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ABSTRACT 

This paper shows the structure of a double loop hybrid system developed as a software tool to support the 

identification of fissures and fractures in bone structures from radiological images. The proposed scheme uses two 

recognition loops with completely different design paradigms (hence its classification as a hybrid system), but whose 

independent results complement each other to offer a high-performance tool. The first loop is developed from digital image 

processing, here is used an algorithm for labeling and identification of the region of interest (ROI), and morphological 

operations on it for damage detection. The second loop uses deep learning to build a neural model capable of categorizing 

images with bone damage. The result of the two loops is combined by an inference machine that allows identifying images 

with damage with an overall accuracy above 80%. 
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INTRODUCTION 

Recent problems in health safety, economic 

dependence, and social restrictions caused by COVID-19 

have shown the immense need for technology and research 

in the quality of human life, particularly in the field of 

medicine, where traditional medical imaging was already 

being used in conjunction with digital processing to 

produce diagnoses with greater reliability and speed [1, 2, 

3]. The uses of these technologies have evolved in such a 

way that they allow tracking or tracing along images to 

determine the behavior and damage in tissues for a given 

problem [4, 5]. The medium- and long-term goal is that 

these systems will be able to identify autonomously, 

quickly, and reliably specific patterns within a database 

made up of thousands of images. If this system is 

achieved, a specialized medical support tool would be 

formed with the capacity to drastically reduce diagnosis 

times, as well as misdiagnoses [6]. This is a tool that has 

been lacking in the current pandemic and would have 

allowed rapid, non-invasive diagnoses over a large 

population since it can be based on MRI (Magnetic 

Resonance Imaging) or radiographic imaging, which are 

available to most of the world’s population [7]. 

These software tools work by digitally processing 

the images. The medical images are digitized, which 

means that they are converted into matrix arrays on which 

it is possible to perform mathematical manipulation using 

certain classification algorithms, which make it possible to 

evaluate whether there are any characteristics of interest in 

the image following the medical search [8, 9]. However, 

before applying these algorithms, it is not normal to 

perform some pre-processing on the digital image to 

highlight the parameters of concern [10, 11, 12]. After pre-

processing, a region is identified in the image that is 

feasible to contain the information sought. This region is 

called the Region of Interest (ROI) and allows reducing 

the computational consumption by choosing a specific 

region to apply the classification algorithm. The selection 

of the ROI can be manual, but in the most advanced 

systems, it is always intended to be automatic through 

some segmentation strategy [13, 14, 15]. An ideal system 

should capture the medical image through a transducer 

[16], digitize it, and automatically apply the medical 

feature search. These schemes can also be combined with 

statistical tools to speed up the identification of ROI or 

general classification of images [17]. 

Our strategy combines this classic image 

processing strategy with a parallel categorization loop 

based on deep networks. Our basic scheme is based on the 

definition of ROI by the user, specialized medical 

personnel. This is done in a graphic environment using a 

digital pointer directly on the digitized image of an X-ray. 

Internally, Cartesian validations are performed to correctly 

define the region and segment the entire image [18]. Then, 

possible fissures are identified from a series of 

morphological operations applied to the regions, and the 

results are highlighted and shown to the user [19, 20]. 

The second identification loop uses deep 

convolutional neural networks as a classification strategy 

for the same medical image analyzed by digital processing 

[21]. These neural networks correspond to the state of the 

art in machine learning, and particularly the research 

group evaluated different topologies before selecting the 

most appropriate to the problem [22, 23]. Nowadays, 

convolutional networks are the tool with the highest 

performance in image classification problems, and they 

are particularly useful in the field of medical images [24, 

25]. In their simplest description, these networks are 

described as regularized versions of the classic multilayer 

networks, with a full connection between layers, and in 

which the information always moves from the input to the 

output [26, 27]. The regularization process, as well as its 

structure, allows the neural network to identify complex 

patterns avoiding in a greater extent over-adjustment 

problem [28, 29]. 

We propose a parallel structure between these 

two algorithms, whose result is analyzed by an inference 

machine that produces a single final result. The 

information related to the ROI and the enhancement of the 

first algorithm is compared with the output classification 
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generated by the deep model, combining the results. In the 

case of different results, the inference machine takes an 

output decision in correspondence with the probability of 

the neuronal model. 

