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Bone age is an important metric to monitor children’s skeleton development in pediatrics. As the development of deep learning DL-based bone age prediction methods have achieved great success. However, it also faces the issue of huge computation overhead in deep features learning. Aiming at this problem, this paper proposes a new DL-based bone age assessment method based on the Tanner-Whitehouse method. This method extracts limited and useful regions for feature learning, then utilizes deep convolution layers to learn representative features in these interesting regions. Finally, to realize the fast computation speed and feature interaction, this paper proposes to use an extreme learning machine algorithm as the basic architecture in the final bone age assessment study. Experiments based on publicly available data validate the feasibility and effectiveness of the proposed method.
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INTRODUCTION
In pediatrics, bone age is a significant metric to evaluate the development of child’s skeleton (Manzoor Mughal et al., 2014). Generally, the discrepancy between bone age (skeletal development age) and chronological age (physical age calculated from birth date) can suggest abnormalities in skeletal development. For example, illness may cause the delayed or accelerated appearance of ossification centers. Moreover, a child’s bone age is useful to predict an individual’s final height (Creo and Schwenk, 2017). Therefore, assessing a child’s bone age has become a very common examination in pediatrics. It is helpful to not only monitor growth hormone therapy but also to diagnose endocrine disorders.
Usually, bone age assessment (BAA) is based on a hand-wrist radiograph which is straightforward to obtain and contains all relevant regions of interest (ROI) within the hand and wrist. Then, it is realized by recognizing the maturity of the bones through the changes of radiographic appearance. There exist two most typical methods for BAA, namely the Greulich-Pyle (GP) method and the Tanner-Whitehouse (TW) method (Lee et al., 2021; Shah et al., 2021). The former one is based on the hand atlas, and its reference dataset consists of a series of left-hand X-ray images derived from the middle socioeconomic class of Caucasian children from the Midwest region of the US from 1931 to 1942. If a patient’s X-ray image is collected and compared with this reference dataset, the closest matching will determine the final bone age of the patient. This method is simple and fast (2–5 min for one case), but difficult to assess precise bone age with large variations, since this reference data is unchanged and contains only template bone age data from 6 months to 1 year. The latter one aims at evaluating the maturity levels of specific bones within hand and wrist instead of all bones in GP. Several ROIs, actually ossification centers (Spampinato et al., 2017), are selected and assigned some developmental scores according to their maturity level. Then, a patient’s bone age can be derived from the sum of all these ROIs’ scores. The TW methods have several versions, like TW1, TW2, and TW3 (Son et al., 2019). While, compared with the GP methods, TW methods are relatively complicated and time consuming, so they are rarely used in practice. However, as the rapid development of deep learning (DL) (Yu et al., 2013), DL-based methods can effectively solve the above-mentioned problems. For example, DL-based image analysis techniques have achieved great success in the past decade, especially in medical image analysis like breast cancer recognition, brain lesion segmentation, and so on (Ritter et al., 2011; Xu et al., 2014). Correspondingly, DL-based BAA has also attracted several scholars’ attention, for example, CNN and their variants are widely used for automating BAA and show positive performance. In (Lee et al., 2017), a GP-based CNN network called BoNet was proposed to use the X-ray images of the left hand and wrist for BAA and was validated as effective in bone age prediction. In (Chen, 2016), a DL model inheriting the existing models (e.g., GoogLeNet and VGGNet) for weight initialization and fine-tuning was constructed to predict bone age, in which L2-based loss function was leveraged for training. This model finally achieved competent performance close to a radiologist’s readings. More other successful BAA models based on DL were also found in the literature (Thodberg et al., 2008; Kim et al., 2017).
However, besides the advantages of DL-based models in TW-based BAA, one of the important problems with which we are always concerned is the high computation overhead, especially involving the process of learning deep features from images with back-propagation parameters tuning (Tang et al., 2021). Aiming at these issues in the DL-based BAA study, this paper proposes a new automated BAA system with fast bone age estimation speed. The proposed BAA system consists of four major parts, such as data processing, ROIs extraction, feature learning, and fast BAA estimation, as shown in Figure 1.
[image: Figure 1]FIGURE 1 | Framework of the proposed new BAA system.
