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ABSTRACT

Enhancing tuberculosis diagnosis: A deep learning-based framework for 
accurate detection and quantification of TB bacilli in microscopic images

Introduction: Tuberculosis (TB), a highly contagious disease, remains one of 
the leading causes of death globally. The proposed computer-assisted TB 
detection system enhances diagnostic accuracy and efficiency by integrating 
deep learning and segmentation techniques. 

Materials and Methods: It consists of two key subsystems: Automated field-of-
view (FOV) recognition and TB bacilli segmentation. Using a motorized 
microscopic stage, the system systematically captures Ziehl-Neelsen-stained 
sputum smear images at 100x magnification. A customized Inception V3 
model with transfer learning identifies FOVs containing TB bacilli, reducing 
variability and manual effort. Segmentation techniques, including coarse-level 
thresholding and shape descriptors like area, perimeter, and eccentricity, 
refine bacilli detection and eliminate artifacts. 

Results: This study highlights the significant potential of deep learning and 
image processing techniques in advancing medical diagnostics, particularly 
TB detection. This framework has the potential to improve clinical outcomes 
and support global TB eradication efforts by providing a reliable tool for early 
TB diagnosis.

Conclusion: The system achieved a mean receiver operating characteristic 
score of 0.9505, a precision of 0.924, a recall of 0.882, and an F1 score of 
0.902, demonstrating its potential to improve TB screening, particularly in 
resource-limited settings. By minimizing reliance on skilled technicians and 
enhancing diagnostic reliability, this approach offers a scalable solution for 
effective TB detection and severity assessment.
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INTRODUCTION

Tuberculosis (TB), caused by Mycobacterium tuber-
culosis (MTB), remains a major global health chal-
lenge despite medical advances. The disease, primar-
ily transmitted via airborne droplets, predominantly 
affects the lungs, accounting for up to 85% of cases, 
but can also involve other organs such as the skin, 
bones, kidneys, and brain. According to the World 
Health Organization (WHO), approximately 10 mil-
lion people develop active TB annually, resulting in 
nearly two million deaths. Accurate and timely diag-
nosis is vital to controlling the spread of TB. 
Conventional diagnostic methods like culture, Ziehl-
Neelsen (ZN) staining, and tuberculin skin tests are 
reliable but often slow and labor-intensive. In 
resource-constrained settings, the demand for 
high-throughput screening further strains diagnostic 
workflows, increasing the likelihood of human error 
and delaying treatment. 

Microscopy remains a cornerstone in TB detection. 
Sputum smears are stained and analysed manually by 
trained technicians, who scan randomly from 6.050 
microscopic fields of view (FOVs) per specimen. As 
per WHO guidelines, two samples per patient must 
be screened to ensure diagnostic accuracy. This pro-
cess is time-consuming, induces fatigue, and often 
leads to reduced sensitivity and specificity in 
high-prevalence regions. Acid-fast bacilli ( AFB) count 
in FOVs helps classify TB severity: >10 AFBs/FOV 
indicates a 3+ level; 1-10 AFBs in 100 FOVs indicates 
2+ or 1+ levels, while 1-9 AFBs across 100 FOVs 
denotes a scanty infection (1). Manual screening of 

this scale is unsustainable under heavy workloads, 
demanding the need for automated, AI-driven diag-
nostic solutions.

Recent advances in image processing and machine 
learning offer promising alternatives (2). Object 
detection and classification techniques powered by 
neural networks have demonstrated high accuracy, 
especially when training and testing data share simi-
lar acquisition parameters (3). Protocol adherence 
and technician shortages, however, continue to limit 
traditional microscopy’s diagnostic potential. Several 
machine learning models have been developed for 
TB detection. Kusworo et al. have applied Otsu 
thresholding to NTSC-transformed grayscale images 
for feature extraction (4). Osman et al. have used a 
pixel classifier and k-means clustering with a Hybrid 
Multi-Layered Perceptron for classification (5). 
Bayesian techniques, CY color models, and two-level 
segmentation strategies have also shown effectiveness 
in isolating and identifying TB bacilli (6-8). 
Convolutional Neural Networks (CNNs) have become 
a key technology in TB bacilli detection. Compared to 
shallow networks, CNNs require fewer parameters 
and provide higher classification performance (9). 
Transfer learning has further boosted their accuracy 
(10,11). Yang et al. combined CNN and logistic 
regression to classify AFB from stained tissues, while 
Panicker et al.’s DenseNet-based model achieved 
99.7% accuracy on an open-source dataset using 
fivefold cross-validation (12,13). Additional approach-
es have incorporated fuzzy logic and hybrid models 
for enhanced segmentation and classification (14).

