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Abstract

Tuberculosis remains a major global health challenge, particularly in resource-limited regions where rapid and
accurate diagnosis is still difficult to achieve. This paper proposes an automated deep-learning framework for the
detection, quantification, and classification of Acid-Fast Bacilli (AFB) in sputum smear images to address the
limitations of conventional manual microscopy, which is labor intensive, time-consuming, and prone to inter-
observer variability. Our proposed method utilizes the YOLOv12 object detection architecture to identify
tuberculosis bacilli from Ziehl-Neelsen-stained sputum images. We use a carefully annotated dataset prepared
by expert microbiologists based on the International Union Against Tuberculosis and Lung Disease (IUATLD)
grading standard. The experimental results show that the proposed model achieves strong detection performance
with a mean Average Precision (mAP) of 84.7%, precision of 74.18%, recall of 73.90%, and F1-score of 74.04%.
Furthermore, this paper maps the detected bacilli counts into standardized IUATLD diagnostic categories,
including Scanty, 1+, 2+, and 3+, to ensure compatibility with routine clinical reporting procedures. The obtained
results demonstrate that our proposed system can provide accurate, consistent, and efficient tuberculosis
screening support. This study confirms that integrating YOLOv12 with IUATLD grading can produce a scalable
and reliable automated diagnostic framework for improving TB microscopy analysis in high-burden laboratory
environments.
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1. Introduction

Tuberculosis (TB) remains one of the most serious infectious diseases worldwide and
continues to create major public health challenges, especially in developing countries. The
disease spreads through airborne transmission and often requires rapid diagnosis to
prevent further infection and reduce mortality rates. Conventional TB diagnosis commonly
relies on sputum smear microscopy, chest X-ray examination, and molecular testing.
However, manual microscopic examination requires experienced laboratory personnel and
often produces inconsistent results due to human subjectivity and fatigue. Several studies
also report that delayed diagnosis contributes to treatment failure and increases the
transmission rate within communities. These conditions encourage researchers to develop
automated and intelligent diagnostic systems that can support medical personnel in
identifying TB cases more efficiently and accurately [1], [2], [5], [31].

Sputum smear microscopy using Ziehl-Neelsen staining remains one of the most widely
used laboratory techniques for pulmonary tuberculosis detection because of its low
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operational cost and accessibility in many healthcare facilities. Despite its practicality, this
method still depends heavily on manual observation under a microscope, which often leads
to variability in interpretation between examiners. Researchers identify several challenges
in sputum analysis, including overlapping bacilli structures, inconsistent staining quality,
and variations in illumination conditions during image acquisition. In addition, laboratory
workloads frequently reduce examination consistency and increase the possibility of
diagnostic errors. Recent studies on digitized sputum smear datasets demonstrate the
importance of developing automated image-based classification systems that can improve
reproducibility and accelerate microscopic examination processes. [3], [13], [14], [31]

Artificial intelligence and deep learning technologies increasingly support medical image
analysis because they can automatically learn complex visual patterns from large datasets.
Many healthcare applications utilize deep learning approaches to improve disease
diagnosis, lesion segmentation, and abnormality detection in medical images. Previous
studies successfully apply deep learning to lung cancer detection, diabetic ulcer analysis,
tumor classification, and pulmonary disease diagnosis with promising accuracy levels.
These approaches demonstrate that neural networks can extract discriminative visual
features that are difficult to identify manually. However, the performance of deep learning
systems strongly depends on dataset quality, model architecture, and computational
optimization strategies. Therefore, researchers continue exploring more robust object
detection architectures to achieve better performance in medical imaging tasks. [16], [17],
(18], [32]

Object detection models based on the YOLO (You Only Look Once) architecture gain
significant attention because they provide high detection speed and competitive accuracy
in real-time applications. YOLO-based systems perform object localization and
classification simultaneously in a single-stage detection framework, making them highly
efficient for medical and industrial image analysis. Previous studies apply YOLO
architectures for pneumonia detection, retinal pathology analysis, underwater object
detection, drone recognition, and lung nodule localization. Researchers also report that
newer YOLO variants improve feature extraction capability, computational efficiency, and
small-object detection performance through attention mechanisms and lightweight
optimization strategies. These advancements indicate that YOLO-based models have
strong potential for automated TB bacilli detection in microscopic sputum images. [11], [12],
[19], [23], [24], [27], [28], [34], [35]