Figure 1 shows the framework of the proposed BAA method. First, the raw radiological images require some necessary pre-processing steps, for example, background noise cleaning, orientation, and so on. Then, according to the TW-based BAA method, important ROIs are extracted for the subsequent study instead of the whole radiological images. Next, based on the extracted ROIs, this paper proposes to learn deep convolutional features from those ROI images. Finally, this paper proposes to combine deep convolutional features and fast extreme learning machine (ELM) (Huang et al., 2006) algorithm for the final BAA. The novelties and contributions of the proposed method are summarized as follows: 1) inheriting the advantages of TW-based methods, only representative ROIs are selected to realize efficient and effective BAA. For example, this paper only considers phalangeal ROIs and carpal bones ROIs for features learning. In this way, not only the most important features in BAA could be considered, but also the dimensionality of inputs can be reduced to lower computation cost. 2) Convolutional features are learned separately for each ROI region. To make use of DL’s ability on feature learning, this paper proposes to use the CNN architectures to extract the important features from each ROI. 3) To further realize the fast learning speed and to improve the efficiency of DL-based BAA, ELM is considered as the architecture at the last layer. In this way, the proposed method could not only make use of ELM’s fast learning ability, but also consider the interactions between different ROIs fast. Based on the proposed method, an end-to-end system is developed to realize the automatic bone age estimation. Experiments from a publicly available dataset are implemented to validate the performance of the proposed method.
The rest of this paper is organized to describe each part in the proposed BAA system. Related work on data processing in BAA introduces some necessary preprocessing steps for the radiological images in the BAA study, such as orientation correction, background removal, and ROIs selection. Methodology of the proposed DL-based BAA describes the methodology of the proposed DL-based method for BAA, including parts of convolutional features learning and fast bone age estimation via ELM. Experiments and discussion implements some experiments based on real hand-wrist radiographs, and some quantitative analyses are discussed. Conclusions concludes the work of this paper.
RELATED WORK ON DATA PROCESSING IN BAA
In order to obtain accurate bone age estimation from hand-wrist radiographs, generally the quality of input images is an important factor. According to the proposed BAA method, the first part is to pre-process the raw data (hand-wrist radiographs) to improve data quality. Based on requirements of different applications, various preprocessing operations can be implemented, including file format transformation (Ratib et al., 1991), correction of image orientation (McNitt-Gray et al., 1992), window/level values, and look-up-tables for enhancing image brightness and contrast. This paper mainly introduces three operations required in the proposed BAA system, such as orientation correction, background removal, and ROIs selection.
Orientation Correction
First, the operation of orientation correction aims at guaranteeing a standard hand position within the image. Generally, the standard orientation of hand position should be anteroposterior, upright, and left-hand wrist according to the expert experience of radiologists. While abnormal positions are commonly detected for various reasons in the real pediatric examination, e.g., a child’s hand may diverge from the standard position, or phosphor plates and cassette are placed in an abnormal direction based on the examination conditions. These lead to 35–40% of the collected raw hand-wrist radiographs required for orientation correction in radiology (McNitt-Gray et al., 1992). Therefore, it is necessary to orient images before the BAA study.
Background Removal
In radiological image processing, the background can contain two kinds of definitions (Kaur et al., 2018). The first type is referred to as an area outside the radiation field, for example, white borders caused by blocking of the collimator surrounding the radiation field. The second type is referred to as the area within the radiation field but outside the patient’s body (hand-wrist), e.g., landmarks or other labels reflecting just the patient’s information like name, birthday, ID number, etc.
Targeting at removing the former type of background, algorithms blacking the unexposed background have been successfully applied in clinical picture archiving and communication system (PACS) (Yan et al., 2018), particularly in pediatric radiology. It can reduce the amount of unwanted light as well as transparent borders without losing any pertinent information. On the other hand, targeting at removing the latter type of background, the algorithm aims at increasing the hand-to-background ratio, then improves the performance on ROIs segmentation and detection.
To estimate bone age in BAA, removing the second type of background needs more attention because extracting phalanges is significantly important in processing under- or overexposed hand-wrist radiographs. Moreover, if the phosphor plates are not closed to the cassette tightly, background non-uniformity might happen and further affect the accuracy of bone age estimation. Therefore, background suppression with dynamic thresholds is necessarily adopted in BAA to solve these issues (Yuan et al., 2018). The procedure of selecting dynamical thresholds is performed separately in both directions (horizontal and vertical) according to the local background value. Its realization can be described as follows: first, on the top part of a studied image, a window with a given size representing the average phalangeal width slides in the vertical direction, and several statistical metrics (e.g., mean, variance) are calculated for windows at each step. Then, two windows from both sides having the lowest values of mean and variance can determine the background area and ranking the mean values of all these windows referring to their variances can be used to calculate the threshold in the studied rows. Similarly, the lower part of the images also can be processed to result in another threshold value. Once this calculation process is completed, the threshold value of each row can be generated by using linear interpolation in the vertical direction, as well as the interpolation in the horizontal direction for generating the threshold value of each column. Applying these threshold values, the background suppression can be realized as the following form.