ÖZ

Tüberküloz tanısında doğruluğun arttırılması: Mikroskobik görüntülerde TB bacilli tespiti ve sayımı için derin öğrenme tabanlı bir 
yöntem

Giriş: Son derece bulaşıcı bir hastalık olan tüberküloz (TB), küresel çapta önde gelen ölüm nedenlerinden biri olmaya devam 
ediyor. Önerilen bilgisayar destekli TB tespit sistemi, derin öğrenme ve segmentasyon tekniklerini entegre ederek tanısal doğruluğu 
ve verimliliği arttırıyor.

Materyal ve Metod: Sistem iki temel alt sistemden oluşur: Otomatik görüş alanı (FOV) tanıma ve TB bacilli segmentasyonu. Motorlu 
bir mikroskobik aşama kullanarak sistem, 100x büyütmede Ziehl-Neelsen boyalı balgam yayma görüntülerini sistematik olarak yakalar. 
Transfer öğrenimi olan özelleştirilmiş bir Inception V3 modeli, TB bacilli içeren FOV’ları belirleyerek değişkenliği ve manuel çabayı 
azaltır. Alan, çevre ve eksantriklik gibi kaba seviye eşikleme ve şekil tanımlayıcıları da dahil olmak üzere segmentasyon teknikleri, 
bacilli tespitini iyileştirir ve eserleri ortadan kaldırır.

Bulgular: Bu çalışma, derin öğrenme ve görüntü işleme tekniklerinin tıbbi teşhisleri, özellikle de TB tespitini ilerletmedeki önemli 
potansiyelini vurgulamaktadır. Bu çalışma, erken TB teşhisi için güvenilir bir araç sunarak, klinik sonuçları iyileştirme ve küresel TB 
eradikasyon çabalarını destekleme potansiyeline sahiptir.

Sonuç: Sistem, 0.9505’lik ortalama bir ROC puanı, 0.924’lük bir hassasiyet, 0.882’lik bir geri çağırma ve 0.902’lik bir F1 puanı elde 
ederek, özellikle kaynak kısıtlı ortamlarda TB taramasını iyileştirme potansiyelini gösterdi. Nitelikli teknisyenlere olan bağımlılığı en aza 
indirerek ve tanı güvenilirliğini arttırarak, bu yaklaşım etkili TB tespiti ve ciddiyet değerlendirmesi için ölçeklenebilir bir çözüm sunar.

Anahtar kelimeler: Tüberküloz tespiti; balgam yayma analizi; görüş alanı tanıma; TB bacilli segmentasyonu; otomatize mikroskopi
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This study presents a CNN-based system designed to 
automate the detection and classification of TB bacil-
li, aiming to improve diagnostic efficiency and reli-
ability in high-burden settings. The contributions of 
the work are presented below.

1.	 Automated microscopic imaging: A motorized 
microscopic stage with programmable scanning 
patterns (zigzag, spiral, etc.) automates FOV 
acquisition, increasing throughput and minimiz-
ing human intervention during specimen exam-
ination.

2.	 Deep learning-based recognition: A cus-
tom-tuned Inception V3 deep neural network 
combined with transfer learning and an Support 
Vector Machine (SVM) classifier effectively dis-
tinguishes TB-infected from non-infected FOVs, 
enhancing diagnostic accuracy.

3.	 Efficient feature extraction and classification: 
Transfer learning using pre-trained ImageNet 
weights allows for fast and accurate microbial 
classification. SVM parameters are optimized 
using grid search and heuristics for precise clas-
sification.

4.	 Robust bacilli detection and counting: The sys-
tem integrates advanced preprocessing, two-lev-
el segmentation, morphological filtering, and 
shape descriptor analysis to accurately detect 
and count TB bacilli, aiding severity estimation.

5.	 Validated with diverse datasets: The system was 
trained and tested on over 1.200 annotated 
images sourced from real clinical specimens and 
public databases, achieving a high ROC value 
(0.9505) and demonstrating generalizability 
across different data sources.

