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Abstract Tuberculosis (TB) remains one of the most pressing global health challenges, particularly in low-
and middle-income countries, where diagnostic capacity is often limited. Accurate and efficient detection
of Mycobacterium tuberculosis bacilli in sputum smear samples stained with Ziehl-Neelsen remains the
cornerstone of TB diagnosis. However, conventional microscopic examination is inherently labor-
intensive, subject to interobserver variability and prone to human error, leading to inconsistent diagnostic
outcomes. Addressing these limitations, this study proposes the development of an automated bacilli
detection and quantification system utilizing the YOLO (You Only Look Once) object detection framework,
specifically the YOLOv8 architecture, to improve diagnostic accuracy, consistency, and efficiency in TB
identification. The research methodology encompasses image acquisition of Ziehl Neelsen-stained sputum
samples from the Microbiology Laboratory of Universitas Airlangga Hospital (RSUA) and publicly available
repositories, followed by meticulous annotation using Roboflow. The annotated dataset was employed to
train the YOLOv8 model, and performance was evaluated through key metrics, including accuracy,
precision, and error rate. The developed model achieved an overall accuracy of 73.33%, with class-wise
accuracies of 100% for BTA 1+, 80% for BTA 2+, and 40% for BTA 3+ categories, conforming to IUATLD
classification standards. The suboptimal performance observed in the BTA 3+ category was attributed to
discrepancies in Field of View (FOV) alignment between the microscope’s ocular lens and the attached
digital camera, affecting image consistency. Despite this limitation, the results demonstrate the potential
of YOLO-based automated detection systems to reduce dependence on manual analysis, enhance
diagnostic objectivity, and accelerate TB screening workflows. Future work should prioritize hardware
calibration, particularly FOV synchronization, and dataset diversification to further refine model
performance and clinical applicability. The proposed approach represents a significant step towards
scalable, rapid, and reliable TB diagnosis, with implications for broader adoption in resource-constrained
healthcare environments.
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l. Introduction foremost global public health challenges [1][2].
Tuberculosis (TB), an infectious disease caused by Although TB primarily affects the lungs, it is a systemic

Mycobacterium tuberculosis (MTB), remains one of the ~ disease capable of invading multiple organs [3]. The
bacterium is transmitted through airborne droplets
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expelled during coughing, sneezing, or spitting [3][4].
According to the World Health Organization (WHO)
report published on November 7, 2023, tuberculosis
accounted for over 7.5 million new cases in 2022,
ranking as the second deadliest infectious disease
globally. Indonesia holds the second-highest number of
TB cases worldwide, with 658,543 confirmed cases
reported by the Ministry of Health as of November 2023
[6]. This alarming prevalence highlights the urgent
need for efficient diagnostic and surveillance tools.
Based on data from the Indonesian Ministry of Health,
the total number of TB cases in 2023 reached 658,543
as of 3 November 2023. This ranking shows that
tuberculosis is still a severe problem in Indonesia and
requires further attention in its prevention and
treatment efforts. There are various tuberculosis (TB)
detection methods available, such as microscopy,
tuberculin skin test (TST), chest X-ray, interferon-
release assay (IGRA), culture test, and GeneXpert,
among others. Release assay (IGRA), culture test, and
GeneXpert, among others. However, microscopic
sputum examination using a microscope is one of the
most commonly used techniques worldwide and the
first-line method recommended by the WHO, especially
in low and middle-income countries[7][8][9]. This
microscope is primarily used in areas with a high
prevalence of tuberculosis. [4]. Therefore, this study
will focus on such microscopy.

This microscope examination utilizes the Ziehl-
Neelsen staining technique. Physical identification and
counting of Mycobacterium tuberculosis by microscopy
are difficult tasks that require considerable physical
effort and concentration. The sensitivity of manual
detection of M. tuberculosis also varies considerably
depending on the level of knowledge of the medical
professional.[10][11]. The medical professional will
examine the smear slide under a microscope and look
for the rod-like shape characteristic of Mycobacterium
tuberculosis. Manual identification and counting of
bacteria using a microscope is very time-
consuming.[12]. It has been suggested that manual
screening may give an incorrect diagnosis in 33-50%
of active cases.[13]. This constraint can be overcome
by applying automated methods.[14]. Automated
approaches are considered the most effective means
of enhancing diagnostic sensitivity for tuberculosis,
minimizing  inter-observer variabilty in  slide
interpretation, and accelerating the screening process
[15]. Numerous computer vision and deep learning
techniques have been explored for automated image-
based detection [16]. For instance, Panicker et al.
employed image binarization and convolutional neural
networks (CNNs), achieving a precision rate of 86.76%
in identifying TB bacilli [11]. Similarly, Rahmad utilized
a median filter and HSY color feature extraction with an
AdaBoost decision-tree classifier, attaining an

accuracy of 81.7% [17]. Mithra et al. integrated
Gaussian mixture models (GMM), fuzzy classification,
and neural networks to classify sputum images,
reporting a classification accuracy of 91.37% [18].
Despite these advances, many of the aforementioned
approaches still rely on traditional image processing
and handcrafted feature extraction, which are
computationally intensive and limited to basic bacilli
counting tasks [19]. The advent of object detection
frameworks, particularly You Only Look Once (YOLO),
has revolutionized real-time detection capabilities.
YOLO, originally developed by Redmon et al., is a
single-stage CNN-based object detector capable of
simultaneously localizing and classifying objects in a
single pass [20].

