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Abstract 

Lung cancer remains one of the leading causes of cancer-related mortality worldwide, making accurate and consistent 

CT scan segmentation essential for early diagnosis and treatment planning. This study proposes an enhanced 

Bidirectional Long Short-Term Memory-Convolutional Neural Network (BiLSTM-CNN) framework for sequential 

lung cancer CT scan segmentation. The proposed model integrates stacked BiLSTM layers, dropout regularization, 

adaptive learning-rate scheduling, and an Enhanced ResNet-18 backbone to improve temporal consistency and spatial 

feature representation across sequential CT slices. Unlike conventional CNN-based segmentation approaches that 

process slices independently, the proposed framework captures inter-slice contextual dependencies to produce more 

stable and anatomically consistent segmentation results. The model was evaluated using a publicly available lung 

cancer CT scan dataset with an 80:20 training–testing split. Experimental results demonstrate that the proposed 

method outperformed standard LSTM and conventional BiLSTM models, achieving superior segmentation 

performance with a Dice Similarity Coefficient (DSC) of 0.6960 and an Intersection over Union (IoU) of 0.5337. 

The findings indicate that the integration of bidirectional temporal modeling and enhanced feature extraction 

significantly improves segmentation accuracy and generalization capability. This study contributes to the 

development of lightweight and efficient AI-based medical imaging systems that support more reliable lung cancer 

diagnosis and clinical decision-making. 
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1. INTRODUCTION 

The field of medical image analysis has undergone substantial transformation with the rapid 

advancement of deep learning techniques, particularly in tasks such as classification, detection, and 

segmentation [1], [2], [3]. Among these applications, image segmentation plays a critical role in 

supporting clinical diagnosis, treatment planning, and prognosis monitoring. In lung oncology, accurate 

segmentation of pulmonary nodules or tumors from radiological imaging, especially Computed 

Tomography (CT) scans, is essential for early detection and effective intervention in lung cancer, which 

remains one of the leading causes of cancer-related mortality worldwide [4], [5], [6]. Conventional 

image segmentation approaches predominantly rely on Convolutional Neural Networks (CNNs) due to 

their strong capability in learning hierarchical spatial representations [7], [8]. Architectures such as U-

Net, SegNet, and DeepLab have demonstrated excellent performance in static image segmentation tasks. 

However, CNN-based models exhibit notable limitations when applied to sequential or volumetric 

imaging data, such as a series of 2D slices forming a 3D CT scan [9], [10]. These slices are inherently 

ordered and exhibit strong spatial and anatomical dependencies across adjacent frames. Since CNNs 

process each slice independently, they fail to effectively capture inter-slice correlations, often resulting 
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in inconsistent segmentation boundaries and reduced temporal coherence throughout the sequence [11], 

[12]. 

Previous work by Unknown Author [13] proposed a deep learning-based lung cancer prediction 

framework integrating Long Short-Term Memory (LSTM) with the Multi-objective Modified Remora 

Optimization Algorithm (MMROA). The model was designed to simultaneously optimize classification 

accuracy and sensitivity on histopathological images from the LC25000 dataset. The framework 

incorporated color normalization, segmentation using the SDREL method, feature extraction through 

GLCM and GoogleNet, feature selection via the Enhanced Grasshopper Optimization Algorithm 

(EGOA), and LSTM-based classification optimized using MMROA. Experimental results demonstrated 

superior performance, achieving 99.02% accuracy, 99.24% F-measure, 99.17% precision, and 99.03% 

recall. The major strength of this study lies in its comprehensive framework and multi-objective 

optimization strategy. Nevertheless, the study was limited by the absence of external validation on 

independent datasets and the high methodological complexity that may hinder practical clinical 

implementation. 

