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Cynanchum wilfordii is a perennial tuberous root in the Asclepiadaceae family that has long been used medicinally. Although C. wilfordii is distinct in origin and content from Cynancum auriculatum, a genus of the same species, it is difficult for the public to recognize because the ripe fruit and root are remarkably similar. In this study, images were collected to categorize C. wilfordii and C. auriculatum, which were then processed and input into a deep-learning classification model to corroborate the results. By obtaining 200 photographs of each of the two cross sections of each medicinal material, approximately 800 images were employed, and approximately 3200 images were used to construct a deep-learning classification model via image augmentation. For the classification, the structures of Inception-ResNet and VGGnet-19 among convolutional neural network (CNN) models were used, with Inception-ResNet outperforming VGGnet-19 in terms of performance and learning speed. The validation set confirmed a strong classification performance of approximately 0.862. Furthermore, explanatory properties were added to the deep-learning model using local interpretable model-agnostic explanation (LIME), and the suitability of the LIME domain was assessed using cross-validation in both situations. Thus, artificial intelligence may be used as an auxiliary metric in the sensory evaluation of medicinal materials in future, owing to its explanatory ability.
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1 Introduction

Northeast Asian countries have long employed medical plants, such as herbal medicines, in the private sector to treat chronic ailments, and the industry is constantly developing. Functional compounds extracted from medicinal plants, in particular, are being employed as components of health functional meals, and efficacy studies as pharmaceutical substances are being actively done. Thus, the value of their use is quite high (Jiang et al., 2011). As the need for medical plants grows, so do related industrial achievements. However, the requirement for periodic standardization and stability difficulties before production, distribution, and sales management is growing (Han et al., 2016). This is a fundamental issue to address in maintaining the equivalence of efficacy and quality control of pharmaceuticals employing accurate medicinal ingredients, and ensuring such quality is a critical aspect in standardizing and modernizing oriental medicine products for entry into the global market.

Cynanchum wilfordii is a perennial tuberous plant of the Asclepiadaceae family that grows in Korea, China, and Japan. It has traditionally been used for nutrition, tonic, blood, and renal health. Among the components, gagaminine has been shown to inhibit hepatic aldehyde oxidase, and cynandione A has been shown to inhibit nerve cell damage (Ryuk et al., 2014). Comparing the chemical composition of the two herbs, Caudatin-2,6-dideoxy-3-O-methy- β-D-cymaropyranoside and caudatin isolated from C. auriculatum Royle ex Wight showed high antitumor activity against SMMC-7721 cells and inhibited H22 tumor growth in vivo (Peng et al., 2008). Meanwhile, C. wilfordii roots yielded nine new C21 steroidal glycosides, cynawilfosides A–I, and 12 known compounds(Li et al., 2016). C. wilfordii is not related to C. auriculatum in origin or content. However, recognizing it is challenging for the public owing to the similarity between the ripe fruit and seed. C. auriculatum, in particular, was designated as a toxic plant. However, two separate raw materials are blended and placed into the market before ensuring raw material stability, which might lead to consumer distrust of the mixed product (Ryu et al., 2018). It is particularly challenging to detect whether or not it is blended since it is processed in the form of powder or extract.

The traditional method of identifying medicines through morphological characteristics such as appearance, color, taste, and smell is widely used in the field because it has the advantage of being simple and direct confirmation. However, its fundamental flaw is dependent on the discriminator’s expertise and subjectivity (Jiang et al., 2011; Ryu et al., 2018). Various methods have been developed to compensate for these disadvantages. Internal morphology identification using microscopy and anatomical techniques, physicochemical identification that analyzes and compares components, and gene identification through unique genetic information search through genome analysis (Kim et al., 2013). A method using DNA markers, which are not affected by external factors, has recently been actively studied for major crops to identify plant species accurately and quickly. Unlike morphological characteristics such as the shape and size of plants, the method using DNA markers can distinguish plant species without being affected by the external environment. Furthermore, no limit exists on the number of markers that can be used. Therefore, an accurate discrimination is possible (Sato-Masumoto et al., 2017). However, it is necessary to secure the DNA nucleotide sequence of all medicinal materials, and there is a limit to immediately distinguishing raw materials in the field.