Several studies specifically investigate the application of YOLO architectures in
tuberculosis detection using chest X-ray images. Researchers demonstrate that YOLO-
based systems can effectively identify TB-related abnormalities and support computer-
aided diagnosis in pulmonary imaging. Other studies also highlight the capability of artificial
intelligence-based computer-aided detection systems to improve TB screening
performance in community healthcare programs. However, most existing works focus on
radiographic imaging rather than direct sputum smear analysis. Chest X-ray analysis often
requires expensive imaging equipment and may not provide direct visualization of
Mycobacterium tuberculosis bacteria. Consequently, automated sputum image
classification remains an important research area, particularly for healthcare facilities with
limited radiological resources. [9], [15], [30], [32], [36], [37]

The International Union Against Tuberculosis and Lung Disease (IUATLD) grading
system plays a crucial role in standardizing sputum smear examination results. This
grading system categorizes TB infection severity based on the number of acid-fast bacilli
identified during microscopic observation. The IUATLD standard helps healthcare
professionals maintain diagnostic consistency and supports treatment monitoring
processes. However, manual implementation of IUATLD grading still depends on visual
counting performed by laboratory experts, which introduces potential inconsistencies and
time inefficiencies. Recent digitized sputum smear studies emphasize the importance of



integrating automated image analysis with IUATLD classification standards to produce
objective and reproducible diagnostic outcomes. Therefore, combining deep learning
object detection with IUATLD grading becomes a promising approach for automated TB
classification systems. [13], [14], [31]

Recent advancements in object detection architectures encourage researchers to
explore more adaptive and accurate YOLO variants for healthcare applications. Improved
versions of YOLO introduce lightweight backbone networks, hybrid attention modules,
deformable kernels, and optimized feature fusion mechanisms to enhance detection
capability under complex image conditions. Studies show that these architectural
improvements increase detection precision for small objects and noisy environments while
maintaining computational efficiency. Since TB bacilli in sputum images often appear as
very small objects with varying orientations and staining intensities, robust detection
models become essential for achieving reliable classification performance. These
developments motivate the use of newer YOLO architectures such as YOLOv12 for
microscopic TB image analysis. [22], [23], [24], [25], [26], [34], [35]

Based on these challenges and technological developments, this study focuses on
developing an automatic tuberculosis classification system in sputum images using the
YOLOv12 architecture integrated with the IUATLD grading standard. This study aims to
improve the efficiency, consistency, and accuracy of TB detection by automatically
identifying bacilli patterns from microscopic sputum smear images. We utilize deep
learning-based object detection to support laboratory examination processes and reduce
dependency on manual interpretation. The proposed approach is expected to provide
faster diagnostic assistance for healthcare workers while supporting standardized TB
classification procedures in clinical environments. Furthermore, this study contributes to
the growing application of artificial intelligence in medical image analysis, particularly in
automated infectious disease detection systems. [14], [15], [23], [30], [36].

2. Related Works

Previous studies investigated the implementation of artificial intelligence for tuberculosis
diagnosis using predictive and machine learning approaches. Osamor and Okezie
developed an ensemble-based predictive system for tuberculosis diagnosis and reported
that weighted voting algorithms improved classification reliability and diagnostic
consistency. Their work demonstrated that machine learning models could support
healthcare decision-making processes effectively. However, the study focused primarily on
structured clinical data rather than medical image analysis. The proposed approach also
did not address microscopic sputum examination, which remains one of the most widely
used TB diagnostic methods in many healthcare facilities. [8]

