
Computational and Structural Biotechnology Journal 27 (2025) 2208–2218

Available online 26 May 2025
2001-0370/© 2025 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Biotechnology. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Contents lists available at ScienceDirect

Computational and Structural Biotechnology Journal  

journal homepage: www.elsevier.com/locate/csbj

Research Article

Deep learning-based framework for Mycobacterium tuberculosis bacterial 

growth detection for antimicrobial susceptibility testing

Hoang-Anh T. Vo a, , Sang Nguyen a, Ai-Quynh T. Tran a, , Han Nguyen a, Hai Bich Ho b,c, , 

Philip W. Fowler c,d,e, Timothy M. Walker b,c, , Thuy Thi Nguyen a, ,∗

a School of Science, Engineering & Technology (SSET), RMIT University, Ho Chi Minh, Viet Nam
b Oxford University Clinical Research Unit, Ho Chi Minh, Viet Nam
c Nu˙ield Department of Medicine, University of Oxford, Oxford, United Kingdom
d Health Protection Research Unit in Healthcare Associated Infections and Antimicrobial Resistance, University of Oxford, Oxford, United Kingdom
e National Institute of Health Research Oxford Biomedical Research Centre, John Radcliffe Hospital, Oxford, United Kingdom

A B S T R A C T 

Tuberculosis (TB) kills more people annually than any other pathogen. Resistance is an ever-increasing global problem, not least because diagnostics remain 
challenging and access limited. 96-well broth microdilution plates offer one approach to high-throughput phenotypic testing, but they can be challenging to read. 
Automated Mycobacterial Growth Detection Algorithm (AMyGDA) is a software package that uses image processing techniques to read plates, but struggles with 
plates that exhibit low growth or images of low quality. We developed a new framework, TMAS (TB Microbial Analysis System), which leverages state-of-the-art 
deep learning models to detect M. tuberculosis growth in images of 96-well microtiter plates. TMAS is designed to measure Minimum Inhibitory Concentrations 
(MICs) rapidly and accurately while differentiating between true bacterial growth and artefacts. Using 4,018 plate images from the CRyPTIC (Comprehensive 
Resistance Prediction for Tuberculosis: An International Consortium) dataset to train models and refine the framework, TMAS achieved an essential agreement of 
98.8%, significantly outperformed the 90% threshold established by the International Organization for Standardization (ISO). TMAS offers a reliable, automated and 
complementary evaluation to support expert interpretation, potentially improving accuracy and efficiency in tuberculosis drug susceptibility testing (DST).

1. Introduction

Tuberculosis still kills more people each year than any other single 
pathogen and drug resistance is an increasingly important problem [1]. 
Whilst the drug development pipeline is better stocked than for decades, 
the longevity of new drug regimens will depend heavily on our ability to 
minimise the evolution of resistance by treating patients with drugs to 
which their tuberculosis is susceptible [2,3]. Achieving this through the 
culture-based, phenotypic drug susceptibility testing (pDST) methods in 
routine use today would be costly and complex [4]. There has conse

quently been a drive from the WHO and others towards developing and 
implementing molecular assays, most recently targeted next generation 
sequencing (tNGS) [5].

The CRyPTIC (Comprehensive Resistance Prediction for Tuberculo

sis: an International Consortium) project was a global collaboration that 
set out to generate a near-comprehensive understanding of the relation

ship between M. tuberculosis genetic mutations and minimum inhibitory 
concentrations (MICs) to 14 anti-tuberculosis drugs. The project made 
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a substantial contribution towards the WHO catalogue of mutations as

sociated with resistance in M. tuberculosis [6,7].

CRyPTIC required a new phenotypic approach to generate MIC for 
up to 15,000 M. tuberculosis strains. The project therefore developed 
new 96-well broth microdilution plates together with ThermoFisher [8]. 
Such plates are now more commonly used and newer plates are in de

velopment that will generate MICs for many of the newer drugs. The 
experience of the CRyPTIC consortium however shows that plate read

ing can be challenging due to the presence of artefacts such as sediment, 
air bubbles, condensation, contamination, plate failures, and shadows, 
as well as variability in image quality. CRyPTIC addressed this by hav

ing plates read by laboratory scientists, by BashTheBug, a citizen science 
initiative that collects volunteer-based classifications, and by AMyGDA, 
a rule-based image analysis tool, and then seeking a consensus from 
these three methods [8--10]. In BashTheBug, the ``wisdom of the crowd'' 
method helps balance out individual mistakes, but volunteers often have 
a tendency to overcall as a cautious response to the risk of missing po

tential growth [9]. On the other hand, AMyGDA is highly sensitive to 
artifacts and often fails to detect bacterial growth when handling low
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Nomenclature

Abbreviations 

AMyGDA Automated Mycobacterial Growth Detection Algorithm

BRC Biomedical Research Centre

CRyPTIC Comprehensive Resistance Prediction for Tuberculosis: An 
International Consortium

CLAHE Contrast-Limited Adaptive Histogram Equalization

DST Drug Susceptibility Testing

HPRU Health Protection Research Unit

ips Images per second

mAP Mean Average Precision

MGIT Mycobacterial Growth Indicator Tube

MIC Minimum Inhibitory Concentration

MSF Mean Shift Filtering

NHS National Health Service

PAS Para-aminosalicylic acid

pDST Phenotypic Drug Susceptibility Testing

TB Tuberculosis

TMAS Tuberculosis Microbial Analysis System

tNGS Targeted next-generation sequencing

Fig. 1. Plate designs for (A) UKMYC5 and (B) UKMYC6. Text labels indicate drug names, while numerical values denote the corresponding drug concentration 
ranges [12]. Each well has double the drug concentration of the one before. The plates are visualized as background.

quality images [8]. Whilst it is likely that experts will continue to be 
needed for plate reading, a high-quality second reading will be key to 
ensuring accuracy and efficiency, especially when processing a large 
number of plates. Here we explore whether BashTheBug and AMyGDA 
can be improved upon.