MATERIALS and METHODS

Automated microscopy has significantly advanced 
digital image acquisition for medical diagnostics, 
particularly for diseases like TB. In microscopic spu-
tum smear analysis, capturing multiple FOVs is 
essential to build a TB dataset. This is achieved using 
a digital camera mounted on the microscope eye-
piece and a programmable motorized stage to auto-
mate FOV scanning. While commercial motorized 
stages are available, they are often costly and limited 
in flexibility. Earlier solutions, such as the 3-axis 
motorized stage introduced by Champbell et al., 
employed open-loop stepper motors for X, Y, and 
Z-axis movement but lacked the precision offered by 

feedback mechanisms (15). Automated stages are 
also widely used in applications such as cell migra-
tion tracking and stereological measurements like 
cell counting and morphology analysis (16,17). For 
high-precision needs, systems with submicron reso-
lution have been developed. Bhakti et al. enhanced 
microcontroller precision using the FT232RL chip 
and ATMEGA 8 software, achieving resolutions of 
approximately 0.198 µm/step horizontally and 0.197 
µm/step vertically (18).

In addition to hardware advancements, deep neural 
networks have revolutionized image classification. 
AlexNet was a landmark CNN model that achieved 
top performance in the 2012 ImageNet challenge 
(19). It introduced deep convolutional layers and 
large filter banks to effectively learn hierarchical fea-
tures. Subsequent developments, such as the Inception 
architecture, optimized local receptive fields and 
computation using parallel multi-scale filters (1 × 1,  
3 × 3, and 5 × 5) and dimensionality reduction 
through 1 × 1 convolutions (20,21). Inception V3 
further improved upon this with auxiliary classifiers to 
enhance convergence and accuracy (22,23). Recently, 
pulmonary TB diagnosis using an intelligent micros-
copy scanner and image recognition model for 
improved AFB detection in smears has been proposed 
by Chen et al., incorporating artificial intelligence and 
machine learning (24). Although computationally 
intensive, a study on detecting TB bacilli using the 
YOLOv8 model was also proposed. An additional 
detection head was added to the YOLO architecture 
specifically for identifying TB bacilli. The model 
demonstrated good performance, achieving a preci-
sion of 85.7% in bacilli detection (25). Fu et al. have 
proposed an AI-based TB detection system that also 
classifies the severity of the infection based on WHO 
grading. However, the automated scanning tool in 
their system had a relatively low sensitivity of 77.4% 
(26). An advanced fuzzy-based algorithm was pro-
posed by Samuel et al. for categorizing the severity 
level of TB after detecting and counting TB bacilli (27).

The proposed system uses these advances to build a 
fully automated TB diagnosis pipeline. It integrates a 
programmable microscopic stage for autonomous 
specimen scanning with a deep learning-based rec-
ognition module (28). The scanning path is configu-
rable, allowing the system to function without human 
intervention. For recognition, pre-trained models like 
VGG and Inception V3 are fine-tuned using domain 
adaptation and transfer learning. Following FOV  
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classification, a two-stage segmentation process is 
applied to detect AFB in ZN-stained slides. Initial 
RGB thresholding performs coarse segmentation, 
followed by Sauvola’s local thresholding for fine seg-
mentation (29). Morphological features, such as area, 
perimeter, convexity, and axis length are then extract-
ed to accurately identify and count TB bacilli, provid-
ing clinically relevant diagnostic information.

Automated microscopic TB detection system

The proposed microscopic TB detection system is 
designed to assist in rapid disease diagnosis, particu-
larly in regions where the high volume of sample 
examinations overwhelms technicians. To address 
this challenge, the system incorporates a motorized 
microscopic stage which reduces the dependency on 
humans and increases the throughput of sputum 
smear examinations. The system is intuitive enough 
for use by individuals with minimal knowledge of 
microscopy, as illustrated in Figure 1.  

The system comprises three primary stages:  

1. Data collection system  

2. Recognition system  

3. TB bacilli counting 

Data collection system

The data collection system automates the capture of 
all FOVs during specimen scanning using a program-
mable microscopic stage. The stage is capable of 

precise movements in horizontal and vertical direc-
tions, covering the specimen entirely according to 
the WHO standard for slide preparation (2 cm x 1 
cm, equivalent to 20.000 square micrometers). A 
digital camera with CMOS sensor is attached to the 
top of microscope eyepiece captures high-resolution 
images or videos as shown in Figure 2. The motorized 
stage supports various scanning patterns, including 
inward square, circular, spiral, interlaced and zigzag, 
enhancing diagnostic sensitivity and specificity (28).

Components of the programmable microscopic stage: 

1. Programmable user-driven interface: A 2D 
Computer-Aided Design software, DraftSight, defines 
the zig-zag scanning patterns, exporting movement 
instructions in .DFX format.  