The spread of smartphones and the development of deep-learning-based image recognition technology have laid the foundation for easily recognizing various objects and acquiring information through cameras (Sun and Qian, 2016; Afonso et al., 2020). The field of plant recognition is a good use case that can apply the advancement of these technologies, and various technological studies are being conducted. Furthermore, services based on this have become an environment that is easily accessible through mobile devices (Grinblat et al., 2016; Saleem et al., 2019; Xi and Panoutsos, 2020; Jung et al., 2022). The massive amount of ImageNet data has had a profound impact on the development of machine learning technology in the field of image recognition vision. In particular, deep-learning technology, which has developed existing neural network technology, has shown rapid performance improvement. It has been applied to almost all fields that require artificial intelligence (AI), such as vision and natural language processing, and research is still being actively conducted. Plant recognition technology mainly utilizes convolutional neural networks (CNN) among deep-learning technologies. Recognizing the type of plant captured by the camera is one of the primary purposes of plant recognition. Because of this, plants become the main subject, and usability is sufficiently increased by classification alone. Dyrmann et al. (2016) developed a CNN model with 86.2% classification accuracy for 22 weed and crop species by learning 10,413 images, including 22 weed and crop species. Lin et al. (2019) applied a CNN-based deep-learning model to classify Powdery Mildew in cucumber and reported a classification accuracy of about 96.08%.

Deep-learning technology is widely applied in the plant recognition field with the development of deep-learning technology. However, there are not many cases of collecting and analyzing large amounts of images of medicinal plants. In particular, the most important point in applying image-based deep-learning classification technology is to enhance understanding of which patterns and parts of the sample were identified to predict the results for plants such as Cynanchum wilfordii, which are difficult to distinguish due to the large number of similar varieties with the naked eye.

Because these medicinal samples are easily jumbled during the processing and distribution stages, they always necessitate the services of a sensory evaluation expert (Chong and Cros, 2004). Numerous images are required in this sensory evaluation area to translate morphological features into data, and it is critical to locate the feature locations. However, due to the black-box nature of neural network-based modeling, it is nearly hard to interpret, making model prediction challenging to understand. Sun and Qian (2016) used CNN technology for herbal medicine image recognition to classify 95 categories of medicinal herbs from 5523 images. As a result, it reported 71% recognition accuracy and 53% retrieval accuracy on average when learning. This demonstrates that there is still a tremendous possibility for improvement if we contribute to learning by spotting similarities among therapeutic ingredients.

Consequently, Explainable Artificial Intelligence (XAI) technology, which can provide AI interpretation, is gaining popularity. By building more explainable models while maintaining high levels of performance, XAI enables analysts to understand and trust AI (Apostolopoulos et al., 2022; Başaran, 2022). The goal of XAI was defined in three ways: The first is to reduce the model’s complexity, the second is to improve the predictability of model predictions, and the third is to employ AI models for decision-making. One of the existing detection models, a rule-based model, was proposed in early XAI as a model that conducts detection based on rules that analysts can understand. Zhen et al. suggested a CNN learning structure with an interpretability-oriented layer in the form of fuzzy logic-based rules. The LRP (Layer-wise Relevance BackPropagation) model was proposed as a method of backtracking the NN (Neural Network) model’s outcomes and calculating the contribution of input data to individual features (Bach et al., 2015). Local Interpretable Model-Agnostic Explanations (LIME) is an explanation technique for local models that focuses on training local surrogate models to explain prediction outcomes (Ribeiro et al., 2016; Tulio Ribeiro et al., 2016). LIME is frequently used for image-based active site prediction. It looks for ‘superpixels’ with the highest expressiveness for binary vectors or class outputs that signal the presence or absence of continuous pathways. Several research cases have been published, particularly those that learn characteristics and enhance confidence in CNN algorithms.

CNN models capable of distinguishing C. wilfordii and C. auriculatum are used in this study to verify the viability of image-based categorization among herbal medications. Furthermore, this study aims to contribute to the advancement of deep-learning recognition models by employing LIME, which can express morphological features using explainable AI technology.




2 Materials and methods



2.1 Acquisition of image data and preprocessing method

C. wilfordii and C. auriculatum belong to the same Asclepiadaceae family and are physically quite similar because they have hypertrophied roots. Tuberous roots, in particular, are generally seen in horizontally or vertically cut forms. The entire length is approximately 7 to 12 cm, and the diameter is approximately 0.5 to 1.5 cm. Figure 1A depicts the overall shape of C. wilfordii roots. It is commonly supplied on the market in the shape of B and C in Figure 1, and samples cut in this manner are difficult to match with C. auriculatum. Figure 1B exhibits the X-Y axis with the long side of the root as the reference axis, while Figure 1C illustrates the Y-Z axis. The truncated B and C forms of C. wilfordii and C. auriculatum are to be recognized individually in this study. As a result, two cut sections were photographed, yielding 800 images, 200 of each of the four classes.