YOLO’s architecture facilitates simultaneous
prediction of object class and bounding box
coordinates, earning its classification as a one-stage
detector [10]. Recent studies have employed YOLO
variants for TB bacilli detection with promising results.
Le An et al. (2022) proposed the DA-YOLO model
based on YOLOV5, enhanced by attention mechanisms
and parameter optimization, which achieved an
accuracy of 87.6% in sputum smear analysis [4].
Similarly, studies by Li and Lv demonstrated accuracy
rates of 85.9% and 82.68%, respectively, using YOLO-
based detectors[21][19]. Subsequent versions of
YOLO, particularly YOLOVS, offer a balanced trade-off
between detection accuracy and computational
efficiency. YOLOvV8 utilizes an anchor-free detection
strategy, directly predicting object center points and
bounding dimensions, which improves inference speed
and reduces anchor box redundancy[22]. In this study,
YOLOVS8 is adopted due to its established reliability,
extensive benchmarking across biomedical datasets,
and proven generalizability. Although more recent
versions such as YOLOv11 and YOLOv12 have
emerged, YOLOvV8 was deliberately chosen due to its
established reliability, comprehensive benchmarking
across biomedical datasets, superior reproducibility,
ease of deployment in resource-constrained
laboratories, and the optimized balance it offers
between detection accuracy and computational
efficiency under our specific  experimental
conditions[23][24][25]. Moreover, YOLOv8 provides
superior reproducibility and ease of deployment,
especially within constrained-resource laboratories
[26][27][28]. Numerous studies have explored deep
learning for TB detection. Panicker et al. [11] and Tiwari
et al. [29] utilized CNNs for patch-wise classification,
achieving high accuracy but often requiring complex,
multi-stage pipelines. The advent of YOLO frameworks
offered a more streamlined, single-stage approach. For
instance, An et al. [4] and Lv et al. [19] demonstrated
the efficacy of YOLOv5-based models, achieving
accuracies above 85%. However, a common limitation
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among these studies was their focus solely on
detection, omitting the crucial subsequent steps of

bacili counting and  standardized IUATLD
categorization, which is essential for clinical reporting.
A recent study by Aulia et al. [30] marked significant
progress by implementing IUATLD grading using
YOLOv7 but reported an inability to differentiate
overlapping bacilli, a key challenge in automated
quantification.

To address this gap, our study makes a distinct
contribution by developing a comprehensive, end-to-
end system that leverages the advanced YOLOv8
architecture. We provide a preliminary performance
comparison, where on a subset of our data, YOLOv8s
achieved a 5% higher mAP than YOLOv5s, consistent
with its documented improvements in feature fusion
and anchor-free detection [23, 28]. The core novelty of
our work lies in its integrated approach: (1) the use of
YOLOVS for robust real-time detection, (2) a multi-class
annotation strategy ('single', 'double', 'overlapping')

explicitly designed to handle the challenge of clustered
bacilli, and (3) the direct integration of detection outputs
into a standardized IUATLD grading system. This
approach aims to deliver a more clinically actionable

tool that enhances diagnostic consistency and
efficiency, particularly in  resource-constrained
settings."

Il. Materials and Methods
A. System Workflow Diagram

To enhance the clarity and reproducibility of the
proposed method, a visual workflow diagram is
provided in Fig. 1. The diagram illustrates the entire
research pipeline, beginning with image acquisition
from Ziehl-Neelsen-stained sputum smears using a
digital microscope. The captured images are then
annotated in Roboflow, where bacilli are categorized as
single, double, or overlapping instances. These
annotated datasets are used to train the YOLOvS8
model, which is subsequently integrated into a
graphical user interface (GUI) for automated detection

Research Flow Diagram
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Fig. 1. Research workflow diagram illustrating the stages of image acquisition, dataset annotation using
Roboflow, YOLOv8 model training, GUI development, and bacilli classification into IUATLD-based categories.
The lower section illustrates the implementation phase with automatic countina and CSV output.
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and classification. The implementation phase includes
real-time bacilli counting, IUATLD-compliant
categorization, and the generation of diagnostic reports
in CSV format. This structured workflow ensures
seamless data processing from raw image input to
actionable diagnostic output, supporting
standardization in tuberculosis screening. To enhance
the technical clarity of the workflow, each critical step is
governed by specific mathematical operations. During
the Model Training phase, the YOLOv8 model
optimizes the composite loss function Loss =
¥, .DFL+ y,.CloU + y;.BCE (Eq. 7) to learn
feature representations. In the Implementation &
Detection phase, the model outputs bounding boxes
with an associated confidence score. A detection is
considered valid only if this score exceeds a pre-
defined confidence threshold 17 (empirically set to 0.2
in this study). Finally, in the IUATLD Classification step,
the total bacillary score S, is calculated as S;,;q; =
Z(Nsingle X1+ Ndouble X2+ Noverlap X 5)= which is
then mapped to the final 1+, 2+, or 3+ category using
the logical criteria outlined in Section 11.G. This
integration of mathematical descriptions ensures a
comprehensive, reproducible understanding of the
automated diagnostic pipeline.

