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batch_normalization_3 (Batch) (None, 39, 39, 3, 8) 32
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max_pooling3d 2 (MaxPooling3) (None, 9, 9, 3, 8) 0
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Accuracy =(Tp+Tn)/D=(269+1021)/1415=91.1%
Precision (PPV)=Tp / (Tp+Fp)= 269/(269+79) =77.2%

Recall or Sensitivity or TPR =Tp/ Positive class =269/315= 85.3%
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Kumar et al. (2015) (36) LIDC-IDRI 888 83.35 NA 75.01
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(47)
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Abstract
Background & Aims: One of the symptoms of lung cancer, which is one of the deadliest cancers, is the
lung nodules. It is very difficult to detect these tiny nodules on CT scans of the lungs with the naked
eye. Therefore, intelligent systems or computer-aided detection (CAD) systems can assist a radiologist
in detecting, locating, and evaluating the quality of lung nodules. The most important challenge of
existing intelligent systems is the balanced improvement of accuracy, sensitivity, specificity, and
reduction of false positive rate (FPr), and also the complexity of these systems has reduced the efficiency
and speed of execution. Therefore, the purpose of this study was to provide an agile framework and
optimize the challenge.
Materials & Methods: One of the new subfields of artificial intelligence is the deep learning and
orientation of CNN networks, which has been widely used in the analysis of medical images in recent
years. In this research, an innovative network based on CNN networks of LeNet type is proposed to
extract image features as well as image classification. The used dataset is a subset of 7072 image pieces
derived from the LIDC-IDRI standard dataset. The size of nodules of these images, which are used to
train and validate the network, are 1 to 4 mm.
Results: The training and validation processes of this network were performed with a computer device
(configurations 2.4GHz Core 15 processor, 8GB of memory, and Intel Graphics 520) in five hours and
eleven minutes and the accuracy, sensitivity, and specificity are 91.1%, 85.3% and 92.8%, respectively.
Conclusion: Based on the standard basis of the proposed model and also the use of valid database
images to measure the network and compare with previous works, the results establish a good balance
between evaluation criteria, and with faster implementation gain the necessary capability for real time
applications.
Keywords: Computer aided detection systems, Medical image processing, Lung nodules, Artificial
Neural Networks, Deep learning
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