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Neonatal hip ultrasound imaging has been widely used for a few decades in the diagnosis of developmental dysplasia of the hip (DDH). Graf's method of hip ultrasonography is still the most reproducible due to its classification system; yet, the reproducibility is questionable as a result of the high dependency on the skills of the sonographer and the evaluator. A computer-aided diagnosis (CAD) system may help evaluators increase their precision in the diagnosis of DDH using Graf's method. This study describes a fully automatic CAD system for the classification of hip ultrasound images captured in Graf's standard plane based on convolutional neural networks (CNN). Automatically segmented image patches containing all of the necessary anatomical structures were given to the proposed CNN system to extract discriminative features and classify the recorded hips. For ease of evaluation, the dataset was divided into 3 groups: normal, mild dysplasia, and severe dysplasia. This study proposes a different approach to data augmentation using speckle noise reduction with an optimized Bayesian non-local mean filter (OBNLM). Data augmentation with the OBNLM increased the accuracy of the proposed CNN system from 92.29% to 97.70%. This new approach for automatic classification of DDH, classifies dysplastic neonatal hips with a high accuracy rate and might help evaluators to increase their evaluation success.

Introduction

Developmental dysplasia of hip (DDH) is one of the important deformities of the human hip joint. It usually begins in the early period of life, when the human hip joint is mostly cartilaginous. The occurrence of DDH is unpredictable; however, the deteriorating effects of the disease are preventable with early diagnosis [START_REF] Shirai | Reproducibility of acquiring ultrasonographic infant hip images by the graf method after an infant hip ultrasound training course[END_REF]. While physical examination and plain X-rays supply little information about the newborn hip, even minor anatomical changes of the hip joint that may occur in cases of DDH can be objectively detected with ultrasound (US) [START_REF] Shirai | Reproducibility of acquiring ultrasonographic infant hip images by the graf method after an infant hip ultrasound training course[END_REF][START_REF] Graf | Fundamentals of sonographic diagnosis of infant hip dysplasia[END_REF]. An US examination of the newborn hip is the modality of choice in these cases due to its noninvasive nature and excellent ability to visualize cartilaginous newborn hip structures.

Graf introduced his ultrasonography technique in the early 1980s, and it was a breakthrough in both the definition and treatment of DDH [START_REF] Graf | Fundamentals of sonographic diagnosis of infant hip dysplasia[END_REF]. Graf developed his measurement and classification system based on the standard plane, which is oriented in the right hip anteroposterior projection. The standard plane includes 3 critical anatomical structures: the iliac bone, the deepest point of the acetabulum, and the labrum, which must be recognized and clearly localized in order to correctly measure the hip ultrasonogram of a newborn [START_REF] Graf | Hip sonography: diagnosis and management of infant hip dysplasia[END_REF][START_REF] Graf | Fundamentals of sonographic diagnosis of infant hip dysplasia[END_REF]. However, the visual discrimination of these anatomical structures may be difficult. For example, the deepest point may be hidden by soft tissues in the acetabulum, and discrimination of the labrum is not always easy due to its anatomical location and varying shape [START_REF] Graf | Hip sonography: diagnosis and management of infant hip dysplasia[END_REF]).

Graf's measurement method depends on 3 lines and 2 angles. The baseline is drawn parallel to the distal part of the iliac wing. It starts from the point where the joint capsule attaches to the iliac wing and extends tangentially to the iliac bone. The line of the bony roof begins from the deepest point of the acetabulum and runs tangentially to the acetabular edge. The line of the cartilaginous roof begins from the point where the concavity of the acetabulum turns into the convexity of the iliac wing and extends to the tip of the labrum. Intersection of these 3 lines produces 2 angles, the alpha (the angle of the bony coverage) and the beta (the angle of the cartilaginous coverage) (Fig. 2).

Since its introduction, Graf's technique has gained wide clinical acceptance (Ömeroglu, 2014). As the technique became popular, many authors published intra, inter-observer and inter-scan variability values for this method, which were varied and dependent on the experience of the evaluator [START_REF] Simon | Inter-observer agreement of ultrasonographic measurement of alpha and beta angles and the final type classification based on the graf method[END_REF][START_REF] Vasilescu | A new sign in the standard hip ultrasound image of the graf method[END_REF]. The lack of experience, as well as the anatomical complexity of the neonatal hip, which may deteriorate in cases of dysplasia, renders the use of this technique troublesome for beginners. Training an evaluator to the level of an expert requires years of practice, which may raise questions about affordability for many institutions.