B. Data Collection

Data collection for this study was conducted at the RS
Universitas Airlangga microbiology laboratory (RSUA),
with Ethical Approval number 057/KEP/2024. During
the data collection process, the presence and
assistance of a microbiologist were crucial. The
microbiologist helps to ensure that the images taken
are indeed images of TB bacteria and not other
contamination, such as dirt or staining crystals.
Accuracy in bacterial identification is essential to obtain
valid research results.[31]. The sputum samples were
collected and stained following the standard Ziehl-
Neelsen protocol at the RSUA laboratory. A total of 500

- Acquisition
i system

=

high-resolution images were captured using a digital
microscope equipped with a 38 MP sensor (Panasonic
CMOS, 4.3 inch) operating at 60 FPS, with each image
potentially containing a mixture of the target bacilli
morphologies: single, double, and overlapping as
shown in Fig 2. The initial identification and annotation
of these bacilli were performed by a qualified medical
analyst from the RSUA microbiology laboratory,
ensuring that the foundational labels were grounded in
clinical expertise. The captured images exhibited
natural variations in staining quality, including
differences in fuchsin intensity and the presence of blue
background artifacts from the counterstain, which
contributes to building a robust and generalizable
model. The external dataset of 300 images was
specifically curated to include a wider range of staining
qualities and imaging conditions from different sources,
further enhancing its diversity. The additional images
were sourced from external repositories, including the
Federal University of Amazonas (Costa Marly G. F.)
and the Roboflow open-source image database [5][32].

C. Data Annotation

The annotation process was conducted by two trained
annotators with backgrounds in qualified medical analyst
from the RSUA microbiology laboratory. They
underwent a training session supervised by a certified
microbiologist to recognize TB bacillary morphology and
distinguish it from common artifacts such as staining
crystals or debris. The annotation guidelines were strictly
based on the morphological definitions of 'single’,
'double’, and 'overlapping' bacilli. The Roboflow platform
was used for this task, which provided a consistent
interface for drawing bounding boxes. To ensure label
fidelity, 20% of the annotated images were cross-verified
by a second microbiologist. While a formal inter-
annotator agreement score was not calculated, this
review process ensured a high consensus on

Captured Images

KODE

Sputum Slide TB

Fig. 2. The process of collecting TB bacteria data on sputum slides with Ziehl-Neelsen staining
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challenging cases, minimizing subjective bias in the
training labels. Using the Roboflow platform, each image
(Fig. 3) was annotated based on bacilli morphology,
categorized into three classes:

e Single: A single bacillus
e Double: Two bacilli in close proximity
e Overlapping: Bacilli clusters with visible overlaps

Each annotated instance was verified to ensure its
classification adhered to the standards for TB bacillary
morphology. This multi-class labeling strategy aimed to
improve object localization and support downstream
diagnostic classification.

a. b. C.

Fig. 3. Morphological examples of microscopic
images of TB bacteria: a. single, b. double and c.
overlap

D. Preprocessing and Augmentation Dataset

Preprocessing and data augmentation were employed
to optimize training input quality and improve the
generalizability of the detection model [34]. In this study,
the preprocessing stages included auto-orienting
images to ensure uniform orientation, resizing them to
640x480 pixels to match the model and microscope
camera's input dimensions, auto-adjusting contrast to
improve the visibility of TB bacteria features, and tiling
images into smaller segments to improve local resolution
and highlight fine details.

Data augmentation techniques were used to
increase the diversity and robustness of the training
dataset. These included horizontal and vertical flipping
to change the orientation of bacteria, 90-degree
rotations to add positional variety, cropping to provide
numerous perspectives, and brightness and exposure
modifications to simulate different lighting situations.
Furthermore, blur effects were used to simulate
inadequate imaging scenarios, allowing the model to
detect bacteria even under less-than-ideal conditions.
These procedures improved the model's ability to
generalize across different imaging settings and its
detection accuracy.

E. Methods

Python 3.10 was used in this study because of its broad
machine learning and image processing capabilities, as
well as its strong community support and
documentation. The system's graphical user interface
(GUI) was built using Flask, a lightweight Python-based

web framework. Flask's microframework architecture
provides minimal dependencies while allowing for
flexible and structured web application development.
The fundamental detection methodology used the
YOLOVS8 algorithm, which is well-known for its speed
and accuracy in object detection. The technique divides
the discovered TB bacteria into three categories: single
(score 1), double (score 2), and overlapping (score 5).
The final detection results are pooled and classified
using the International Union Against Tuberculosis and
Lung Disease (IUATLD) scale, which includes the
categories 1+, 2+, and 3+ (Table 1)[30]. This
streamlined procedure provides compliance with
international standards while retaining high precision
and efficiency in TB bacteria identification and
categorization.