Several researchers explored computer vision techniques for pulmonary disease
detection using chest radiography images. Mustafa and Nsour applied computer vision
methods for abnormality detection in chest X-rays and showed that automated image
analysis improved diagnostic support performance. Rahamathulla et al. further
implemented YOLOVS8 for tuberculosis identification from chest images and obtained
promising detection accuracy with efficient processing time. Similarly, Bista et al. utilized
YOLOv7 for chest X-ray tuberculosis detection and demonstrated that real-time object
detection architectures effectively identified pulmonary abnormalities. Although these
studies produced strong classification performance, they relied heavily on radiographic
imaging and did not focus on direct bacilli detection from sputum smear microscopy. [9],
[13], [30]

Research on sputum smear image analysis became increasingly important because
sputum microscopy directly visualizes Mycobacterium tuberculosis bacteria. Martin-
Higuera et al. analyzed sputum bacillary burden using Xpert MTB/RIF Ultra and confirmed
the importance of bacilli quantification for pulmonary tuberculosis assessment. Aulia et al.



later introduced a digitized microscopic sputum smear dataset based on IUATLD grades
and developed a classification framework for Ziehl-Neelsen stained sputum images. Their
study provided an important contribution to automated sputum analysis because it
standardized microscopic image classification according to IUATLD grading criteria.
However, the study mainly emphasized dataset development and conventional
classification analysis rather than advanced real-time object detection models. [13], [14]

Researchers also examined the effectiveness of YOLO architectures in different object
detection domains. Alkentar et al. compared YOLO, SSD, and Faster R-CNN for drone
detection and found that YOLO achieved superior detection speed while maintaining
competitive accuracy. Lavanya and Pande improved real-time object detection
performance using optimized YOLO frameworks and showed that single-stage detectors
efficiently handled dynamic object recognition tasks. These findings highlighted the
advantage of YOLO models in balancing computational efficiency and detection precision.
Nevertheless, these studies focused on general object detection scenarios and did not
evaluate microscopic medical images containing small and overlapping biological objects.
(11], [19]

Several studies improved YOLO architectures through lightweight optimization and
attention-based enhancement techniques. Jooshin et al. proposed Inception-YOLO and
improved YOLOV5 performance by integrating modified inception and CSP modules. Fang
and Yang developed a lightweight YOLOv8 architecture for wheat head detection and
achieved higher efficiency while reducing computational complexity. Gao et al. also
introduced GCP-YOLOv7 for underwater target detection and improved small-object
recognition capability through feature optimization. These studies demonstrated that
architectural modifications significantly improved object detection robustness under
complex visual conditions. However, their implementations targeted agricultural and
underwater datasets rather than microscopic medical imaging applications. [23], [24], [25]

Deep learning methods also showed promising results in broader medical image
analysis applications. Huang et al. implemented deep learning object detection for early
lung cancer detection and achieved effective lesion localization in medical imaging
datasets. Hussain et al. reviewed multimodality tumor detection systems and concluded
that deep learning models substantially improved classification performance in diagnostic
imaging tasks. Fati et al. further combined deep and hybrid learning techniques for
tuberculosis detection using chest X-ray images and demonstrated that feature fusion
improved diagnostic accuracy [16], [18], [32].

Researchers also investigated the role of artificial intelligence in automated healthcare
screening systems. Okada et al. evaluated artificial intelligence-based computer-aided
detection systems for pulmonary tuberculosis screening and found that Al-assisted
approaches improved community-based active case finding performance. Manoli et al.
reviewed advancements in deep learning for tuberculosis detection and highlighted the
effectiveness of modified CNN architectures and transfer learning techniques in pulmonary
disease diagnosis. However, they identified several limitations, including insufficient
evaluation on microscopic sputum datasets and limited exploration of real-time object
detection architectures for bacilli identification. [36], [37]

Based on previous studies, most tuberculosis detection research focused on chest
radiography analysis, while fewer studies explored automatic sputum smear classification
integrated with standardized IUATLD grading. Existing works also rarely investigated the
implementation of newer YOLO architectures for microscopic bacilli detection. Therefore,
this study addressed these gaps by utilizing YOLOv12 for automatic tuberculosis
classification in sputum smear images based on IUATLD standards. This study combined
real-time object detection capability with microscopic image analysis to improve diagnostic
consistency, accelerate examination processes, and support laboratory-based tuberculosis
screening systems. [14], [15], [23], [30].



