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Introduction 
The recent advancement in deep learning to recognize meaningful features from various forms of data opened the door to 
numerous applications in artificial intelligence (AI) for medical image analysis. However, to date, only the images carefully 
reconstructed from signals generated by image acquisition system can be utilized to build AI systems. In this study, we 
developed a deep learning system for human anatomy identification and intracranial hemorrhage (ICH) detection using 
sinograms, a mathematical representation of projected ray-sums of Radon space and compared its performance to the 
system based on reconstructed computed tomography (CT) images. 
 
Hypothesis 
A deep learning system can interpret and analyze sinograms before being reconstructed to regular images. 
 
Methods 
The IRB approved this HIPAA-compliant, retrospective study. We compiled whole body CT scans for 100 females and 
100 males for body region recognition dataset. All axial slices were annotated into sixteen different body regions. These 
cases were randomly split into training (70 female, 70 male), validation (15 female, 15 male), and test (15 female, 15 
male) datasets (Figure 1 (a)). For ICH detection dataset, a total of 720 5-mm non-contrast head CT scans were retrieved. 
Each axial slice was annotated by five board-certified neuroradiologists according to ICH subtypes (3,151 Non-ICH, 1,510 
IPH, 480 IVH, and 890 SAH slices). We randomly selected 70%, 15%, and 15% of the cases for training, validation, and 
testing, respectively. In order to generate simulated sinograms, pixel values of CT images were converted into linear 
attenuation coefficients and then the 2D parallel-beam Radon transform was applied. Sparse-view sinograms with fewer 
detectors were also generated by downsampling projection views (horizontal direction) and detectors (vertical direction). 
This was to estimate the effects of number of projection views and detector size on model performance. For this study, we 
generated three types of sinograms; 360 projection views and 729 detectors (sinogram 360x729), 120 projection views 
and 240 detectors (sinogram 120x240), and 80 projection views and 40 detectors (sinogram 40x80). We utilized 
reconstructed CT images with a full range of HU values both with and without applying window settings (abdomen window 
for body region dataset and brain window for ICH dataset). A customized CNN, SinoNet was developed for analyzing 
sinograms using multiple rectangular convolution filters with dense connection. This is designed to make the model 
effectively extract key features from sinusoid curves in sinograms (Figure 2). Inception-v3 was used as baseline model. 
Training was performed by a stochastic gradient descent (SGD) with a minibatch size of 48 and a base learning rate of 
0.01. Best models were selected based on validation losses. Test accuracy and area under the ROC curve (AUC) were 
used as evaluation metric for body part recognition and ICH binary classification, respectively.  
 
 
 
 
 
 



Figure 1 

Figure1. (a) visual descriptions of 16 different body regions used for body part recognition dataset. 
(b) data distribution for ICH detection dataset. 

Figure 2 

Figure2. Network architecture of SinoNet optimized for analyzing sinograms. 

Results 
Figure 3 (a) presents body part recognition results. The test accuracy of SinoNet was higher than the Inception-v3 with 
sinogram 360x729 used as input. In addition, the SinoNet performance is only 1.3% lower than the one of Inception-v3 
with windowed CT images. SinoNet with sinogram 40x80 achieved 95.9% which is only 0.7% smaller than sinogram 
360x729 even though nine times fewer projection views and detectors were used. Figure 3 (b) shows ICH classification 
results. SinoNet also performs better than inception-v3 for analyzing sinograms to detect presence of ICH. Performance of 
SinoNet improved with transfer learning using SinoNet pretrained on sinograms of body part recognition. Performance 
gap between the models that used sinograms and those that used reconstructed images, however, is more noticeable 



compared to the body part recognition task. This is attributable to that sinograms containing different body regions can be 
differentiated because of wide variations of body structures in sinograms, while key features of ICH might be too subtle to 
be extracted either by deep learning models or by humans. 
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Figure3. Results of (a) body part recognition and (b) ICH binary classification. 

Conclusion 
We demonstrated the feasibility of a deep learning system for analyzing singorams for body region recognition and ICH 
detection using a customized CNN (SinoNet) and three differently downsampled sinograms. 
 
Statement of Impact 
This is the first study demonstrated the feasibility of sinogram analysis using a deep learning system. It opens the 
possibilities of detecting critical features without image reconstruction, which takes time and effort. 
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