Figure 1 | A sample of the root zone of C. wilfordii (A), horizontal section (Xy) (B), vertical section (Yz) (C).



The amount of training data is significant for constructing a model in AI learning. The data augmentation method is primarily used when obtaining a large number of image data is difficult. Data augmentation was done on the captured images in this study using the generally used image augmentation approach depicted in Figure 2 below. In Figure 2, A is the original image, and B-G are images augmented using a commonly used image processing technique.




Figure 2 | Original image of the horizontal section sample of C. wilfordii (A) and augmented images (B) Vertical shift; (C) Horizontal Flip; (D) Brightness; (E) Vertical Flip; (F) Rotation; (G) Zooming.



In this study, 100 images were applied to each augmentation method by selecting original images using a random function to avoid overfitting through a specific technique in the six preprocessing techniques. In the following, we investigate how the learning and verification performance is affected by whether or not image augmentation is conducted for the dataset before applying it to the AI model.




2.2 Development of CNN classification model



2.2.1 Applied CNN model

In RGB image object recognition and classification, the 2D CNN model outperforms existing image processing approaches (Rawat and Wang, 2017). Two models with good performance and applications in various industries were chosen from among the most frequently reported model structures in 2D image categorization and utilized as comparison groups in this study. Moreover, the same inputs and outputs were employed as in the previous 2D CNN proposal. VGGnet-19 is the first 2D-CNN algorithm identified for comparison. VGGNet is a model proposed by Simonyan and Zisserman (2014) in the 2014 ILSVRC, which came in second place after GoogLeNet. However, it is used more often since it is structurally simpler than GoogLeNet, thus, easier to understand and test. Figure 3 illustrates the structure of VGGnet-19. Layers are learned from the input on the left to the softmax on the right of the diagram. In general, it consists of a conv layer, which serves as the core of the CNN structure, and a pooling layer, which reduces data space. Before categorization, the process’s ultimate outcome is flattened one-dimensionally through a fully linked layer. The softmax function is then used for categorization. In the case of VGGnet, the filter of the conv layer was set to 3 × 3 with stride = 1, and the ReLU function was utilized as the activation function.




Figure 3 | The structure of VGGnet-19 used to develop the image classification model.



Inception-ResNet, proposed by Szegedy et al. (2017), is the second CNN classification model used. Inception-ResNet was designed to successfully broaden and deepen the Inception neural network. Furthermore, better learning speed was reported by adopting a simpler and more uniform structure than Inception-v4 and more Inception modules. Figure 4 depicts the entire structure of Inception-ResNet.




Figure 4 | The structure of Inception-ResNet used to develop the image classification model.



The structure of the stem used has a conv-net structure commonly seen in general CNN structures, as shown in Figure 5A below. This is because the inception effect is not significant at the beginning of the layer. The biggest feature of Inception CNN is that the matrix operation itself is processed densely while connecting the Conv layer sparsely. As shown in Figure 5B, a residual connection structure is configured to implement a function that calculates by combining the result of the previous layer with the result of the current layer. This has significantly affected the improving learning speed. The Resnet-A layer has a 35 x 35 grid, and the Resnet-B layer has a 17 x 17 grid. The modules to reduce this are consecutively composed of Reduction-A and B.




Figure 5 | Stem structure used in Inception-ResNet (A) and ResNet-A layer of the residual connection structure (B).







2.3 Local interpretable model-agnostic explanation for XAI

LIME is a method that specifically implements the local surrogate model. Surrogate models learn to “approximate” the predictions of the underlying black box model. However, we focus on learning a local surrogate model to explain individual predictions rather than learning a global surrogate model. A good approach to using LIME is to forget about the original dataset and see why the model returned a particular result. Therefore, LIME tests what changes occur to model predictions when the input data is modified and creates a new dataset consisting of perturbed samples and corresponding predicted values of the black box model. Based on this, an interpretable model weighted by the proximity of the sampled observation to the observation (instance) of interest is learned. A local surrogate model has interpretability constraints can be expressed as follows (Ribeiro et al., 2016):



Here g denotes a model that can explain the observed value x and minimizes the loss function L. While keeping the complexity of the model Ω(g) lower, the loss measures how close the predictions of the explanatory model are to those of the original model f. The loss function L here is expressed as follows (Ribeiro et al., 2016):



Here G is a set of possible explanations, including a general linear regression model, and   is the measure of proximity indicating how close to the observed value (x) that we consider for the explanation.