A literature search on the segmentation of Graf's US images reveals studies concentrated on segmentation of some of the key anatomical structures, usually the iliac and acetabulum bones. Garcia et al. achieved a simulation of the hip anatomy by segmenting the femoral head and the iliac wing based on energy function and texture information (de [START_REF] De Luis-Garcia | P6d-4 analysis of ultrasound images based on local statistics. application to the diagnosis of developmental dysplasia of the hip[END_REF]. Hareendranathan et al. proposed a new approach to measure acetabular roundness, the contour alpha angle, utilizing a semi-automated and graph-based technique (Hareendranathan et al., 2016b). Golan et al. segmented some of the necessary anatomical landmarks based on CNN and proposed a new approach to translate the segmentation results into Graf's metrics [START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF]. Although the labrum is a critical soft tissue of the standard plane, it was not addressed in earlier studies, presumably due to challenges in its segmentation (de [START_REF] De Luis-Garcia | P6d-4 analysis of ultrasound images based on local statistics. application to the diagnosis of developmental dysplasia of the hip[END_REF]Hareendranathan et al., 2016b;[START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF]). Yet, it is impossible to determine the beta angle and perform a classification of a hip ultrasonogram in the absence of a labrum. In another study, Quader et al. classified neonatal hips as dysplastic or not using extracted geometric features based on a random forest classifier [START_REF] Quader | Automatic evaluation of scan adequacy and dysplasia metrics in 2-d ultrasound images of the neonatal hip[END_REF]. However, they did not take into consideration the deepest point of the acetabulum, which is very important to drawing the alpha angle. Although some important aspects of Graf's system are lacking in earlier studies, they represent different points of view of Graf's system (Hareendranathan et al., 2016b;[START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF][START_REF] Quader | Automatic evaluation of scan adequacy and dysplasia metrics in 2-d ultrasound images of the neonatal hip[END_REF]. There are also 3dimensional (3D) US studies in the literature seeking to evaluate bony roof angles and address probe orientation-related problems [START_REF] Jaremko | Potential for change in us diagnosis of hip dysplasia solely caused by changes in probe orientation: patterns of alpha-angle variation revealed by using three-dimensional us[END_REF][START_REF] Mabee | An index for diagnosing infant hip dysplasia using 3-d ultrasound: the acetabular contact angle[END_REF][START_REF] Paserin | Improving 3d ultrasound scan adequacy classification using a three-slice convolutional neural network architecture[END_REF]. Although these studies explored assessment of the bony relationships between the femoral head and the acetabulum, to our knowledge, there is no numerical evaluation system based on 3D ultrasonograms. This paper is a proposal for a CAD system to resolve the speckle noise problem in hip US images, which has a negative effect on the determination of critical anatomical structures. The proposed diagnosis system is a CNN-based approach for the classification of DDH according to Graf's method based on the extraction of discriminative features of hip dysplasia in the defined region of interest (ROI) of US images.

There is a growing number of image classification [START_REF] Arevalo | Representation learning for mammography mass lesion classification with convolutional neural networks[END_REF][START_REF] Wu | Deep learning based classification of focal liver lesions with contrast-enhanced ultrasound[END_REF] and segmentation [START_REF] Yu | Segmentation of fetal left ventricle in echocardiographic sequences based on dynamic convolutional neural networks[END_REF][START_REF] Chen | Standard plane localization in fetal ultrasound via domain transferred deep neural networks[END_REF] studies using CNNs. The main obstacle in the medical field seems to be obtaining a training dataset of high quality and adequate size. Given the lack of an adequate dataset, data augmentation is a useful technique to reduce overfitting. It has been proven to be a successful procedure in the context of deep learning when the dataset is relatively small. There are many data augmentation approaches defined for different image classification problems, such as translation, rotation, mirroring or scaling of target and adding noise [START_REF] Margeta | Fine-tuned convolutional neural nets for cardiac mri acquisition plane recognition[END_REF][START_REF] Tajbakhsh | Computer-aided pulmonary embolism detection using a novel vesselaligned multi-planar image representation and convolutional neural networks[END_REF]. There are also some alternative strategies to data augmentation techniques. De Vries et al. proposed a method to increase the number of data points in a dataset using an autoencoder [START_REF] Devries | Dataset augmentation in feature space[END_REF]. They projected each image into the feature space by feeding it into a sequence encoder. They concluded that their data augmentation technique based on transformation was more successful in a learned feature space than in input space. Ding et al. proposed generating new samples from synthetic aperture radar (SAR) image data by increasing speckle noise to ameliorate data scarcity and prevent overfitting [START_REF] Ding | Convolutional neural network with data augmentation for sar target recognition[END_REF]. Fawaz et al. proposed dynamic time warping distance for data augmentation using synthetic data with deep residual networks [START_REF] Fawaz | Data augmentation using synthetic data for time series classification with deep residual networks[END_REF]. They concluded that CNNs are able to learn time invariant features that are useful for classification. Kooi et al. studied mammography images and applied scale and translation transformation using the center information of the lesions [START_REF] Kooi | Large scale deep learning for computer aided detection of mammographic lesions[END_REF]. They concluded that determination of the right quantity of translations and scaling was the key to success in data augmentation. Wang et al. compared the performance of Cy-cleGAN with traditional data augmentation techniques and concluded that generative adversarial networks were less energy efficient and less effective than traditional techniques [START_REF] Perez | The effectiveness of data augmentation in image classification using deep learning[END_REF].

The current proposal to augment a dataset using speckle noise reduction based on an optimized Bayesian non-local mean filter (OBNLM), as far as we are aware, is a novel approach in the literature.

Both visual and automatic segmentation depends on clearly distinguishable representation of the vital anatomical and pathological structures in the medical images. Therefore, selection of a noise reduction method to overcome the speckle noise problem while preserving critical anatomical structures in the US image is vital in order to get successful results. We applied OBNLM, which is currently thought to be one of the most powerful speckle noise reduction methods [START_REF] Coupe | Nonlocal means-based speckle filtering for ultrasound images[END_REF].

Speckle-reducing anisotropic diffusion (SRAD) is a powerful method to reduce the speckle noise present in US and SAR images [START_REF] Yu | Speckle reducing anisotropic diffusion[END_REF]. In this study, the effect of data augmentation with noise reduction based on SRAD method and the performance of proposed OBNLM-based CAD system were assessed. For the sake of comparison, our dataset was also augmented by adding noise as described previously by Ding et al. for SAR images (Ding et al., 2016).

Transfer learning may be an alternative to reduce over-fitting. Optimization of the hyper-parameters and determining the optimal learning rate of the neural net for different layers are very challenging tasks. The success rate of the transfer learning based systems is highly dependent on the dataset used for training. In the absence of the knowledge of pre-trained weights of a neural net resembling our dataset [START_REF] Shin | Deep convolutional neural networks for computer-aided detection: Cnn architectures, dataset characteristics and transfer learning[END_REF][START_REF] Ma | A pre-trained convolutional neural network based method for thyroid nodule diagnosis[END_REF] , we used GoogLenet (Google LLC, Mountain View, CA, USA) and AlexNet after fine tuning certain parameters to classify neonatal hips.