Machine learning has demonstrated itself to be well-suited to the 
interpretation of images, although detecting bacterial growth on mi

crotiter plates poses a challenge. Any method must distinguish between 
the growth of M. tuberculosis and plate errors such as contamination, 
condensation, sediment, or air bubbles, whilst not being misled by arte

facts such as shadows and water droplets that form on the protective film 
due to humidity. In this study, TMAS, a deep learning-based framework 
with state-of-the-art models trained on the CRyPTIC dataset to auto

matically detect M. tuberculosis growth on 96-well plates, is developed 
and evaluated. It is benchmarked against AMyGDA and BashTheBug, 
which are established methods used in CRyPTIC, to determine whether 
it can provide more consistent and scalable interpretations, particularly 
in cases where traditional or semi-automated methods may be prone 
to misclassification. We harness a series of advances in deep learning

based visual object recognition, and object detection specifically [11], 
to assess its applicability to M. tuberculosis pDST.

2. Materials and methods

2.1. Dataset

To develop and evaluate the TMAS framework, the publicly avail

able dataset provided by the CRyPTIC Consortium was utilised, which 
contains extensive phenotypic data of Mycobacterium tuberculosis isolates 
[10]. This dataset comprises:

1. Image Data: A total of 15,209 images of 96-well broth microdilu

tion plates captured after 14 (or in a few cases, 21) days of incu

bation using a Thermo Fisher Vizion Instrument. Each image shows 
an entire plate (referred to as a ``plate image'') and includes all 

96 wells, each corresponding to different drug concentrations. The 
plates were set up in two designs:

• UKMYC5: Contains 14 anti-TB drugs and two drug-free positive 
control wells.

• UKMYC6: An updated design with 13 anti-TB drugs, exclud

ing para-aminosalicylic acid (PAS), and extended concentration 
ranges for several drugs present in UKMYC5 (Fig. 1).

2. Plate Readings and Ground Truth MICs: The Minimum Inhibitory 
Concentration (MIC) values used in this study were derived from the 
CRyPTIC project through a robust consensus process. MIC readings 
were obtained from three complementary sources: (1) manual read

ings by expert laboratory technicians using the Thermo Fisher Vizion 
system, which served as a gold-standard reference; (2) automated 
analyses conducted with AMyGDA, a growth detection algorithm 
designed for reproducible plate image analysis; (3) crowd-sourced 
evaluations from the BashTheBug citizen science project, where 
non-expert participants analyzed the same images. These readings 
were integrated by CRyPTIC into a single, standardized consensus 
MIC value using a purpose-built algorithm [10]. This consensus 
value served as the ground truth for training and evaluating the 
performance of TMAS’s growth detection model.

2.1.1. Image selection and partitioning

From the complete CRyPTIC dataset of 15,209 plate images, a subset 
of 4,018 images was randomly selected to train and evaluate TMAS. The 
selection of a subset of images was to ensure computational efficiency 
in training and testing the models. The images were chosen randomly 
to ensure a diverse representation of images, high-quality, low-quality, 
and challenging edge-case images.

The dataset of 4,018 images for experiments in this work was then 
partitioned into subsets for training, testing and evaluation purposes, in 
which the training and validation dataset is 80% and the test set is 20%.
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Fig. 2. Types of artefacts that can affect MIC determination and model performance, including (A) bubbles, (B) condensation, (C) contamination, (D) shadow, (E) 
sediment, and (F) plate failure.

1. Training and Validation Set: This set, consisting of 3,215 images 
(containing 41,850 MIC readings), was used for training and vali

dating the deep learning models for growth detection.

• Training Subset: 75% of the Training and Validation Set (2,411 
images or 31,385 MIC readings)

• Validation Subset: 25% of the Training and Validation Set (804 
images or 10,465 MIC readings)

To mitigate variability introduced by random sampling, the split

ting and training process was repeated across five independent runs, 
with training and validation subsets reshuffled for each run. Model 
performance for growth detection was evaluated on the validation 
subsets, and the final results were reported as the mean and stan

dard deviation across the five runs. This approach ensured a more 
reliable assessment of the growth detection model’s generalizability 
while reducing potential biases introduced by specific data parti

tions.

2. Test Set: This comprehensive test set, consisting of 803 images 
(10,454 MIC readings), was used for evaluating TMAS’s perfor

mance in predicting MICs.

2.1.2. Edge case dataset

In addition to the Test Set, a set of 100 edge-case images, named 
the Edge Case Dataset, was included to assess TMAS’s robustness un

der challenging conditions. These images were manually curated from 
the remaining images in the whole dataset of 15,209 plate images from 
CryPTIC, and they are characterized by severe artefacts and irregular 
growth patterns, contributed 1,324 MIC readings to the overall dataset. 
Together, the Comprehensive Test Set and Edge Case Dataset were used 
to evaluate TMAS’s MIC prediction performance across diverse condi

tions and scenarios.

