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Abstract-Tuberculosis (TB) remains a major global health concern, particularly in resource-limited regions where 
early and accurate diagnosis is crucial. This study proposes a novel deep learning-based approach for TB detection 
using microscopic sputum smear images. The core of the system is an enhanced Bidirectional Long Short-Term 
Memory (Bi-LSTM) model, tailored to capture complex sequential patterns within medical image features. To 
improve classification accuracy and convergence efficiency, the Firefly Algorithm is employed to optimize the 
model’s hyperparameters. Preprocessing techniques, including noise reduction and contrast enhancement, are applied 
to improve image quality, followed by feature extraction using convolutional layers. The optimized Bi-LSTM model 
is trained and validated on a curated dataset of TB-positive and TB-negative images. Experimental results demonstrate 
superior performance in terms of accuracy, sensitivity, and specificity compared to conventional models. This 
framework highlights the potential of integrating evolutionary optimization with deep learning for robust TB diagnosis 
in clinical settings. 
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Introduction 
Tuberculosis (TB), caused by Mycobacterium 
tuberculosis, is among the top infectious disease killers 
worldwide.The standard diagnostic approach—Ziehl-
Neelsen (ZN) stained sputum smear  microscopy—is 
time-consuming, labor-intensive, and prone to human 
error. There is a pressing need for intelligent, 
automated diagnostic tools to assist clinicians. This 
research proposes a robust deep learning framework 
that leverages Bi-LSTM for image-based TB detection 
and incorporates the Firefly Algorithm for model 
optimization. Tuberculosis (TB), a severe lung 
infection caused by Mycobacterium tuberculosis, 
remains a major global health issue, particularly in 
resource-limited areas where diagnostic tools are 
inadequate. Traditional methods like smear 
microscopy and X-rays are often slow and less    
reliable. To overcome these limitations, this study  
introduces an intelligent TB detection model using an 
enhanced Bi-LSTM deep learning architecture, 
optimized through the Firefly Algorithm. By 
processing microscopic sputum images with improved 
preprocessing techniques, the system accurately 
distinguishes TB-positive and TB-negative cases. The 
optimized model achieves high performance across 
key metrics, proving its potential for practical clinical 
deployment. Tuberculosis (TB) diagnosis has seen 
significant advancements in recent years due to the 
integration of artificial intelligence (AI) in medical 

imaging. Various deep learning and optimization 
techniques have been explored to enhance the 
accuracy and speed of TB detection, particularly in 
microscopic sputum smear images. Conventional TB 
diagnosis methods such as Ziehl-Neelsen stained 
smear microscopy, culture-based tests, and chest 
radiography are widely used. However, these 
techniques are often time-consuming, subjective, and 
require specialized personnel. Studies have shown that 
microscopy, although widely accessible, suffers from 
low sensitivity, especially in early-stage infections [1]. 
With the growing accessibility of computational power 
and annotated medical datasets, deep learning has 
become a powerful tool for medical diagnostics. 
Convolutional Neural Networks (CNNs) have been 
extensively applied for feature extraction and 
classification in medical image analysis. For instance, 
Lopes et al. [2] employed CNNs for TB detection in 
chest X-rays, achieving substantial accuracy 
improvements over manual interpretation.Long Short-
Term Memory (LSTM) networks, and their variant 
Bidirectional LSTM (Bi-LSTM), have demonstrated 
strong performance in modeling sequential and 
temporal dependencies in data. While primarily used 
in natural language processing and time series 
forecasting, their application in medical imaging is 
growing. Bi-LSTM networks have been adapted to 
extract temporal features from sequences of image 
patches or extracted deep features, allowing better 
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contextual understanding.  
Chen et al. [3] used LSTM layers in combination with 
CNNs for breast cancer histopathological image 
classification, reporting improved classification 
accuracy. The performance of deep learning models is 
highly dependent on the optimal  configuration of 
hyperparameters such as learning rate, dropout, 
number of hidden units, and batch size. Metaheuristic 
optimization algorithms, inspired by natural Yang 
[15] introduced the Firefly Algorithm (FA), a 
swarm intelligence-based metaheuristic 
inspired by the flashing behavior of fireflies. 
FA excels in solving non-linear optimization 
problems and has been widely applied in deep 
learning. Ramesh et al. [16] used FA to optimize 
CNN parameters for TB classification, improving 
convergence speed and model generalization. 
Ibrahim et al. [17] applied a hybrid FA-CNN model 
for lung disease detection, demonstrating superior 
accuracy compared to conventional training methods. 
Dhivya et al. [18] used FA to optimize U-Net 