One of the most important step of our CNN-based CAD system is the production of an image patch of adequate size from the desired localization. An ideal image patch is one that contains all of the important anatomical structures and excludes irrelevant tissues, which may hamper the classification result. In this study, the Chan-Vese (CV) method, one of the successful region-based active contour models for the segmentation of inhomogeneous and noisy images, was used for the segmentation of the iliac wing [START_REF] Chan | Active contours without edges[END_REF]. Binary segmentation results of CV were used to label each connected object and the iliac wing region. For each connected component shape features and local extrema parameters were calculated to determine the location of the iliac wing region, which was used to define the ROI. In this way, all of the created image patches were sure to contain the 3 crucial anatomical structures of Graf's hip US method.

After determination of the ROI and augmentation of the dataset, CNN architectures were constructed with different number of layers and size of convolutional kernels in each layer. The effect of different size and quality of datasets was also measured in each CNN configuration in order to determine the best CNN model for classification of newborn hip US images. The flowchart of the proposed CAD system is presented in Fig. 1 In summary, the main contributions of this work are as follows:

• The common property of previously proposed CAD systems in the literature was the assessment of angle measurements, and primarily the alpha angle. The current proposal used a different approach to the diagnosis of DDH in which hip types were determined using extracted discriminative shape and texture features based on CNN, rather than angle measurements. Angle measurements were carried out by an orthopedic expert to build the control dataset for the study.

• This study is also different from those in the literature in the grading of dysplasia: The dysplastic hips were sub-classified as mild dysplasia (Types Ila-b) or severe dysplasia (Types Ilc-D). Although the subclassification of dysplasia creates narrow angular limits for each group, there is a high success rate for the proposed CAD system in the classification of DDH.

• This study offers data multiplication via speckle noise reduction with OBNLM. The proposed method offers a reasonable solution to the issue of dataset augmentation with rotation-variant data sets. To our knowledge, this is the first study using OBNLM for data augmentation purposes.

Materials and Methods

Graf's Method and Data Acquisition

The dataset was collected and evaluated by a single expert who has more than 10 years of experience in using Graf's hip ultrasonography method. All of the hip US images were recorded , between 2011 and 2016 using a 7.5 MHz linear-array probe and the Logiq 200 US device (GE Healthcare, Inc., Chicago, IL, USA), which has a 60-mm field of view. The images were vertically oriented and in the right hip projection, as explained by Graf [START_REF] Graf | Hip sonography: diagnosis and management of infant hip dysplasia[END_REF]. The image size was 640x480 pixels. The images of newborns 0 to 6 months old that fulfilled the criteria of Graf's standard plane were included and the remainder were excluded. Images containing probe tilt and rotation artefacts were also excluded. The study population contained both normal and affected hips of different stages of DDH. US images of 447 normal and 228 affected babies were included.

Graf's classification system is based on the alpha and beta angles measurements of a hip US image (Table 1). In summary, hips with an alpha angle greater than 60° (α ≥ 60°) are classified as Type I, which denotes a mature hip joint. Hips with an alpha angle between 50° and 59° constitute Graf's Type IIa-IIb category. Type IIa and Type IIb represent a clinical discrimination that points to a decrease in the growth capacity of the acetabulum after 10 weeks. Hips with advanced dysplasia are classified as Type IIc or Type D. The beta angle is used for discrimination between Types IIc and D, which share the same alpha angle range of 43° to 49°. Types III and IV are nearly dislocated or dislocated hips which have an alpha angle of less than 43°. The alpha angle is non-measurable in some patients with Type IV dysplasia due to the impossibility of capturing the standard plane.

The clinical distribution of Graf's hip types may vary, but generally, babies having Type I and Type IIa-IIb hips constitute the majority of the population. Type II babies, especially at the upper limits of the range, are very important clinically [START_REF] Omeroglu | Use of ultrasonography in developmental dysplasia of the hip[END_REF]. These infants must be screened with serial US examinations in order to closely follow up development of the hip and must be treated if development has failed (Type IIb) after 10 weeks of age. The treatment strategy of the other, under-developed hip types is the same: achieving and maintaining hip centralization. Therefore, discrimination of Type I from Type IIa and Type IIb is the crucial point of Graf's hip US method, and is the primary cause of clinical disagreement between evaluators. It is important in order to prevent the unnecessary treatment of babies who are classified as Type IIb instead of Type I. Finally, accurate identification of Type IIc and Type D hips is also important because babies with highly dysplastic hips need urgent treatment. The Graf classification of the hip joint changed the understanding of the disease by clearly describing underdeveloped hip types. Severe dysplasia of the hip begins after Type D, which has the same alpha angle as Type IIc, but a beta angle greater than 77°. Therefore, even a brief classification based on Graf's method must include Type I, Type IIa-b, and a group of less developed types (Type IIc-D).

The orthopedist classified our dataset according to Graf's classification system. Our dataset was divided into 3 groups. The first group included the ultrasonograms of babies with an alpha angle of more than 60° (Type I) who required no treatment. The second group included those demonstrating mild dysplasia (Type IIa and Type IIb), which share the same angle range. The third group included the ultrasonograms of babies with less developed hip types (Type IIc or D) who required urgent treatment. There were 447 cases classified as Type I, 175 categorized as Type IIa-b, and 53 as Type IIc-D in our dataset.

Determination of Region of Interest (ROI)

Hip US images contain many areas that are irrelevant in terms of DDH evaluation. Many muscular and bony parts of the hip can be excluded while preserving the fields of the image required to classify hips. Graf defined the crucial anatomical landmarks of a measurable image as the iliac wing, the deepest point of the iliac bone, and the labrum. The aim of this process was to produce image patches that included these vital anatomical structures and could eliminate the jamming effect of the unnecessary fields.