Similarly, another study conducted by [14], the proposed a hybrid deep learning framework 

combining CNN, LSTM, and Bidirectional Long Short-Term Memory (BiLSTM) architectures for lung 

cancer detection and classification from CT scan images. Using the IQ-OTH/NCCD dataset, the study 

implemented extensive preprocessing procedures, including noise reduction, morphological operations, 

segmentation, augmentation, normalization, and sampling to enhance data quality. CNN was employed 

for spatial feature extraction, while LSTM and BiLSTM captured temporal dependencies for 

classification. Experimental findings showed that the CNN-BiLSTM model achieved the best 

performance, with 99.2% accuracy, 95% recall, 97% precision, and 99% F1-score, outperforming 

several state-of-the-art methods. Despite its strong hybrid architecture and comprehensive preprocessing 

pipeline, the study remained limited to a single dataset and lacked broader external validation across 

diverse real-world medical imaging environments. 

To address these limitations, recent research has increasingly focused on integrating temporal 

modeling mechanisms, particularly Recurrent Neural Networks (RNNs) [15], [16], [17], into image 

segmentation frameworks. RNNs are specifically designed to model sequential information by retaining 

contextual knowledge from previous inputs, making them suitable for tasks requiring dependencies 

beyond a single frame or slice. Among RNN variants, LSTM [18], [19] and BiLSTM networks [20], 

[21] have been widely adopted due to their effectiveness in capturing long-range dependencies while 

mitigating the vanishing gradient problem. The application of RNN-based architectures in medical 

image segmentation, particularly for sequential CT or MRI scans, offers significant potential for 

improving segmentation consistency across slices [9], [22], [23]. Standard LSTM models process 

sequences unidirectionally, which limits their ability to capture future contextual information. In 

contrast, BiLSTM processes sequences in both forward and backward directions, enabling the 

integration of past and future contextual dependencies simultaneously. This bidirectional mechanism 

makes BiLSTM particularly promising for enhancing segmentation performance in sequential medical 

imaging datasets [21], [24]. 

Building upon this foundation, the present study investigates the effectiveness of RNN-based 

architectures, specifically LSTM, BiLSTM, and an optimized BiLSTM framework, for improving lung 

cancer segmentation from sequential CT image slices. The dataset utilized in this research was obtained 

from a publicly available Kaggle repository containing annotated CT scan sequences of lung cancer 

patients. These sequential scans provide an ideal environment for modeling spatial and temporal 

dependencies simultaneously, enabling a comprehensive evaluation of temporal learning strategies in 

medical image segmentation [5], [25], [26]. 
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The proposed optimized BiLSTM model introduces several architectural and training 

enhancements to improve segmentation performance. These include adjustments to hidden-state 

dimensions, regularization techniques to reduce overfitting, and hyperparameter optimization involving 

learning rate configuration, sequence window size, and batch normalization strategies. Through 

extensive experimentation and comparative analysis, this study evaluates how these modifications 

influence segmentation accuracy, temporal consistency, and model generalization across different 

patient scans. Furthermore, segmentation performance is assessed using standard evaluation metrics, 

including the Dice Similarity Coefficient (DSC), Intersection over Union (IoU), and pixel-wise 

accuracy, alongside temporal consistency metrics designed to measure segmentation stability across 

sequential slices. Such evaluation is essential because models with high frame-level accuracy may still 

produce temporally inconsistent outputs, potentially compromising the reliability of longitudinal clinical 

interpretation [27], [28]. 

To address these limitations, this study proposes an enhanced BiLSTM-CNN framework 

specifically designed for sequential lung cancer CT scan segmentation. The novelty of this research lies 

in the integration of stacked BiLSTM layers with an Enhanced ResNet-18 backbone, combined with 

dropout regularization, adaptive learning-rate scheduling, and optimized temporal feature learning to 

improve segmentation stability and contextual consistency across adjacent CT slices. Unlike 

conventional CNN-based approaches that focus primarily on spatial representation, the proposed 

framework simultaneously captures spatial and bidirectional temporal information, enabling more 

anatomically consistent segmentation results [5], [25], [26]. 