2. Microcontroller: Converts .DFX files into G-Codes 
using micro-computer and numeric control software, 
enabling machine-understandable movement com-
mands.  

3. Linear driving system: Utilizes an efficient servo 
motor-based closed-loop driving system for a precise 
X-Y directional movements.  

This setup minimizes human intervention in acquir-
ing all the field of views.

Recognition system  

The recognition system classifies infected and non-in-
fected FOVs using Deep Learning models, with trans-
fer learning applied to Inception V3, a pre-trained 

Figure 1. Workflow of the proposed TB bacilli detection system.
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Figure 2. Automated digitalization of specimen using programmable microscopic stage.

Figure 3. Recognition of infected field of view.
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network as illustrated in Figure 3. The transfer learning 
and SVM-based classification streamline the microbi-
al FOV detection. The Inception V3 architecture, with 
its efficient dimensionality reduction techniques, is 
optimized for computational speed and accuracy. By 
substituting the 5 x 5 convolution layers with 3 x 3 
filters and employing 1 x 1 convolutions for dimen-
sionality reduction, the model enhances feature 
extraction capabilities. Transfer learning, which 
applies knowledge from pre-trained models to new 
datasets, further improves classification efficiency 
while mitigating overfitting risks. The microbial data-
set, comprising labelled images of infected and 
non-infected field views, undergoes cross-validation 
to determine optimal parameter settings for the SVM. 
The Support Vector Machine Optimization uses grid 
search and heuristics validate SVM parameters. And 
the Kernel functions optimize the decision boundary 
for better separation of microbial and non-microbial 
datasets.  

Custom-tailored inception V3 model

Google’s Inception V3 DeepNet architecture features 
22 deep layers dedicated to training datasets, with 
the total number of layers, including pooling layers, 
reaching approximately 100. A linear layer is incor-
porated into this model for linear activation, while 
rectified linear activations are applied to all convolu-
tion layers within the Inception module. The model’s 
receptive field is 229 x 229 in the RGB colour space, 
normalized to have a zero mean. In the Inception 
architecture, layers are stacked sequentially and con-
catenated to derive output correlations effectively. As 
spatial resolution decreases with each successive 
layer, higher layers capture more abstract features. To 
address computational inefficiencies, the Inception 
V3 model incorporates dimensionality reduction 
techniques. Specifically, 3 x 3 and 5 x 5 convolution 
filters are utilized in the higher layers; however, 5 x 5 
convolutions are computationally expensive. To miti-
gate this, the architecture replaces 5 x 5 filters with 
multiple 3 x 3 filters and applies 1 x 1 convolution 
filters before complex convolutions to reduce dimen-
sions further. This design aggregates visual informa-
tion at each stage and passes it to subsequent layers, 
significantly improving computational efficiency. The 
Inception V3 model processes feature at a fraction of 
the computational cost, achieving speeds 3 to 10 
times faster than non-inception models.

In our transfer learning approach, the early convolu-
tional layers of the Inception V3 model is responsible 
for capturing low-level generic features, were frozen 
during training to retain their pre-trained weights. 
Fine-tuning was applied to the deeper layers, specifi-
cally the final inception block and the fully connect-
ed layers, to adapt the model to the domain-specific 
characteristics of ZN-stained sputum smear images. 
This selective training helped prevent overfitting and 
reduced computational requirements while allowing 
the network to specialize in recognizing TB bacil-
li features.

Transfer learning

Training a large dataset for recognizing TB-bacilli 
FOVs from the scratch is time-intensive and prone to 
overfitting. To address this, transfer learning is 
employed. Transfer learning methods are classified 
into supervised, semi-supervised, and unsupervised 
approaches, with knowledge transfer occurring 
through examples, representations, parameters, or 
relational structures. In this system, the pre-trained 
Google’s Inception V3 network, trained on the 
ImageNet dataset weights is transferred for microbial 
classification tasks. These weights are fine-tuned to 
meet application-specific requirements, especially by 
importing pre-trained weights before the fully con-
nected layers and passing them to a SVM for classifi-
cation.

This process ensures accurate microbial dataset clas-
sification while significantly reducing computational 
complexity. Optimal SVM parameters are determined 
through empirical evaluation using cross-validation 
and heuristic approaches, enabling low-error classifi-
cation. This transfer learning framework leverages 
existing knowledge effectively, ensuring fast and 
reliable performance.