parameters in brain tumor segmentation, showing that 
FA significantly enhances segmentation precision and 
model efficiency.Nayak et al. [19] developed a FA-
optimized CNN for diabetic retinopathy detection, 
which showed improvements in both accuracy and 
computational efficiency. Kalra et al. [20] integrated 
Firefly Algorithm with CNNs to develop deep hybrid 
models for infectious disease detection, which 
performed well across multiple datasets. Zhao et al. 
[21] used swarm intelligence algorithms including FA 
for optimizing deep models, emphasizing their 
effectiveness in medical image classification. 
Geometric features refer to the shape, size, 
structure, and spatial properties of tuberculosis 
bacilli or relevant regions in microscopic sputum 
smear images. These features are important in 
differentiating TB-positive from TB-negative 
samples, especially when used alongside deep learning 
models.geometric and shape-based features play a 
crucial role in accurately identifying single TB bacilli, 
overlapping bacilli clusters, and non-bacilli regions 
from microscopic sputum smear images. 

Shape features like Eccentricity, Compactness, 
Circularity, Tortuosity etc.The concordance 
(agreement with expert annotations) achieved by the 
proposed geometric and concavity-based method is 
93.3%, indicating high reliability in detecting and 
separating bacilli, even in dense clusters. 
phenomena, have shown great promise in automating 
hyperparameter tuning. Algorithms like Genetic 
Algorithm, Particle Swarm Optimization, and Ant 
Colony Optimization have been widely used in various 
applications. Among nature-inspired algorithms, the 
Firefly Algorithm (FA), introduced by Yang [4], has 
proven effective for solving nonlinear and multimodal 
optimization problems. Its principle is based on the 
attraction behavior of fireflies. Recent studies have 
successfully applied FA in image processing tasks, 
such as image enhancement, feature selection, and 
hyperparameter tuning. Sahu et al. [5] demonstrated 
the effectiveness of FA in optimizing CNN 
architectures for diabetic retinopathy detection.Few 
studies have integrated deep learning with 
optimization algorithms specifically for TB detection 
using microscopic images. Ramesh et al. [6] proposed 
a CNN-PSO hybrid model for TB detection in sputum 
smear images. Their method showed improvements in 
accuracy and convergence speed. However, most 
prior works have focused on chest X-rays or 
general deep learning models without considering the 
temporal dynamics that Bi-LSTM can provide.Costa 
et al. [7] utilized Convolutional Neural Networks 
(CNNs) for automatic detection of TB bacilli in Ziehl-
Neelsen stained sputum smear images, achieving a 
high sensitivity of ~97%, showing CNNs’ 

effectiveness in medical image classification tasks. 
 
Lopes et al. [8] leveraged pre-trained CNN models to 
extract deep features from microscopic images, 
followed by conventional classifiers like SVM. This 
approach provided a robust and transferable method 
for TB detection.Rakhlin et al. [9] proposed a patch-
based deep learning method to locate bacilli on 
digitized slides, providing hiprecision in identifying 
TB-infected regions. Samuel and Kanna [10] built a 
CNN-based detection system that processed 
sputum smear images to classify  
them into TB-positive and TB-negative, focusing on 
enhancing feature representation through custom 
filters.Ahmed et al. [11] employed a Bi-LSTM model 
for analyzing sequences from mammography images. 
The Bi-LSTM architecture effectively captured spatial 
relationships, indicating its potential in sequential 
image data analysis. Chowdary et al. [12] 
combined Bi-LSTM with VGG-16 extracted features 
to classify chest X-rays for TB detection, achieving 
better accuracy than standalone models due to Bi-
LSTM's ability to model temporal dependencies. 
Subhan et al. [13] conducted a comparative study and 
showed that Bi-LSTM outperformed traditional 
LSTM in detecting respiratory diseases due to its 
ability to process data in both forward and backward 
directions. Wang et al. [14] applied Bi-LSTM for 
classifying skin cancer images using dermoscopic 
sequences. This reinforced Bi-LSTM's suitability for 
medical imaging tasks that involve structural and 
spatial analysis. 
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II PROPOSED METHOD: 
 
The proposed methodology comprises a structured 
pipeline, including image acquisition, preprocessing, 
segmentation, feature extraction, classification, and 
optimization. The input to the proposed method is 
microscopic images of ZN-stained sputum smear. The 
proposed methodology establishes a comprehensive 
pipeline for tuberculosis (TB) detection, 
encompassing image acquisition, preprocessing, 
segmentation, feature extraction, classification using 
Bi-LSTM, and optimization via the Firefly Algorithm. 
Initially, high-resolution microscopic images of 
sputum samples, stained with the Ziehl-Neelsen (ZN) 
method, are captured using mobile phone cameras or 
digital microscopes. These images offer a cost-
effective and accessible diagnostic input. It consists 
mainly of five phases. The flow chart of the proposed 
technique is shown in Figure 1. 
 