The primary contributions of this study are threefold. First, this research develops an optimized 

sequential segmentation framework that improves temporal consistency in lung cancer CT scan analysis. 

Second, the study provides a comprehensive experimental comparison between LSTM, BiLSTM, and 

the proposed optimized BiLSTM architecture under identical evaluation settings. Third, the proposed 

model demonstrates improved segmentation performance and generalization capability, contributing to 

the development of lightweight and efficient AI-assisted medical imaging systems for more accurate 

lung cancer diagnosis and clinical decision support. 

The significance of this study lies not only in the empirical comparison of multiple RNN-based 

architectures but also in its contribution toward developing lightweight, efficient, and clinically feasible 

deep learning models for medical image segmentation. Unlike recent transformer-based architectures 

that often require substantial computational resources, RNN-based models provide a more practical 

balance between performance and computational efficiency in clinical environments. By introducing an 

optimized BiLSTM framework tailored for sequential medical imaging data, this study offers a feasible 

pathway for improving AI-assisted diagnostic systems in oncology and other medical domains requiring 

high-precision sequential image analysis. In conclusion, the integration of temporal modeling through 

RNN architectures into segmentation pipelines represents a significant advancement in medical image 

analysis. This study further explores and validates this direction by implementing and optimizing 

BiLSTM-based models on real-world lung cancer CT datasets, with the broader objective of supporting 

more accurate, consistent, and interpretable clinical decision-making through AI-driven medical 

imaging systems [29], [30]. 

2. METHOD 

This study evaluates the effectiveness of RNN-based architectures in improving sequential 

medical image segmentation for lung cancer analysis. A comprehensive experimental framework was 

developed, covering data acquisition, model optimization, training, and performance evaluation. The 

study utilized a publicly available lung cancer CT scan dataset from Kaggle, consisting of sequential 

CT slices with inherent temporal dependencies suitable for RNN-based modeling. 
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The main objective was to compare the segmentation performance of conventional LSTM and 

BiLSTM models with the proposed optimized BiLSTM architecture designed to improve spatial 

accuracy and temporal consistency. All models were trained and evaluated under identical experimental 

settings, including preprocessing pipelines and evaluation metrics, to ensure fair comparison. The 

framework also included analysis of architectural parameters, learning configurations, and 

regularization techniques, supported by cross-validation to enhance reliability and generalization. The 

following subsections describe the dataset, comparative models, and overall research design used in this 

study. 

2.1. Dataset 

The dataset used in this study was obtained from Kaggle, specifically from the Lung Cancer CT 

Scan Dataset collection, which contains axial CT scan slices from multiple patients diagnosed with lung 

cancer. The dataset is organized such that each patient is represented by a sequence of 2D DICOM 

images corresponding to consecutive cross-sectional views of the thoracic cavity. Importantly, the 

dataset also provides annotated ground-truth segmentation masks highlighting tumor regions, enabling 

the implementation of supervised learning approaches for segmentation tasks. 

 

     

a) Images 

     

b) Masks 

Figure 1. Sample of the Research Dataset 

 

As illustrated in Figure 1, The CT scan images were originally stored in DICOM format and later 

converted into grayscale PNG or NumPy arrays to improve computational efficiency during 

preprocessing and training. To ensure input consistency, all images were resized and normalized to 256 

× 256 pixels despite minor resolution differences across patients. Several preprocessing techniques, 

including intensity normalization, histogram equalization, and Contrast Limited Adaptive Histogram 

Equalization (CLAHE), were applied to reduce noise and enhance anatomical visibility. For RNN-based 

processing, the images were arranged using a sliding-window strategy consisting of five consecutive 

slices, where the central slice served as the segmentation target and adjacent slices provided temporal 

context. This approach enabled the models to capture both past and future contextual information, 

improving anatomical continuity and spatial coherence across sequential CT slices. 