Classification using support vector machine

Once knowledge is transferred, SVM parameters are 
optimized and validated for the target domain. 
Gradient-free numerical optimizers are employed to 
refine SVM parameters and reduce the search space. 
The SVM identifies the optimal separating hyperplane 
for linear and non-linear data by solving a quadratic 
programming problem. Parameters, such as σ and C, 
play a critical role in the placement and orientation 
of the hyperplane. Adjusting these parameters allows 
the SVM to balance margin maximization and error 
tolerance effectively.
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To optimize the SVM classifier, a comprehensive grid 
search was conducted to identify the most effective 
combination of hyperparameters. The regularization 
parameter C was varied across the range 
(0.1,0.5,1.0,10.0), and multiple kernel functions, 
including linear, polynomial, and Radial Basis 
Function (RBF) were evaluated. The RBF kernel con-
sistently yielded superior performance in cross-vali-
dation, striking a balance between classification 
margin and misclassification tolerance. Parameter 
tuning was guided by 5-fold cross-validation on the 
training data, and the configuration yielding the high-
est mean accuracy was selected. This structured opti-
mization process ensured a robust and generalizable 
decision boundary for TB classification. This hybrid 
deep learning-SVM approach was chosen to leverage 
the strength of deep feature extraction from Inception 
V3 while using SVM as an effective and light-
weight classifier.

Higher values of parameter C result in narrower mar-
gins with fewer training errors, whereas smaller C 
values create wider margins with higher training 
errors. Using grid search algorithms, the system iden-
tifies the optimal parameters and kernel functions for 
SVM classification. Extracted pre-trained weights 
from the Inception V3 model, prior to the fully con-
nected layers, are passed to the SVM for classifica-
tion. By tuning and validating these parameters, the 
system achieves robust image classification in micro-
bial datasets.

TB bacilli counting  

Image preprocessing is a critical step in TB bacilli 
detection, enhancing image quality through contrast 
stretching and separation of RGB colour planes. 
Following enhancement, segmentation techniques 
distinguish the red-stained TB bacilli from the bluish 
background. A two-level segmentation approach-
coarse and fine-separates bacilli from debris, using 
adaptive local thresholding methods like Sauvola’s 
technique for precision. The segmented images 
undergo connected component analysis to eliminate 
non-bacilli objects, ensuring accurate feature 
extraction.

Morphological operations further refine the analysis 
by focusing on shape descriptors to identify TB bacil-
li. These descriptors include area, perimeter, circular-
ity, major axis length, convex hull perimeter, and 
eccentricity, all of which characterize the rod-shaped 
morphology of TB bacilli. By integrating these geo-
metrical and shape features, the system distinguishes 
TB bacilli from non-TB bacilli with high accuracy. The 
comprehensive automation and advanced recogni-
tion techniques employed in this system significantly 
enhance the diagnostic process, reducing human 
dependency and improving outcomes in TB detec-
tion. Thus, the microscopic examination of speci-
mens is automated in the proposed system, signifi-
cantly reduced the reliance on skilled technicians. By 
integrating programmable scanning stages and deep 

Figure 4. ROC curve for Inception V3 + SVM.
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learning models, the system enhances sensitivity, 
specificity, and throughput. The combined segmenta-
tion, morphological operations, and feature extraction 
accurately detect and quantify TB bacilli, providing 
critical insights into disease severity and supporting 
clinical decision-making. 

Experiments and discussion

This section details the collection of microscopic 
images of infected and non-infected bacilli FOVs and 
the training and testing process of the InceptionV3-
SVM model for classifying AFB infection using the 
acquired image data.

TB digital corpus for learning

To develop and validate the InceptionV3-SVM deep 
learning model, a dataset comprising digital images 
and videos of TB bacilli (also known as AFB) in both 
infected and non-infected states was curated. ZN 
stained sputum smear specimens served as the 
source for these images, obtained from two main 
contributors. The Pondicherry Institute of Medical 
Sciences (PIMS), a multi-specialty hospital situated in 
southern India near Tamil Nadu and Pondicherry, 
provided anonymized ZN-stained samples from pul-
monary TB patients. These samples were specially 
prepared to emphasize sputum regions for efficient 
pulmonary TB screening. As per the ethical norms, 
once the slides are digitalized, we returned the slides 
back to the hospital. Since 2016, PIMS has been 
sharing these specimens, facilitating the construction 
of a robust TB digital corpus consisting of images and 
videos. The specimens were analyzed using an 
Olympus C21i microscope integrated with a motor-
ized stage. The zigzag scanning pattern ensured com-
plete FOV coverage, with the camera mounted on 
the eyepiece capturing the views as images or videos. 
Videos were recorded at a resolution of 1920 x 1280 
pixels, 25 fps, and 72 dpi. The video frames were 
later decomposed into distinct, non-overlapping 
images.