Table 1. International Union Against Tuberculosis
Lung Diseases (IUTLD)

Scoring Criteria How to write
Negative No BTA fqund n at Negative
least 100 visual fields.
Found 1-9 BTA in 100 Write the
Scanty visual fields (record the number of
number of BTA found) BTA found
1+ Founq 10-99 .in a 100 +1
field of view
Found 1-10 BTA per
2+ visual field (minimum +2

50 visual fields)
More than 10 BTAs per
3+ visual field (minimum +3
20 visual fields)

F. Framework You Only Look Once (Yolo) V8

In this research, for YOLO model training, this work
made use of Google Collaboratory, which improved
computational performance by utilizing its Python
environment, pre-installed libraries, and free GPU
access. The main settings were a 640-pixel image size,
a batch size of 16, and 100 epochs with a patience
value of 0.50. YOLOVS, released in January 2023 [33],
was selected in this study due to its proven robustness,
anchor-free detection architecture, and validated

performance in biomedical image detection,
particularly  under  high-resolution  microscopic
datasets. While YOLOv11 and YOLOv12 have

introduced recent architectural innovations such as
C3k2 modules and depth-wise convolutions, these
versions remain under preliminary evaluation and lack
comprehensive benchmarking in clinical
applications[22][23][24][25][30][31][32]. Hence,
YOLOv8 provides an optimal balance between
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Backbone

Neck

Bbox
Loss

Fig.4. Model Architecture of YOLOvVS8

accuracy, stability, and reproducibility suitable for
tuberculosis bacillus detection[37][38]. The YOLOv8
architecture has three key components: Spine, Neck,
and Head, as represented in Fig. 4. For enhanced
feature extraction, it replaces the original 6x6
convolution layers with 3x3 layers and combines
CSPDarknet53 as the feature extractor. Further
improving feature combination is the C2f (cross-stage
partial bottleneck) module. Using an anchor-free
detection approach, YOLOv8 directly predicts object
centers by means of its detection head, separately
handling objectness, classification, and regression
tasks. With the deletion of the confidence loss used in
previous models, the loss functions consist of CloU for
bounding box regression and Binary Cross-Entropy
(BCE) for classification.

Combining categorization scores and Intersect over
Union (loU) [39] values helps the task-aligned assigner
maximize anchor-level alignment(Eq. 1):
t=s*xpuf (1)
Here, s and u represent the classification score and loU
value, respectively. a and [ are weight
hyperparameters. YOLOv8 uses DFL (Distribution
Focal Loss) and CioU loss to optimize bounding box
localization[40]. Bounding box positions are
probabilistically modeled by the DFL(Eq. 2) [40]:

DFL(S;,Si41) = —(iz1 —¥) log S; + v —y:) log Siv1)

(2)
where the equations of §; and S;,; are shown below
(Eq. 3) [40]: i
5, =2ty Sipy = 220 (3)

Yn+1—¥n’ Yn+1~—Yn
Here, Si represents the sigmoid output, and y is the
target label.CloU optimises the position of the bounding
box using four geometric parameters: overlap area,
centre point distance, aspect ratio, and a penalty term.
Here's the Eq. 4[40] calculation formula:

2(p pgt
CloU = 1—IoU + 28270 4 4y (4)

c

Where:
1—I:U+17' v= % (arctan‘%:— arctan%)2 (5,6)
In the above formulas, b and b9trepresent the centers
of the predicted and actual bounding boxes, p? is the
Euclidean distance, cis the diagonal length of the
minimum bounding box, a represents the positive
balancing parameter, v represents the consistency of
the aspect ratio between the true and predicted
boxes, w9tand h9t represent the width and height of
the true bounding box, and w and hrepresent the
width and height of the predicted box, respectively. The
final loss function (Eq. 7) [40]is composed of weighted

a =

sums of DFL, CloU, and BCE losses, with the
calculation formula:
Loss = y,; .DFL + y, .CloU + y; .BCE (7)

The default weights are y1=1.5,y2=7.5, and y3 = 0.5.
With these architecture innovations and loss function
optimizations, YOLOv8 may achieve improved
accuracy and efficiency in object identification tasks.
G. Bacilli Counting and IUATLD Classification
Model
The detections from the YOLOv8 model are converted
into a standard IUATLD grade through a two-step
process: first, the total bacillary count is calculated, and
second, logical rules are applied based on the count
and the number of fields of view (FOVs) examined.
1. Bounding Box Aggregation and Total Bacilli
Count
The total number of bacilli is calculated by summing
the detected instances are aggregated using a scoring
mechanism where each detection class contributes a
specific weight to the total count, reflecting the
estimated number of actual bacilli contained within the
bounding box (BB). In this study, the detection is
classified into three categories: single (score 1),
double (score 2), and overlapping (score 5).
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Let N;, N, and N, be the number of detected
bounding boxes for the Single, Double, and
Overlapping classes, respectively, within a given
microscopic Field of View (FOV). The Total Bacillary
Score per FOV (Sgoy) is calculated as follows (Eq.
8)[41], [42]:

F
Spoy = 2(1 xNO+2x NP +5xND) (8
i=1
where N' is the number of detections in the i-th FOV.
2. IUATLD Classification Mapping
The diagnostic category is determined by evaluating
the Sgoy over a minimum number of observed FOVs,
according to the IUATLD standards (Table 1). Let Ny,
be the total number of FOVs observed. The average
bacillary count per FOV (S) is calculated by dividing
the total score accumulated over all Ngy, by Nggp.
However, for IUATLD grading, the classification is
directly based on the density observed per FOV. The
automated system uses the following conditional logic
to map the detected density to the IUATLD grades:
Input: Sro:ar (Total Bacilli Count across all required
FOVs) and Ng,, (Number of FOVs observed).
3. Output: Diagnostic Classification
(IUATLDGrade)
The classification logic is as follows:
1. I Srotwr= 0 in Ngoy = 100 FOVs, then
IUATLDg, q4.=Negative.
2. f 12 Seper S 9 in Negy = 100 FOVs, then
IUATLDg, q4. = Scanty.
3. If 10 < SrprS 99 in Npoy = 100 FOVs, then
IUATLD;,gq0 = 1+.

4. Ifthe average bacilli countis 1 <5 <10 per FOV
(based on a minimum of Ng,,, = 50 FOVs), then
IUATLDygq, = 2+.

5. If the average bacilli count is > 10 per FOV
(based on a minimum of Ny, = 20 FOVs), then
IUATLD;yqqe = 3+.

Formal Conditional Logic (Pseudocode):

Negative, if (Srotar = 0) A (Ngoy = 100)
Scanty, if (1 < Srorr < 9) A (Npoy = 100)
JUATLDgyage 414+, if (10 < Sporas < 99) A (Npoy = 100)
2+, if (1< Srotar/Nrov < 10) A (Npoy = 50)
3+, if (Srotar/Nroy > 10) A (Npoy = 50)

Ill. Result
A. Dataset Creation

Preprocessing and augmentation are the two steps
taken in the dataset creation process. For consistency
in image quality, preprocessing includes scaling to
640x480 and employing the tile approach to expand the
target region for TB bacteria and improve local
resolution. This enables the model to identify the TB
bacterium image's finer and smaller elements. The tile
method, however, runs the danger of cutting the
bacteria, which could result in inaccurate detection. To
broaden the dataset and boost the diversity of training
images, an augmentation procedure was then carried
out. Blur, Flip, and 90 Degree Rotate are among the
chosen augmentation configurations. These setups
were selected because they can produce more training
image variants, which enhances the model's capacity
to identify various TB bacterial mutations in various
settings. When it comes to identifying TB germs in
various photos, augmentation makes the model more
robust and general. Table 2 presents the outcomes of
the dataset produced.

Table 2. Preprocessing and Augmentation Dataset

Number Preprocessing

Augmentation data (x5) Number

Dataset
of of
pictures Auto- Resize Auto 90° pictures VMOqu
- j i i i ersion
before Qrient 640x480 Adjust Tile Flip Rotate Crop Brightness Exposure Blur = after
Contrast
619 N v v - v v v N N N 2603 v3
619 N v v 2x2 W v v N N N 10412 v6
667 v 3x3 v 25083 v9
858 v 3x3 v 30366 v10
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B. Evaluation Metrics

This research evaluates system performance using a
confusion matrix to compare predictions with actual
outcomes. In addition to derived measurements like
Average Precision (AP) and Mean Average Precision
(mAP), important metrics include accuracy, precision,
recal, and F1 score(Eq. 9,10,11,12,13,14)[33].
Accuracy reflects the proportion of correct predictions
(true positives and true negatives) to the total
predictions, Precision measures the accuracy of
positive predictions, and Recall, or sensitivity,
assesses the system's ability to detect true positives:

_ TP+TN
Accuracy = TP+TN+FP+FN ©)

Precision = (10)
TP+FP
Recall = —~ (11)
TP+FN

F1 Score, the harmonic mean of precision and recall, is
crucial for imbalanced datasets, ranging from 0.0
(worst) to 1.0 (best):

_ Precision X Recall
F1=2x Precision +Recall (1 2)
From precision and recall values, Average Precision
(AP) is derived, summarizing precision-recall
differences across thresholds:
AP= yk=n-1 [Recall(k) — Recall (k — 1) x Precision

k=0

(k)]
(13)

Finally, Mean Average Precision (mAP) averages AP
across all classes and Intersection over Union (loU)
thresholds:

MAP = ~3 | AP, (14)
where: True Positive (TP): Correctly predicted positives
(e.g., TP single, TP double, TP overlapping).

True Negative (TN): Correctly predicted negatives.

Table 3. Modelling Results

Dataset Model Evaluation

Model  Type mAP  Precision Recall

Version Training (%) (%) (%)
Yolov8s

v3 Model 40.7 38.8 55
Upload
Yolov8s

v6 Model 38.9 43.7 46.3
Upload
Yolov8s

v9 Model 48.7 56 50.7
Upload
Yolov8s

v10 Model 47.5 56.5 48.3
Upload

False Positive (FP): Negatives incorrectly predicted as
positives (e.g., FP single, FP double, FP overlapping).
False Negative (FN): Positives incorrectly predicted as
negatives (e.g., FN single, FN double, FN overlapping).
C. Training Model

After the dataset has gone through preprocessing and
augmentation, the next step is to train the model using
various versions of the generated dataset, as shown in
Table 2. YOLOvS8s is used as the basis for training. This
model is known for its high speed and accuracy in
detecting objects in real-time. The model was
evaluated using test data to measure performance in
terms of accuracy, precision, and recall, as shown in
Table 3.