[image: image]
where p and [image: image] represent the original and processed pixel values in the image; and vth is the calculated threshold. When the pixel value is lower than the threshold value, then it is set as zero, and vice versa keeping its value. Furthermore, the processing in Eq. 1 can be developed to remove all small noisy elements in the background. For example, to remove noise between phalanges, the threshold for erosion can be metamorphosed from a pixel to a 3*3 structuring element, and all elements smaller than the threshold would be turned to zero.
ROIs Selection, Annotation, and Determination
Based on the TW-based methods, several ROIs are required for assessing the maturity of bone. While there are not only several regions of the hand verified important by radiologists, but also various methods to select ROIs for modelling the BAA system to estimate the bone age.
In this paper, six most important ROIs (Kim et al., 2018) are chosen for bone age assessment, such as DIP regions reflecting epiphyseal growth locating between the distal and the intermediate phalanges, PIP regions between the intermediate and the proximal phalanges, MCP regions between the proximal phalanges and the metacarpals, the wrist region covering the carpal bones, the ulna region, and the radius region. The detailed locations of these ROIs are shown in Figure 2, Figure 3.
[image: Figure 2]FIGURE 2 | Locations of six ROIs in BAA.
[image: Figure 3]FIGURE 3 | Architecture of the proposed bone age prediction model.
Based on the given requirements for ROIs selection, annotating these ROIs is a necessary and important step in data preprocessing. In order to make the annotation process comfortable, several operations can be applied. First, the number of ROIs in each hand-wrist radiograph and that of samples for each ROI should always be the same. This can guarantee the data balance of each class of ROI, and also affect the TW-based BAA. Second, an annotation candidate was regarded as the template to speed up the annotation process. Third, considering the size differences between radiographs, a scaling operation can be implemented to unify datasets. Furthermore, the extracted ROIs also require scaling in each class for uniformities. Fourth, there also exists differences on the brightness of radiographs, a contrast enhanced view seems necessary in data preprocessing, especially to detect the regions of DIP and PIP which are usually very dark. Finally, ROIs should be detected before the prediction of bone age in automated BAA systems. This paper also utilizes the commonly applied Faster-RCNN (Girshick, 2015) architecture for ROIs detection. Since no pre-trained Fast-RCNN is available for detecting the defined ROIs above, it should be trained first based on those annotated data. Then, it would be used to extract ROIs for modeling bone age prediction models.
METHODOLOGY OF THE PROPOSED DL-BASED BAA
Framework of the Proposed Algorithm
This section aims at describing the methodology of the proposed bone age prediction model in detail. First, defined ROIs in Related work on data processing in BAA are detected by Faster RCNN. Then, by taking these ROIs as inputs, the proposed hybrid bone age prediction model is realized as the following framework.
According to the description in Introduction, the proposed bone age prediction method is based on deep learning. It mainly contains two stages, namely convolutional feature learning and hybrid fast bone age prediction. At the first stage, the size of each class of ROI should be scaled uniformly first. Then, a CNN model is constructed with several convolutional layers and a full-connection layer. The full-connection layer targeted at the final bone age and flatten features of the final convolutional layer represent features of the studied ROI related to bone age prediction. At the second stage, combining independent convolutional features of all classes of ROIs, a model for predicting bone age is further constructed. The reason for the combination aims at learning the interaction between different ROIs which can enhance the performance of predicting bone age, e.g., interaction of DIP, PIP, and MCP, and interaction of wrist, ulna, and radius regions. While considering the dimensionality of all these convolutional features is huge, a deep learning model can be used but it is not necessary. Therefore, here we propose to apply the ELM algorithm having fast learning speed (Huang et al., 2011) to model the final hybrid bone age prediction. Details of these two stages are described as below.
Convolutional Feature Learning
As described above, convolutional features of each ROI are learned based on CNN networks which mainly consist of convolutional layers. To describe the convolution learning in detail, here the process is divided into four sequential steps, such as convolution, normalization, pooling operations, and feature representation.
(1) Convolution operation
First, in a convolutional layer, convolutions are implemented between feature maps of the previous layer and a series of filters. Then, a non-linear activation function g (.) is applied in the sum of results of the convolutions and an additional bias, and the ReLU nonlinear function is usually used in CNN. At last, the output of activation function represents a learned feature. Assuming [image: image] as the value of the pixel position (m, n) in the jth feature map of the ith layer, it can be expressed as:
[image: image]