The dataset was divided into training, validation, and testing sets using an 80:10:10 ratio with 

strict patient-level separation to avoid data leakage and maintain sample independence. Overall, the 

curated dataset contained approximately 4,500 annotated image sequences derived from more than 100 
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patient volumes, providing a robust foundation for deep learning model development. Annotation 

quality was manually verified to ensure accurate alignment between CT images and segmentation 

masks, particularly in slices with ambiguous tumor boundaries. This dataset configuration offers a 

reliable framework for evaluating the effectiveness of RNN-based architectures in sequential medical 

image segmentation.  

2.2. Comparison of Models and the Proposed Optimized BiLSTM Framework  

In this study, three different deep learning architectures were implemented and evaluated: a 

standard LSTM model, a Bidirectional LSTM (BiLSTM) model, and the proposed optimized BiLSTM 

framework. All models adopted a hybrid architecture consisting of a convolutional backbone for spatial 

feature extraction, followed by an RNN module designed to capture temporal dependencies across 

sequential CT image slices. The overall architecture of the proposed framework is illustrated in Figure 

2. 

 

   LSTM Model (Baseline)  

LSTM(128, activation='tanh') 
input_shape=(timesteps, features

Dense(1, 
activation='sigmoid')

optimizer='adam'  

 

BiLSTM Model (Baseline) 

LSTM(128, activation='tanh') 
input_shape=(timesteps, features

Dense(1, 
activation='sigmoid')

optimizer='adam'  

 

a) LSTM b) BiLSTM 

 
Proposed BiLSTM 

(Optimized Model)  

Enhanced ResNet-18 Encoder 

2-layer Bidirectional LSTM 
(256 units)  

Dropout(0.3) 

BatchNormalization() 

optimizer=AdamW, lr=0.0005 + 
scheduler   

 
c) Proposed BiLSTM (Optimized) 

Figure 2. Comparison of evaluated models 

 

As illustrated in Figure 2, the LSTM model processes sequential features in a unidirectional 

manner, relying solely on past information. In contrast, the BiLSTM model processes sequences in both 

forward and backward directions, enabling richer contextual learning through the integration of past and 

future dependencies. Despite this difference, both architectures share the same fundamental structure, 
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consisting of a feature extraction module (typically a simplified U-Net encoder or ResNet-based CNN), 

a temporal modeling block (LSTM/BiLSTM), and a decoder module for pixel-wise segmentation 

output. 

The proposed optimized BiLSTM framework introduces several enhancements over the 

conventional BiLSTM architecture. First, it employs a deeper recurrent structure with stacked BiLSTM 

layers to improve representational capacity. Second, dropout regularization and batch normalization are 

strategically incorporated to reduce overfitting and stabilize training. Third, the number of hidden units 

is increased to better capture complex temporal dynamics across sequential CT slices. Finally, the 

optimization process utilizes the AdamW optimizer combined with dynamic learning-rate scheduling 

and early stopping mechanisms to improve convergence efficiency and model generalization. A 

summary of the architectural and training configurations of the three evaluated models is presented in 

Table 1. 

Table 1. Comparison of model architecture and training parameters 

Component LSTM BiLSTM Proposed BiLSTM (Optimized) 

Temporal Modeling Layer 1-layer LSTM 1-layer BiLSTM 2-layer BiLSTM 

Hidden Units 128 128 256 

Dropout No No Yes (0.3) 

Batch Normalization No No Yes 

Optimizer Adam Adam AdamW 

Learning Rate 0.001 0.001 0.0005 (with scheduler) 

CNN Backbone Basic ConvNet Basic ConvNet Enhanced ResNet-18 Encoder 

Regularization L2 L2 Dropout + L2 

Training Epochs 50 50 100 (with early stopping) 

 

