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Abstract:  
Recent advances in medical imaging with the application of deep learning techniques have already contributed 

to bone tumor detection and classification and can also offer potentially effective early detection and treatment 

planning. This review discusses current trends in the use of deep learning on bone tumor analysis in different 

medical imaging modalities like X-ray, CT, MRI, and Bone scintigraphy. Finally, this paper uncovers the 

history of detection methods, from machine learning to state-of-the-art deep learning architectures, and 

evaluates them not only in terms of accuracy but also in terms of performance reliability. The summary of these 

studies that have been performed by some authors, like automated bone suppression approaches, feature 

extraction approaches, and domain-specified deep learning approaches for different imaging modalities, are 

studied in the paper. Some research shows that by making very little progress in the review of convolutional 

neural networks (CNN) and their extensions, they have made considerable progress in detection and 

classification tasks to accuracies of greater than 95%. Another area in this paper is the problems involving the 

absence of datasets and the requirement for a standard evaluation protocol. It provides a review of several 

datasets that were used in some of the studies, several evaluation techniques, and finally, an evaluation 

comparison among different deep learning architectures. Furthermore, this study points out the issues with 

utilizing plain images only and suggests the following areas for future research, namely that both multi-modal 

fusion approaches and more diverse, comprehensive datasets are needed to generalize better for fast, efficient, 

and accurate detections. 
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I. Introduction 
Early diagnosis is the prediction of the patient outcome of bone tumors [17]. With the fast evolution of 

deep learning algorithms, advances in medical imaging technologies have enabled much more automatic and 

precise detection of bone tumor detection and classification. Diagnostic approaches, according to conventional 

bioinformatics, are always based on the interpretation of the experience of radiologists, taking a lot of time and 

being susceptible to inter-observer Variability [18]. The coming of the age of deep learning in the analysis of 

medical images has led to a revolution in the process of bone tumor diagnosis. These algorithms are so 

advanced that they can automatically extract useful features and learn very complex patterns[8]. While deep 

learning has already shown spectacular promise in combination with different imaging modalities to increase 

accuracy and efficiency, the current users were previously incapable of utilizing it due to insufficient databases. 

As with previous studies, recent advances have been seen in developing deep-learning architectures for bone 

tumor analysis. Both state-of-the-art CNNs and Convolutional Neural Networks (CNNs) now stand out as the 

first choice for detection and classification tasks [4]. A number of factors, including (1) an increase in the 

availability of medical imaging data, (2) an increase in computational power, (3) the development of new deep 

learning architectures, and (4) the demand for automated diagnosis systems in a clinical environment, have 

motivated advances in these approaches. Deep learning in bone tumor analysis is applied using different 

imaging modalities. Automated analysis has been extensively explored in X-ray imaging modality. It also 

increased the efficacy of CT and MRI studies for bone metastases [5]. As a result, diagnostic accuracy is 

improved, and interpretation time has been shortened. Additionally, there has been the fusion of multiple 

imaging modalities, which permitted greater analytical techniques. As an example, studies have shown that 

combining different imaging modalities through data fusion, such as different imaging modalities, provides 

additional information that enhances commonality [11]. In cases that involve complex analysis, this multi-

modal approach has been popular because analyses based on one modality may not suffice. Manipulation of 

preprocessing and feature extraction techniques plays an important role in the performance of the model. 
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Studies have proved that any advanced preprocessing steps combined with feature extraction techniques can 

vastly improve model performance [7]. Consequently, hybrid approaches have been developed by merging the 

traditional image processing methods with state-of-the-art deep learning algorithms. 

 

II. Tumor Detection Methods 
The history of bone tumor detection methods using deep learning has undergone significant progress 

over the past few years. The methods can be classified into a number of different approaches, each with its own 

specific characteristics and uses. There are various studies on Tumor detection methods and hybrid methods 

performed by several authors. These methods are known for their accuracy in detecting the tumor more 

accurately compared with traditional methods. 

 

Automated Bone Suppression Techniques: The method proposed by Cardenas et al. [3] is based on 

improving the contrast of tumors through the suppression of normal bone structures in radiographic images. 

Their deep convolutional neural network achieves this by learning the common characteristics of healthy bone 

tissue and cleverly eliminating these features from the image, thereby improving the visibility of abnormal 

growth. The process has been found extremely effective in detecting faint bone lesions that may otherwise be 

masked by overlapping bone structures. The process is particularly efficient in chest radiographs, where rib 

structures frequently overlap with potential tumor locations. 

 

Combination of deep learning and the Owl Search optimization algorithms: Alabdulkreem et al. [1]. The 

hybrid process makes use of the efficiency of the Owl Search Algorithm in choosing features by employing 

deep learning techniques for pattern recognition. It is of note that the process allows the model parameters to be 

modified in an adaptive fashion in order to arrive at optimal performance and thereby improve detection 

accuracy, especially for faint bone abnormalities. 