Images’ data format is a cluster of pixels, and it is difficult to determine how significantly a single pixel contributes to class determination. Individual pixel changes have little effect on the model’s predictions, and image transformation is accomplished through the superpixel segmentation and masking procedure. Superpixel is a method for image classification that collects and groups perceptually important pixels (Wang et al., 2017). Adjacent pixels with comparable qualities (e.g., color, brightness) are clustered together to form a big pixel or superpixel. It signifies that the image will be processed in units of superpixels rather than units of pixels. When we look at an image, we look at related parts together rather than each pixel separately. As a result, it can be demonstrated that processing images in superpixel units is a more natural (human-like) way (Achanta et al., 2012). Thus, superpixel and XAI technology were coupled to provide an auxiliary metric for sensory evaluation. The image was segmented using Simple linear iterative clustering (SLIC), one of the superpixel segmentation algorithms. SLIC is an algorithm applying k-means for superpixel generation and has two key differences. 1) Reduce the number of distance computations in the optimization by limiting the search space to an area equivalent to the superpixel size. This becomes linear in the number of pixels N and can lower the complexity irrespective of the number of superpixels. 2) A weighted distance measurement maintains consistency while using color and geographical proximity. In this image classification and XAI application, around 250 pieces were processed using the SLIC algorithm on 512 × 512 video images (Figure 6).




Figure 6 | Top view of the cut C. wilfordii (right) and image segmented by the SLIC algorithm for superpixels (left).






2.4 Model performance evaluation method

The developed model is a classification model for differentiating C. wilfordii and C. auriculatum, and its performance was evaluated based on accuracy, F1 score, and the receiver operating characteristic (ROC) curve. Accuracy is a metric that takes into account the situation in which the model infers two classification labels and predicts true as true and false as false, and is expressed as follows:



True Positive (TP): Predict the answer that is actually true as true (correct answer)

False Positive (FP): Predict the answer that is actually false as true (wrong answer)

False Negative (FN): Predict the answer that is actually true as false (wrong answer)

True Negative (TN): Predict the answer that is actually false as false (correct answer)

The F1 score is one of the statistics that define the classification accuracy and recall rate, which are combined into a single statistic. Here, the harmonic average was determined, not the standard average. Its purpose is to ensure that the F1 score has a similar low value as precision and recall, which are close to 0. The equation for the F1 score is as follows:



Figure 6 depicts the classification of the training data set used to compare the performance of the CNN model used to create the C. wilfordii and C. auriculatum classification models. Models 1-1 and 1-2 apply unprocessed video images without a separate light reduction procedure. Models 2-1 and 2-2, which will be contrasted with this, eliminate background light reflection. Except for the sample area, the background was transformed to picture RGB (0,0,0) or black. The classification goals of Model 1-1 and Model 1-2 were assigned distinct labels to classify the two shortened forms of C. wilfordii and C. auriculatum. Models 1-2 and 2-2 defined both portions as a single medicinal product label and then classified each variant (Figure 7). Moreover, whether a region that could serve as a sensory metric could be detected was determined by applying LIME to each model.




Figure 7 | Training data groups to compare the performance of CNN models applied to develop the C. wilfordii and C. auriculatum classification models.



The CNN Inception-ResNet and VGGnet models were constructed using the Tensorflow and Keras libraries in Python 3.8. The GPU used to calculate the model was NVIDIA RTX 3090.





3 Results



3.1 Comparison of performance between CNN Inception-ResNet and VGGnet

The collected images of C. wilfordii and C. auriculatum were divided into four classes based on the cut section, and learning and verification were performed. Furthermore, the learning and verification performances were compared using two CNN models. Through the augmentation of the original 800 images, around 3200 images were utilized. The learning-to-verification ratio was 8:2, and the data was split. Figure 8 compares the outcomes of data models 1-1 and 2-1. In the performance of the two CNN models, the CNN Inception-ResNet structure clearly exhibited faster learning speed and higher classification accuracy than VGGnet-19. The learning accuracy of Model 1-1’s Inception-ResNet was 0.835, while its verification accuracy was 0.812. The learning accuracy of VGGnet was 0.776, while the validation accuracy was 0.710. The classification accuracy of model 2-1 with light reflection removal was 0.821 at 0.861 verification accuracy in Inception-ResNet training and 0.701 at 0.712 verification accuracy in VGGnet training. Figure 9 is a confusion matrix displaying the classification accuracy of Inception-four ResNet’s classes. The average separation accuracy of the xy-cut sections in collected samples of C. wilfordii and C. auriculatum was 0.86, but the yz-cut sections had a lower accuracy of 0.76.