To enhance dataset diversity, additional ZN-stained 
sputum smear FOV images were obtained from the 
Ziehl-Neelsen Sputum Smear Microscopy Image 
Database (ZNSMiDB). Developed by Shah et al. in 
collaboration with Jaypee University of Information 
Technology and Indira Gandhi Medical College, 
India, the database contains over 1000 images 
(800x600 pixels, 72 dpi), categorized into TB FOV, 
non-TB FOV, auto-focused TB bacilli, and manually 
segmented TB bacilli images.

Fine-tuning the inception V3 model

A total of 1242 images were collected for training, 
comprising 620 FOV images with TB bacilli and 622 
without TB bacilli. The Inception V3 model was fine-
tuned using backpropagation to recognize TB-specific 
features, with input images resized to 229 x 229 
pixels and converted to RGB. To improve computa-
tional efficiency, 5 x 5 convolution filters were 
replaced with 3 x 3 filters, and batch normalization 
auxiliary classifiers were removed. Training was con-
ducted for 50 epochs using stochastic gradient 
descent with a batch size of 25, a learning rate of 
0.045, and exponential decay every two epochs. 
Max pooling with a stride of 2 pixels was applied for 
dimensionality reduction, while dropout with a 0.5 
rate in fully connected layers helped prevent overfit-
ting. Pre-trained ImageNet weights were fine-tuned 
with TB images, and the final softmax layer was opti-
mized through backpropagation to enhance classifi-
cation accuracy.

Cross-validation and model evaluation

During evaluation, stratified K-fold cross-validation 
(K= 5) is employed, splitting the dataset into training, 
validation and testing subsets while ensuring bal-
anced representation. The dataset of 1242 images is 
categorized into TB bacilli and non-TB bacilli FOVs, 
maintaining a 4:1 split ratio, with 40 samples used 
for training and 10 for testing per fold. The mean 
accuracy across all folds serves as the final evaluation 
metric. To further validate performance, the receiver 
operating characteristic (ROC) curve is analyzed, 
with a mean value of 0.9505, indicating high classi-
fication accuracy (Figure 4). The SVM classifier is 
used during cross-validation, where a grid search 
identifies the optimal C-value (0.5) and kernel func-
tion, with the RBF kernel yielding the best results. 

The model’s accuracy is defined as the percentage of 
correctly identified TB and non-TB FOV instances 
and is computed using the formula: 

Accuracy= 
(TP+TN)

(TP+TN+FP+FN) (1)

Here, TP, FN, FP, and TN represent the counts of true 
positives, false negatives, false positives, and true 
negatives, respectively. Table 1 summarizes the per-
formance evaluation of both the fine-tuned Inception 
V3 model and the customized Inception V3+SVM 
model.
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To ensure robust evaluation and enhance the gener-
alizability of the proposed model, the dataset was 
curated from two independent sources viz., the PIMS 
and the publicly available ZNSMiDB. This combina-
tion introduces variability in slide preparation, stain-
ing quality, imaging equipment, and clinical condi-
tions, reflecting real-world heterogeneity commonly 
encountered in TB diagnostics. Such multi-source 
data composition helps mitigate biases associated 
with single-institution datasets and supports the 
development of a model resilient to diverse image 
characteristics.

Further model performance was assessed using strat-
ified 5-fold cross-validation, a widely accepted inter-
nal validation method in medical imaging studies, 
which ensures balanced representation of infected 
and non-infected samples across folds. This approach 
provides a rigorous and stable estimate of the model’s 
classification accuracy while minimizing overfitting 
risks. The consistently high accuracy and low vari-
ance observed across folds indicate strong model 
stability. The inclusion of publicly sourced data with-
in the validation process partially addresses general-
izability concerns.

Segmentation

Once the infected field of view is identified, the 
image undergoes segmentation to separate the fore-
ground from the background through a process 
known as image thresholding. In this scenario, the TB 
bacilli, which are characterized by their red color-
ation, are distinguished from the predominantly blue 
background. Both coarse and fine-level segmentation 
methods are utilized to isolate the bacilli from their 
surrounding background. During the coarse-level 
segmentation phase, pixels corresponding to the TB 

bacilli are marked as the foreground, and a threshold 
parameter (T) is applied to differentiate them from the 
background, as shown in Figure 5. This procedure is 
iterated until the mean intensity values for the fore-
ground and background pixels are calculated.

