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ABSTRACT

Clinical microbiology laboratories rely on manual
bacterial colony counting and morphological
identification, which are time-consuming and prone to
human error. This project presents Microbe Lens, a
deep learning-based framework designed to automate
bacterial image analysis and laboratory report
generation. The proposed system utilizes the YOLOvS
object detection model trained on publicly available
biomedical image datasets to detect, classify, and count
bacterial colonies, including overlapping colonies. It
also identifies bacterial characteristics such as Gram
status and cellular morphology. The detection module
is integrated with a FastAPI backend that processes
microbiological images and combines image-based
analysis with patient clinical information to support
diagnostic decision-making. The analysed results are
automatically converted into a standardized PDF
laboratory report using the Report Lab library,
reducing manual documentation and reporting time.
The novelty of Microbe-Lens lies in analysis with
automated laboratory report generation in a single
end-to-end framework, providing an efficient solution
for clinical microbiology laboratories.

Keywords: Deep Learning, YOLOvVS, Computer Vision,
Medical Image Analysis, Clinical Microbiology,
FastAPI, Automated Laboratory Report Generation.

I.INTRODUCTION

Clinical microbiology laboratories play a
critical role in diagnosing infectious
diseases by identifying pathogenic
bacteria and determining appropriate
antibiotic treatments. Traditionally, this
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process relies heavily on manual
techniques such as visual colony counting
on agar plates and microscopic
morphological examination. However,
manual methods are inherently subjective,
time-consuming, and prone to human
error, leading to variations in diagnostic
accuracy. With recent advancements in
artificial intelligence and computer vision,
deep learning models have shown
significant  potential in  automating
biomedical 1mage analysis. Object
detection frameworks, particularly YOLO
(You Only Look Once) models, have
revolutionized real-time image processing
tasks. Integrating such advanced Al
models into clinical workflows can
substantially reduce reporting time and
minimize manual workloads. This paper
introduces Microbe-Lens, an end-to-end
automated framework designed to bridge
the gap between Al-driven bacterial image
analysis and clinical report generation.
The proposed system utilizes a
customtrained YOLOv8 model for
accurate colony detection, classification,
and overlapping colony resolution.
Furthermore, it integrates a FastAPI
backend to process microbiological data
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and utilizes the ReportLab library to
automatically  generate  standardized,
professional PDF laboratory reports.
Beyond traditional diagnostic challenges,
modern clinical laboratories face immense
pressure to handle high-throughput
sample analyses daily. The integration of
artificial intelligence and deep learning
frameworks bridges this gap by offering
rapid, objective, and reproducible
evaluations.  Furthermore, automated
systems significantly minimize operator
fatigue, standardize diagnostic criteria
across different laboratory shifts, and
ensure that critical patient data is
processed and  reported  without
unnecessary administrative bottlenecks.
By bridging object detection outputs
directly with dynamic backend report
generation, frameworks like MicrobeLens
establish a scalable paradigm for next-
generation digital pathology and clinical
microbiology automation.

II. RELATED WORK

Recent advancements in  artificial
intelligence have significantly
transformed automated bacterial

identification and classification. Several
researchers have explored deep learning
models to overcome the limitations of
manual microscopic examination and
traditional biochemical testing.

For instance, M. Talo utilized a
pretrained ResNet-50 architecture with
transfer learning on the DiBaS dataset,
achieving an  exceptional average
classification accuracy of 99.2% without
requiring complex pre-processing steps.
Similarly, Amano et al. investigated deep
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learning approaches using VGGNET and
AlexNet models to classify bacterial types
from high-resolution images, highlighting
the importance of data augmentation and
robust CNN architectures.

In the context of low-resource and
limited dataset environments, Amri et al.
implemented a  deep  structured
convolutional neural network (CNN) to
enhance classification performance while
keeping computational overhead low.
Expanding on  transfer  learning
applications, Mannava et al. also
harnessed cutting-edge CNNs and ResNet
architectures to streamline species
identification and minimize human
intervention 1in laboratory workflows.
Furthermore, addressing the need for
automated colony-level analysis, Nagro et
al. introduced an image-processing and
deep learning framework utilizing cell
phone cameras to accurately identify
single bacterial colonies, proving that
automated systems can achieve high
diagnostic precision while remaining
costeffective.