Fig1. Flow chart of Proposed method  
 

 
a) Image Acquisition: 

High-resolution microscopic images of sputum 
samples, stained using the Ziehl-Neelsen (ZN) 
technique, are used as the primary input. These images 
are captured using mobile phone cameras or digital 
microscopes in clinical laboratories, offering 
accessibility and cost-effectiveness. Where, S is the 
original sputum sample, ZN(S) applies the Ziehl-
Neelsen staining to highlight acid-fast bacilli, C(.) 
captures the stained image using mobile phone or 
digital microscope,𝐼𝑠𝑡𝑑 is the final high-resolution 

input image used in the next stage of the pipeline. This 
symbolic representation shows how the sample goes 
through staining and capturing to produce a usable 
image for TB detection. 
b)Image Preprocessing 
 
 
During image preprocessing, noise is eliminated 
using Gaussian and median filters, while color 
normalization ensures uniform staining, and contrast 
enhancement through Adaptive Histogram 
Equalization (AHE) improves visibility of bacilli 
structures. The input to the proposed method is Digital 
images captured from sputum samples stained using 
the Ziehl–Neelsen staining technique To improve the 
quality and consistency of input data, multiple 
preprocessing techniques are applied: Noise 
Removal: Gaussian and median filters are used to 
remove background noise while retaining bacilli 
details. Color Normalization: Ensures uniformity 
across images with variable staining. Contrast 
Enhancement: Adaptive histogram equalization 
enhances visual clarity of bacilli structures. 
c)Segmentation: 
In the segmentation phase, Region of Interest (ROI) 
is extracted using Otsu’s or adaptive thresholding, 
followed by morphological operations and edge 
detection to refine bacilli-like regions. Region of 
Interest (ROI) segmentation is performed to isolate 
possible bacilli-containing regions using: 
Thresholding: Otsu’s or adaptive thresholding 
methods. Morphological Operations: Identify and 
extract bacilli-like components. Edge Detection: 
Enhances region boundaries for accurate 
segmentation. 
d)Feature Extraction: The next phase involves 
feature extraction, which combines handcrafted 
features such as area, perimeter, eccentricity, and 
shape descriptors with deep features obtained from 
CNN layers. These features provide a rich 
representation of bacilli characteristics. The system 
extracts two types of features: Handcrafted Features: 
Morphological and geometric descriptors such as area, 
shape, and edge density. Deep Features: Captured 
using CNN layers to represent complex visual patterns 
from the segmented ROIs. 

e) Classification Using Enhanced Bi-LSTM 
For classification, a Bidirectional Long Short-Term 
Memory (Bi-LSTM) model is employed, which 
processes both past and future context in feature 
sequences. A Bi-LSTM network serves as the 
classifier, benefiting from its ability to capture 
bidirectional temporal dependencies within the feature 
sequences. The architecture consists of: Input layer 
receiving combined handcrafted and deep feature 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 =	 −	 3	

𝑇𝑃+𝐹𝑃	

𝐹1	
=	
2𝑋
	
−	 5	

vectors. Stacked Bi-LSTM layers for temporal 
modeling. Fully connected dense layers followed by a 
sigmoid classifier for binary prediction (TB-positive 
or TB-negative). The architecture includes stacked Bi-
LSTM layers and a dense output layer using a sigmoid 
activation function: 
 

σ(𝑥) =  1  → 1 
1+𝑒−𝑥 

 
This outputs a binary classification: TB-positive (1) or 
TB-negative (0). Model Optimization Using Firefly 
AlgorithmTo improve the accuracy and efficiency of 
the classification model, the Firefly Algorithm is used 
for: Hyperparameter Optimization: Learning rate 
number of LSTM units, dropout rates, etc. Feature 
Subset Selection: Selecting the most discriminative 
features, reducing computational complexity and 
redundancy.The Firefly Algorithm is inspired by the 
natural behavior of fireflies and operates on the 
principle of light intensity-based attraction, which 
enhances both local and global search capabilities. To 
enhance performance, the Firefly Algorithm is 
integrated for optimizing 
hyperparameters (e.g., learning rate η number of 
LSTM units, and dropout rate d)and performing 
feature subset selection, improving model accuracy 
and reducing redundancy. The algorithm mimics the 
natural behavior of fireflies, using a brightness-based 
attraction model where the movement 𝑥𝑖 of a firefly 
i towards another brighter firefly j is governed by: 
 