D. Determination of Model

To identify the optimal model for the TB bacteria
detection application, a detailed examination of the
YOLOv8s modeling results was conducted, specifically
comparing versions v9 and v10 (Table 3). These
models were selected for further analysis due to their
modest variances in mAP, precision, and recall.
Notably, the training dataset for v10(Table 5)
comprised a larger number of images than that for v9(
Table 4) . A critical aspect of this evaluation involved
selecting the optimal confidence threshold to enhance
object detection performance for both models. Tables
4 and 5 illustrate the precision and recall values across
various confidence thresholds for Model v9 and Model
v10, respectively. Both models were observed to
perform optimally at a confidence threshold of 0.2.

Table 4. Dataset Model v9

Threshold Precision (%) Recall (%)
0.1 51 78
0.2 64 66
0.3 72 51
0.4 78 34
0.5 81 20

E. Dataset Model V9 and V10 Prediction Result

Using a 0.2 confidence threshold, the comparative
performance between Dataset Models v9 and v10
reveals distinct patterns across each bacterial
detection category (Tables 6, 7, and 8). For the Single
Bacteria category (Table 6), Model v10 significantly
outperformed Model v9 across nearly all metrics,
achieving an accuracy of 90.91% compared to 83.05%,
a precision of 92.59% versus 85.96%, a recall of
98.04% versus 96.08%, and an F1 Score of 95.24%
compared to 90.74%. Similarly, in the Double Bacteria
category (Table 7), Model v10 exhibited superior
performance with an accuracy of 75.61% (v9: 69.23%),
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Table 5. Dataset Model v10

Threshold Precision (%) Recall (%)
0.1 52 74
0.2 64 65
0.3 71 53
0.4 77 37
0.5 80 22

a recall of 96.88% (v9: 84.38%), and an F1 Score of
86.11% (v9: 81.82%), although v9 demonstrated a
marginally higher precision (79.41% compared to
77.50%). However, a critical distinction emerged in the
Overlapping Bacteria category (Table 8). Here, Model
dataset v9 demonstrated substantially superior
performance with an accuracy of 71.43% compared to
v10's 57.14%, a precision of 80.65% compared to v10's
64.86%, and an F1 Score of 83.33% compared to v10's
72.73%. Model v9's error rate for this category was also
considerably lower (34.48% compared to 62.07% for
v10). Model v10's diminished performance in detecting
overlapping bacteria, despite being trained on a larger
dataset (30,366 images compared to 25,083 images for
v9), suggests that an increase in data quantity alone
may not be sufficient to adequately address the visual
complexity inherent in overlapping bacterial clusters.
Further testing involved evaluating both models' ability
to detect TB bacteria in microscopic images with a blue
background resulting from residual staining (Fig. 5a).
The accuracy and Mean Absolute Error(MAE) were
determined, and the outcomes were visualized in Fig.
5b. Model V9 achieved an accuracy of 82% in detecting
bacteria on images with a blue background.
Additionally, the models were assessed for their
capability to quantify total TB bacteria directly from
sputum slides using a microscope-camera system. The
detection findings from both models were compared

against manual counts performed by two medical
analysts from the RSUA microbiology laboratory. The
average comparative findings are presented
graphically in Fig. 6. In this evaluation, Model V10
exhibited a smaller average departure (12.2) from the
manual results compared to Model V9 (15.6).
Regarding rendering performance, all models exhibited
comparable speeds, with Model V9 being slightly
slower than V10, though this difference was minor.

25.0 22.8
20.8

N
o
o

15.6

-
o
o

10.0

Total Bacteria TB

o
o

0.0
Mean

® Analis 1 ® Analis 2

Total Bacteria v9 u Total Bacteria v10

Fig 6. The average data has been visualised in
graph form

F. System Evaluation

For the final system evaluation, Model V9 was
employed in the automatic tuberculosis bacteria
counting application. Direct testing was conducted on
15 sputum slides from TB patients using a microscope
connected to a digital camera. Microbiologists at RS
Universitas Airlangga (RSUA) classified these slides
into BTA 1+, 2+, and 3+ categories according to the
IUATLD criteria, with 5 slides examined per category.

Table 6. Single Bacteria Prediction Result Data

Dataset Accuracy Precision Recall F1 Score Error Render Time
Model

v9 83.05% 85.96% 96.08% 90.74% 19.61% 0.85 seconds

v10 90.91% 92.59% 98.04% 95.24% 9.80% 0.80 seconds

Table 7. Double Bacteria Prediction Result Data

Dataset Accuracy Precision Recall F1 Score Error Render Time
Model

v9 69.23% 79.41% 84.38% 81.82% 37.50% 1.00 seconds

v10 75.61% 77.50% 96.88% 86.11% 31.25% 0.94 seconds

Table 8. Bacteria Overlapping Prediction Result Data

Dataset Accuracy Precision Recall F1 Score Error Render Time
Model

v9 71.43% 80.65% 86.21% 83.33% 34.48% 0.81 seconds

v10 57.14% 64.86% 82.76% 72.73% 62.07% 0.76 seconds
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Fig. 5. (a) Microscopic images that have a blue background, (b) Bacteria Detection Result on blue
background

The model's performance was evaluated based on
accuracy and error rates for each BTA category, as
presented in Table 9.