US images of the newborn hip present a number of difficulties for segmentation. First, hip images demonstrate local intensity inhomogeneity due to the complex anatomy of the hip. In a newborn hip US image, tissues of similar intensity lie in very close proximity. Secondly, there is an innate intensity inhomogeneity problem in the global region. The speckle noise present in US images makes both visual and computer-based segmentation of the vital anatomical structures troublesome. There are not many studies of segmentation of newborn hip US images in the literature; rather, they are all related only to the bony parts of the hip, most likely due to these difficulties (de [START_REF] De Luis-Garcia | P6d-4 analysis of ultrasound images based on local statistics. application to the diagnosis of developmental dysplasia of the hip[END_REF][START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF].

In order to decrease the complexity and increase the accuracy of the proposed CNN-based CAD system, ROI was defined with a region-based active contour model. The segmentation philosophy of the active contour model is optimization of the interior and exterior forces applied to the initial contour. The image u0 is assumed to be composed of two regions of constant intensities: c1 (the average intensities inside the contour) and c2 (the average intensities outside the contour). 1 λ and 2 λ parameters control the force inside and outside the contour. µ manipulates the smoothness of zero level set. The CV model finds the optimum contour C, which distinguishes the homogeneous image into non-overlapping regions by solving equation Eq. ( 1) where H: Heaviside function and ( )
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Then, connected component labeling was applied to the segmented binary image to identify each of the non-overlapping regions. A set of properties (area, centroid, major and minor axis lengths) were extracted for each connected component. Threshold values were determined to eliminate unnecessary components and to specify the location of the iliac wing region for each hip image. The center of the segmented iliac region was used to define image patches 101x101 in size (Fig. 3).

Convolutional Neural Networks

The highest levels of technological advancements are, not surprisingly, an imitation of nature's inherited methods of perfect perception and analysis. Deep CNN is the purest and most advanced visual analysis method thus far constructed by human beings, and is currently the hot topic in the literature.

CNNs consist of 4 types of layers: convolutional, activation, pooling, and fully connected, each of which has a different role in completing the desired mission. The convolutional layer creates feature maps according to the weight of the neuronal inputs, in which the shared weights constitute a filter for each map. Through these feature maps, the efficacy of the convolutional layer increases and over-fitting is prevented. The activation layer follows the convolutional layer. Nonlinear property of the activation layer is required for extraction of more complex features from the input signals generated by the convolutional layer. Next there is the pooling layer, which statistically analyses the inputs via shifting rectangles and thereby decreases the sensitivity of the image information to the shifts.

The capacity of CNNs to solve a specific problem can be tuned by modulating their ultrastructure in order to increase the success of the system. By changing the hierarchical organization of the CNNs or the number of the layers, the ability of the system can be modified in order to reach the desired goal. For example, shallow CNNs are used to recognize basic structures, such as lines and edges. By increasing the depth of the CNNs, more complex structures like shape and texture can be learned by the system [START_REF] Ma | A pre-trained convolutional neural network based method for thyroid nodule diagnosis[END_REF][START_REF] Zhang | Deep learning based classification of breast tumors with shear-wave elastography[END_REF]. In addition, the number and size of the filters used in a convolutional layer or the magnitude of reduction in the pooling layer can be manipulated, which provides superb versatility to the system.

The proposed convolutional neural network

There is no proof theory approach to construct the most suitable CNN to achieve a desired goal [START_REF] Ghesu | Marginal space deep learning: efficient architecture for volumetric image parsing[END_REF] due to its incomprehensive functions and latent working mechanism. In a CNN, there are many neurons located in multiple layers performing complex relationships the functions of which have not been solved yet. Moreover, the functional components of CNN have unknown working mechanisms and interactions [START_REF] Ghesu | Marginal space deep learning: efficient architecture for volumetric image parsing[END_REF]. Additionally, in order to construct a successful CNN structure, one should be familiar with the anatomical relationships and pathophysiological conditions to be recognized by the system. The anatomical structure of a newborn hip displays variations in each individual, and it evolves with age. The standard plane, which is limited to a 2-mm-wide portion of the hip, may show slight variances in the texture information of these essential anatomical structures with deviations of the probe, leading to even inter-scan variances [START_REF] Omeroglu | Use of ultrasonography in developmental dysplasia of the hip[END_REF][START_REF] Simon | Inter-observer agreement of ultrasonographic measurement of alpha and beta angles and the final type classification based on the graf method[END_REF][START_REF] Vasilescu | A new sign in the standard hip ultrasound image of the graf method[END_REF]. Moreover, each hip US image illustrates a slightly different relationship between these 3 anatomical structures, causing changes in the shape information.

In the proposed CNN configuration, in order to preserve low-level texture and shape features from the aggressive reduction operation of the pooling layer, 2 convolutional layers were successively employed without a pooling operation in between. Neuronal information captured from the image, called the receptive field, should be smaller than the structures to be recognized in order to avoid irrelevant and nonlocal information [START_REF] Anthimopoulos | Lung pattern classification for interstitial lung diseases using a deep convolutional neural network[END_REF]. In the present study, 3 anatomical structures that are different in size and shape were to be recognized from a single image. Therefore, a varying number and different-sized filters were used in each convolutional layer with respect to size of the target objects. Filter sizes of 3-5-7-9 were employed in each convolutional layer, as demonstrated in Table 2.

Construction of a complex CNN model was avoided to recognize dysplasia in the presence of an unbalanced and small dataset. Total number of neurons and the parameters used by our CNN model was 1216 and 7903299 respectively. Among many different CNN architectures the one which performed the best was selected. The proposed CNN consists of 5 convolutional and 3 max pooling layers in the feature learning step. Image patches sized 101x101 were assigned to the first convolutional layer and 512 feature maps of the same size were generated. A rectified linear unit (ReLu), which replaces the negative value of a feature map with zero, was placed next to the first convolutional layer. The second convolutional layer, with a kernel size of 5x5, was positioned, and 256 feature maps sized 101x101 were generated. A pooling operation was employed after 2 cycles of convolution and activation function (ReLu). Max-pooling was applied to feature maps with the stride size of 2 pixels. The third convolutional layer generated 192 feature maps 50x50 in size, and the fourth convolutional layer produced 64 feature maps. The last convolutional layer was used to obtain 64 feature maps sized 25x25. Finally, a fully connected layer with 128 hidden units and max-out activation function was stacked to label each image patch (Fig. 4). The probability of 3 groups: Type I (normal), Types IIa-b (mild dysplasia), and Types IIc-D (severe dysplasia) was examined.