 

MRI-based detection: Liu et al. [5] designed an MRI-based detection system that is dedicated to the detection 

of bone metastases in the pelvic regions in prostate cancer patients. According to their method, they detect 

regions of interest first with a region proposal network, then perform a more detailed analysis using another 

classifier. It has been found to be very effective in differentiating between benign and malignant lesions in 

complicated anatomical targets. 

 

Active Contour with Deep Learning: Lingappa et al. [10] proposed a new combination of active contour 

methods with deep learning models. The method uses an enhanced mechanism where deep learning-derived 

features enhance active contour evolution and improve tumor boundary detection accuracy. The use of bagging 

and boosting methods helps to improve the robustness of the detection process, particularly where the tumor 

boundaries are unclear. 

 

CT-Based Detection Techniques: Belue et al. [11] focused on the development of a bespoke system to identify 

bone lesions on CT scans. The method uses a deep learning network architecture that is optimized to identify 

the three-dimensional aspect of CT data to successfully incorporate spatial context between multiple slices.  It is 

shown that the system is able to detect multiple lesions in a single scan and does so well under a variety of 

tumor size and shape variations. 

 

III. Tumor Classification Methods 
Deep learning-based bone tumor classification has significantly advanced to drive the development of 

various strategies aimed at tackling multiple aspects of the classification problem. 

 

CNN Architectures for Bone Cancer Classification: Sampath et al. [2] investigated different CNN 

architectures to attribute the classification of bone cancer to CT scans. They did great work by comparing such 

architectures as ResNet, DenseNet, and VGGNet and showed that deeper architectures tend to give better 

performance as deeper architectures are more advantageous than fewer layers of networks. 

The ResNet-50 architecture was the best option, as it offered the best balance of computational cost 

and classification accuracy. The efficacy of their method stems from the network's ability to maintain gradient 

flow through skip connections, which improves learning from complex bone structures. Their method excelled 

particularly in discriminating between different bone lesion types with excellent accuracy for early detection. 

Gawade et al. [4] designed a customized CNN architecture specifically optimized for osteosarcoma 

classification. Their method integrated domain knowledge into the network architecture in the form of domain-

specific convolutional blocks that identify local and global bone texture patterns. Particular attention 

mechanisms are used in the design to draw attention to areas of interest in the image, which is very important 
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for the localization of fine differences between tumor grades. In different tissue types and MRI field strengths, 

their method differentiated different stages of osteosarcoma well and thus offered useful information in 

planning treatment. 

 

Xception Methods: Bathroom et al. [6] employed the Xception algorithm for the classification of upper bone 

abnormalities using its depthwise separable convolutions for effective feature extraction. Their design employed 

bone-specific feature learning customizations, including spatial and textural information essential for tumor 

classification. The method showed high robustness in cases of variable image qualities and tumor presentations, 

making it highly beneficial for clinical use. The effectiveness of this method is in its capability to differentiate 

well between different bone abnormality types and minimize computational complexity. 

 

Feature-Based Machine Learning: 

Sharma et al. [7] proposed a hybrid method combining conventional feature extraction methods with 

sophisticated machine learning models. Their method initially extracts handcrafted features like texture 

descriptors, shape statistics, and intensity patterns, followed by deep learning for feature selection and 

classification. This method showed high effectiveness in cases where pure deep learning methods would fail 

due to limited data availability. The integration of domain knowledge in feature selection, along with neural 

network learning capabilities, formed a robust classification system. 

 

Transfer Learning Applications: He et al. [13] showed the effectiveness of transfer learning in bone tumor 

classification, specifically with primary bone tumors in radiographs. Their method used pre-trained networks 

fine-tuned on bone-specific datasets, showing that knowledge transfer from large-scale image recognition tasks 

can effectively be applied to medical imaging tasks. The method was especially useful for medical institutions 

with limited datasets, working well with a lot of accuracy while needing much less training data compared to 

training from scratch. 

 

IV. Datasets 
There are various Tumor datasets in which some are publicly available and rest are private collections. 

These datasets are widely used in various medical imaging studies. Some studies used clinical imaging 

collections from various medical institutions. These collections often contain X-ray images [1], CT scans [2], 

MRI scans [5], and Bone scintigraphy images [9]. The datasets are of varying size and composition. The 

number of cases ranged from hundreds to thousands of images. The image modalities are single or multiple 

imaging modalities. The annotation types are bounding boxes, segmentation masks, and classification labels. 

Patient demographics have varying age groups and conditions. While some studies use publicly available 

datasets, most use private collections from medical institutions. This is a cause for concern for reproducibility 

and standardization of results. The quality of annotations varies between datasets. Some of the common issues 

are the limited size of available datasets, Class imbalance issues, Variability in image quality and acquisition 

protocols, and lack of standardization in annotation methods. 