where bij is the bias; k indexes over all data of the feature maps in the (i−1)th layer for convolution; [image: image] is the weight value of the pixel position (p, q) in the filter kernel; and Pi and Qi represent the height and width of the filter kernel, respectively.
Through the convolutions, it realizes a nonlinear transformation from images with low-level representation to the high-level semantic representation. For the convenience of computing, the equation in Eq. 2 can be simplified as:
[image: image]
where ⊗ is denoted as the convolutional operator; wij is still denoted as the weight which will be randomly initialized and trained via the iterative BP algorithm; and vi represents the features of the ith layer. Generally, the size of the feature maps reflects the resolution affecting the accuracy finally. If the size of a feature map is large, it implies more good features can be learned, but correspondingly with the high cost of computing. Vice versa, the small size reduces the computation cost as well as the model’s accuracy.
(2) Contrast normalization
There are several methods realizing the normalization process in convolutional networks. In this paper, the contrast normalization is inspired by the idea of computational neuroscience (Sermanet and LeCun, 2011). It aims at enhancing the local competition between neurons and their neighbors, as well as forcing features of different feature maps at the same location to be computed. Here, two normalization operators, namely subtractive and divisive, are proposed to realize these objectives. First, assuming vmnk represents the value of the pixel position (m, n) in the kth feature map this time, it can be calculated by the following form:
[image: image]
where εpq is defined as a normalized Gaussian kernel; zmnk is the output of the subtractive normalization operation, which will also be input to the divisive normalization operation expressed as below.
[image: image]
where
[image: image]
[image: image]
While in both the subtractive and divisive operations above, the Gaussian kernel εpq is operated with zero-padded edges to guarantee the sizes of output and input keeping the same. Then, through the introduced contrast normalization operations, features from the convolution layers can be normalized.
(3) Pooling operation
Generally, the dimensionality of features in an image is high, and not all features are meaningful in decision-making. To reduce the irrelevant information, pooling is proposed in CNN. It operates like the subsampling to transform the joint features into a novel representation, but keeps the crucial information. Generally, the max pooling operation is implemented on each feature map, e.g., the value at the pixel position (m, n) in the jth feature map and the ith layer calculated as below:
[image: image]
The max pooling operation detects the maximum representations of the learned feature map and meanwhile reduces the resolution. In this subsampling process, pooling can realize not only the position invariance over larger local regions, but also built-in invariance to small shifts and distortions.
(4) Feature representation
Through implementing the mentioned three operations sequentially, convolutions can be completed. To learn the most representative convolutional features for BAA, features are flattened and directly connected to the output which aims at estimating the target bone age. Therefore, the convolution features of each ROI for BAA can be learned through the following objective:
[image: image]
where yi is the target bone age; and [image: image] is calculated via convolution features of the given ROI, expressed as below:
[image: image]
where V = {vijk} is the convolution feature vector. Through the minimization of Eq. 9 and the back-propagation learning, optimal convolutional features of each ROI can be learned to estimate bone age.
Hybrid Fast BAA Estimation
According to the above convolution feature learning, it is seen that these convolutional features of each ROI aim at estimating the target bone age optimally. This implies that features of each ROI can be used directly for BAA, which is also the conventional way in the literature. While considering ROIs from the same radiograph has tight correlation between each other, features of an individual ROI may not completely express the target bone age. Therefore, this paper proposes to construct a hybrid estimation with consideration of interactions between features of all ROIs. Moreover, considering the dimensionality of feature vectors in each ROI is large, the hybrid BAA model should adopt a fast-learning architecture. Therefore, the ELM network is proposed for hybrid BAA estimation here.
ELM was first proposed by Huang et al. (Huang et al., 2004; Huang et al., 2018), which is a kind of single-hidden-layer feedforward neural network (SLFN). Its input weights and hidden layer biases are randomly assigned for feature learning, then the output weights are learned according to the target. Due to these features, ELM has the advantages at fast feature learning ability when faced with high-dimensional inputs. The implementation of ELM could be expressed as below.
Assuming the input consists of N samples as (xi, ti), i = 1,2, … N, where xi is the input vector and ti is the target. In BAA, the target is the bone age, therefore the ELM model for bone age prediction can be written as
[image: image]
where βj represents the weight between the jth hidden node and the output; wj = [w1j, w2j, . . .,wnj]T is the randomly generated input weights to the jth node, and bj is the corresponding bias. Then yi is denoted as the output (predicted bone age) from the ELM.
To train the ELM model’s parameters, the output of ELM can be approximated to predict the target  with zero error, namely as
[image: image]
If expressing these expressions in ELM as a matrix format, then the above equation can be simply expressed as