Fully-connected dropout is a stochastic regularization technique which reduces complex co-adaptations of neurons and prevent over-fitting when there is a great number of parameters to learn. To regularize fully connected layers a dropout with a probability of 0.4 was added. Adam algorithm [START_REF] Kingma | Adam: A method for stochastic optimization[END_REF] was used to update network weights. It is an efficient optimization algorithm that can be used instead of the classical stochastic gradient descent procedure. It is suitable for large number of parameters, nonstationary objectives and problems with very noisy and/or sparse gradients. It computes individual adaptive learning rates by using first order gradients known also as adaptive moment estimation. Given the optimum size of mini batches it is easy to implement and computationally effective with little memory requirement. However, the optimum size of mini batches is determined through a trial and error approach.

Data Augmentation with Optimized Bayesian Non-Local Mean Filter

One of the reasons that CNNs were not widely employed in the medical imaging field, either for segmentation or classification purposes, until recently was the difficulty of acquiring an adequate quantity of training data to feed the CNNs to learn the image patterns [START_REF] Litjens | A survey on deep learning in medical image analysis[END_REF].

Increasing the amount of training data is presumed to have a positive effect on the success rate of the proposed CNN. However, collecting the required data is a challenging task, though it can sometimes be achieved with some data multiplication protocols, such as rotation, mirroring, and scaling. However, the application of transformation based augmentation protocols may result in pose and orientation problems of the anatomical relationships of the hip structures, which are very important to define the label for a newborn hip. The anatomical structures become more prominent and more clear after a successful image denoising operation, which increases visual perception. This fact led to a hypothesis that data augmentation using an image denoising procedure could improve the success of the proposed CNN-based CAD system. Otherwise, the false signals coming from image noise are preserved by the CNN and this information is processed by the system as if they were meaningful. The reduction of non-significant information in the training dataset might have a positive effect on the training. No studies in the literature examining this hypothesis were found. The authors considered multiplying the dataset through speckle noise reduction, however, noise reduction in US images is not easy, since the speckle artefacts are hard to model and speckle noise is tissue specific. Preservation of the critical anatomical information during noise reduction is mandatory.

Non-local mean (NLM) filtering is a widely used and successful image denoising method. The NLM method divides the US image into several overlapping blocks. It calculates the similarity of the reference block (the search window) to the remaining blocks of the image, represented by its mean weight value. NLM can thereby accomplish noise reduction not only in the close proximity to the selected block, but also in blocks at a distance. However, NLM filtering was originally developed for additive Gaussian noise, not for the speckle noise of US images. Pierrick et al. remodeled the optimized Bayesian non-local means filter (OBNLM) using the Loupas noise model, which is one of the most successful speckle noise models in the literature [START_REF] Coupe | Nonlocal means-based speckle filtering for ultrasound images[END_REF]. The distance measurement metric of the OBNLM was also changed with the Pearson distance measurement metric, as the L2 similarity metric may be inaccurate in low signal-to-noise ratio images, like ultrasonograms. In the literature, OBNLM has been reported to outperform other well-known methods, such as local adaptive filter and anisotropic diffusion filter [START_REF] Zhang | Comparison of despeckle filters for breast ultrasound images[END_REF]. In this study, the OBNLM method was applied to hip US images with a smoothing parameter (h=5) and search area size (W=7) to provide a more clear and augmented training dataset. The center pixels xik of blocks Bik were empirically estimated with the parameter ( ) ˆik B υ based on equations Eq. ( 2) to obtain denoised hip images, as demonstrated in Fig. 5.
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US images contain speckle noise, which is not easy to model and is known to be tissue specific. SRAD was proven to be successful in speckle denoising and had the ability to preserve edge information. It is directional and inhibits smoothing perpendicular to edges and encourages smoothing parallel to edges [START_REF] Yu | Speckle reducing anisotropic diffusion[END_REF]. The effectiveness of data augmentation with the SRAD method was also analyzed in order to compare its performance with the proposed data augmentation approach based on OBNLM.

The impact of adding noise for data augmentation on the classification success of the proposed CNN was also evaluated. An estimation of speckle noise by median filter was produced and coarse grained, filtered image was multiplied by random samples from exponential distribution, as proposed by Ding et al. [START_REF] Ding | Convolutional neural network with data augmentation for sar target recognition[END_REF]. Although there are studies on adding noise for data augmentation in feature space and input space, to the best of our knowledge, there is no study on the effect of image denoising for data augmentation for a deep learning model. Finally, dataset was augmented with scale and translation transformation by using center information of iliac wing.

Experimental Results

The measurement of pediatric hip ultrasonograms using a mouse from the computer screen has proven to be more successful than other techniques, such as manual measurement from printouts and measurement using the joystick of the US machine [START_REF] Bilgili | Reliability of computer-assisted and manual measurement methods for assessment of graf type 1 and type 2 hip sonograms[END_REF]. In this study, all of the images were measured and classified by an expert on the computer screen with a tool developed in MATLAB environment (MATLAB; MathWorks, Natick, MA, USA). This automatic tool uses the points determined by the operator to automatically draw the necessary lines and measure the alpha and beta angles (Fig. 7) to minimize concerns about the measurements.