Although these existing studies
demonstrate high accuracy in general
image classification or colony detection,
most of them stop short of providing an
end-to-end operational pipeline. Our
proposed  Microbe-Lens  framework
bridges this gap by integrating custom
YOLOvS8-based colony detection with a
FastAPI backend and ReportLab to
automate both data processing and clinical
report generation.

Furthermore, recent literature
underscores the critical role of lightweight
architectures in minimizing inference
latency during clinical deployment. While
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heavy multi-stage pipelines offer high
classification granularity, they often fail to
meet the real-time constraints required in
high-volume  pathology laboratories.
Consequently, integrating single-stage
object detection models with modular
backend web frameworks represents a
significant architectural advancement for
automated diagnostic assistance tools.

11 . PROPOSED METHODOLOGY

The proposed Microbe-Lens framework is
designed as an end-to-end automated
pipeline comprising three primary tiers:
image acquisition and preprocessing, deep
learning-based bacterial detection using a
custom-trained YOLOvV8 model, and
automated reporting via a FastAPI
backend coupled with ReportLab.

A. DATA ACQUISITION AND

PREPROCESSING

THE SYSTEM ACCEPTS DIGITAL IMAGES OF
CULTURED PETRI DISHES AND AGAR PLATES.

BEFORE FEEDING THESE IMAGES

INTO THE DETECTION MODEL,
PREPROCESSING STEPS—SUCH AS RESIZING,
NORMALIZATION, AND CONTRAST

ADJUSTMENT—ARE APPLIED TO ENHANCE
IMAGE CLARITY AND REDUCE BACKGROUND
NOISE CAUSED BY VARYING ILLUMINATION
OR REFLECTION. FURTHERMORE, DATA
AUGMENTATION STRATEGIES SUCH AS
RANDOM ROTATIONS, FLIPPING, AND

INTENSITY SCALING ARE

INCORPORATED DURING THE TRAINING
PHASE TO SIMULATE DIVERSE LABORATORY
CONDITIONS AND PREVENT MODEL

OVERFITTING ACROSS VARIED DATASETS.
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B. YOLOVS&-BASED COLONY
DETECTION AND CLASSIFICATION

AT THE CORE OF THE FRAMEWORK IS A
CUSTOMIZED YOLOVS OBJECT DETECTION
MODEL. UNLIKE TRADITIONAL

SEGMENTATION METHODS THAT STRUGGLE
WITH HIGH-DENSITY CLUSTERS, YOLOVS
PERFORMS BOUNDING-BOX REGRESSION
AND CLASSIFICATION SIMULTANEOUSLY IN A
SINGLE FORWARD PASS. THE MODEL IS
TRAINED TO  DETECT  INDIVIDUAL
BACTERIAL COLONIES, CLASSIFY THEIR
MORPHOLOGICAL CHARACTERISTICS (SUCH
AS SHAPE, COLOR, AND GRAM STATUS
INDICATORS), AND ACCURATELY RESOLVE
OVERLAPPING OR CLUSTERED COLONIES.
OPTIMIZED  ANCHOR-FREE  DETECTION
HEADS AND FOCAL LOSS FUNCTIONS ARE
UTILIZED TO ENHANCE  SENSITIVITY
TOWARDS SMALL AND DENSELY PACKED
COLONIES OFTEN FOUND IN CLINICAL

CULTURES.