[image: image]
where H is the hidden layer output matrix. The complete elements of these three matrices are written as follows:
[image: image]
and
[image: image]
After that, the least-squares minimization is applied to optimize the output weights β as
[image: image]
where [image: image] is the Moore–Penrose inverse (Wu and Zheng, 2020) of the matrix H. Then, the output of ELM for predicting bone age can be expressed as
[image: image]
EXPERIMENTS AND DISCUSSION
In this section, a publicly available dataset containing radiological images is taken for the BAA study, such as its statistical features, training the proposed DL models, and evaluating the performance on predicting bone ages. Here, the dataset is taken from the Pediatric Bone Age Challenge (RSNA, 2017) organized by the Radiological Society of North America (RSNA) as the foundation of research in this paper. This dataset contains 12,611 images with labels, which consists of 54.2% male and 45.8% female infants’ hand images. To construct the BAA model and discussion, the raw dataset is divided as a training set (70%) and a testing set (30%). Then some related analysis can be implemented subsequently.
Statistical Analysis
First, according to this given dataset, some statistical analysis can be implemented to study the distribution of the original dataset. Figure 4 shows the distribution of ages based on training data (a) and testing data (b). It can be found that training data and testing data are a match with each other even though both do not satisfy the normal distribution. Moreover, the highest ratio of bone age is located between 12 and 18 years, which means the given dataset collected the data from teenagers. By dividing ages of 4 years as a phase, the detailed distribution of different age phases is also shown in Figure 4 (c)-(d).
[image: Figure 4]FIGURE 4 | Distribution of bone ages. The distribution of ages based on training data (A) and testing data (B). (C) and (D) plot the ratio of different age phases in training data and testing data, respectively.
Figure 4 (c) and (d) plot the ratio of different age phases in training data and testing data, respectively. It is seen that ages between 8 and 16 years occupy almost 70% in both training and testing data. Therefore, this dataset for BAA research is better to orient to study the growing development of teenagers.
ROI Extractions
According to the idea of TW-based BAA methods, ROIs in hand-wrist radiological images are the basis of DL-based BAA. As the description in ROIs selection, annotation and determination, two kinds of ROIs are extracted, such as phalangeal and carpal bones ROIs should be extracted, and in total six ROIs are annotated as DIP, PIP, MCP, ulna, radius, and wrist as Figure 2 shows. Then, based on this information, a Faster RCNN model is trained for extracting these ROIs in the testing data automatically. The experiment is implemented on the platform of Tensorflow, and the Inception-ResNet-V2 architecture is chosen in the construction of Faster RCNN. Then, running training and testing, the ROIs extraction results are shown in Figure 5.
[image: Figure 5]FIGURE 5 | Extracted annotated ROIs in the testing data.
In Figure 5, there are 10 sample images shown in each of six defined ROIs. While considering these ROI images have different sizes, they are all resized as 128*128 in Figure 5. In order to guarantee the extracted ROIs could provide useful information for the BAA study, the performance of ROIs extraction by Faster R-CNN requires evaluation. By taking the annotation as the ground truth, the performance of six ROIs is presented in Table 1.
TABLE 1 | Evaluation of ROIs detection by using Faster R-CNN.
[image: Table 1]In Table 1, four metrics are given out to evaluate the performance of detected ROIs, such as Precision, Recall, F1-score, and AP@0.5IoU. The former three performances are based on the central points of ROIs annotated by expert, the last one means the average precision under overlapping ROIs with an IoU larger than 50%. Here, since there exist some random factors in the extraction of ROIs, the results may have some fluctuation at each time. Therefore, multiple experiments are required, and the average values and variance of all metrics are calculated in Table 1. It is seen from these results that Faster RCNN achieve good performance on detecting the annotated ROIs to provide confident information for BAA study subsequently.
Bone Age Prediction
Based on the extracted ROIs, useful features could be learned to model a prediction model for bone age estimation. While before modeling a DL model for BAA, some issues should be paid attention. First, it is found that images of different ROIs have different qualities and brightness, e.g., the DIP and PIP regions are usually very dark, so the brightness of these ROIs could be further adjusted to enhance their performance in the subsequent modeling. The second issue is the image size of different ROIs. Figure 6 gives out the statistical results of six ROIs’ size parameters.
[image: Figure 6]FIGURE 6 | The bounding box sizes of extracted ROIs in testing dataset. (A) Width; (B) length.