 

2. PROBLEM FORMULATION 

We use radiographic images classified by medical 

experts, corresponding to different bones of the human 

body (Figure-1). These images were used both to develop 

the image segmentation algorithm, and the morphological 

transformations used in the first identification loop, and to 

train the neuronal model in the second identification loop. 

In the latter case, we separated the images into two groups 

according to the expert's concept: fissured or fractured 

bones in one category, and healthy bones in a second 

category. 

 

 
 

Figure-1. Database of images of fissured bones used for 

convolutional model training. 

 

For classic image processing, we use opening and 

closing functions. These functions have their support in 

the set algebra and correspond to processes of reduction or 

equalization of vertices from a structuring object. In the 

case of the opening function, if A is the set and B is the 

structuring object, then the function is defined as (equation 

1): 

 

𝐴 ∘ 𝐵 = (𝐴⊖ 𝐵)⊕ 𝐵                                  (1) 

 

And the closing function is defined as (equation 

2): 

 

𝐴 ∙ 𝐵 = (𝐴⊕ 𝐵)⊝ 𝐵                                  (2) 

 

Depending on the structuring object used it is 

possible to obtain a reduction of contours in the objects 

and/or expansion of the object to increase its surface. 

A convolutional neural network (CNN) is a deep 

neural network used in image analysis. Compared to 

traditional image processing schemes, it has the advantage 

of requiring less (or no) image pre-processing, and relative 

ease to incorporate changes in the model (the neural 

network is retrained under the new parameters). These 

networks are classifiers, they are structures that highlight 

certain characteristics through convolution functions, and 

learn them in their architecture through adjustable weights. 

With good training, a convolutional network can replicate 

the behavior of a filter on the image, and therefore identify 

quite complex characteristics in it. The output corresponds 

to the selection of a category, the one to which it was 

found most likely to belong. 

Three convolutional architectures were evaluated: 

ResNet (Residual Neural Network), DenseNet (Dense 

Convolutional Network), and NASNet (Neural 

Architecture Search Network) [21]. Each of them was 

assessed with the metrics precision, recall, and F1-score. 

Confusion matrices and ROC curves were also calculated 

for each model. According to the performance analysis, 

NASNet architecture was selected for the convolutional 

identification loop. 

 

3. MATERIALS AND METHODS 

The image to be analyzed is fed simultaneously to 

the two identification loops. In the case of the digital 

image processing loop, the ROI is filtered using opening 

and closing functions with circular structuring objects, this 

softens the image by eliminating the information of 

fissures. Then, in grayscale, the connected regions are 

labeled according to their closeness (value intensity), and 

this information is stored in an array. Morphological 

operations are performed on this matrix to highlight and 

identify the cracks, and this information is superimposed 

on the original image (Figure-2). The identification is done 

by detecting regions with abrupt changes in their structure 

by comparing, that is, regions with marked differences 

between the original image and the smoothed image with 

the opening and closing functions. This scheme was 

assessed on different images from the fissure database 

(Figure-1). In some cases, the ROI corresponded to the 

region with the fissure, but in other cases, regions were 

selected that could lead to erroneous identification of the 

region with damage. Under these conditions, it is expected 

that the algorithm will serve to diagnose confusing cases. 

This algorithm alone achieved 95% accuracy in correctly 

identifying images with fissures in an evaluation of over 

40 images. 

 

 
 

Figure-2. Fissure identification by digital image 

processing. 
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NASNet convolutional model training was 

conducted for two categories, fissured bones, and healthy 

bones. Each category used a total of 1000 images, which 

were randomly mixed within each class. The model was 

trained with TensorFlow and Keras, and the manipulation 

of the images was done in OpenCV. The dataset (the 2000 

images) was divided into two groups, the first group with 

70% of the images was used for training, and the 

remaining 30% was used for validation. This last group 

was also used for model fine-tuning. The training used the 

stochastic gradient descent function, and as loss function, 

we used the categorical cross-entropy function. Figure-3 

shows the final performance of this model. 

 

 
 

Figure-3. Training Loss and Accuracy for the deep model 

of the second identification loop. 

 

The model individually achieved an overall 

accuracy of 75%, and 82% by correctly identifying the 

fissured bones. It also obtained a recall of 73% and an F1-

score of 73%. It should be remembered that in this model 

no ROI information is provided, and the identification 

simply indicates whether the image is more likely to 

correspond to a fissured bone or a healthy one. The 

NASNet model was built with a total of 4,271,830 

parameters, of which 4,235,092 are adjustable. 