C. FASTAPI
AND

AUTOMATED REPORT GENERATION ONCE

INTEGRATION

THE DETECTION MODULE EXTRACTS

QUANTITATIVE METRICS (SUCH AS COLONY
COUNT AND CLASSIFICATION RESULTS), THE
DATA IS TRANSMITTED TO A LIGHTWEIGHT

FASTAPI BACKEND. THE BACKEND

COMBINES THIS IMAGE ANALYSIS

DATA WITH PATIENT CLINICAL

INFORMATION. FINALLY, THE SYSTEM

UTILIZES THE PYTHON REPORTLAB
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LIBRARY TO DYNAMICALLY FORMAT
AND COMPILE A  STANDARDIZED,
PROFESSIONAL LABORATORY REPORT,
SIGNIFICANTLY MINIMIZING
MANUAL DOCUMENTATION OVERHEAD
AND REDUCING REPORTING
TURNAROUND TIME. THIS
ARCHITECTURE ENSURES SEAMLESS

API COMMUNICATION, SECURE DATA

HANDLING, AND INSTANTANEOUS
DOCUMENT RETRIEVAL FOR
LABORATORY TECHNICIANS.

IV . RESULT AND DISCUSSION THE
PERFORMANCE = OF THE  PROPOSED

MICROBE-LENS FRAMEWORK WAS

EVALUATED BASED ON COLONY DETECTION
ACCURACY, MODEL TRAINING EFFICIENCY,
AND AUTOMATED CLINICAL REPORT
GENERATION. THE EXPERIMENTAL RESULTS
DEMONSTRATE THE

EFFECTIVENESS OF INTEGRATING YOLOVS,
FASTAPI, AND REPORTLAB

INTO AN END-TO-END AUTOMATED
MICROBIOLOGICAL WORKFLOW. FURTHER
VALIDATION OF THE FRAMEWORK

INVOLVED TESTING ROBUSTNESS AGAINST
VARIATIONS IN LIGHTING AND PLATE
ARTIFACTS, CONFIRMING THAT THE DATA
AUGMENTATION

PIPELINE PREVENTS

OVERFITTING AND SUSTAINS HIGH

CLASSIFICATION RELIABILITY.
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Figure 1: YOLOvVS8 custom object detection
output showing localized and classified S. aureus

colonies on an agar plate with confidence scores.

Model Training and Evaluation Analysis
Dataset Distribution:

The dataset comprises 40 microbial
images, categorized into 30 higher
resolution samples and 10 lower
resolution samples.

Microbial Dataset - Resolution Distribution
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Figure 2: Microbial dataset resolution
distribution showing higher and lower
resolution samples

Training Performance:

The YOLOvVS8 model was trained over 10
epochs, and the training and validation
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loss curves illustrate a steady downward gap between detection and clinical
convergence down to approximately 0.2. decision-making.
Model Training & Validation Loss
-&~ Train Loss
08 Microbe-Lens: Automated Laboratory Report
0.7
. Bugher: 7 Urrad farire
" Coliege: Thassan B2 Abidil Kager Colfege i iomen
i 205
{8 0a ;
Analysis Results:
03
: Tage Onssy: Sphyivors ams (S ame
"2 Tatz Coiony Court: 12
01 Stts Posiee fr § armssodoes
P 4 (; 8 1"0"
Epochs = .
Morphological Observations & Parameters:
Figure 3: Model training and validation « Coony Color: Gokdeneon 1 gpeges wfie olrain sened

« Size: Appemanasly | 0 2 n daess
« Hemalysis Pagerm: Exids Bata ferpiyss foonpiets cear aone! (e Dited 253
« Detectiae Confidence: Veriiod vie 0L OVE castom et Sstection wodd iy S aress vl 30

loss curve over 10 epochs.

Classification Accuracy:

The confusion matrix validates CONCLUSION
strong classification reliability
between target S. aureus colonies and
other categories.

This paper presented Microbe-Lens, an
end-to-end automated framework
designed  to streamline clinical

Confusion Matrix

s microbiology workflows by combining
i custom YOLOv8-based bacterial colony

detection with a  FastAPI  and
~ ReportLabdriven automated reporting
2 system. Experimental evaluations

confirmed the framework's capability to
1\mtrix for accurately detect and classify bacterial

bac B R colonies while significantly reducing
manual  documentation errors and
reporting turnaround time. Future work
will focus on expanding the model to
CLINICAL WORKFLOW INTEGRATION identify a broader spectrum of pathogenic
microorganisms and enhancing
deployment  in  resourceconstrained
laboratory environments.

The integration of automated report
generation ensures that laboratory findings
are transmitted without delay, bridging the
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