2.2. Source of errors

In real-life environments, a range of artefacts can significantly im

pact the quality and clarity of images taken from 96-well plates, poten

tially affecting model performance. Systematic artefacts that may affect 
a region or an entire plate include shadows, sediment, and plate fail

ures, which are challenging to detect and avoid. Randomly occurring 
artefacts, such as bubbles, condensation, or contamination, can lead to 
nonsensical growth patterns if erroneously detected. These include ap

parent bacterial proliferation at high antibiotic concentrations—where 
inhibition was expected—or unexpected absences of growth, causing 
non-continuous bacterial growth patterns [8]. The TMAS framework was 
specifically designed to mitigate the effects of these artefacts on MIC 
determination, representing a significant improvement over existing ap

proaches like AMyGDA, which are more sensitive to such errors. See 
Fig. 2.

2.3. Software

TMAS was built based on advanced deep learning models, includ

ing Faster R-CNN [13], Mask R-CNN [14], Inception-ResNet [15], and 
YOLOv8 [16]. It was developed using object-oriented Python3 and im

plemented with Ultralytics YOLOv8 [17], Keras [18], TensorFlow [19], 
PyTorch [20] for bacterial growth detection. Image processing tech

niques were employed using the OpenCV2 Python API [21]. NumPy 
and Pandas were used to ensure efficient data management. TMAS re

ports MICs based on the specific plate design and offers the option of 
saving results in different formats (.csv, .json). TMAS can be installed 
directly from its PyPi package https://pypi.org/project/tmas using pip 
install tmas or via https://github.com/Oucru-Innovations/tmas.git.

2.4. Solution design

The TMAS framework includes image preprocessing, training and se

lecting the optimal deep learning model for bacterial growth detection, 
generating and evaluating outputs, and combining growth detection 
with plate design to report MICs for each drug. The overall architec

ture is presented in Fig. 3.

2.4.1. Image preprocessing

Image preprocessing was undertaken to deal with poor image qual

ity, such as mitigating the effects of low contrast and uneven illumina

tion in the acquired images. A mean shift filter [22] was employed to 
reduce image noise while preserving the integrity of object edges; the 
Contrast-Limited Adaptive Histogram Equalization (CLAHE) filter [23] 
was utilised for local contrast enhancement without excessive noise am

plification; and pixel histogram normalisation [24] was implemented 
to optimise overall contrast. [8]. Each processed image is resized to 
512×512 pixels and padded to preserve aspect ratio (Fig. 3A). This en

sures uniform input to the deep learning model regardless of the original 
image size.

2.4.2. Growth detection using deep learning

To train the growth detection model, we have developed an anno

tation tool to retrieve consensus MIC values from the CRyPTIC dataset 
and link plate coordinates to areas of expected microbial growth within 
the images (see Fig. 4). This preparatory step allowed precise labelling 
of each image, and subsequent effective training in later stages of the 
analysis.

The performance of each candidate model was rigorously evaluated 
using standard metrics for bacterial growth detection, including Preci

sion, Recall, F1 Score, and Mean Average Precision (mAP), along with 
computational efficiency indicators such as throughput. Based on these 
evaluations, the most optimal model was selected for integration into 
TMAS. To ensure the reliability of predictions, a confidence score thresh

old of 0.5 was applied during the evaluation phase; only detections with 
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Fig. 3. The overall architecture of TMAS. The system consists of four steps to detect growth and determine the MICs of plate images. (A) Plate images are 
preprocessed by applying various image processing techniques. The images are then resized to 512 × 512 pixels and padded to fit the detection model’s input. (B) 
A trained deep learning model is used to detect the bacterial growth in each well of the plates. (C) Drug-free, positive control wells are checked for the presence of 
growth. (D) MICs are reported based on growth detection and the corresponding plate design.

Fig. 4. An illustration of annotation tool. The plate images were annotated using the developed tool by retrieving the growth information provided in the plate 
measurements to determine the growth coordinates in each image, which were then used as bounding boxes for model training.
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Table 1
Performance comparison of different models, sorted by F1-score in descending order. Ips = images 
per second.

Models Precision Recall F1-score mAP Throughput 
YOLOv8 0.956 ± 0.005 0.954 ± 0.004 0.955 ± 0.004 0.982 ± 0.002 69 ips 
Mask R-CNN 0.910 ± 0.030 0.969 ± 0.019 0.938 ± 0.011 0.952 ± 0.016 19 ips 
Faster R-CNN 0.914 ± 0.029 0.961 ± 0.017 0.937 ± 0.008 0.970 ± 0.005 25 ips 
Inception-ResNet 0.996 ± 0.001 0.707 ± 0.083 0.826 ± 0.058 0.794 ± 0.004 15 ips 

Table 1 shows average performance across five runs. YOLOv8 achieved the highest F1-score, mAP, 
and throughput.

confidence scores ≥ 0.5 were considered valid, thereby ensuring a rea

sonable level of certainty in the results. Following detection, positive 
control wells outputs were verified (Fig. 3C). Images exhibiting dis

crepancies or errors were flagged for manual review to further ensure 
accuracy and robustness.

2.4.3. MIC determination

After bacterial growth detection, Minimum Inhibitory Concentra

tions (MICs) are determined from 96-well plate images as follows:

• Well Identification: Wells are detected using Hough Circle Trans

form in OpenCV [21] and represented as circular regions in a stan

dardized 8×12 grid corresponding to the 96-well layout. Each well’s 
center coordinates and radii are stored for precise spatial referenc

ing.

• Mapping Growth Predictions to Wells: The deep learning model 
outputs a set of bounding boxes, each associated with:

– Coordinates: The (𝑥1, 𝑦1, 𝑥2, 𝑦2) values defining the rectangular 
region of detected growth,

– Scores: The model’s confidence in the prediction, and

– Labels: A class label indicating the presence of growth.