The fine-level segmentation phase employs adaptive 
local thresholding, which considers both the pixel’s 
intensity and its surrounding neighborhood. The seg-
mented image from the coarse-level stage serves as 
the input for this phase, where a local threshold is 
determined for each pixel based on the intensity val-
ues of its neighboring pixels. The technique is imple-
mented here from Sauvola’s method, which calcu-
lates a specific threshold for each pixel. Let g(x, y) 
represent the intensity of a pixel at the coordinate (x, 
y) (30). 

o (x,y)= m (x,y) o  if g (x,y) ≤ t(x,y)   	          (2){255 otherwise

Following both the coarse-level and fine-level seg-
mentation stages, the segmented outcomes are com-
bined to detect a foreground containing TB bacilli. 
However, residual debris may still be present. To 
eliminate these extraneous elements, an 8-pixel con-
nected component analysis is performed. The con-
nected pixel groups are evaluated to classify them as 
either TB bacilli or non-TB bacilli objects.

Morphological operations

Once the image is segmented, morphological opera-
tions are applied to further refine the image and 
extract features. These operations help in identifying 
the shape descriptors of the TB bacilli, which is a rod-
shaped object with defined parameters for size and 
structure.

Table 1. Cross-validation results for inception v3 and SVM

Inception V3 + SVM (Accuracy ± STDV) Inception V3 (Fine tuning)

Number of TB infected FOV samples 620 620

Number of non-infected FOV samples 622 622

One-fold validation 85.254 ± 0.295 --

Two-fold validation 99.567 ± 0.053 --

Three-fold validation 90.734 ± 0.054 --

Four-fold validation 100 ± 0 --

Five-fold validation 99.637 ± 0.012 --

Average accuracy 95.05 78.37

SVM: Support vector machine, STDV: Standart deviation, FOV: Field-of-view.
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To classify the bacilli as TB or non-TB, various geo-
metrical and shape features are extracted, which 
include:

•	 Area (A) and perimeter (P): The area quantifies 
the total number of pixels comprising an object, 
whereas the perimeter measures the length of its 
boundary or contour.

•	 Circularity or roughness: Circularity evaluates 
the object’s roundness, ensuring it is neither 
overly elongated nor square-like. This metric is 
particularly helpful in identifying geometrical 
forms such as cylinders, spheres, and cones.

•	 Major axis length: This represents the longest 
diameter of the object, passing through its center 
and touching the farthest points along its bound-
ary.

•	 Convex hull perimeter: The convex hull is the 
smallest boundary enclosing the object. The 

perimeter of this convex hull provides an esti-
mate of the object’s overall shape, with adjust-
ments made to exclude unnecessary points and 
refine its contour.

•	 Eccentricity: This parameter measures the elon-
gation of an object by comparing the longest axis 
to the perpendicular axis, aiding in distinguish-
ing between elongated and circular shapes.

These geometrical features are crucial in identifying 
and classifying TB bacilli from other objects in the 
image. 

Comparison with existing work

The proposed TB detection system demonstrates 
promising performance in identifying TB bacilli in 
digitized ZN-stained sputum smear images. By lever-
aging a fine-tuned Inception V3 architecture com-
bined with an SVM classifier, the model achieved an 
average classification accuracy of 95.05% and an 

Figure 5. Shows the steps involved in the segmentation of TB bacilli. (A) Digitized FOV with TB bacilli in purple. (B) Coarse and 
fine-level segmentation using RGB thresholding and Sauvola’s algorithm. (C) Debris removed after applying shape descriptors. (D) 
TB bacilli detected and counted using generated bounding boxes.

A

C D

B
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F1-score of 0.902 for bacilli segmentation. These 
metrics indicate strong model generalization and 
detection capability. However, to fully appreciate 
the system’s contribution, it is important to contextu-
alize these results within the landscape of existing 
literature and to critically reflect on the challenges 
and future work needed for clinical adoption.