3. Proposed Method

This research developed an automated diagnostic system to detect, classify, and
quantify Mycobacterium tuberculosis bacilli in digitized sputum smear images. The pipeline
integrates a state-of-the-art deep learning object detector with a rule-based module that
translates quantitative outputs into the standardized International Union Against
Tuberculosis and Lung Disease (IUATLD) grading scale. The methodology comprises five
sequential stages: (1) dataset acquisition and description, (2) expert annotation and
preprocessing, (3) model architecture and training protocol, (4) post-processing for IUATLD
grade assignment, and (5) comprehensive performance evaluation, as seen in Fig. 1.
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Fig. 1. Research Method

The model was developed and validated using a curated dataset of Ziehl-Neelsen (ZN)-
stained sputum smear microscopy images. All samples were obtained from the Clinical
Pathology Department of Dr. Soetomo Hospital, Universitas Airlangga, Indonesia. The
dataset comprised 1,265 high-resolution digital images captured under 1000x oil-
immersion microscopy, reflecting real-world variability in smear thickness, staining
intensity, and bacilli density. This diversity is crucial for training a robust model capable of
generalizing across different laboratory conditions. The use of retrospective, anonymized
samples was approved by the relevant institutional ethics committee.

A critical prerequisite for supervised deep learning is high-quality labeled data. Each M.
tuberculosis bacillus in every image was manually annotated by certified microbiologists
using rectangular bounding boxes. This expert-led process ensured clinical validity and
adherence to morphological criteria for identifying acid-fast bacilli (AFB). The annotations
were performed using Bounding Box, and the coordinates for each bounding box were
saved in the YOLO format [28-30]. This format consists of the object class ID followed by
the normalized center-x, center-y, width, and height values relative to the image
dimensions. This research had four scenario to all images and their corresponding
annotations were subsequently partitioned into training, validation, and test sets using a



structured split (1) 60:20:20, (2) 70:15:15, (3) 80:10:10, (4) 90:5:5. Standard preprocessing
steps were applied uniformly, including image resizing to the model's native input
dimensions in 640x480 pixels and normalization of pixel intensity values to a “0” to “1”
range to stabilize and accelerate the training process.

In this study, we utilize the YOLOv12 architecture as the core object detection model to
automatically identify tuberculosis bacilli in sputum smear images. This approach applies
a convolutional neural network backbone to extract hierarchical image features, followed
by a neck module for multi-scale feature fusion and a detection head that simultaneously
performs object classification and bounding box regression. The model produces the
number of detected bacilli within each microscopic field, and the detection results are
further processed through a deterministic post-processing stage to generate clinically
interpretable outputs based on IUATLD grading standards. To evaluate system
performance, this study applies a two-level evaluation framework consisting of technical
and clinical assessment metrics. The technical evaluation uses Precision, Recall, F1-score,
and mean Average Precision (mAP) to measure the model’s capability in localizing and
detecting bacilli accurately. Furthermore, this approach evaluates diagnostic performance
by comparing the predicted bacilli counts and IUATLD classification results with expert-
annotated ground truth data to ensure the reliability and clinical relevance of the proposed
automated TB detection system.

The proposed YOLOv12-based tuberculosis detection system can be mathematically
formulated as follows:

The input sputum image is represented as:
X e RHXWXC
where X denotes the microscopic sputum image with height H, width W, and color channels
C.
The YOLOv12 model extracts image features and performs object detection using:

where f(.) represents the YOLOv12 detection model and 6 denotes the trainable network

parameters. The output Y contains predicted bounding boxes, confidence scores, and
bacilli class labels.
The bounding box prediction is defined as:

B; = (xi, yi, Wi hy, ¢;)
where (x;,y;) represent the center coordinates, w; and h; denote the width and height of
the detected bacillus region, and c; indicates the confidence score.

The total detected bacilli count is calculated as:
n

N=> B (1)
1

i=

where N represents the total number of detected tuberculosis bacilli within the microscopic
field.
The IUATLD classification is then determined using:
G =g(N)
where G denotes the final IUATLD grade generated from the bacilli count N.