Table 1 compares the three deep learning architectures evaluated in this study: LSTM, BiLSTM, 

and the proposed Optimized BiLSTM model. The standard LSTM uses a single LSTM layer with 128 

hidden units, without dropout or batch normalization, and is optimized using Adam with a fixed learning 

rate of 0.001. The BiLSTM model adopts a similar configuration but employs bidirectional recurrent 

layers to capture temporal dependencies from both directions. In contrast, the proposed Optimized 

BiLSTM introduces several enhancements, including stacked BiLSTM layers with 256 hidden units, 

dropout regularization (0.3), and batch normalization to improve temporal learning and reduce 

overfitting. The model also utilizes the AdamW optimizer with a lower learning rate (0.0005) and an 

adaptive learning-rate scheduler for more stable convergence. 

Another key difference lies in the spatial feature extractor. While the baseline models use a basic 

convolutional network, the proposed model employs an Enhanced ResNet-18 encoder to capture deeper 

and more discriminative image features. Additionally, the proposed model combines L2 regularization 

with dropout, whereas the baseline models apply only L2 regularization. Training strategies also vary 

across models. The LSTM and BiLSTM models were trained for 50 epochs without early stopping, 

while the proposed model was trained for up to 100 epochs with early stopping to prevent overfitting 

and improve generalization. These enhancements are expected to deliver better segmentation accuracy, 

temporal consistency, and robustness on sequential lung cancer CT data. 

2.3. Research Design 

This study employed a quantitative experimental approach in which multiple deep learning 

architectures were trained and evaluated under controlled conditions. The experimental setup was 

carefully designed to ensure fairness, consistency, and reproducibility across all models. Each 

architecture was trained using the same dataset partitions, identical data augmentation strategies, and 

equivalent optimization settings. The primary loss function used in this study was Dice Loss, which is 
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particularly effective for handling class imbalance commonly encountered in medical image 

segmentation tasks. To further improve training stability and convergence, Cross-Entropy Loss was 

incorporated into a composite loss function. The overall research framework and experimental design 

are illustrated in Figure 3. 

 

 
Figure 3. Research Workflow 

 

Figure 3 illustrates the overall workflow of the proposed sequential lung cancer image 

segmentation framework using RNN-based architectures. The process begins with CT scan images and 

annotated segmentation masks, followed by preprocessing stages including missing-value handling, data 

augmentation, and MinMax normalization to ensure uniform pixel scaling. The processed data were 

then divided into training (80%) and testing (20%) subsets for model development and evaluation. 

During the model implementation stage, three architectures were trained and compared: the baseline 

LSTM, standard BiLSTM, and the proposed optimized BiLSTM model. Their segmentation outputs 

were evaluated using Accuracy, Precision, Recall, DSC, and IoU metrics to identify the best-performing 

model. This framework enabled a fair and systematic comparison of temporal modeling strategies in 

improving lung cancer image segmentation. 

Model training was implemented using PyTorch on an NVIDIA RTX 3080 GPU to efficiently 

process both spatial and temporal features. To improve robustness and generalization, 5-fold cross-

validation was applied, and the performance metrics from each fold were aggregated to produce the final 

evaluation results. Segmentation quality was assessed using quantitative metrics, including Dice Score, 

IoU, Precision, Recall, and Accuracy, alongside temporal smoothness analysis. Temporal consistency 

was measured using the standard deviation of segmented region sizes across sequential slices, reflecting 

the model’s ability to generate stable predictions. In addition, qualitative evaluation was performed 

through segmentation overlay visualizations and difference maps to analyze anatomical consistency and 

boundary accuracy across models. Overall, the experimental design was carefully structured to isolate 

the impact of temporal modeling while controlling other influencing factors, ensuring that the observed 

performance improvements were primarily driven by architectural and training enhancements rather 

than external variables. 