The inference machine block analyses the result 

of the two identification loops and produces a single 

output consistent with them (Figure-4). If the result of the 

two loops is the same, either as a true positive (the image 

with the ROI has a fissure in the bone structure identified 

by the digital image processing, and the convolutional 

network detects it as an image with a fissure in the bone) 

or a true negative (the digital processing loop does not 

identify the fissure in the bone, and the convolutional loop 

classifies the image as corresponding to a healthy bone 

structure), then the inference machine superimposes the 

results on the input image and produces an output that 

explicitly identifies the fissure (if found), or indicates that 

the bone structure is healthy. If the result of the two loops 

is different, either because the digital processing loop 

detects a fissure and the convolution loop classifies the 

image as healthy, or the other way around, the output of 

the inference machine produces an output consistent with 

the probability assigned to the category in the output layer 

of the convolution network. If the category selected by the 

NASNet network is less than 20%, the result produced by 

the digital image processing is assumed to be correct, 

suggesting careful review by a medical specialist. If, on 

the contrary, the probability in this layer is higher than 

20%, these results are indicated in the output making it 

clear that there is no definitive conclusion in the case and 

that a final diagnosis by a medical expert is required. 

 

 
 

Figure-4. Structural diagram of double-loop hybrid 

recognition system. 

 

4. RESULTS AND DISCUSSIONS 

The proposed tool combines two strategies to 

evaluate radiographic medical images corresponding to 

bone structures. The result given by the digital image 

processing is validated using a classifier based on a 

convolutional neural network. The interaction of these two 

strategies is expected to reduce direct interaction with the 

images, and therefore reduce diagnostic times while 

reducing personnel costs and those involved in 

misdiagnosis. The final performance of the proposed 

strategy, according to the design of its final inference 

machine, makes the results obtained by the digital image 

processing loop validated by the NASNet loop. Under this 

structure, the precision of the system to correctly and 

autonomously identify bone fissures was increased to 

96.7%. 

Much of the success of the strategy lies in the 

training of the NASNet network. The adjustment of this 

network was done by observing its behavior with 

unknown data from the precision, recall, and f1-score 

metrics. With these metrics the great capacity of 

generalization and identification of the network was 

observed, since the behavior for both training and 

validation data was similar, there is no evident over-

adjustment in the results. The confusion matrix and ROC 

curves of this model were also evaluated (Figures 5 and 6). 

These graphs support the previous results, in particular, a 

high capacity to classify healthy bone structures is 

observed. 

 



                                VOL. 16, NO. 11, JUNE 2021                                                                                                                  ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2021 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                                      1154 

 
 

Figure-5. Confusion matrix, NASNet loop. 

 

 
 

Figure-6. ROC curve and ROC area, NASNet loop. 

 

According to these results, one can think that it is 

still possible to improve the capacity of the network 

through further adjustments in training. This involves 

debugging and extending the dataset, adjusting the 

optimization function, and adjusting the training sessions. 

However, in its current state, the tool has demonstrated 

superior performance, as well as low resource 

consumption during its use. 

 

CONCLUSIONS 

This paper shows the structure and performance 

of a double loop hybrid scheme developed for the 

autonomous recognition of fissures and fractures in bone 

structures. The qualification of hybrid is given because the 

scheme uses two opposite strategies for the identification 

of parameters in the bones, a traditional scheme based on 

digital image processing with mathematical algorithms 

and applied to the view, and a convolutional neural 

network trained with a specialized database that produces 

a classification model based on adjusted parameters that 

hides the explicit information in its structure. The first 

loop addresses the traditional strategy, which requires the 

user to define a ROI, and from this region performs 

morphological operations to detect abrupt changes in the 

images, which are marked as bone damage. In the second 

case, the image under study is propagated in a NASNet 

network and classified into one of two groups, fissured 

bone or healthy bone. The results of these two loops are 

analyzed by a final inference block, which according to 

the confidence provides a final evaluation of the image. In 

our laboratory tests, the tool achieved 96.7% precision of 

true positives, which exceeded the individual performance 

of each identification loop. Additional adjustments to the 

convolutional network and the digital algorithm are 

proposed to increase system performance. 
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