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Introduction 
Chest x-ray (CXR) exams on portable systems are the most frequently performed procedures followed by 
Abdomen/Pelvis. The positioning geometry of portable x-ray, as well as table-top exams in a fixed x-ray room, pose a 
unique challenge in maintaining orientation of the detector with respect to the patient. Based on local investigation, >83% 
on average of all CXRs are rotated. For other exams, e.g. hand and knee exams, the imaged body part is smaller than the 
detector and the resultant images are not in the preferred review orientation. In current standard of care, technologists 
must manually rotate the images to the upright position before sending them to PACS. Manually rotating an image to the 
exact upright orientation is very common and time-consuming operation and automating it is a real workflow 
enhancement. We propose an AI algorithm to automatically and accurately detect if an image needs rotation and align it 
properly with the reference orientation. 

Hypothesis 
An AI algorithm can identify the approximate orientation of different anatomy/view combinations and correct the 
orientation automatically to help reduce human operating errors. 

Methods 
Over 10,235 unique exams with different anatomies (chest, abdomen, pelvis, hand, and knee) and different views (AP, PA, Oblique, 
lateral, etc.) were curated for training. The data was predominately from the installed base of GE Healthcare from USA, Sweden, 
Canada, and Ireland. A radiographer manually reviewed each image and drew a line identifying the direction of upright position and the 
corresponding rotation angle for each image was determined, see Figure 1. The images were rotated to the upright position and saved 
along with a horizontally flipped version of them. A convolutional neural network (CNN) based on the ResNet50 architecture was trained 
to apply random rotation in the range [0, 255] and consider that angle of rotation as the target class. Data was split for training (90%) 
and validation (10%).  



 

 
Figure 1 Sample annotated images. The blue line indicates the upright orientation and the red line indicate the 
perpendicular orientation. Note that the blue line need not pass through the center if the image.  
  



 

 
Results 
Table 1 shows a classification results of the algorithm on different anatomy and view combinations. A radiographer had 
determined the acceptable tolerance for each case. This tolerance was used to label the images for training. The 
accuracy of the model is computed as the percentage of cases where the difference between the output of the algorithm 
and the actual orientation is greater than the tolerance. Finally, the overall Mean Absolute Error for misclassified cases 
(outside the tolerance range) is 4.49o . The balanced accuracy is 97.8%. Figure 2 shows samples of eth classification 
results.  
 
 
Table 1 Test Results for the test dataset independent of the training dataset images 

Anatomy/View 
Number of 

Images  Tolerance  Accuracy  Mean Absolute Error  

Hand AP or Oblique  121 ±15o 97.52% 5.24 o 

Hand Lateral 45 ±10o 84.44% 9.64 o 

knee Lateral 97 ±20o 91.75% 10.13 o 

Knee Sun Bilateral 312 ±45o 97.44% 3.69 o 

Knee AP or Oblique 11 ±10o 90.91% 9.09 o 

Knee Bilateral 407 ±45o 99.75% 0.49 o 

Chest AP/PA 800 ±45o 100% 1.68 o 

Pelvis AP/PA 728 ±45o 98.21% 3.74 o 

Abdomen AP/PA 1040 ±45o 96.44% 8.12 o 
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Figure 2: Figure 2: (A) Example of correctly classified and adjusted image pairs (the left is the original and the right image is the corrected upright 
image), (B) Example of misclassified and adjusted image pairs (the left is the original and the right image is the algorithm’s output corrected upright 
image),  Possible causes of misclassification are the use of opaque material in the abdomen, foreign objects like the extra hand, or the cylindrical 
objects near the around eh pelvis. Finally, better and finer annotation will result in more accurate angle determination as we can see in the lateral 
hand example.  



 
Conclusion 
We demonstrated the feasibility of a CNN in detecting the exact orientation in the full range [0, 255o] of different anatomy 
and view combinations with excellent accuracy and  x-rays from a large international data set. We believe this is the first 
introduction of DL in detecting orientation of diverse radiographic images using one model and could be implemented to 
automatically apply a rotation for optimal review. 
 
Statement of Impact 
AI is a feasible tool for detecting the orientation of x-rays of different anatomy and view combinations. This will optimize 
the workflow of the radiology department and saves technologists’ time and effort and provide a mean for better review by 
the radiologist and can enhance subsequent AI models. 
 
Keywords 
X-ray, automatic alignment, deep learning, artificial intelligence, image orientation 
 