To map these detections to the correct wells, TMAS checks whether 
the center of each well lies within any predicted bounding box 
labeled as growth. If so, the well is marked as positive for bacte

rial growth. This step results in a binary growth detection matrix 
(8×12) where 1 indicates detected bacterial growth and 0 repre

sents no growth.

• MIC Extraction from Plate Design: Each well corresponds to a 
specific drug and dilution level as defined in the CRyPTIC plate de

sign. Using the binary growth matrix and plate metadata, TMAS 
constructs a per-drug growth profile across increasing concentra

tions. MICs are then determined according to the following rules:

– The MIC is defined as the lowest concentration with no observed 
growth.

– If growth is present in all wells of a drug, the MIC is reported as 
greater than the highest concentration available on the plate.

– If no growth is detected in any well, the MIC is reported as less 
than or equal to the lowest concentration.

Special cases, including skipped wells (non-continuous growth in

dicating possible anomalies) and invalid positive controls (e.g., lack 
of growth in drug-free wells), are flagged. Such wells are excluded 
from downstream analysis and essential agreement calculations to 
ensure reliability. As part of the output, visualizations of the bac

terial growth detection on plate images can be optionally provided 
alongside the MIC results for all drugs tested (Fig. 3D).

2.4.4. Performance evaluation

To evaluate TMAS’s performance, we tested it on a comprehensive 
test set of 803 images, each paired with a corresponding ground truth 
image. For each drug in a test image, TMAS’s predicted MIC was com

pared to the ground truth MIC for the same drug. The evaluation focused 
on the agreement between TMAS predictions and ground truth values 
based on dilution levels. Essential agreement was defined as the per

centage of MIC predictions that were either identical to or within one 
doubling dilution of the ground truth MIC. Out of 10,454 MIC reading 

pairs from the 803 plate images, 176 pairs were excluded due to miss

ing ground truth values, resulting in 10,278 MIC reading pairs being 
analyzed. These comparisons formed the basis for calculating TMAS’s 
overall essential agreement.

2.5. Experiment setup

All experiments were conducted on Google Colab using an NVIDIA 
L4 GPU and local hardware including a B760 Edge Ti WiFi motherboard, 
a Core i5-12400 CPU, 16 GB DDR5 RAM, an MPG A850GL power supply 
unit, a MEG S280 cooler, an RTX 4080 SUPRIM graphics card, a M390 
500 GB SSD, a GUNGIR 300R case, and peripherals GK30 and GM20. The 
environment was configured using Python 3.10.12 and PyTorch 2.3.1, 
utilising CUDA 12.2 (compiler version 12.2.140).

3. Results

3.1. Evaluation of TMAS’ growth detection model

Four advanced Deep Learning models (Faster R-CNN, Mask R-CNN, 
Inception-ResNet, and YOLOv8) were trained and evaluated, focusing 
on key performance metrics: precision, recall, F1-score, mean average 
precision (mAP) [25], and throughput (the number of images processed 
per second, ips). The results, averaged over five runs, are summarized 
in Table 1.

Among the evaluated models, YOLOv8 consistently outperformed 
the others across all metrics, achieving the highest F1-score, mAP, and 
throughput. Mask R-CNN and Faster R-CNN also demonstrated strong 
performance, but their F1-scores and throughput were slightly lower 
than YOLOv8. Inception-ResNet achieved the highest precision but suf

fered from low recall, which significantly impacted its F1-score and 
mAP.

Furthermore, an analysis of the learning behaviors of the models, 
based on loss graphs (provided in the supplementary section), revealed 
that YOLOv8 exhibited faster convergence and more stable loss reduc

tion during training, indicating superior learning efficiency compared 
to the other models. This advantage translated into higher detection ac

curacy and reliability, affirming YOLOv8 as the best-performing model 
in this study.

To further validate YOLOv8, we quantified its inference time on 
the same testing dataset. With a throughput of 69 images per second, 
YOLOv8 was the most computationally efficient model, significantly sur

passing the throughput of Mask R-CNN (19 ips), Faster R-CNN (25 ips), 
and Inception-ResNet (15 ips).

Based on these evaluations, YOLOv8 was selected as the optimal 
model for growth detection and subsequently integrated into TMAS for 
Minimum Inhibitory Concentration (MIC) extraction. An example of the 
visualized detection results is shown in Fig. 5B, alongside a comparison 
to the ground truth in Fig. 5A.

3.2. TMAS’s MIC reading result on test set

The TMAS framework was evaluated for its ability to determine Min

imum Inhibitory Concentrations (MICs) by integrating output from the 
bacterial growth detection model applied to 96-well plate images.
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Fig. 5. Example of comparison of ground truth and YOLOv8 detection results on a plate image. (A) displays ground truth bacterial growth (green bounding 
boxes), while (B) illustrates YOLOv8 predictions (blue bounding boxes).

Fig. 6. Relationship between TMAS-predicted MIC (Dilution) and ground truth. Each point represents one of the 10,278 pairs of predicted and ground truth 
MIC dilutions, with a linear regression trend line (𝑅2 = 0.94) illustrating the strong agreement across all drugs. Variations in the number of wells for each drug may 
introduce minor biases in the distribution.

The concordance between TMAS’s MIC predictions and the ground 
truth was high, as demonstrated by a strong linear relationship with 
an 𝑅2 of 0.94 (Fig. 6). To ensure reliability in the essential agreement 
calculations, 63 additional MIC readings (0.61%) were excluded due to 
nonsensical growth patterns, such as the detection of bacterial growth in 
higher concentration wells but not in lower concentration wells. These 
cases, requiring manual review, were excluded to maintain the validity 
of the automated evaluation. This resulted in 10,215 MIC readings being 
used for essential agreement calculations.