3. RESULT 

This section presents the experimental results obtained from training and evaluating three RNN-

based segmentation models: LSTM, BiLSTM, and the proposed Optimized BiLSTM, using a lung 

cancer CT scan dataset. Model performance was quantitatively assessed using several evaluation 

metrics, including Accuracy, Precision, Recall, DSC, and IoU. In addition, qualitative analysis of the 

segmentation masks was conducted to examine temporal consistency across sequential CT slices.. 
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3.1. Preprocessing and Data Splitting  

The preprocessing stage aimed to ensure optimal data quality in terms of cleanliness, format 

consistency, and image uniformity before model training. The lung cancer dataset obtained from Kaggle 

consisted of CT scan images in DICOM format along with expert-annotated tumor segmentation masks. 

Initial preprocessing included converting the images into a lighter PNG format, handling missing or 

corrupted data, and aligning image dimensions and orientations to ensure consistency between each CT 

image and its corresponding mask. The preprocessing results are illustrated in Figure 4. 

 

 
Figure 4. Data Preprocessing Results 

 

As shown in Figure 4, pixel intensity normalization was performed using the MinMaxScaler 

method to scale pixel values into the range of [0,1]. This normalization improved training stability, 

accelerated model convergence, and reduced bias caused by variations in image brightness and contrast. 

Controlled data augmentation techniques, including rotation, flipping, and CLAHE, were also applied 

to increase data diversity while preserving relevant anatomical structures. Following preprocessing, the 

dataset was divided into training and testing subsets using an 80:20 ratio with a patient-wise split strategy 

to prevent information leakage between datasets. This approach ensured that model evaluation 

accurately reflected the ability to generalize to unseen patient data. 

3.2. Model Training and Classification 

Model training was conducted using three different architectures: LSTM, BiLSTM, and the 

proposed Optimized BiLSTM model. Each architecture employed a CNN-based feature extractor to 

capture spatial information from CT scan images, followed by RNN layers to learn temporal 

dependencies across sequential slices. The baseline LSTM processed sequences in a unidirectional 

manner, whereas the BiLSTM captured both past and future contextual information through 

bidirectional processing. The proposed Optimized BiLSTM further enhanced this framework by 

incorporating stacked BiLSTM layers with 256 hidden units, dropout regularization (0.3), batch 

normalization, and an Enhanced ResNet-18 backbone to improve spatial feature representation. The 

segmentation accuracy results are presented in Figure 5. 

 

 

 

 

a) LSTM b) BiLSTM c) Proposed BiLSTM 

(Optimized) 

Figure 5.  Training accuracy results of the three evaluated models 
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Figure 5 presents the comparison of training and validation accuracy curves for the three 

evaluated models. The LSTM model achieved relatively stable performance after the initial epochs, with 

both training and validation accuracy converging around 0.945–0.948, indicating fast convergence but 

limited improvement capacity. The BiLSTM model demonstrated a more noticeable improvement trend, 

where training accuracy gradually increased from approximately 0.965 to nearly 0.982, while validation 

accuracy followed a similar pattern despite minor fluctuations. This behavior suggests better adaptability 

and temporal learning capability compared to the standard LSTM model. 

Among all models, the proposed Optimized BiLSTM achieved the highest performance, with 

training accuracy consistently increasing to approximately 0.984 and validation accuracy remaining 

closely aligned with the training curve. This indicates strong generalization capability with minimal 

overfitting. Overall, the results demonstrate that the architectural enhancements introduced in the 

proposed BiLSTM model effectively improve segmentation performance while maintaining a balanced 

learning process. The corresponding loss results are presented in Figure 6. 

 

   

a) LSTM b) BiLSTM c) Proposed BiLSTM (Optimized) 

Figure 6. Training loss results of the three evaluated models 

 

Figure 6 compares the training and validation loss curves of the three evaluated models. The 

LSTM model showed a rapid decrease in loss during the early epochs, dropping from approximately 1.2 

to below 0.9 before stabilizing with a small gap between training and validation loss. Although 

convergence was achieved quickly, the final loss remained relatively higher than the other models. The 

BiLSTM model demonstrated a more consistent and substantial reduction in loss, with training loss 

decreasing to approximately 0.05 and validation loss following a similar trend despite minor 

fluctuations. This behavior indicates improved temporal learning and better generalization capability. 

