score of 0.721 for recognizing Balanced constitution, Yin deficient constitution and Yang deficient constitution. When compared with the TCM constitution identification model based on human skeleton features [43], the accuracy, precision, and F1 score of this model were improved by 0.143, 0.105, and 0.143, respectively. Compared with the TCM constitution identification model based on CNN [10], the accuracy, precision and, F1 score of this model were improved by 0.143, 0.245, and 0.178, respectively. These results have demonstrated that the TCM constitution identification model utilizing multi-features outperformed other models in terms of identifying TCM constitutions.

Table 4  Performance comparison between the proposed model and other models
	Method
	Accuracy
	Precision
	F1 score

	Based on CNN [10]
	0.571
	0.548
	0.543

	Based on human skeletal features [43]
	0.571
	0.688
	0.578

	Proposed method
	0.714
	0.793
	0.721



4.8  Case study
The comparison between the actual constitution and the predicted constitution by the proposed TCM constitution identification model using the testing set is shown in Figure 13. Figure 13A is well-proportioned and robust, which leans towards balanced constitution, and Figure 13B is thin, which is leaning towards Yin deficiency constitution. The TCM constitution identification model proposed in this paper was able to correctly identify the differences between Figure 13A and 13B.
[image: hukongfa-13.jpg]
Fig. 13  Comparison between naked eyes observed constitution and predicted constitution by the proposed model
A, a case study of balanced constitution. B, a case study of Yin deficient constitution.
5  Discussion
Constructing a precise model for identifying TCM constitutions can provide better guidance for formulating clinical diagnoses and treatment plans, thereby enhancing medical efficiency and treatment outcomes. Traditional methods [6], such as filling out the CCMQ, have the problem of low efficiency. With the development of computer vision, constitution identification models based on tongue and facial images have been widely studied. Research indicates that TCM constitution is closely associated with facial complexion and body shape [16]. However, most current studies focus on extracting the features from certain parts of the human body, which cannot represent the comprehensive features related to constitution. In this paper, a TCM constitution recognition model based on multi-features is proposed. This model extracts facial complexion, body shape, and deep features from full-body standing images to improve the accuracy of constitution identification.
The study results demonstrated that the predictive accuracy of the model based on multi-features was higher by 0.105, 0.105, 0.079, and 0.026 than that of the single feature based model, including the single facial complexion feature model, body shape feature model, deep feature model, and BMI model, respectively. Meanwhile, the proposed model achieved a high accuracy of 0.842, indicating good performance. The study results also confirmed the feasibility of the proposed multi-feature-based model. Nonetheless, the proposed model in the study is expected to further improve the objectivity and intelligence of constitution identification in TCM practices.
However, the sample size in this study was limited, including only 125 subjects. Given that a small sample size could affect the performance of the model, this paper introduced the Dropout regularization technique in the training process to limit the complexity of the model and enhance its generalization ability. Additionally, recognizing that the potential for error stems from the reliance on a single data source, it’s necessary to carry out multi-level and multi-regional data validation for the assessment of the model’s applicability across diverse environments in future studies.
6  Conclusion
In this study, a TCM constitution identification model based on multi-features, including facial complexion, body shape feature, deep feature, and BMI, was proposed. This study introduced the extraction of facial complexion features based on the HSV color space, the enhancement of the LBP algorithm for extracting body shape features, and the dual-branch CResNet-ST method for extracting deep features from the full-body standing images. TCM constitution identification requires comprehensive information about a person to analyze and judge. In future research, the data of different people will be collected to improve the applicability of the model in different environments. At the same time, tongue, hand, and other data will be included to further improve the TCM constitution identification model, enhancing its accuracy and reliability.
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