Figure 8 | Comparison of the performance of the CNN model applied to develop a classification model for C. wilfordii and C. auriculatum: (A) Classification result of raw image learning model, (B) Verification result of the developed raw image-learning model, (C) Classification result of the learning model after light removal treatment, and (D) Verification result of the developed light-cancellation image set model.






Figure 9 | Four-label classification confusion matrix of the CNN Inception-ResNet.



With the implementation of the data augmentation method, the accuracy in the test set showed a noteworthy improvement of 0.1 to 0.15. This indicates that there was a significant boost in learning performance, even with a limited number of samples, while also mitigating the potential risk of overfitting.




3.2 Result of removing light reflection of an image through the application of LIME

Models 2-1 and 2-2 corroborated the model classification outcome by specifying two cut sections as one class. Table 1 summarizes the results. Models 1-1 and 1-2, which split and classified cut sections into classes, showed higher classification performance in general. In particular, the accuracy of VGGnet-19 increased considerably from 0.71 to 0.80. The performance of Inception-ResNet improved slightly as well, and the validation set classification accuracy in Model 2-2 was around 0.862.


Table 1 | Validation set accuracy and F1 scores of classification cases 2-1 and 2-2.



Table 2 summarizes the performance cross-validation results of Model 1-2, a classification model developed using raw images, and Model 2-2, which was developed using images with light removal processing to extract sample regions. The performance of the model trained with raw images was confirmed to be much lower when categorizing images with light reflection removed. The accuracies of 0.641 and 0.671 were validated as the performance of the two CNN models, which failed to show significant performance in classifying the two classes.


Table 2 | Cross-validation accuracy and F1 score results of classification cases 2-1 and 2-2 based on the developed CNN model.



These results validated the local active area identified by the LIME algorithm as the cause. Figures 10, 11 depict the trained model as a raw image and the image with the background’s reflected light removed, respectively. They display the outcome of discovering an explanation component through LIME analysis of the trained model. Figure 10 depicts not only the cross-section of the sample but also the descriptive local area inside the region of reflected light in the backdrop. Conversely, Figure 11 confirmed the outcome of locating the explanatory component in the sample area.




Figure 10 | Result of finding explanation parts through LIME analysis for the Inception-ResNet model trained by raw images.






Figure 11 | Result of finding the explanation part of the Inception-ResNet model through LIME analysis for the Inception-ResNet model trained by images from which the reflected light on the background has been removed.







4 Discussion

Medicinal plants have similar species that can be readily jumbled in distribution, and distinguishing them requires a very high level of sensory evaluation experience. The medicinal plant species C. wilfordii and C. auriculatum exhibit similar morphologies, and they are commonly intermingled in the distribution process. These kinds are exceedingly tough to find professionals that can recognize them in the field. As a result, disruptive molecular analysis, such as physicochemical component analysis or RNA analysis, can provide confidence in their categorization accuracy (Han et al., 2016). However, this study demonstrated that it is possible to differentiate between C. wilfordii and C. auriculatum efficiently using AI image classification technology, which is rapidly evolving.

In particular, the architectures of CNN models Inception-ResNet and VGGnet-19 were used for classification. Inception-ResNet demonstrated improved results in terms of performance and learning rate. Regarding two algorithms, the average processing speed for the same training data (approximately 2400 images) in a single iteration was 12.45 ± 1.25s and 26.22 ± 2.76s, respectively, based on the GPU specifications used. A strong classification performance of around 0.862 was confirmed in the validation set. The two medications are mostly available in sliced form. When 4 classes were identified through 2 representative cross-sectional examples, the highest verification result was roughly 0.835. The xy-axis truncated shape demonstrated higher classification accuracy. In fact, the model appears to have limitations if the model is inferred or given in a crushed or another form while the sample is not cut. In this study, images were captured at a consistent height and position of the sample in the top view, where the cross section is most visible. Thus, the classification performance loss is to be expected when testing the classification performance of images from multiple camera angles. This appears to be solvable by acquiring more diversified and numerous images and applying them for training.

LIME, an AI explainability technique, was employed in this study to investigate whether it may be used as an auxiliary metric for sensory evaluation by marking the explanatory component among cross-sections of categorized medicinal materials. Figure 11 confirmed that the technique was explanatory in the sample’s local area and suitably adaptable. Light reflection on the background is evident to the naked eye in the raw image data of the collected image. LIME yielded sample results with an explanatory ability to model training in this domain. This appears to be due to the model detecting the impact of the surrounding environment during image collecting; this is expected to be validated later through LIME analysis of several images taken in different situations. Only the sample had model explainability in the area where the background light was deleted. It was also established that the surface of the sample, rather than the center, is the area primarily stimulated between the C. wilfordii and C. auriculatum samples; this can also be perceived as the overall shape of the cross-sectional contour.