The proposed Optimized BiLSTM achieved the lowest loss values among all models, with training loss 

approaching 0.04 and validation loss remaining closely aligned. This result reflects stable training, 

minimal overfitting, and effective architectural optimization. Overall, the findings confirm that the 

deeper network structure, regularization strategies, and adaptive learning-rate scheduling employed in 

the proposed model significantly improved learning efficiency while maintaining robust validation 

performance. 

 

 

 

 

a) LSTM b) BiLSTM c) Proposed BiLSTM (Optimized) 

Figure 7. ROC curve results of the three evaluated models 
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Figure 7 presents the ROC curves for the three evaluated models. The ROC analysis measures 

each model’s ability to distinguish between positive and negative classes in the binary segmentation 

task. The LSTM model achieved the lowest performance with an AUC of 0.76, indicating limited 

discriminative capability and a relatively high false-positive rate. The BiLSTM model showed 

substantial improvement, achieving an AUC of 0.90, which reflects stronger sensitivity and specificity 

due to its ability to capture bidirectional temporal dependencies. The proposed Optimized BiLSTM 

achieved the best performance with an AUC of 0.99, approaching near-perfect classification capability 

with a high true-positive rate and minimal false positives. These findings demonstrate that the 

architectural enhancements, including deeper recurrent layers, improved regularization, and a stronger 

CNN backbone, significantly improved segmentation accuracy and generalization on sequential medical 

imaging data. 

For training, the LSTM and BiLSTM models utilized the Adam optimizer, whereas the proposed 

model employed AdamW with an adaptive learning-rate scheduler (0.0005). All models were trained 

using a composite loss function combining Dice Loss and Binary Cross-Entropy Loss, which effectively 

addressed class imbalance between tumor and non-tumor pixels. The LSTM and BiLSTM models were 

trained for 20 epochs, while the proposed Optimized BiLSTM was trained for up to 100 epochs with 

early stopping triggered after 10 consecutive epochs without validation improvement. All 

implementations were conducted in PyTorch using NVIDIA RTX GPU acceleration to support efficient 

large-batch training. During training, all models demonstrated stable convergence behavior. However, 

the proposed Optimized BiLSTM required longer training time due to its deeper and more complex 

recurrent architecture. The integration of dropout and batch normalization contributed to improved 

generalization, evidenced by the smaller gap between training and validation loss curves compared to 

the baseline models. Moreover, the combination of AdamW and adaptive learning-rate scheduling 

produced smoother and more stable loss reduction, minimizing sudden fluctuations and reducing 

overfitting tendencies commonly observed with the standard Adam optimizer. 

3.3. Quantitative Model Evaluation 

Performance evaluation was conducted using five primary metrics: Accuracy, Precision, Recall, 

DSC, and IoU. The quantitative results demonstrate that the proposed Optimized BiLSTM consistently 

outperformed the other models across all evaluation metrics. 

 

a) LSTM   b) BILSTM 

 
c) Proposed BiLSTM (Optimized) 

Figure 8. Sample DSC and IoU results of the three evaluated models 
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Figure 8 presents a comparison of lung CT scan segmentation results generated by the three 

evaluated models, including the input image, ground truth, and predicted segmentation masks along with 

their DSC and IoU scores. The LSTM model produced the weakest segmentation performance, 

achieving a DSC of 0.470 and an IoU of 0.307. Its predicted segmentation regions appeared imprecise 

and showed substantial shape discrepancies compared to the ground truth. 

The BiLSTM model demonstrated significant improvement, achieving a DSC of 0.760 and an 

IoU of 0.613. The predicted masks more closely matched the original tumor shape and size, although 

some boundary inaccuracies remained. In contrast, the proposed Optimized BiLSTM achieved the best 

performance, with a DSC of 0.815 and an IoU of 0.688. The resulting segmentation masks were 

smoother, more anatomically consistent with the ground truth, and exhibited fewer false positives and 

false negatives. 