To evaluate model performance, Precision and Recall are computed as:

recision — 17
recision = TP + FP (2)



TP
- 3
Recall TPLFN (3)

where TP is true positive detection, FP is false positive detection, and FN is false negative
detection.
The F1-score is calculated using:

Precision X Recall

= 4
Fl=2x Precision + Recall “)

This formulation allows the proposed system to automatically detect bacilli, estimate
infection severity based on IUATLD standards, and quantitatively evaluate the detection
performance of the YOLOv12 model.

4. Result and Analysis

This section presents the quantitative results obtained from the proposed automated
tuberculosis detection and IUATLD grading system. This study can produce automatic
identification and classification of *Mycobacterium tuberculosis* bacilli using the YOLOv12
object detection model integrated with IUATLD-based diagnostic grading. The system
performance is evaluated through object detection capability and clinical grading accuracy.
In this study, the model is trained and validated using 1,265 Ziehl-Neelsen-stained sputum
smear images. The training process utilizes an input image resolution of 640 x 640 pixels
with a batch size of 16 and continues iteratively until the validation loss reaches
convergence, ensuring stable and optimal detection performance.

Fig. 2 presents the detection results generated by the proposed YOLOv12-based
artificial intelligence model on digital sputum microscopy images. In this study, we obtain
multiple detected objects classified as *Mycobacterium tuberculosis* bacilli, where each
detected region is labeled as “TBbacillus” along with a confidence score ranging from 0 to
1. Our proposed system produces varying confidence values between approximately 0.41
and 0.75, indicating different levels of detection certainty based on bacilli morphology,
staining quality, and image complexity. Higher confidence scores represent clearer and
more reliable bacilli detection, while lower scores indicate uncertain detections caused by
overlapping objects, weak staining, or irregular bacilli shapes. To improve detection
reliability and reduce false positive predictions, this approach applies a confidence
threshold mechanism in which only detections above the predefined threshold are
accepted for the final bacilli counting and IUATLD classification process.

Fig 2. Result of training the Image of Mycobacterlum Tuberculosis with YOLOv12



Table 3 presents an analysis of 13 patients, detailing the number of tuberculosis (TB)
bacteria observed across 100 microscopic fields. For each patient, the table specifies the
total TB count, the number of fields showing a 2+ density, and the number of fields showing
a 3+ density. Based on these values, an IUATLD (International Union Against Tuberculosis
and Lung Disease) score is assigned. The majority of patients (1 through 12) exhibit high
total bacterial loads, ranging from 95 to 99 per 100 fields. Consequently, most of these
patients received a score of 3+, although patients 2, 4, and 9 received a score of 2+. Patient
13 stands out as a clear exception, with a significantly lower total count of 36, resulting in
a 1+ score. This single outlier contrasts sharply with the consistently high counts and
scores of the other twelve subjects. This IUATLD result are given in second scenario which
is 70:15:15.

Table 3. IUATLD’s Result in Second Scenario
Patient 10-99 BTAin100 1-10 BTAin100 More Than 10 BTA Skor

fields of view field of view in 1 field of view IUATLD
1 99 74 25 3+
2 97 81 16 2+
3 99 77 22 3+
4 98 80 18 2+
5 97 76 21 3+
6 95 72 23 3+
7 99 73 26 3+
8 98 71 27 3+
9 97 78 19 2+
10 99 78 21 3+
1 96 75 21 3+
12 99 78 21 3+
13 36 27 9 1+

Fig 3 shows the Tuberculosis Classification Training Results using the YOLOv12 method
on 70:15:15 partitioned data, with a Precision value reaching 74.18% indicated by the blue
graph, Recall reaching 73.90% indicated by the green graph, F1-Score reaching 74.04%
indicated by the red graph, Accuracy reaching 69.26% indicated by the purple graph, and
mAP50 of 84.7% indicated by the orange graph.
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Fig 3. Tuberculosis Classification Training Results using the YOLOv12 method on
70:15:15 partitioned data

The results demonstrate that this research successfully develops a fully automated
pipeline capable of detecting, quantifying, and classifying Mycobacterium tuberculosis
bacilliin sputum smear images using the YOLOv12 architecture integrated with the IUATLD
grading standard. The proposed system shows that combining deep learning object
detection with standardized clinical grading is technically feasible and clinically meaningful.
The experimental results indicate that the model achieves strong detection capability with
high precision, recall, and mAP performance, confirming its ability to identify bacilli
accurately while minimizing false detections. Furthermore, the consistent performance
across validation datasets demonstrates that the model maintains robustness against
variations in staining quality, smear density, and image acquisition conditions.