In Figure 6, the bounding box sizes of each class of ROI are visualized. Based on these two figures, it is seen that Wrist has the widest ROI, the other ROIs have relatively smaller width values. From Figure 6B, DIP, PIP, and MCP ROIs have smaller lengths than that of Radius, Ulna, and Wrist. Based on their mean values, the sizes of ROI bounding boxes could be unified in order to learn convolutional features conveniently. By making a comprehensive consideration of ROIs sizes in feature learning, those extracted ROIs could be set with a unified size. For example, resizing all extracted ROIs as 128*128 images, then input into the convolution layers for feature learning, as shown in Figure 3. Then, based on the Tensorflow platform, set the filters of convolutional layers as 3*3, and the filter in the pooling layers as 2*2. Considering the memory requirements and computation cost in the training process, set the learning rate as 0.0001 and 5,000 as the stop step. Aiming at the final BAA, the convolutional features are learned from each class of ROIs. Finally, a full-connection layer containing two layers is constructed to flatten the learned convolutional features, and output 100 features for each class of ROI. According to the proposed hybrid fast BAA method in Figure 3, all these learned features are combined as inputs of an ELM regressor. The final bone age prediction will be obtained from ELM with consideration of the interaction between features of all extracted ROIs.
Considering BAA is actually a kind of regression analysis, the generic regression metrics are introduced to evaluate the performance of BAA, e.g., mean absolute error (MAE) and root mean square error (RMSE) (Chai and Draxler, 2014). The definitions of these two typical metrics are presented as below.
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where yj and [image: image] denote the target bone age and predicted ones; and n is the number of test data samples. To compare the performance of the proposed method on the BAA study, here features of each ROI are considered for bone age prediction directly. The results of all models are presented in Table 2.
TABLE 2 | BAA performance based on different ROIs.
[image: Table 2]From the results in Table 2, some conclusions can be found. First, by using the features learned from each ROI to predict bone age independently, Wrist has the best performance. This implies that Wrist as the major carpal bone region can represent better characteristics related to bone age development. By combining features from all ROIs, including phalangeal and carpal bones regions, the hybrid BAA performance can be improved compared with independent predictions.
On the other hand, the proposed method can be studied via comparison with conventional models. For example, to study the influence of ROIs extraction, a model based on CNN without ROIs extraction is constructed, denoted as Model1. For studying the effectiveness of convolutional features, a model based on ELM directly is constructed, denoted as Model2. Their performances are presented in Table 3.
TABLE 3 | Comparison analysis on performance of different models.
[image: Table 3]From the results of Table 3, some further studies could be implemented. It is seen that, among these three models, Model2 (full ELM) has the fast learning speed, but its performance is worst due to no deep features are learned in the training process. Model1 performs the best accuracy; however, it cost a lot on the iterative computation and learning features of a whole radiograph without ROIs extraction. Compared with these two, the proposed method could achieve good performance with a relatively lower cost, since it reduces the computation complexity of feature learning in only several ROIs as well as makes use of ELM’s fast learning ability. Therefore, summarizing all the results above, it is concluded that the proposed method could realize both effectiveness and efficiency in developing a good BAA system for business requirements.
CONCLUSION
To realize fast and valid feature learning for BAA study, based on traditional TW-based methods, this paper proposed a hybrid model combining deep convolutional features learning and fast ELM algorithms. First, faced with real hand-wrist radiographs, this paper introduced several necessary preprocessing steps, such as background removal, orientation, and useful ROIs extraction and annotations. Two kinds of ROIs are mainly considered in this paper for BAA study, such as phalangeal and carpal bone regions. Then, extracted ROIs are resized uniformly and input to a multiple-layers convolution network for learning useful features for predicting bone age. Finally, combining the convolutional features of all ROIs, an ELM regression model is constructed to fast predict the bone age. Experiments based on data from RSNA are implemented, the comparable discussion is valid, the proposed hybrid is feasible and effective to obtain good performance on the BAA study.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. This data can be found here: https://www.rsna.org/education/ai-resources-and-training/ai-image-challenge/rsna-pediatric-bone-age-challenge-2017.
AUTHOR CONTRIBUTIONS
Conceptualization, LG and JW; methodology, JT; writing—original draft preparation, LG and JW.; writing—review and editing, JT and YC.
FUNDING
The research is supported by the Scientific Research Fund of Beijing Rehabilitation Hospital, Capital Medical University (No. 2019-012).
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.
REFERENCES
 Chai, T., and Draxler, R. R. (2014). Root Mean Square Error (RMSE) or Mean Absolute Error (MAE)? - Arguments against Avoiding RMSE in the Literature. Geosci. Model. Dev. 7 (3), 1247–1250. doi:10.5194/gmd-7-1247-2014
 Chen, M. (2016). “Automated Bone Age Classification with Deep Neural Networks,” in Technical Report (USA: Stanford University). 
 Creo, A. L., and Schwenk, W. F. (2017). Bone Age: a Handy Tool for Pediatric Providers. Pediatrics 140 (6), e20171486. doi:10.1542/peds.2017-1486
 Girshick, R. (2015). “Fast R-Cnn,” in Proceedings of the IEEE international conference on computer vision,  (Santiago, Chile, Dec. 2015) ( IEEE), 1440–1448. doi:10.1109/iccv.2015.169
 Huang, G. B., Zhou, H., Ding, X., and Zhang, R. (2011). Extreme Learning Machine for Regression and Multiclass Classification. IEEE Trans. Syst. Man. Cybern B Cybern 42 (2), 513–529. doi:10.1109/TSMCB.2011.2168604