Repeated random sub-sampling was applied to evaluate the stability of the predictions against perturbations and reliability of the proposed CNN. Dataset was split into two as training and test sets with the proportions of 70% and 30%, respectively. Test set was separated from the training set. The process of splitting and evaluation of algorithm was repeated 10 times like cross validation. The average and standard deviation of the model performance is then calculated to estimate model accuracy. Selection bias was addressed with random sampling of 10 cycles that produced different training and test datasets in each cycle of the divided dataset.

The size of original dataset was 675. For each cycle of experiment 70% of those hip ultrasonograms that is 472 hips were used for training and 30% of the dataset which makes 203 hips were utilized for testing. Each of the evaluated data augmentation methods increased the data size from 675 to 1350. The training set was also reached to its double size to 944 hips after data augmentation process.

Different CNN architectures were implemented with TensorFlow using a stochastic optimization model of the Adam algorithm. It was trained 150 epochs with a batch size of 32 images with learning rate of 0.01 [START_REF] Kingma | Adam: A method for stochastic optimization[END_REF]. In order to prevent over-fitting and reduce error dropout was only added to the fully connected layers with the probability of 0.4. Success rates of different CNN configurations were evaluated and the best CNN configuration was selected to classify hip types. The proposed CNN was evaluated with 3 different approaches. First, the CNN was fed with the original dataset. Second, the performance of the proposed CNN with denoised dataset was evaluated. Lastly, the augmented dataset was assessed.

The accuracy rate with the original dataset was 92.29%. When compared to the expert's results, the proposed CNN classified 17 of 447 normal hips as dysplastic, with a 96.1% success rate. Of 228 dysplastic hips, 24 were misclassified as normal. The success rate of classification was 84% for Type IIab and 86.79% for Type IIc-D (Table 3).

In the second step, the same CNN configuration was evaluated with the denoised dataset based on OBNLM method and the accuracy rate increased to 94.59% from 92.29% (Table 6). The effect of image denoising on neonatal hip classification was particularly monitored in the dysplastic hip groups. There was a remarkable increase in differentiation of Type IIa-b and Type IIc-D hips from 84% to 89.42% and 86.79% to 91.50%, respectively. Image denoising increased the classification success of the proposed CNN, most probably due to elimination of the negative effect of speckle noise on the learning capability of the CNN (Table 4).

Since the success of a given CNN largely depends on the magnitude of the training dataset, OBNLM method was employed in order to augment dataset. The accuracy rate of the proposed CNN was 97.70% on the augmented dataset. After data augmentation by OBNML method the success rate of the proposed system increased from 84% to 95.14% for Type IIa-b hips and 86.79% to 92.45% for Type IIc-D hips (Table 5). This remarkable increase in the diagnostic capability of the system demonstrates the influence of a larger dataset of higher quality on the accuracy rate. In the last set up, only 2 dysplastic hips were classified as normal and 2 normal hips were classified as dysplastic.

SRAD method was applied in order to reduce speckle noise in hip US images to evaluate the performance of the proposed CAD system. The accuracy rate of the proposed CNN was 96.84% with an augmented dataset based on SRAD. Quantitative results have demonstrated that the proposed data augmentation technique based on OBNLM outperformed data augmentation using SRAD. Although SRAD is a wellestablished method to preserve the edges and structural details of anatomical region, the OBNLM method proved to be superior in this instance [START_REF] Yu | Speckle reducing anisotropic diffusion[END_REF].

The effectiveness of data augmentation by adding noise was assessed, as well [START_REF] Ding | Convolutional neural network with data augmentation for sar target recognition[END_REF]. Although data augmentation by adding noise increased the success rate to 96.23% , it remained below that of noise reduction-based approaches.

The performance of the system was measured using data augmented by scale and translation transformation. The success rate was 95.15%. This unsatisfactory result may be accepted as a mathematical proof of Graf's assumptions on transformed images. The standard plane of Graf's method was defined in a standing right hip antero-posterior projection in order to prevent measurement bias [START_REF] Graf | Hip sonography: diagnosis and management of infant hip dysplasia[END_REF]. Therefore, any new hip US image to be introduced to the proposed CAD system is assumed to be in the right hip anteroposterior projection and would not otherwise be selected for evaluation.

Transfer learning is an alternative approach for training a deep CNN with a small dataset. Pre-trained CNNs of GoogLeNet and AlexNet were used via fine tuning in this study [START_REF] Huynh | Mo-de-207b-06: Computer-aided diagnosis of breast ultrasound images using transfer learning from deep convolutional neural networks[END_REF]. The last fully connected layer of CNNs was replaced with the same layer of the pre-trained networks to create as many neurons as the number of classes which is 3-class classification task in this study. After determination of class numbers the new network was fine tuned in a layer-wise manner. All layers of GoogLeNet were fine tuned, except the top 2 pre-trained layers. The generic data-independent weights in those layers were preserved in order to keep learning rate and decay values small. For AlexNet, the number of convolutional filters were gradually decreased in order to regulate the smaller input image size of target hip US dataset. After meticulous parameter tuning the most successful model was obtained. The accuracy rates of GoogLeNet and AlexNet were 89.70% and 84.09%, respectively on the original dataset, as demonstrated in Table 6. The classification success rate of GoogLeNet and AlexNet increased to 92.25% and 85.42% , respectively on the augmented dataset based on OBNLM.

Success rates were unsatisfactory for the differentiation of neonatal hips. In fact, GoogLeNet and AlexNet were pre-trained on completely different datasets of natural images and were originally designed for a fixed image dimension of 256x256x3 pixels, whereas our dataset was composed of US images 101x101 in size. Pre-trained CNNs may become a solution for the problem of a limited number of samples, but at present, unfortunately, there is no existing pre-trained CNN model described in the literature for medical images or images with a similar structure.