Explainable AI refers to the technology that provides interpretable forms of the prediction results generated by machine learning models. This technology helps to understand and analyze the prediction results of the model, making the model’s prediction results more reliable. The image recognition and classification technology in video and images has already been extensively researched, but it is difficult to judge whether the learning intentions of the model, which is developed as a black box, match. By utilizing explainable AI technology, it becomes possible to understand how a machine learning model makes predictions, enabling the judgment of whether the model’s learning intentions are consistent. Furthermore, the classification technology of C. wilfordii and C. auriculatum could be used as an auxiliary means for determining herbal medicine in the distribution field if it is connected to a web platform, and it is highly likely that it can be used as a means of providing accurate information to customers by using devices that can acquire images, such as smartphones. This technology can increase the reliability of herbal medicine sales and help customers use herbal medicine correctly.




5 Conclusions

Images were collected in this work to categorize C. wilfordii and C. auriculatum, which were then processed and put into a deep-learning classification model to corroborate the results. For image classification, the architectures of Inception-ResNet and VGGnet-19 among CNN models were employed for classification. Inception-ResNet demonstrated improved results in terms of performance and learning rate. The validation set confirmed a strong classification performance of around 0.862. LIME was also used to add explanatory characteristics to the deep-learning model. In both situations, the appropriateness of the LIME area was determined using cross-validation. As a result, the raw image was confirmed to be activated in the light reflection area in the surrounding background. When eliminated, the created model’s accuracy declined dramatically from 0.855 to 0.641. The second case model designed to choose the sample region, on the other hand, maintained an accuracy of 0.8 or higher even after cross-validation. This Explainable AI has the potential to be employed as an auxiliary metric in the sensory evaluation of therapeutic compounds in future.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Author contributions

Conceptualization, D-HJ and SP. Methodology, D-HJ. Validation, H-YK and JW. Formal analysis, JW. Data curation, D-HJ. Writing—original draft preparation, D-HJ. Writing—review and editing H-YK and JW, Visualization, SP. Supervision, D-HJ. All authors contributed to the article and approved the submitted version.





Funding

This research was funded by a grant from Kyung Hee University in 2022 (KHU- 20222211).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





References

 Achanta, R., Shaji, A., Smith, K., Lucchi, A., Fua, P., and Süsstrunk, S. (2012). SLIC superpixels compared to state-of-the-art superpixel methods. IEEE Trans. Pattern Anal. Mach. Intell. 34, 2274–2282. doi: 10.1109/TPAMI.2012.120

 Afonso, M., Fonteijn, H., Fiorentin, F. S., Lensink, D., Mooij, M., Faber, N., et al. (2020). Tomato fruit detection and counting in greenhouses using deep learning. Front. Plant Sci. 11. doi: 10.3389/fpls.2020.571299

 Apostolopoulos, I. D., Athanasoula, I., Tzani, M., and Groumpos, P. P. (2022). An explainable deep learning framework for detecting and localising smoke and fire incidents: evaluation of grad-CAM++ and LIME. Mach. Learn. Knowl. Extr. 4, 1124–1135. doi: 10.3390/make4040057

 Bach, S., Binder, A., Montavon, G., Klauschen, F., Müller, K.-R., and Samek, W. (2015). On pixel-wise explanations for non-linear classifier decisions by layer-wise relevance propagation. PloS One 10, e0130140. doi: 10.1371/journal.pone.0130140

 Başaran, E. (2022). Classification of white blood cells with SVM by selecting SqueezeNet and LIME properties by mRMR method. Signal. Image. Video. Process. 16, 1821–1829. doi: 10.1007/s11760-022-02141-2

 Chong, P. S. T., and Cros, D. P. (2004). Technology literature review: quantitative sensory testing. Muscle Nerve Off. J. Am. Assoc. Electrodiagn. Med. 29, 734–747. doi: 10.1002/mus.20053

 Dyrmann, M., Karstoft, H., and Midtiby, H. S. (2016). Plant species classification using deep convolutional neural network. Biosyst. Eng. 151, 72–80. doi: 10.1016/j.biosystemseng.2016.08.024

 Grinblat, G. L., Uzal, L. C., Larese, M. G., and Granitto, P. M. (2016). Deep learning for plant identification using vein morphological patterns. Comput. Electron. Agric. 127, 418–424. doi: 10.1016/j.compag.2016.07.003