TMAS achieved an essential agreement of 98.8% (10,096 out of 
10,215 cases) with the ground truth. Of the 10,215 cases, TMAS pre

dictions were identical to the ground truth for 9,009 cases (88.2%), one 
doubling dilution lower for 645 cases (6.31%), and one doubling dilu

tion higher for 442 cases (4.33%). Predictions that differed by two or 
more doubling dilutions were classified as errors, accounting for 119 
cases (1.16% error rate).

This performance significantly exceeds the 90% threshold estab

lished by the International Organization for Standardization (ISO) [26], 
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Fig. 7. Comparison of TMAS, AMyGDA, and BashTheBug growth detection results. The green circles indicate the Ground Truth data provided by the lab scientists. 
The left column (A) displays the TMAS’s detection results, with bacterial growth marked by blue circles. The middle column (B) displays the AMyGDA detection 
results, with bacterial growth marked by yellow circles. The last column (C) represents the BashTheBug detection results, with bacterial growth marked by pink 
circles.

Table 2
Comparison of MIC values predicted by TMAS, AMyGDA, and BashTheBug against the MIC measured by laboratory 
scientists on the comprehensive test set.

Description Method Number of Cases Proportion of Cases 
Unable to determine an MIC TMAS 0 0% 

AMyGDA 725 6.94% 
BashTheBug 605 5.79%

Identical to Lab-Scientist Reading TMAS 8,738 83.6% 
AMyGDA 6,327 60.5% 
BashTheBug 4,692 44.9%

One doubling dilution lower than Lab-Scientist Reading TMAS 670 6.41% 
AMyGDA 273 2.61% 
BashTheBug 1,726 16.5%

One doubling dilution higher than Lab-Scientist Reading TMAS 838 8.02% 
AMyGDA 2,507 24.0% 
BashTheBug 118 1.13%

Two or more doubling dilutions different from Lab-Scientist Reading TMAS 208 1.99% 
AMyGDA 622 5.95% 
BashTheBug 3,313 31.7% 

Compared to 87.1% (9,107 out of 10,454 cases) of AMyGDA and 62.5% (6,536 out of 10,454 cases) of BashTheBug, 
TMAS achieved the highest score of 98.0% (9,881 out of 10,454 cases) agreement with Lab-Scientist readings, with MIC 
values within one doubling dilution of each other.

Note: The sum of the ``Proportion of Cases'' for TMAS & BashTheBug is 100.02% due to rounding to two decimal places.

which is commonly used to assess and validate new drug susceptibil

ity testing (DST) methods. These results demonstrate the reliability and 
accuracy of TMAS in determining MICs under diverse testing conditions.

3.3. TMAS, AMyGDA, and BashTheBug performance on test set compared 
to Lab-scientist readings

To compare TMAS with AMyGDA and BashTheBug, MICs determined 
by the laboratory-based expert reader were used as the benchmark. 
This approach provides an independent reference point since the ground 
truth contains results from AMyGDA and BashTheBug, making it unsuit

able for objective evaluation. Each method’s ability to detect bacterial 
growth was assessed across two test sets: the comprehensive test set and 
the edge case dataset with plate artefacts.

As observed in Fig. 7, the results from TMAS and AMyGDA are rel

atively similar. Both methods successfully detected limited growth in 
wells containing EMB, LEV, MXF, LZD, PAS, and KAN. However, the 
bacterial growth detected by TMAS was consistently reported at least 
one doubling dilution higher than that observed by laboratory scien

tists. AMyGDA occasionally failed to detect the same level of growth, 
resulting in MICs that were one dilution lower than those determined 
by laboratory scientists. This led to discrepancies in MICs compared to 
the Lab-Scientist Reading, although results were still within essential 
agreement. The consensus of the BashTheBug volunteers was less accu

rate at detecting bacterial growth. In some cases, it failed to identify 

growth detected by TMAS and AMyGDA, leading to a higher discrep

ancy in its reported MICs. See Table 2.

TMAS achieved the greatest concordance with 83.6% of its read

ings exactly matching those of lab scientists, compared to 60.5% of 
AMyGDA’s readings and 44.9% of BashTheBug’s. Moreover, TMAS’s dis

crepancy rates for readings one doubling dilution off from Lab-Scientist 
readings stood at 14.43% (6.41% one dilution lower + 8.02% one di

lution higher), being lower than AMYGDA’s 26.61% (2.61% + 24.0%) 
and BashTheBug’s 17.63% (16.5% + 1.13%). AMYGDA’s performance 
suffers from its reliance on structured scenarios, and it cannot adapt to 
handle low-quality or distorted images that result from plate artefacts. 
Only 1.99% of TMAS readings differed by two or more doubling dilu

tions, compared to 5.95% for AMYGDA and 31.7% for BashTheBug.

3.4. TMAS, AMYGDA, BashTheBug performance on edge case dataset 
compared to Lab-scientist reading

Next we compared the performance of TMAS, AMyGDA, and 
BashTheBug on hard-to-read plates containing artefacts. Lab-scientist 
readings again served as the ground truth benchmark for this compar

ison. 13 out of 1,324 readings from 100 images were excluded due to 
the lack of ground truth, resulting in 1,311 in total. See Table 3.

As an example in (Fig. 8), TMAS (Fig. 8A) and BashTheBug (Fig. 8C) 
performed well in detecting bacterial growth among these edge cases. 
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Table 3
Comparison of MIC values measured by TMAS, AMyGDA, and BashTheBug against the MIC measured by laboratory 
scientists on the edge case dataset.

