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Lung Cancer Segmentation and Classification Using Hybrid CNN-LSTM Model
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Abstract: A collection of genetic disorders and various types of abnormalities in the metabolism lead to cancer, a
fatal disease. Lung and colon cancer are found to be main causes of death and infirmity in people. When choosing the
best course of treatment, the diagnosis of these tumors is usually the most important consideration. This study's main
objectives are to classify lung cancer and its severity, as well as to recognize malignant lung nodules. The suggested
approach additionally classifies the stages of lung cancer in order to recognize lung nodules. The convolutional neural
network (CNN) is used to detect lung nodules, identifying a nodule which is accurately segmented and classified. The
suggested method is separated into dual parts: primarily, it classifies normal and abnormal behavior, and the subsequent
one classifies the different stages of lung cancer. Texture and intensity-based features are extracted during the
classification stage. When compared to other methods such as nested long short-term memory (LSTM)+CNN, the
hybrid CNN-LSTM obtains superior outcomes in terms of accuracy (99.35%), specificity (99.30%), sensitivity
(99.32%), and F1-score (99.29%).
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Figure 1 Block Diagram for Developed System
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1 H TL PR (i)

DenseNet169 DenseNet201
TL VGG16 (%) VGG19 (%) MobileNet (%)
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e 98.7 98.89 99.89 98.77 99.66
L7¢re 98.99 99.24 99.78 99.19 99.91
T 98.83 98.89 99.84 98.96 99.77
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Table 2 Evaluation of Accuracy Using TL (Colon)
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Table 3 Evaluation of Accuracy Using TL Models (Lung and Colon)
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DenseNet169 DenseNet201
TL VGG16 (%) VGG19 (%) MobileNet (%)
(%) (%)
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L7¢re 99.4 99.1 99.35 99.5 99.35
T 99.35 98.81 99.32 99.12 99.31
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Figure 2 Confusion Matrix of the Proposed Lung Cancer Detection System
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Table 4 Assessment of CNN Model

7 4 CNN BB PF Ak
eS| HHE (%) RARE (%) REE (%) F1 3% (%)
IEH 99.9 98.9 100 98.6
i ¢ 98.6 99.9 97.8 98.7
Jitifes 98.5 98.7 99.5 98.9

R 543 7 CNNHLSTM e o % F s AT . REBE 99.6% Bt BRI TEAR D, %557 5 99.5% U A H B
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Table 5 Assessment of CNN-LSTM Network
7% 5 CNN-LSTM M £& {11 P4l

ES| WHE (%) RRE (%) REE (%) F1 5338 (%)
1EW 99.3 99.8 100 99.8
i ¢ 99.5 99.8 98.4 99.2
it 99.9 99.5 99.6 98.9
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Table 6 The Implemented System Comparison with Extant Systems
® 6 PrRIAGSIA ARG
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% LSTM+CNNJ[18] 80 74 81 77
SEHI] CNN VR A BIAI[19] 99.30 99.27 99.27 99.26
CNNJ[20] 97.11 97.15 97.13 97.14
CNN+LSTM (A7) 99.35 99.30 99.32 99.29
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