 Han, E.-H., Cho, K., Goo, Y., Kim, M., Shin, Y.-W., Kim, Y.-H., et al. (2016). Development of molecular markers, based on chloroplast and ribosomal DNA regions, to discriminate three popular medicinal plant species, cynanchum wilfordii, cynanchum auriculatum, and polygonum multiflorum. Mol. Biol. Rep. 43, 323–332. doi: 10.1007/s11033-016-3959-1

 Jiang, Y., Choi, H. G., Li, Y., Park, Y. M., Lee, J. H., Kim, D. H., et al. (2011). Chemical constituents of cynanchum wilfordii and the chemotaxonomy of two species of the family asclepiadacease, c. wilfordii and c. auriculatum. Arch. Pharm. Res. 34, 2021–2027. doi: 10.1007/s12272-011-1203-z

 Jung, D.-H., Kim, C. Y., Lee, T. S., and Park, S. H. (2022). Depth image conversion model based on CycleGAN for growing tomato truss identification. Plant Methods 18, 1–15. doi: 10.1186/s13007-022-00911-0

 Kim, M., Wang, H., Kim, Y., Sathiyamoorthy, S., Kwon, W., and Yang, D. (2013). Molecular authentication by multiplex-PCR of three similar medicinal plant species: cynanchum wilfordii, cynanchum auriculatum and polygonum multiflorum (Fallopia multiflorum). J. Med. Plants Res. 7, 2584–2589. doi: 10.5897/JMPR12.1299

 Li, J.-L., Gao, Z.-B., and Zhao, W.-M. (2016). Identification and evaluation of antiepileptic activity of C21 steroidal glycosides from the roots of cynanchum wilfordii. J. Nat. Prod. 79, 89–97. doi: 10.1021/acs.jnatprod.5b00766

 Lin, K., Gong, L., Huang, Y., Liu, C., and Pan, J. (2019). Deep learning-based segmentation and quantification of cucumber powdery mildew using convolutional neural network. Front. Plant Sci. 10, 155. doi: 10.3389/fpls.2019.00155

 Peng, Y., Li, Y., Liu, X., Zhang, J., and Duan, J. (2008). Antitumor activity of c-21 steroidal glycosides from cynanchum auriculatum royle ex Wight. Phytomedicine 15, 1016–1020. doi: 10.1016/j.phymed.2008.02.021

 Rawat, W., and Wang, Z. (2017). Deep convolutional neural networks for image classification: a comprehensive review. Neural Comput. 29, 2352–2449. doi: 10.1162/neco_a_00990

 Ribeiro, M. T., Singh, S., and Guestrin, C. (2016). Model-agnostic interpretability of machine learning. arXiv. Prepr. arXiv1606.05386, 91–95. doi: 10.48550/arXiv.1606.05386

 Ryu, H. J., Kim, A. K., Kim, S. D., Jung, S. J., Jang, J. I., Lee, H. J., et al. (2018). Genetic authentication of cynanchi wilfordii radix and cynanchi auriculati radix by using conventional-PCR and real-time PCR. Korean. J. Pharmacogn. 49, 55–64. doi: 10.1007/s11760-022-02141-2

 Ryuk, J. A., Lee, H. W., Ju, Y. S., and Ko, B. S. (2014). Monitoring and identification of cynanchum wilfordii and cynanchum auriculatum by using molecular markers and real-time polymerase chain reaction. J. Korean. Soc Appl. Biol. Chem. 57, 245–251. doi: 10.1007/s13765-013-4248-5

 Saleem, M. H., Potgieter, J., and Arif, K. M. (2019). Plant disease detection and classification by deep learning. Plants 8. doi: 10.3390/plants8110468

 Sato-Masumoto, N., Uchikura, T., Sugiwaki, H., Yoshimura, M., Masada, S., Atsumi, T., et al. (2017). Survey on the original plant species of crude drugs distributed as cynanchi wilfordii radix and its related crude drugs in the korean and chinese markets. Biol. Pharm. Bull. 40, 1693–1699. doi: 10.1248/bpb.b17-00226

 Simonyan, K., and Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv. Prepr. arXiv1409.1556, 1–14. doi: 10.48550/arXiv.1409.1556

 Sun, X., and Qian, H. (2016). Chinese Herbal medicine image recognition and retrieval by convolutional neural network. PloS One 11, e0156327. doi: 10.1371/journal.pone.0156327

 Szegedy, C., Ioffe, S., Vanhoucke, V., and Alemi, A. (2017). Inception-v4, inception-resnet and the impact of residual connections on learning. in. Proc. AAAI. Conf. Artif. Intelligence, 4278–4284. doi: 10.1609/aaai.v31i1.11231, 4278-4284