 Huang, G. B., Zhu, Q. Y., and Siew, C. K. (2004). “Extreme Learning Machine: a New Learning Scheme of Feedforward Neural Networks,” in Proceedings of the 2004 IEEE international joint conference on neural networks (IEEE Cat. No. 04CH37541),  (Budapest, Hungary, July 2004) ( IEEE), 985–990. 
 Huang, G. B., Zhu, Q. Y., and Siew, C. K. (2006). Extreme Learning Machine: Theory and Applications. Neurocomputing 70 (1-3), 489–501. doi:10.1016/j.neucom.2005.12.126
 Huang, H., Liu, F., Zha, X., Xiong, X., Ouyang, T., Liu, W., et al. (2018). Robust Bad Data Detection Method for Microgrid Using Improved ELM and DBSCAN Algorithm. J. Energ. Eng. 144 (3), 04018026. doi:10.1061/(asce)ey.1943-7897.0000544
 Kaur, B., Sharma, M., Mittal, M., Verma, A., Goyal, L. M., and Hemanth, D. J. (2018). An Improved Salient Object Detection Algorithm Combining Background and Foreground Connectivity for Brain Image Analysis. Comput. Electr. Eng. 71, 692–703. doi:10.1016/j.compeleceng.2018.08.018
 Kim, J. R., Shim, W. H., Yoon, H. M., Hong, S. H., Lee, J. S., Cho, Y. A., et al. (2017). Computerized Bone Age Estimation Using Deep Learning Based Program: Evaluation of the Accuracy and Efficiency. Am. J. Roentgenology 209 (6), 1374–1380. doi:10.2214/ajr.17.18224
 Kim, S., Ji, Y., and Lee, K. B. (2018). “An Effective Sign Language Learning with Object Detection Based ROI Segmentation,” in Proceeding of the 2018 Second IEEE International Conference on Robotic Computing (IRC),  (Laguna Hills, CA, USA, 2018-January) ( IEEE), 330–333. doi:10.1109/irc.2018.00069
 Lee, H., Tajmir, S., Lee, J., Zissen, M., Yeshiwas, B. A., Alkasab, T. K., et al. (2017). Fully Automated Deep Learning System for Bone Age Assessment. J. Digit Imaging 30 (4), 427–441. doi:10.1007/s10278-017-9955-8
 Lee, K. C., Lee, K. H., Kang, C. H., Ahn, K. S., Chung, L. Y., Lee, J. J., et al. (2021). Clinical Validation of a Deep Learning-Based Hybrid (Greulich-Pyle and Modified Tanner-Whitehouse) Method for Bone Age Assessment. Korean J. Radiol. 22, 2017–2025. doi:10.3348/kjr.2020.1468
 Manzoor Mughal, A., Hassan, N., and Ahmed, A. (2014). Bone Age Assessment Methods: A Critical Review. Pak J. Med. Sci. 30 (1), 211–215. doi:10.12669/pjms.301.4295
 McNitt-Gray, M. F., Pietka, E., and Huang, H. K. (1992). Image Preprocessing for a Picture Archiving and Communication System. Invest. Radiol. 27 (7), 529–534. doi:10.1097/00004424-199207000-00011
 Ratib, O., Ligier, Y., Appel, R., and Jean, R. (1991). PAPYRUS: A Portable Image File Format[M]. Picture Archiving and Communication Systems (PACS) in Medicine. Berlin, Heidelberg: Springer, 91–94. doi:10.1007/978-3-642-76566-7_12
 Ritter, F., Boskamp, T., Homeyer, A., Laue, H., Schwier, M., Link, F., et al. (2011). Medical Image Analysis. IEEE pulse 2 (6), 60–70. doi:10.1109/mpul.2011.942929
 RSNA (2017). RSNA Pediatric Bone Age Challenge. Available From: https://www.rsna.org/education/ai-resources-and-training/ai-image-challenge/rsna-pediatric-bone-age-challenge-2017. 
 Sermanet, P., and LeCun, Y. (2011). “Traffic Sign Recognition with Multi-Scale Convolutional Networks,” in Proceedings of the 2011 International Joint Conference on Neural Networks,  (San Jose, CA, USA, 2011-July) ( IEEE), 2809–2813. doi:10.1109/ijcnn.2011.6033589
 Shah, N., Khadilkar, V., Lohiya, N., Prasad, H. K., Patil, P., Gondhalekar, K., et al. (2021). Comparison of Bone Age Assessments by Gruelich-Pyle, Gilsanz-Ratib, and Tanner Whitehouse Methods in Healthy Indian Children. Indian J. Endocrinol. Metab. 25 (3), 240–246. doi:10.4103/ijem.IJEM_826_20
 Son, S. J., Song, Y., Kim, N., Do, Y., Kwak, N., Lee, M. S., et al. (2019). TW3-based Fully Automated Bone Age Assessment System Using Deep Neural Networks. IEEE Access 7, 33346–33358. doi:10.1109/access.2019.2903131
 Spampinato, C., Palazzo, S., Giordano, D., Aldinucci, M., and Leonardi, R. (2017). Deep Learning for Automated Skeletal Bone Age Assessment in X-ray Images. Med. image Anal. 36, 41–51. doi:10.1016/j.media.2016.10.010
 Tang, Z., Zhao, G., and Ouyang, T. (2021). Two-phase Deep Learning Model for Short-Term Wind Direction Forecasting. Renew. Energ. 173, 1005–1016. doi:10.1016/j.renene.2021.04.041
 Thodberg, H. H., Kreiborg, S., Juul, A., and Pedersen, K. D. (2008). The BoneXpert Method for Automated Determination of Skeletal Maturity. IEEE Trans. Med. Imaging 28 (1), 52–66. doi:10.1109/TMI.2008.926067
 Wu, W., and Zheng, B. (2020). Improved Recurrent Neural Networks for Solving Moore-Penrose Inverse of Real-Time Full-Rank Matrix. Neurocomputing 418, 221–231. doi:10.1016/j.neucom.2020.08.026
 Xu, Y., Mo, T., Feng, Q., Zhong, P., Lai, M., Eric, I., et al. (2014). “Deep Learning of Feature Representation with Multiple Instance Learning for Medical Image Analysis,” in Proceeding of the 2014 IEEE international conference on acoustics, speech and signal processing (ICASSP), Florence, ItalyMay-2014 ( IEEE), 1626–1630. doi:10.1109/icassp.2014.6853873
 Yan, K., Wang, X., Lu, L., and Summers, R. M. (2018). DeepLesion: Automated Mining of Large-Scale Lesion Annotations and Universal Lesion Detection with Deep Learning. J. Med. Imaging (Bellingham) 5 (3), 036501. doi:10.1117/1.JMI.5.3.036501
 Yu, K., Jia, L., Chen, Y., and Xu, W. (2013). Deep Learning: Yesterday, Today, and Tomorrow. J. Comput. Res. Dev. 50 (9), 1799. 
 Yuan, X., Li, D., Mohapatra, D., and Elhoseny, M. (2018). Automatic Removal of Complex Shadows from Indoor Videos Using Transfer Learning and Dynamic Thresholding. Comput. Electr. Eng. 70, 813–825. doi:10.1016/j.compeleceng.2017.12.026
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.
Copyright © 2022 Guo, Wang, Teng and Chen. 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.
OPS/images/inline_4.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		RETRACTED: Bone Age Assessment Based on Deep Convolutional Features and Fast Extreme Learning Machine Algorithm		Introduction