Description Method Number of Cases Proportion of Cases 
Unable to determine an MIC TMAS 0 0% 

AMyGDA 267 20.4% 
BashTheBug 278 21.2%

Identical to Lab-Scientist Reading TMAS 816 62.2% 
AMyGDA 574 43.8% 
BashTheBug 483 36.8%

One doubling dilution lower than Lab-Scientist Reading TMAS 236 18.0% 
AMyGDA 74 5.64% 
BashTheBug 148 11.3%

One doubling dilution higher than Lab-Scientist Reading TMAS 160 12.2% 
AMyGDA 269 20.5% 
BashTheBug 18 1.37%

Two or more doubling dilutions different from Lab-Scientist Reading TMAS 99 7.55% 
AMyGDA 127 9.69% 
BashTheBug 384 29.3% 

TMAS achieved the highest agreement at 92.4% (1,212 out of 1,311 cases), compared to 69.9% (917 out of 1,311 cases) 
for AMyGDA and 49.5% (649 out of 1,311 cases) for BashTheBug, with agreement defined as MIC values that are identical 
to or within one doubling dilution of the Lab-Scientist readings.

Note: Due to rounding to two decimal places, the total proportion of cases sums to 99.95% for TMAS, 99.97% for BashTheBug, 
and 100.03% for AMyGDA.

Fig. 8. Comparison of TMAS and AMyGDA growth detection results on challenging images. The Ground Truth data provided by the lab scientists is indicated 
by the green circles. The left-hand plate image A) displays the TMAS’s detection results, with bacterial growth marked by blue circles. The middle plate image B) 
displays the AMyGDA detection results, with bacterial growth marked by yellow circles. The right-hand plate image C) represents the BashTheBug detection results, 
with bacterial growth marked by pink circles.

While BashTheBug perfectly aligned with lab-scientist readings in this 
case, TMAS exhibited one false positive reading for AMI and one false 
negative reading for CFZ. AMyGDA (Fig. 8B) frequently misclassified 
condensation as bacterial growth, leading to a high rate of incorrect 
MIC readings. As it relies on crowd-sourced inputs, BashTheBug is par

ticularly susceptible to errors arising from misinterpretations of visual 
artefacts, such as mistaking sediment for microbial growth or condensa

tion patterns, which increases the risk of inaccuracies in MIC determi

nation.

From the comparison of TMAS, AMyGDA, and BashTheBug on the 
edge case test set, we can see that TMAS consistently demonstrated the 
closest correlation with the Lab-Scientist Readings, achieving a match in 
62.2% of cases, compared to 43.8% of AMyGDA’s readings and 36.8% 
of BashTheBug’s. It also demonstrated the least discrepancies, with only 
7.55% of cases differing by two or more dilutions, compared to 9.69% 
for AMyGDA and 29.3% for BashTheBug. Additionally, TMAS achieved 
the lowest error rate, with no MICs undetermined, compared to error 
rates of 20.4% for AMyGDA and 21.2% for BashTheBug. TMAS is there

fore more accurate, reliable, and robust than existing methods, even 
when presented with challenging edge cases.

4. Discussion

Various methods have been employed for Mycobacterium tuberculo

sis (MTB) growth detection and susceptibility testing, each with unique 
trade-offs in cost, turnaround time, and scalability. The Mycobacterium 
Growth Detector Tubes (MGIT) 960 system offers full automation and 
high sensitivity using fluorescence-based oxygen consumption detec

tion, delivering results within 7 to 14 days [27] and achieving up to 
99.5% agreement with reference methods. This is the most widely used 
method but constitutes an expensive approach to generating MICs for 
multiple drugs as once. The Agar Proportion Method (APM), regarded 
as a gold standard, relies on visible colony formation on solid media 
but is labor-intensive and has a long turnaround time of up to 21 days 
[28]. The Resazurin Microtiter Assay (REMA) is a colorimetric approach 
that detects bacterial growth through a redox-induced color change, typ

ically within 8 days. It is affordable, can generate MICs, is suited to 
high-throughput applications, and is capable of detecting resistant sub

populations at levels as low as 1% to 4% [21]. Microscopic-observation 
drug-susceptibility (MODS) assays similarly lend themselves to mea

suring MICs and have a rapid turn-around time [29]. However, some 
biosafety concerns around these methods still persist and the reading of 
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all these plates remains subjective. An automated approach is therefore 
preferred. Imaging-based systems can mitigate some of the subjectiv

ity that accompanies human reading of these assays. They also have 
the potential for earlier detection, with studies reporting a 4.4-fold re

duction in time to detection using high-resolution imaging compared to 
standard protocols, while maintaining comparable accuracy [30]. More

over, such systems support high-throughput screening and automated 
MIC interpretation across large datasets [8].

Inspired by these advancements, we developed the Tuberculosis Mi

crobial Analysis System (TMAS), an automated framework based on 
deep learning for detecting bacterial growth from images of 96-well 
microtiter plates and determining Minimum Inhibitory Concentrations 
(MICs). TMAS addresses a critical need in TB diagnostics by provid

ing a consistent, and automated method that reduces reliance on man

ual reading and mitigates variability associated with human and semi

automated approaches. Microtitre plates are an efficient means of si
multaneously measuring MICs for multiple drugs, and cost less than 
traditional DST methods, such as the Mycobacterial Growth Indicator 
Tube (MGIT), would if used to assay MICs for this many drugs. TMAS 
leverages advanced deep learning algorithms to accurately read 96

well broth microdilution plates. On the comprehensive test set, TMAS 
achieved an essential agreement with the ground truth of 98.8%, sig

nificantly exceeding the 90% minimum required for drug susceptibility 
testing methods by ISO 20776-2:2021 [26]. Furthermore, TMAS was 
able to interpret challenging images, maintaining high agreement rates 
despite the presence of artefacts and low quality images. It also achieved 
a trade-off between computational efficiency and accuracy, with an av

erage inference time of 14.3 milliseconds and a throughput of 69 images 
per second, ensuring its practical applicability.