 

V. Results 
The performance evaluation of deep learning methods in bone tumor detection and classification has 

demonstrated remarkable progress in various studies. Various detection methods have demonstrated remarkable 

performance with various imaging modalities. The integration of the Owl Search Algorithm and CNN 

architecture by Alabdulkreem et al. [1] achieved a remarkable accuracy of 94.5% in X-ray image analysis, with 

excellent performance in detecting subtle bone abnormalities. This high accuracy can be attributed to the 

capability of the algorithm to suppress false positives efficiently while maintaining high sensitivity to potential 

tumor regions. Liu et al. [5] achieved robust performance in MRI-based detection, with 92.8% accuracy in bone 

metastasis detection, particularly in pelvic regions. Their method achieved remarkable performance in 

distinguishing between benign and malignant lesions, with a remarkably low false-positive rate. The bone 

suppression algorithm automatically generated by Cardenas et al. [3] achieved 91.2% accuracy in radiographic 

analysis, with excellent performance in highlighting subtle bone abnormalities that may be obscured by 

overlapping structures. The study done by Sampath et al. [2] in the classification field with CT images using 

various CNN structures (achieving an accuracy of 95.2%) stands out in the field. However, the study showed 

that deeper networks as a whole fared better until ResNet 50, which showed the best tradeoff between accuracy 

and computational complexity. It was achieved by Gawade et al. [4] with a custom CNN architecture designed 

for the detection of osteosarcoma, resulting in an accuracy of 94.8% and a good ability to discriminate between 

different levels of tumors. The Xception-based method by Barhoom et al. [6] attained 93.1% classification 

accuracy for upper bone abnormalities, with excellent performance in multi-class classification. Their model 

performed well even with small training sets and had good feature extraction capability. The feature-based 
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machine learning method by Sharma et al. [7] attained 91.5% accuracy across imaging modalities, emphasizing 

the need to combine conventional feature extraction techniques with deep learning. 

 

Table no 1: Shows tumor detection results obtained from various studies conducted by authors 
Author Model Modality Accuracy 

Alabdulkreem 

et al. 

Owl Search 

Algorithm + 

CNN 

X-RAY 94.5% 

Liu et al Custom CNN MRI 92.8% 

Cardenas et al. Deep CNN Radiographic 91.2% 

Lingappa et al. Ensemble 

Methods 

MRI 93.4% 

 

Table no 2 : Shows tumor classification results obtained from various studies conducted by authors 
Author Model Modality Accuracy 

Sampath et al. CNN Comparison CT 95.2% 

Gawade et al. Custom CNN Multi-Modal 94.8% 

Barhoom et al. Xception X-RAY 93.1% 

Sharma et al. Feature-based ML Multi-Modal 91.5% 

He et al. Transfer Learning Radiographs 90.8% 

 

Key Findings: Performance metrics across the studies revealed some interesting trends. Detection algorithms 

performed better with X-ray and CT scans than with MRI scans, possibly due to improved standardization and 

larger datasets available. Classification accuracies were uniformly higher when handling binary classification 

(benign vs. malignant) than in multi-class cases. Models with attention mechanisms or special architectures for 

specific tumor types performed better than generic architectures. Transfer learning methods, as used by He et al. 

[13], reported good performance (90.8% accuracy), especially when handling small dataset sizes. These results 

must, of course, be considered in the context of their respective size of dataset, class distribution, and, more 

specifically, their clinical needs. The studies have made direct comparisons of the performance of various 

samplers difficult because of these variations in both evaluation metrics and characteristics of the datasets. 

 

VI. Conclusion 
Deep learning is found to have made outstanding progress in evaluating the comprehensive evaluation 

of deep learning method for bone tumor detection and classification, however, there is still a lot of room for 

improvement in the future. The discipline has seen phenomenal advancements in terms of precision and 

reliability, with detection algorithms achieving up to 94.5% accuracy based on innovative strategies such as the 

application of the Owl Search Algorithm in conjunction with CNNs [1] and classification algorithms achieving 

95.2% accuracy based on advanced CNN architectures [2]. The findings of deep learning portend its potential in 

changing the bone tumor diagnosis and treatment planning. In particular automated bone suppression techniques 

[3] and customized frameworks for specialized imaging modalities [5] have been of great help in improving 

diagnosis ability and making tumor detection more efficient and reliable for different imaging systems. The 

combination of conventional feature extraction techniques and advanced deep learning methods have proved 

particularly effective, as evidenced by a number of studies [7, 10], suggesting that hybrid solutions may remain 

of critical importance in developing the discipline further in the future. 

While these advances have been successful, many challenges persist that need to be addressed by the 

research community. Perhaps the biggest limitation remains the availability of large and diverse datasets, which 

casts a shadow over models with the need to apply transfer learning and data augmentation techniques in order 

to achieve robust results. Variability in imaging protocols and annotation schemes across medical institutions 

also makes standardization of methods harder. The computational expense of deep learning architectures with 

many layers is also an implementation challenge when working within resource-constrained clinical settings. 

These limitations indicate a number of promising avenues for future development and research in the field. 

Multi-modal imaging data fusion is a particularly exciting avenue since distinct imaging modalities are able to 

provide complementary information about tumor characteristics. Future research should focus on creating 

architectures that can combine information from X-ray, CT, MRI, and other imaging modalities with special 

emphasis on real-time object detection models like YOLO for easier and faster detection. 
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