𝑥𝑖 = 𝑥𝑖+ 
β0𝑒 − 
γ𝑟2 (𝑥𝑗 
− 𝑥𝑖) + 
αϵ → 2 
𝑖𝑗 
where β0 is attractiveness at distance 0,γ is light 
absorption coefficient, 𝑟𝑖𝑗 is the distance between 
fireflies, and αε adds randomization. 
III Decision and output is based on the optimized 
Bi-LSTM classifier’s output: TB-positive 
indicates the presence of acid-fast bacilli, while TB-
negative indicates their absence. The final decision 
is made based on the classification output of the 
optimized Bi-LSTM model: TB Positive: Indicates 
the detection of acid-fast bacilli. TB Negative: 
Suggests absence of bacilli. 
a) Evaluation Metrics: To assess the effectiveness 

of the proposed model, standard classification 
metrics are used: 

Accuracy: Measures the overall correctness 
of predictions.To evaluate the system's 
performance, standard metrics are used. 

Accuracy measures overall correctness: 
 𝑇𝑃+𝑇𝑁  
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 

 
Precision and Recall: Assess the model’s ability to 
detect actual TB-positive cases. Precision assesses 
true positive rate among predicted positives: 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   𝑇𝑃  − 4 
 
 
 
 

F1-Score: Harmonic means of precision and 
recall. The F1-score, a harmonic mean of 
precision and recall, is given by: 
 𝑃𝑅𝐸𝐶𝐼𝑆𝐼𝑂𝑁 𝑋 𝑅𝐸𝐶𝐴𝐿𝐿  
𝑃𝑅𝐸𝐶𝐼𝑆𝐼𝑂𝑁 + 𝑅𝐸𝐶𝐴𝐿𝐿 
 
ROC-AUC -Evaluates the model's capability to 
distinguish between classes. (Receiver Operating 
Characteristic - Area Under Curve) quantifies the 
model's ability to distinguish between TB-positive 
and TB-negative classes. 
III RESULT AND DISCUSSION: 
The aim of our study was to detect TB-bacilli in 
images of ZN-stained sputum smears that helps for 
the automatic diagnosis of TB. Performance of the 
proposed framework is tested using a dataset, which 
consists of 4,200 images. images). Comparative 
Table for TB Detection Using Microscopic Image. 
              TABLE-I COMPARISON TECHNIQUES 

 
FIG 2: COMPARISON GRAPH 

 

algorithm Accuracy (%) Precision (%) Sensitivit y 
(%) 

Specificit 
y(%) 

F1 
score(%) 

Optimiza tion 
used 

Referenc e 

CNN(B 
vaseline) 

91.2 90.3 89.6 92.1 89.9 None [2],[10] 

Bi-LST 
M only 

93.5 92.6 94.0 91.8 93.3 None [12],[13] 

CNN+Fir 
efly optimizat 
ion 

95.0 93.7 96.1 93.8 94.9 Firefly 
Algorith m 

[5],[16] 

Bi-LST 
M+Firefl 
y(Propos ed 
Model) 

96.3 95.4 97.2 94.7 96.3 Firefly 
Algorith 
m(Enha nced) 

Propose d 

Hybrid PSO-
CN N 

94.5 93.1 95.3 92.5 94.2 Particle Swarm 
Optimiza tion 

[6] 
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Here is the output graph comparing the performance 
of different TB detection models across key metrics: 
Accuracy, Precision, Recall, Specificity, and F1-
Score. The proposed Bi-LSTM + 
Firefly model outperforms others in all metrics. Let 
me know if you need this chart exported to a file (e.g., 
PNG, PDF) or included in a report. 
 
4. Conclusion 
This paper presents a novel TB detection framework 
that combines Bi-LSTM deep learning with Firefly 
Algorithm-based optimization for accurate 
classification of sputum smear images. The integration 
of advanced image processing, segmentation, and 
hybrid feature extraction techniques ensures high 
diagnostic performance. This method shows promise 
for deployment in low-resource clinical environments 
and can significantly aid in early TB diagnosis and 
treatment planning. 
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