This study also highlights the clinical relevance of transforming object detection outputs
into standardized diagnostic information. The proposed approach automatically converts
detected bacilli counts into IUATLD grading categories such as Scanty, 1+, 2+, and 3+,
allowing the system to generate clinically interpretable results that align with laboratory
diagnostic procedures. The high agreement between automated predictions and expert
annotations indicates that the system can replicate manual microscopic assessment with
consistent performance. This capability provides significant advantages over traditional
manual microscopy because the proposed system offers faster analysis, objective
interpretation, and reduced diagnostic variability. In addition, the automated framework
supports laboratory efficiency by reducing technician workload and enabling more
standardized tuberculosis screening processes, particularly in high-burden and resource-
limited healthcare environments.

Although the proposed system demonstrates promising performance, several
limitations remain important for future improvement. The detection accuracy strongly
depends on the diversity and quality of the training dataset, including staining consistency,
bacilli visibility, and image clarity. Difficult cases such as overlapping bacilli structures,
excessive debris, and poor smear preparation still affect the reliability of object localization
and counting accuracy. Furthermore, this study validates the model using a dataset of



1,265 sputum smear images, but additional evaluation using external datasets from
different laboratories and geographic regions is necessary to ensure broader generalization
capability. Future work may focus on improving lightweight model optimization, enhancing
small-object detection performance, and integrating the proposed system into a user-
friendly clinical software platform to support routine laboratory implementation and real-
time tuberculosis diagnosis.

5. Conclusion

This study develops and validates an automated deep-learning system for detecting,
quantifying, and grading Mycobacterium tuberculosis in Ziehl-Neelsen-stained sputum
smear images. Our proposed method utilizes the YOLOv12 object detection model
integrated with the [IUATLD grading standard to produce clinically interpretable diagnostic
results. The system successfully addresses the limitations of conventional manual
microscopy, which often requires extensive time, expert interpretation, and repetitive
laboratory procedures. Based on the experimental evaluation, the proposed model
achieves strong detection performance with a mean Average Precision (mAP) of 84.7%,
precision of 74.18%, recall of 73.90%, and F1-score of 74.04%. These findings indicate
that the proposed framework can reliably identify tuberculosis bacilli under varying smear
conditions and image characteristics.

This paper further demonstrates that integrating deep learning detection outputs with
the IUATLD grading protocol can effectively transform raw bacilli counts into standardized
clinical categories, including Scanty, 1+, 2+, and 3+. The proposed approach provides a
direct bridge between artificial intelligence analysis and routine laboratory workflows,
allowing the system to generate objective and consistent diagnostic interpretations. In
addition, this study confirms that the automated grading mechanism can support laboratory
personnel in reducing diagnostic variability while improving efficiency and throughput in
tuberculosis screening activities. The obtained results highlight the potential of artificial
intelligence to support faster and more scalable tuberculosis diagnosis, particularly in high-
burden healthcare environments.

Although the proposed system achieves promising results, this study recognizes
several limitations related to dataset diversity, staining variability, and challenging
microscopic conditions such as overlapping bacilli and image artifacts. Our proposed
method still depends on the quality and representativeness of the training dataset, which
may influence generalization across different laboratory settings. Therefore, future work
should expand the dataset using multi-center clinical samples and investigate more
adaptive detection architectures to further improve robustness and grading consistency.
Overall, this paper demonstrates that combining YOLO-based object detection with
standardized IUATLD classification can produce an effective and clinically relevant
automated tuberculosis diagnostic framework for digital microscopy applications.
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