Finally, the performance of the proposed system was compared with state of art methods, like pyramid of histogram of orientated gradients (PHOG) [START_REF] Bosch | Representing shape with a spatial pyramid kernel[END_REF] and bag of features (BoF) [START_REF] Deselaers | Bag-of-visual-words models for adult image classification and filtering[END_REF]. PHOG was applied to capture the local image and its spatial layout with the parameters of 3 levels of pyramid, 8 orientation bins, and in the range of [0°,360°]. In all, 680 shape features were obtained with the PHOG method and 52 features were selected with the correlation-based feature selection method and classified with support vector machine. BoF was applied to extract 500 codebooks to represent similar hip image patches. K-means clustering is applied to classify hip US images. The success rate of PHOG and BoF was 83.52% and 64.7%, respectively (Table 6). For ease of evaluation we applied PHOG and BoF on the augmented dataset based on OBNLM. The classification success increased to 84.75% and 67.32% for PHOG and BoF, respectively.

Discussion

Among all of the ultrasonographic neonatal hip evaluation techniques, Graf's method deserves the stature it holds. The reliability of Graf's method increases parallel to the evaluator's experience. Computer-aided diagnosis systems may help practitioners for the classification of hip US images. Studies in the literature on the segmentation of the neonatal hip have primarily concentrated on some of the anatomical structures, and this limited approach is not enough to describe the global picture of Graf's descriptions (de [START_REF] De Luis-Garcia | P6d-4 analysis of ultrasound images based on local statistics. application to the diagnosis of developmental dysplasia of the hip[END_REF]. At present, there is only one promising study about segmentation of the bony iliac wing and the acetabular roof based on US images and deep CNN. The labrum, which is critical for evaluation was not addressed, probably due to difficulties related to segmentation of the labrum. Using only the alpha angle, the success rate was 86%, which was below the desired level [START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF].

The authors recognized that segmentation of anatomical structures from Graf's sonographic images both visually by experts and computer-based segmentation approaches were hindered by the global and local intensity inhomogeneity problem generated by both speckle noise and the close anatomical relationships of irrelevant structures with a similar sonographic texture. This limitation caused by a segmentation problem leads to deviation of measured angles and endangers the classification. The authors proposed a new approach to the classification of hip ultrasonograms based on CNNs that extracts discriminative shape and texture features from image patches containing each of the 3 critical anatomical structures. The proposed CAD system was not dependent on alpha and beta angles to classify hip ultrasonograms. The alpha and beta angles were measured only by the expert in order to label hips according to Graf's classification system. To minimize measurement errors, we developed a tool that enabled the operator to measure the US images according to Graf's method on the computer screen (Fig. 7). This study offers an alternative to the previously known methods to classify neonatal hips based on angle measurements.

The high accuracy rate of proposed CAD system, as 97.70% may be confined to application of ultimate CNN architecture and supply of sufficient and high quality dataset. Applying convolutional layers one after another instead of directly reducing feature maps after the first and third convolutional layers provided a better representation of neonatal hip images. The elimination of unnecessary portions by determining the ROI and reducing speckle noise decreased irrelevant training data. Fig. 6 demonstrates the weights and feature maps obtained after the second convolutional layer.

This study demonstrates the impact of speckle noise reduction in US images using OBNLM method and provides a new approach to data augmentation for the classification of neonatal hip US images using a customized CNN architecture. SRAD and OBNLM are the most commonly used speckle noise reduction techniques, particularly in SAR and US images. Similar to literature, in this study the classification results were more successful with OBNLM-based data augmentation than SRAD based data augmentation. There are some other studies that have proposed data augmentation by adding noise, as well. Quantitative results demonstrated that data augmentation based on noise reduction is more effective than data augmentation based on adding noise, most probably due to preservation of the false signals related to image noise. Data augmentation based on OBNLM outperformed transformation based data augmentation. CNNs are currently being investigated in several papers to overcome the limitations of extracting diverse features such as semantic class, orientation, location or scale, which are needed for accurate image reconstruction [START_REF] Sabour | Dynamic routing between capsules[END_REF][START_REF] Zhang | Interpretable convolutional neural networks[END_REF]. When using transformation as a data augmentation method one must be aware of orientation problems in order to prevent misalignment [START_REF] Ding | Convolutional neural network with data augmentation for sar target recognition[END_REF][START_REF] Kooi | Large scale deep learning for computer aided detection of mammographic lesions[END_REF]. The proposed CAD system proved to be more successful than the transfer learning based methods of GoogLenet and AlexNet and methods performed by hand crafted methods. The success rate of the proposed CNN was very high according to results reported in the literature. Simon et al. evaluated the inter-observer reliability of the Graf's system by comparing the measurement results of pediatricians with orthopedists and reported an 82.91% accuracy rate [START_REF] Simon | Inter-observer agreement of ultrasonographic measurement of alpha and beta angles and the final type classification based on the graf method[END_REF]. Roover et al. reported an 85% accuracy rate in their assessment of the inter-observer reliability of radiologists [START_REF] Roovers | Ultrasonographic screening for developmental dysplasia of the hip in infants[END_REF]. Furthermore, Golan et al. proposed a CNN-based segmentation and classification system using the alpha angle with an accuracy rate of 86% for the diagnosis of DDH [START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF]. Their study was concentrated on segmentation of the iliac bone and the acetabulum for the measurement of the alpha angle. They classified hips as normal if the alpha angle was more than 60°. They concluded that the proposed system was powerful in the recognition of normal hips; all of the labeling errors originated from unrecognized dysplastic hips and there was a 14% false positive rate. They also reported up to 12° of deviation in the alpha angle with their proposed CNN. In our proposed system data augmentation improved the success of classification to the satisfactory levels. Cho et al. studied on the data size requirement of deep neural networks to achieve high accuracy for medical images [START_REF] Cho | How much data is needed to train a medical image deep learning system to achieve necessary high accuracy[END_REF]. They utilized 6000 CT images of five different body parts and concluded that increasing the number of samples in a training data over 200 may not yield significant increase in the classification success. They stated that the curve of classification success increases steeply over 100 samples and forms a plateau after 200 samples, only a decrease in the standard deviation occurs with increasing numbers of training data. The results of our study resemble those of Cho et al. by means of data size and classification success.