TMAS offers more than just technical improvements. By delivering 
fast and accurate MIC readings, it has the potential to directly support 
improved clinical decision-making, enabling earlier and more accurate 
identification of effective drug regimens. This could reduce instances 
of false resistance or delayed treatment, which are key obstacles in the 
management of drug-resistant tuberculosis. In research and surveillance 
contexts, TMAS could streamline the extraction of phenotypic data from 
large image datasets, enabling more efficient analysis of emerging resis

tance patterns.

TMAS addresses several critical limitations of earlier systems such as 
AMyGDA and BashTheBug, offering notable improvements in accuracy, 
robustness, and reliability. Our evaluations demonstrated that TMAS 
consistently outperformed AMyGDA and BashTheBug across multiple 
metrics. On the comprehensive test set, TMAS achieved 83.6% agree

ment with lab-scientist readings, compared to 60.5% for AMyGDA and 
44.9% for BashTheBug. Additionally, TMAS reported discrepancies (one 
doubling dilution off) in only 14.4% of cases, lower than AMyGDA’s 
26.6% and BashTheBug’s 17.6%. TMAS also exhibited the lowest er

ror rate (1.99%) for readings that were two or more dilutions different 
from the ground truth, compared to 5.95% for AMyGDA and 31.7% for 
BashTheBug.

BashTheBug, a crowd-sourced citizen science platform, exhibited 
variability in performance due to its reliance on non-expert contributors. 
While the ``wisdom of the crowd'' approach helps average out individual 
errors, the project’s high Gini coefficient indicates an uneven distribu

tion of classifications, with a small subset of volunteers contributing 
disproportionately more than others [9]. However, as each volunteer 
could only contribute a single measurement per MIC, the overall impact 
of this imbalance was limited. A more critical limitation of BashTheBug 
was that volunteers tended to be conservative in their classifications, 
often overcalling bacterial growth as a precautionary measure. This ten

dency also increased the likelihood of misclassifying contamination or 
other artefacts as bacterial growth, leading to inflated MIC values.

Similarly, AMyGDA, an automated image-processing-based tool, ex

hibited some limitations due to its reliance on simple techniques [8]. 
AMyGDA primarily detects bacterial growth by counting dark pixels in 
the center of wells, rendering it highly susceptible to artefacts. Unlike 

deep learning-based approaches, which can learn image patterns to dis

tinguish between true bacterial growth and artefacts, AMyGDA requires 
manual parameter tuning to mitigate false positives. This often results 
in undercalling MICs compared to laboratory scientists’ readings, as a 
conservative threshold is applied to minimize erroneous classifications. 
Although AMyGDA employs mean shift filtering (MSF) and contrast

limited adaptive histogram equalization (CLAHE)�-techniques also uti

lized in TMAS for preprocessing—these methods alone are insufficient 
to accurately detect bacterial growth in low-quality images. By contrast, 
TMAS’s deep learning-based approach leverages learned feature repre

sentations to robustly differentiate growth from artefacts across diverse 
imaging conditions, enhancing both accuracy and reliability.

TMAS demonstrated its robustness when evaluated on an edge case 
dataset characterized by severe artefacts and irregular growth pat

terns. TMAS achieved 62.2% agreement with lab-scientist readings, out

performing AMyGDA (43.8%) and BashTheBug (36.8%). Additionally, 
TMAS reported discrepancies (one doubling dilution off) in 31.6% of 
cases, compared to AMyGDA’s 28.6% and BashTheBug’s 22.7%. TMAS 
also exhibited the lowest rate of major discrepancies, with only 7.55% 
of cases differing by two or more dilutions, compared to 9.69% for 
AMyGDA and 29.3% for BashTheBug. These results emphasize TMAS’s 
ability to minimize prediction errors and maintain high performance 
under various conditions, making it a reliable tool for applications in 
resource-limited settings.

From a deployment perspective, TMAS could operate as a digital as

sistant to laboratory scientists, automating initial plate interpretation 
while minimizing errors and maintaining expert oversight for clini

cal validation. In more advanced implementations, TMAS could be in

tegrated into real-time diagnostic workflows, where images of plates 
are captured and uploaded directly to participant records for immedi

ate analysis. This would not only streamline high-throughput testing 
pipelines but also enable automated flagging of discrepancies and en

sure traceable decision-making.

While TMAS could, in principle, support dynamic growth moni

toring through time-series imaging during incubation, such protocols 
present practical challenges, including increased labor for plate han

dling, contamination risks, and reliance on expensive hardware such 
as the Thermo Fisher Vizion system, factors that may restrict accessi

bility in resource-limited settings. To address these challenges, a more 
integrated setup could be envisioned, wherein plates remain stationary 
under a mounted camera within a controlled environment. This design 
would enable automated, scheduled image capture without requiring 
manual plate movement, further minimizing labor demands and re

ducing contamination risk. Alternatively, mobile-based solutions could 
eliminate the need for specialized hardware altogether. However, such 
an approach would require substantial model optimization, the devel

opment of a dedicated app interface, and potentially the deployment of 
cloud-based infrastructure to support inference if on-device processing 
proves infeasible.