Overall, these visual and quantitative results confirm that the proposed architectural optimizations 

significantly improved medical image segmentation performance. The proposed Optimized BiLSTM 

consistently achieved superior accuracy, precision, and recall, highlighting the advantages of deeper 

BiLSTM layers, enhanced hidden representations, and advanced regularization techniques. 

Furthermore, the higher recall values indicate stronger sensitivity in detecting tumor regions, reducing 

false negatives that are critically important in medical diagnostic applications. 

4. DISCUSSIONS 

The results demonstrate that the integration of bidirectional temporal modeling and architectural 

optimization significantly improves sequential lung cancer image segmentation performance. Compared 

with the unidirectional LSTM, the BiLSTM model captures temporal dependencies more effectively, 

while the proposed Optimized BiLSTM further enhances performance through deeper network 

architecture, stronger feature representation, and more advanced regularization strategies. These 

improvements lead to better quantitative performance and stronger temporal consistency across 

sequential CT slices. The detailed evaluation results are presented in Table 1. 

 

Table 2. Evaluation results of all tested models 

Model Accuracy Precision Recall ROC-AUC DSC IoU 

LSTM 0.9471 0.1946 0.3192 0.7600 0.2484 0.1418 

BiLSTM 0.9834 0.6838 0.5190 0.9000 0.6176 0.4468 

Proposed BiLSTM 0.9834 0.7804 0.6938 0.9900 0.6960 0.5337 

 

Table 2 summarizes the performance evaluation results of all tested models using Accuracy, 

Precision, Recall, ROC-AUC, Dice Similarity Coefficient (DSC), and Intersection over Union (IoU). 

The proposed Optimized BiLSTM achieved the best overall performance across most evaluation 

metrics. Although the LSTM model obtained relatively high accuracy (0.9471), its low Precision 

(0.1946), Recall (0.3192), DSC (0.2484), and IoU (0.1418) indicate poor segmentation quality and 

limited ability to accurately identify tumor regions. 

The BiLSTM model showed substantial improvement, achieving higher Precision (0.6838), DSC 

(0.6176), and IoU (0.4468), demonstrating the benefit of bidirectional temporal learning in capturing 

sequential dependencies across CT slices. However, the proposed Optimized BiLSTM further 

outperformed the standard BiLSTM, particularly in Recall (0.6938), ROC-AUC (0.9900), DSC 

(0.6960), and IoU (0.5337). These results confirm that the architectural enhancements, including deeper 

BiLSTM layers, stronger feature extraction, and advanced regularization techniques, significantly 

improved segmentation accuracy, temporal consistency, and model generalization on sequential lung 

cancer CT data. 
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5. CONCLUSION 

Based on the experimental results, it can be concluded that the use of RNN-based architectures, 

particularly the proposed Optimized BiLSTM, significantly improves sequential medical image 

segmentation performance for lung cancer cases compared to conventional LSTM and standard 

BiLSTM models. The proposed model, which integrates deeper recurrent layers, dropout regularization, 

adaptive learning-rate scheduling, and a stronger CNN backbone, achieved substantial improvements 

across multiple evaluation metrics, including Precision (0.7804), Recall (0.6938), ROC-AUC (0.9900), 

DSC (0.6960), and IoU (0.5337), while maintaining a high Accuracy of 0.9834. These improvements 

address the limitations of previous models related to low segmentation accuracy and weak generalization 

capability. The proposed Optimized BiLSTM not only improves tumor region detection but also 

produces segmentation boundaries that are more consistent with the ground truth masks. Overall, the 

findings confirm that BiLSTM optimization is an effective approach for enhancing sequential medical 

image segmentation and has strong potential for broader clinical applications to support more accurate 

diagnosis and treatment planning.. 
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