Dataset of this study contained 187 hip US images that would be misclas-sified with even 1° of measurement error. The proposed CNN misclassified only 2 hips as normal and 2 hips as abnormal out of 675 hips. Therefore, classification performance of the proposed CAD system to discriminate pediatric hips as normal or abnormal would yield a higher classification accuracy rate. However, Graf's classification system is not composed of only normal and abnormal hips. Graf's classification system evaluates dysplastic hips in more than 1 subgroup in order to better represent the pathology of dysplasia. In this study, dataset was divided into a mild dysplasia and severe dysplasia groups instead of normal and abnormal which is different from previous studies in the literature [START_REF] Golan | Fully automating graf's method for ddh diagnosis using deep convolutional neural networks[END_REF]Hareendranathan et al., 2016a).

Of 447 normal hips, the proposed system mislabeled only 2 hips as dys-plastic. Of 175 hips with mild dysplasia, only 2 hips were classified as normal and 1 as severe dysplasia. Three hips were classified as having mild dysplasia instead of severe dysplasia. The alpha angles of these images were very close to the 60°, the alpha value decision point for dysplastic and normal hip groups and the 50°, the alpha value that separates mild dysplasia from severe dysplasia (Fig. 7). This implication is a very important finding and emphasizes the high success rate of our proposed CNN in a dataset of 208 of 675 hips with a close proximity (range:1°-2°) to the threshold levels of the defined classes.

The sensitivity and specificity rates of a CAD system are very important in order to evaluate its validity, which is the key measure for usability in the clinical setting. Sensitivity (true positive rate) is the measure of correctly labeling true positives, whereas specificity (true negative rate) is the ability of a test to correctly classify a person as healthy when there is no disease. Our proposed CAD system classified hip US images with a sensitivity rate of 96.17% (95% confidence interval [CI]: 92.85%-98.23%) and a specificity rate of 98.02% (95% CI: 96.39%-99.05%) according to corrected resampled t-test [START_REF] Bouckaert | Evaluating the replicability of significance tests for comparing learning algorithms[END_REF].

Sezer et al. designed a CAD system in order to help US evaluators with the determination of anatomical structures, drawing the lines and angle measurements for the classification of neonatal hips. The proposed system provided a complete demonstration of the definition of anatomical points, determined the lines and measured the angles automatically from a hip US image taken in the standard plane of Graf. The classification accuracy and the sensitivity of their proposed system was 91.90% and 81.73% respectively [START_REF] Sezer | Automatic segmentation and classification of neonatal hips according to grafs sonographic method: A computer-aided diagnosis system[END_REF]. The current study proposes a different image classification method instead of angular measurements and stresses on the data augmentation with OBNLM for the success of CNN.

Conclusions

Difficulty surrounding the classification of neonatal hips is currently an unsolved problem. This study integrated the philosophy of deep learning with the Graf's classification of newborn hip ultrasonograms by extracting discriminative features from the images while avoiding the insufficiencies of hand crafted methods. This proposal is a custom CNN to automatically extract features from hip US image patches that contained vital anatomical structures. This study also proposed an innovative means of data augmentation with speckle noise reduction using the OBNLM method and offered a solution for the training problem of CNNs when there is a small training dataset. This study also described a new approach to the subclassifications of dysplastic hips according to Graf's method. The training dataset was labeled by an orthopedic expert. The proposed CNN extracted shape and texture characteristics US images to classify pediatric hips without measuring alpha and beta angles. Elimination of the segmentation and angle measurement steps of Graf's system, which can jeopardize the classification success of both visualmanual and computer-based automatic classification methods, increased the success rate of the proposed system to the desired level. The drawback of this study is the size of the dataset. A larger quantity of data would further improve the training process and could increase the success of our proposed CNN. The close similarity of the results of our proposed system to those of an experienced orthopedist is very promising for its future use in the clinical environment.
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Figure 1 :

 1 Figure 1: a) Flow diagram of proposed CAD system

Figure 2 :

 2 Figure 2: a) Demonstration of iliac wing, labrum and the deepest point on the standard plane of a hip US image with the red, yellow and blue contours respectively b) The measurement of alpha and beta angles on the diagram and c) on the hip sonogram by expert

Figure 3 :

 3 Figure 3: a) Original hip US image in right hip projection b)Segmentation result of CV and corresponding connected component labels with different colors. c) Connected components with their centroids marked. d-e) Determination of iliac wing and f) automatically determined region of interest

Figure 4 :

 4 Figure 4: Demonstration of proposed CNN architecture for feature learning and classification of neonatal hips (Conv: Convolutional Layer,MP: Max pooling layer, FC: Fully connected layer, and Softmax )

Figure 5 :

 5 Figure 5: a)Demonstration of a) ultrasonographic image of neonatal hip, b) denoised US image by OBNLM method with smoothing parameter (h=5) and search area size (W=7) and, c) corresponding residual image

Figure 6 :

 6 Figure 6: Demonstration of weights and feature maps of a)first and b-) second convolutional layers

Figure 7 :

 7 Figure 7: Examples of misclassified newborn hip ultrasonograms in the vicinity of borderline angles a) Type I hip with α = 60.10° and β = 68.60° b) Type II a-b hip with α = 59.87° and β = 59.74°

Table 1 :

 1 Hip types according to Graf's method and gross description.

	Hip Type	α Angle	β Angle	Description
	Type I	> 60°	<77°	Mature
	Type Ila	50°-59°	55°-77°	Immature (<2.5 months)
	Type Ilb	50°-59°	55°-77°	Delayed maturity (>2.5 months)
	Type IIc	43°-49°	<77°	Severe dysplasia
	Type D	43°-49°	>77°	Unstable, decentered
	Type III	<43°	77° or not measurable	Dislocated
	Type IV	Not measurable	Not measurable	Dislocated