The studies in TB detection using machine learning 
and deep learning have reported performance met-
rics in the range of 85-93% accuracy and F1-scores 
ranging from 0.78 to 0.89. For instance, Lopes et al. 
used a CNN-based architecture for bacilli detection 
and achieved an F1-score of 0.88 on a similar 
ZN-stained dataset (31). Sharma et al. reported 
91.4% accuracy using an ensemble CNN model, 
although it required a larger training dataset and lon-
ger inference times (32). Hwang et al. proposed a 
patch-based method using AlexNet, which showed 
high sensitivity (up to 94%) but suffered from a high-
er false-positive rate and slower scanning speed (33). 
Compared to these approaches, proposed method 
shows a balanced improvement in both computa-
tional efficiency and diagnostic performance. The 
integration of transfer learning (from ImageNet) and 
domain-specific adaptation through SVM optimiza-
tion has allowed us to maintain high classification 
accuracy even with a relatively modest dataset size. 
The two-level segmentation approach combined with 
morphological operations achieves a precision of 
0.924 and a recall of 0.882. These results demon-
strate the effectiveness of the method in accurately 
detecting TB bacilli. Consequently, we obtained a 
high F1 score of 0.902, indicating a strong balance 
between precision and recall in the detection pro-
cess. This performance highlights the robustness of 
the proposed technique for identifying TB bacilli in 
microscopic images.

The proposed TB detection system is promising but 
also has some limitations in clinical relevance. The 
dataset used though is limited in diversity, being 
sourced primarily from two sources. This lack of vari-
ation in staining techniques, imaging equipment, and 
patient demographics could hinder the model’s gen-
eralizability to broader clinical scenarios. Another 
key limitation is the absence of independent external 
validation. While 5-fold cross-validation assesses 
internal consistency, it does not reflect true perfor-
mance on unseen data. Independent testing on exter-
nal datasets is critical in medical imaging to confirm 
a model’s robustness and reliability across settings. 

The implementation of the system in clinical practice 
also presents challenges. It requires specialized hard-
ware, such as a programmable motorized micro-
scope stage, which may not be accessible in all 
healthcare settings, particularly in low-resource areas 
where TB is most prevalent. Furthermore, some level 
of operator training and regulatory clearance would 
be essential before the system can be adopted in 
practice.

Future research prioritizes assembling a more diverse 
and representative dataset and testing the system in 
real clinical workflows. Optimizing the model for 
portable or embedded devices could also increase 
accessibility in resource-limited regions. In addition, 
integrating patient metadata and adding explainabili-
ty features would enhance clinical trust and usability.

CONCLUSION

In this study, we presented a robust and efficient deep 
learning-based framework for the detection and clas-
sification of TB bacilli (AFB) from ZN stained sputum 
smear images. By leveraging the Inception V3 model 
in combination with a SVM classifier and utilizing 
transfer learning, we developed a highly accurate and 
computationally efficient system for distinguishing 
TB-infected and non-infected fields of view. The use 
of advanced segmentation techniques specifically, 
coarse and fine-level segmentation with adaptive 
local thresholding based method, enabled precise 
bacilli isolation from complex image backgrounds. 
Additionally, the extraction of key geometrical and 
shape descriptors further enhanced detection robust-
ness.

The model demonstrated strong performance, achiev-
ing a mean ROC curve score of 0.9505, a precision 
of 0.924, a recall of 0.882, and an F1 score of 0.902. 
Stratified K-fold cross-validation confirmed the mod-
el’s stability and generalizability across diverse imag-
ing conditions. Beyond these technical results, the 
system offers practical advantages for TB screening, 
particularly in low-resource settings where access to 
trained personnel is limited. By automating bacilli 
identification and reducing human error, the system 
facilitates faster, more consistent diagnoses and can 
be integrated into existing diagnostic workflows. Its 
modular design also opens the possibility for remote 
diagnostics via telemedicine and supports deploy-
ment in field or mobile laboratory environments.

Looking ahead, future research will address several 
key areas to strengthen the clinical applicability of 



Tuberk Toraks 2025;73(3):165-177

TB diagnosis

176

this system. Expanding the dataset to include more 
diverse samples with variations in staining tech-
niques, imaging equipment, and patient demograph-
ics will enhance generalizability and robustness. 
Refining the segmentation pipeline using more 
advanced, data-driven methods could further improve 
detection precision in challenging visual environ-
ments. In addition, efforts will be directed toward 
optimizing the system for real-time operation on 
portable or embedded devices to increase accessibil-
ity in remote regions. Integrating clinical metadata 
and explainable AI components will also be explored 
to support clinician interpretation, foster user trust, 
and comply with medical regulatory standards. 
Finally, these directions will help transform the pro-
posed system from a research prototype into a prac-
tical diagnostic solution with real-world impact in 
global TB control efforts.
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