Table 9. Accuracy and error result data

Category BTA Accuracy (%) Error (%)
1+ 100 0
2+ 80 20
3+ 40 60

Overall, Model V9 achieved an average detection
accuracy of 73.33% and an average error rate of
26.67%. It demonstrated exceptional performance in
detecting and categorizing BTA 1+, achieving 100%
accuracy. However, performance declined for BTA 2+
(80% accuracy, 20% error) and significantly for BTA 3+
(40% accuracy, 60% error).

IV. Discussion

The findings from our comprehensive evaluation
highlight both the promise and the inherent challenges
of automated TB bacilli detection using the YOLOv8
framework. The initial training results (Table 3) showed
comparable overall mAP, precision, and recall between
Dataset Model v9 and v10, prompting a deeper
comparative analysis to identify the optimal candidate
for our system. A detailed examination of category-
specific performance revealed distinct strengths. While
Dataset Model v10 consistently outperformed Model v9
in detecting 'Single’ and 'Double’ bacilli, Dataset Model
v9 demonstrated significantly superior performance on
the 'Overlapping Bacteria' category, a finding that is
particularly noteworthy given that v10 was trained on a
larger dataset. This suggests that simply increasing
data quantity may not be sufficient to effectively
address the intricate visual complexities of densely
packed and overlapping bacterial clusters. Instead, it
implies that the underlying architecture or the specific

o
®
L

o
~
A

o
o
L

°
n

1

°
»
'

Accuracy Comparison

Model

vo

(b)

augmentation strategies employed for Dataset Model
v9 were more adept at extracting the nuanced
discriminative features required to resolve such
ambiguities. Furthermore, Dataset Model V9 exhibited
a reasonable accuracy of 82% in detecting bacteria in
images with a blue background (Figure 5b),
demonstrating a degree of robustness against common
staining artifacts. When the automated counts were
compared with manual expert counts, Dataset Model
V10 exhibited a slightly smaller average departure
(12.2) from the manual results compared to Dataset
Model V9 (15.6), indicating a marginally higher
consistency with human interpretation. Despite Dataset
Model V10's advantages in detecting 'single’ and
'double’ bacilli, Dataset Model V9 was ultimately
selected for implementation due to its superior
performance in detecting complex 'overlapping' bacilli.
This capability is critical, as overlapping clusters are
frequently encountered in high-burden samples and
pose a significant challenge in manual microscopic
examination, often leading to underestimation or
misinterpretation. Thus, Dataset Model V9's strength in
this area represents a strategic advantage for a robust
automated diagnostic system.

To contextualize our findings, a comparative
analysis with previous research is essential. Various
studies have explored automated TB bacilli detection
using diverse methodologies, each with distinct
strengths and limitations, as summarized in Table 10.
The research by Setiawan et al. used a ResNet-based
CNN and achieved a respectable accuracy of 86%.
However, its implementation was computationally
expensive and time-consuming, requiring 22 hours for
model construction and over 200 MB of storage, while
only performing basic bacterial detection without
counting or IUATLD classification[43]. Subsequent
studies by An et al., Li et al., and Lv and Lan leveraged
YOLOVS5 with architectural enhancements, resulting in
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strong accuracies ranging from 82% to 87%. A
significant limitation across these studies, however,
was their inability to perform the crucial subsequent
steps of bacterial counting and IUATLD categorization,
which are core requirements for standardized clinical
reporting [4] [21][19]. Similarly, Tiwari et al. achieved a
remarkably high accuracy of 98.7% using a patchwise
CNN strategy, but this method demanded a more
protracted and intricate data preprocessing phase,
including complex image segmentation, and was also
limited to basic TB bacteria detection[29]. A more
recent study by Aulia et al. marked a notable
advancement, successfully implementing both
bacterial counting and IUATLD categorization using
YOLOv7 with RepVGG optimization, achieving an

accuracy of 92.5%[44]. This work represents a
significant step towards a clinically viable automated
system. However, a key limitation identified in their
research was the model's inability to differentiate
overlapping bacteria, a crucial capability that our study
explicitly addresses. By developing a system that
categorizes bacteria into 'single,’ 'double,’ and
'overlapping' classes, our research provides a more
comprehensive and accurate counting mechanism.
This is further validated by our results in Figure 8, which
show that our model's performance in counting closely
approximates that of medical analysts, particularly in
the challenging overlapping category. Our study’s use
of the more recent YOLOvV8 framework, with a default
confidence threshold of 0.2, also represents a key

Table 10. Some previous studies on automated TB bacilli detection

Author(s), Year

Method

Limitations

Output

Setiawan and Rusydi,
2022[43]

ResNet v1 and v2 with
50, 101, and 152 layers
in a CNN architecture

Required approximately
22 hours to build the
model and large data
storage (>200 MB). Did
not perform bacterial
counting or IUATLD
categorization.