While the primary focus of this study is the development of a high

accuracy deep-learning based framework for MIC determination, we 
recognize the value of a user-friendly web-based interface for broader 
accessibility. A full-featured web platform could be developed in the 
future to facilitate wider adoption of TMAS in clinical and research en

vironments. This work would require additional engineering efforts and 
could form a future project.

Several aspects to consider around developing and using TMAS. First, 
while TMAS was developed for UKMYC5 and UKMYC6 plate layouts, it 
could potentially function on modified plates with additional wells or 
altered drug ranges because the main task remains to detect growth. 
However, achieving optimal accuracy on substantially altered designs 
may require adjusting the annotation process, updating the plate de

sign map within TMAS, and potentially retraining certain aspects of 
the model. Second, TMAS currently produces a binary (growth vs. no 
growth) classification within each well based on bounding boxes for 
the growth detection phase. Although this approach effectively localizes 
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bacterial growth, implementing additional post-processing to quantify 
partial or percentage growth could offer further granularity for research 
or clinical purposes. Finally, adapting TMAS to novel platforms—such 
as mobile devices or alternative imaging setups—would require further 
development to ensure consistent model performance, sufficient com

putational capacity, and stable lighting conditions.

A notable strength of TMAS is its demonstrated ability to gener

alize across diverse conditions, as evidenced by its performance on 
both a broad comprehensive test set and a curated ``edge-case'' dataset. 
The edge-case dataset, characterized by severe artefacts and irregular 
growth patterns, further challenged the model beyond routine scenarios. 
Future developments could further enhance TMAS’s capabilities. These 
include gathering images from multiple imaging systems aside from 
the Thermo Fisher Vizion instrument, refining the detection pipeline 
to account for partial or percentage growth, and exploring integrated 
incubator–camera workflows that automate imaging. Additionally, cus

tomizing the model’s loss function to accommodate varying phenotype 
quality (e.g., high, medium, or low) could improve its predictive accu

racy in heterogeneous datasets.

5. Conclusion

In this study, we developed the Tuberculosis Microbial Analysis Sys

tem (TMAS), a machine learning-based tool designed to automate MIC 
determination from plate images. Built on advanced deep learning mod

els trained on a subset of 4,018 images from the CRyPTIC dataset, TMAS 
can learn to detect bacterial growth with high precision, distinguishing 
true growth from artefacts such as shadows, bubbles, sediment, con

densation and contamination. TMAS achieved an essential agreement of 
98.8% with the ground truth, significantly exceeding the 90% minimum 
required for drug susceptibility testing. It also outperformed existing au

tomated methods in accuracy, reliability, and efficiency, demonstrating 
robust performance even with challenging edge-case datasets. By reduc

ing reliance on manual interpretation, TMAS streamlines TB diagnos

tics, improves laboratory efficiency, and enhances access to high-quality 
DST. Its high accuracy and scalability position TMAS as a valuable tool 
for clinical microbiology laboratories and research institutions address

ing multidrug-resistant tuberculosis.
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Abstract

Tuberculosis (TB) kills more people annually than any other pathogen. Resistance is an ever-increasing global
problem, not least because diagnostics remain challenging and access limited. 96-well broth microdilution plates offer
one approach to high-throughput phenotypic testing, but they can be challenging to read. Automated Mycobacterial
Growth Detection Algorithm (AMyGDA) is a software package that uses image processing techniques to read plates,
but struggles with plates that exhibit low growth or images of low quality. We developed a new framework, TMAS
(TB Microbial Analysis System), which leverages state-of-the-art deep learning models to detect M. tuberculosis
growth in images of 96-well microtiter plates. TMAS is designed to measure Minimum Inhibitory Concentrations
(MICs) rapidly and accurately while differentiating between true bacterial growth and artefacts. Using 4,018 plate
images from the CRyPTIC (Comprehensive Resistance Prediction for Tuberculosis: An International Consortium)
dataset to train models and refine the framework, TMAS achieved an essential agreement of 98.8%, significantly
outperformed the 90% threshold established by the International Organization for Standardization (ISO). TMAS offers a
reliable, automated and complementary evaluation to support expert interpretation, potentially improving accuracy and
efficiency in tuberculosis drug susceptibility testing (DST).

Graphical abstract

View the article online
https://spj.science.org/doi/10.1016/j.csbj.2025.05.030

Use of this article is subject to the Terms of service

 (ISSN ) is published by the American Association for the Advancement of Science. 1200 New York Avenue NW, Washington, DC 20005. 

© 2025 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Biotechnology.

This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/).

D
ow

nloaded from
 https://spj.science.org on M

ay 08, 2026

https://www.science.org/content/page/terms-service
https://creativecommons.org/licenses/by-nc-nd/4.0/

	Deep learning-based framework for Mycobacterium tuberculosis bacterial growth detection for antimicrobial susceptibility te...
	1 Introduction
	2 Materials and methods
	2.1 Dataset
	2.1.1 Image selection and partitioning
	2.1.2 Edge case dataset

	2.2 Source of errors
	2.3 Software
	2.4 Solution design
	2.4.1 Image preprocessing
	2.4.2 Growth detection using deep learning
	2.4.3 MIC determination
	2.4.4 Performance evaluation

	2.5 Experiment setup

	3 Results
	3.1 Evaluation of TMAS’ growth detection model
	3.2 TMAS’s MIC reading result on test set
	3.3 TMAS, AMyGDA, and BashTheBug performance on test set compared to Lab-scientist readings
	3.4 TMAS, AMYGDA, BashTheBug performance on edge case dataset compared to Lab-scientist reading

	4 Discussion
	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A Supplementary material
	References