 Tulio Ribeiro, M., Singh, S., and Guestrin, C. (2016). “ why should I trust you?”: explaining the predictions of any classifier. ArXiv. e-prints. arXiv-1602. doi: 10.1145/2939672.2939778

 Wang, M., Liu, X., Gao, Y., Ma, X., and Soomro, N. Q. (2017). Superpixel segmentation: a benchmark. Signal Process. Image. Commun. 56, 28–39. doi: 10.1016/j.image.2017.04.007

 Xi, Z., and Panoutsos, G. (2020). “Interpretable convolutional neural networks using a rule-based framework for classification,” in Intelligent systems: theory, research and innovation in applications (Springer), 1–24.




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2023 Jung, Kim, Won and Park. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fpls-14-1169709-g003.jpg
Softmax

FC1000

FC4096

FC4098

Pool

3x3conv512

3x3conv512

3x3conv512

3x3conv512

Pool

3x3conv256

3x3conv256

Pool

3x3conv128

3x3conv128

Pool

3x3conv 64

3x3conve4






OEBPS/Images/fpls-14-1169709-g011.jpg
»° »

Explanation

Explanation -

Explanation

»

»

Explanation





OEBPS/Images/fpls-14-1169709-g008.jpg
5 —

i
|

8

8

2
]

= 3
|

2

H

1

8

o





OEBPS/Images/M2.jpg
Lif.gm )=, e 2% (2)(f(z)-g(z))"





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Development of a classification model for Cynanchum wilfordii and Cynanchum auriculatum using convolutional neural network and local interpretable model-agnostic explanation technology

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Acquisition of image data and preprocessing method

          



          		

            2.2 Development of CNN classification model

          

            		

              2.2.1 Applied CNN model

            



          



          



          		

            2.3 Local interpretable model-agnostic explanation for XAI

          



          		

            2.4 Model performance evaluation method

          



        



        



        		

          3 Results

        

          		

            3.1 Comparison of performance between CNN Inception-ResNet and VGGnet

          



          		

            3.2 Result of removing light reflection of an image through the application of LIME

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-14-1169709-g002.jpg
20 400 600 20 40 600 800

0

20 400 20 400
Rrsas Bengs






OEBPS/Images/fpls-14-1169709-g010.jpg
w ) |
’ Explanation , ‘ Exp\ana;;\

Explanation





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls-14-1169709-g009.jpg
True label

08

06

04

02





OEBPS/Images/fpls-14-1169709-g001.jpg





OEBPS/Images/M1.jpg
wrgmin e L(f,g.x, )+(g)





OEBPS/Images/M4.jpg
JESCHOMR SO
precision+recall





OEBPS/Images/fpls-14-1169709-g005.jpg
A Stem

8 _Inception-ResNet-A

2

(]

T

3x3 conv (256 stride 2V)

3x3conv (192V)

1x1.conv (80)

3x3 MaxPool (stride 2V)

3x3 conv (64)

3x3conv (32V)

3x3 conv (32 stride 2V)






OEBPS/Images/fpls-14-1169709-g006.jpg





OEBPS/Images/table2.jpg
Inception-ResNet VGGnet-19

Accuracy Fi score Accuracy

Mo 1210 a6it o360 071 oen
Mode 22

Modd 2210 osa o098 o7 om

Model






OEBPS/Images/fpls.2023.1169709_cover.jpg
& frontiers | Frontiers in Plant Science

Development of a classification model for
Cynanchum wilfordii and Cynanchum
auriculatum using convolutional neural
network and local interpretable model-
agnostic explanation technology





OEBPS/Images/fpls-14-1169709-g004.jpg
Softmax

Dropout(keep0.8)

Average Pooling

5 xinception-resnet-C

Reduction-B.

10 xinception-resnet-8.

Reduction-A

S xinception-resnet-A






OEBPS/Images/M3.jpg
Ac e e T AN
\ccuracy= oo s s





OEBPS/Images/im1.jpg





OEBPS/Images/fpls-14-1169709-g007.jpg
CWifordiXy CWiordiXy

Model Cwitorsire Model Cwitors
11 [ 241 ‘ [—

CAuriulstum.

Churiculatum-

Citordi CWiordi
(2% 0.1
Model * Model ‘
1-2 2-2
Churicdatum Churcutum
) Y2

Raw image set After light reflection removal image set






OEBPS/Images/table1.jpg
net-1
Inception-ResNet VGGnet-19.

e Accuragy Fl score
Accuracy. Fl score Y.

Model 12

Mode 22