TB Bacteria Detection,
86% accuracy.

An et al., 2022[4]

DA-YOLO algorithm, a
modified YOLOvV5
backbone

Not tested on sputum
images with poor or
varied staining quality.
Did not perform bacterial
counting or IUATLD
categorization.

TB Bacteria Detection,
87.6% accuracy.

Li et al., 2023[21]

Object detection fusion
method based on
YOLOv5s and ESRGAN
super-resolution

Did not perform bacterial
counting or IUATLD
categorization.

TB Bacteria Detection,
85.9% accuracy.

Lv and Lan, 2023[19]

YOLOv5-based object
detection algorithm,
enhanced with Swin
Transformer Block,
Bridge Attention, and
BIFPN

Used only one dataset.
Did not perform bacterial
counting or IUATLD
categorization.

mAP: 82.68% for
bacteria detection.

Tiwari et al., 2023[29]

Patchwise detection
strategy using a CNN.

Required a more time-
consuming and complex
preprocessing process,
including image
segmentation and class
splitting. Did not perform
bacterial counting or
IUATLD categorization.

Proposed method
achieved 98.74%
accuracy, 98.61%
precision, 98.82%
sensitivity, and 98.71%
F1 score.

Aulia et al., 2024[44]

Two-stage approach:
YOLOVv7 for AFB
detection, followed by
optimization using
YOLOvV7-RepVGG.

Unable to differentiate
overlapping bacteria.
Confidence Threshold
was small
(approximately 0.7)

Categorized according to
IUATLD standards, with
92.5% accuracy.
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methodological difference compared to Aulia et al.'s
work, which employed YOLOvV7. The robustness of our
Model V9 in handling the visually complex 'overlapping'
category, a weakness in prior research, constitutes a
novel contribution to the field.

The final evaluation revealed an average detection
accuracy of 73.33% (Table 9). This performance is
notably impacted by a sharp decline in accuracy for
BTA 3+ samples (40%), an issue we have
mathematically traced to a hardware limitation: a Field
of View (FOV) mismatch between the microscope's
ocular and the digital camera sensor. This discrepancy
can be modeled by a FOVv Capture
Ratio(R): Area.qmera! AT€00c1ar» where In our
setup, R<1, meaning the camera captures only a
central crop of the full FOV. This systematically skews
quantification, as the detected bacili count
becomes Nytoctea ® R X Ngye, leading to severe
underestimation in high-density samples where the true
count N, is large. Future work must prioritize FOV
synchronization, either through hardware calibration to
ensure R = 1 or via software-based image stitching to
digitally reconstruct the full FOV [9][5]. Addressing this
is not an incremental improvement but a fundamental
requirement for achieving quantitative diagnostic
accuracy. In conclusion, while previous research has
laid a strong foundation for automated TB detection,
our study makes a distinct contribution by developing a
comprehensive system that not only detects bacteria
using the latest YOLOv8 model but also explicitly
handles the complex challenge of overlapping bacteria
and integrates a standardized IUATLD-compliant
classification. Our findings underscore the importance
of addressing technical limitations such as FOV in
practical implementations and provide a clear pathway
for further improvements.

V. Conclusion

This research successfully developed an automated
detection system for counting and categorising TB
bacteria in Ziehl-Neelsen-stained sputum samples,
utilising the YOLOvV8 method. Although more recent
versions such as YOLOv11 and YOLOv12 have
emerged, YOLOvVS8 was deliberately selected due to its
established reliability, comprehensive benchmarking
across biomedical datasets, and its superior
reproducibility and ease of deployment, particularly
within resource constrained laboratory settings. The
balanced tradeoff between inference speed and
precision offered by YOLOv8 also justified its
application under our specific dataset conditions. The
balance between inference speed and precision under
our specific dataset conditions further justified its
selection for this study. The system processes
microscope images directly and categorises TB
bacteria based on IUATLD standards (1+, 2+, 3+).

Experimental results demonstrated an average
detection accuracy of 73.33%, with the highest
accuracy observed in the BTA 1+ category (100%) and
a significant decrease in accuracy for the BTA 3+
category (40%). A key limitation identified was the
mismatch in the Field of View (FOV) between the
microscope eyepiece and the camera sensor, which
significantly impacted detection performance in higher
BTA categories. Addressing this limitation through
hardware calibration and FOV synchronization is
essential for achieving more consistent diagnostic
outcomes. To enhance the system further, Future work
should focus on addressing these limitations by
expanding the dataset with more diverse variations,
optimizing the YOLO model to handle higher-density
samples, selecting a camera with a FOV that better
aligns with the microscope eyepiece and incorporating
a mathematical FOV correction layer. Additionally,
incorporating real-time detection capabilities and
automated microscopy features would enhance system
efficiency. Field trials across multiple laboratories are
recommended to validate the system's robustness and
adaptability in  real-world conditions. These
developments aim to further improve the accuracy and
applicability of the system in clinical settings.
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