		Related Work on Data Processing in BAA		Orientation Correction

		Background Removal

		ROIs Selection, Annotation, and Determination





		Methodology of the Proposed DL-Based BAA		Framework of the Proposed Algorithm

		Convolutional Feature Learning

		Hybrid Fast BAA Estimation





		Experiments and Discussion		Statistical Analysis

		ROI Extractions

		Bone Age Prediction





		Conclusion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		References









OPS/images/inline_3.gif





OPS/images/math_qu3.gif
(i-3) 19





OPS/images/inline_6.gif





OPS/images/inline_5.gif





OPS/images/math_9.gif
©





OPS/images/math_8.gif
D) e g T (e Q)
Vernp Vet ety (8)






OPS/images/inline_2.gif





OPS/images/math_qu2.gif





OPS/images/inline_1.gif





OPS/images/math_qu1.gif
Sk
ax(E. E(m.m)







OPS/images/math_6.gif






OPS/images/math_4.gif
. m/z)r:
Y () )y @
1)/2 gu=(Q=1)/2 }=1 Y (mep) (rea)







OPS/images/math_7.gif
E=

(x

32 E(m, n»)

5 x8)

@





OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
’ frontiers
In Energy Research





OPS/images/fenrg-09-813650-g005.gif





OPS/images/fenrg-09-813650-g006.gif
EEEERRERR

uuuuuuuu
<





OPS/images/fenrg-09-813650-g003.gif





OPS/images/fenrg-09-813650-g004.gif
T st Teean






OPS/images/fenrg-09-813650-t003.jpg
MAE RMSE Training times(s)

Model1 5.8324 10.9134 53,975
Model2 7.1478 15.2785 329
The proposed method 6.0737 11.4836 21,648





OPS/images/fenrg-09-813650-t001.jpg
Precision
Recall
F1-Score
AP@0.5loU

DIP

98.78 + 0.72
96.46 + 1.50
97.85 + 0.49
89.62 £ 5.10

PIP

98.29 + 0.22
97.03 £ 0.46
97.79 + 0.37
88.27 £ 4.12

mcP

98.73 + 0.46
97.31 £ 0.71
97.74 + 0.48
9247 + 1.44

Ulna

98.63 + 0.56
91.07 £ 1.02
98.22 + 0.94
87.78 £ 359

Radius

99.41 +0.62
97.38 + 1.69
98.40 + 0.82
97.32 + 1.67

Wrist

98.13 + 1.31
96.69 + 1.28
97.87 +0.82
98.36 + 0.26





OPS/images/fenrg-09-813650-t002.jpg
DIP
PIP
MCP
Uina
Radiius
Wrist
Hybrid

MAE
11.9839
8.8644
7.2890
7.2482
6.5820
5.5849
5.4150

Training

MAPE
34.8812
19.7156
18.2744
19.5226
13.9685
16.7875

8.9073

MAE
13.3639
9.9487
7.8430
7.7967
7.6778
6.7924
6.0737

Testing

RMSE
31.1543
22,6017
18.8568
18.3828
12.6105
16.4450
11.4836





OPS/images/math_18.gif
MAE= 23y -5





OPS/images/cover.jpg
ERROR: Cover Logo not defined! Contact template team and do not proceed further!!

RETRACTED: Bone Age
Assessment Based on Deep
Convolutional Features and Fast
Extreme Learning Machine
Algorithm





OPS/images/math_16.gif
(16)





OPS/images/math_3.gif
vi=g( ) w;®viy,)





OPS/images/math_2.gif
@





OPS/images/fenrg-09-813650-g001.gif





OPS/images/math_13.gif





OPS/images/fenrg-09-813650-g002.gif





OPS/images/math_15.gif
- " (15)





OPS/images/math_14.gif
gwixi+0) - glwxa +0u)
H = 1] -

. s
glw,xy +b) - glwxy +b,).





OPS/images/math_10.gif
y=g(;;;wm.b) 0





OPS/images/math_1.gif
P
0,

if p2va
ifp < v

[0





OPS/images/math_12.gif
Yy -] =0 a2






OPS/images/math_11.gif
yi= gﬂ,y, (i )iﬁlg(w,x- b

N






