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Abstract 
We present a customized OpenFlexure Microscope (OFM) platform for auto-
mated malaria detection and parasitemia estimation. The system integrates a 
Laplacian variance-based autofocus algorithm optimized for high-magnifica-
tion (100×/1.25 NA oil immersion) imaging, automated slide scanning, and a 
YOLOv11n deep-learning model for detection of Plasmodium-infected red 
blood cells (iRBCs), non-infected red blood cells (RBCs), and white blood cells 
(WBCs). Approximately 4,000 annotated images acquired from Giemsa-
stained Plasmodium falciparum thin blood smears were used for model train-
ing and evaluation. The proposed autofocus algorithm enabled reliable image 
acquisition across 100 fields of view, overcoming focus drift observed with the 
default OpenFlexure autofocus routine. The YOLOv11n model achieved a 
precision of 70.8%, recall of 91.6%, and F1 score of 79.9% for infected RBC 
detection. Integrated with automated slide scanning and image analysis, the 
OFM platform achieved a parasitemia estimation accuracy of approximately 
80%, compared with 38% for experienced human microscopists, while reduc-
ing analysis time from over 100 minutes to under 40 minutes per slide. The 
results highlight the challenges associated with reproducible quantitative par-
asitemia estimation using manual microscopy and demonstrate the ad-
vantages of automated image analysis for large-scale cell counting tasks. These 
findings demonstrate the potential of combining low-cost open-source mi-
croscopy with artificial intelligence to provide accurate, reproducible, and 
scalable malaria parasite detection and parasitemia estimation in resource-
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limited and point-of-care settings. 
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1. Introduction 

Malaria remains a major public health challenge, particularly in sub-Saharan Af-
rica, where it accounts for a significant proportion of morbidity and mortality. 
Accurate and timely diagnosis is essential for effective treatment and malaria con-
trol. Microscopy of Giemsa-stained blood smears remains the gold standard for 
malaria diagnosis due to its ability to quantify parasitemia and distinguish be-
tween Plasmodium species. However, conventional optical microscopy is time-
consuming, requires well-trained personnel, and suffers from limited reproduci-
bility, especially in resource-constrained settings. 

Recent advances in digital microscopy and artificial intelligence (AI) offer 
opportunities to overcome these limitations by automating the diagnostic pro-
cess. Early efforts utilized conventional machine learning algorithms such as 
Support Vector Machines (SVMs), k-Nearest Neighbors (k-NN), Decision Trees 
and shallow Artificial Neural Network (ANN) [1]. These methods required 
manual feature extraction from blood smear images, relying on handcrafted fea-
tures like color, texture, and shape to differentiate between infected and unin-
fected cells. While these approaches provided initial automation, their perfor-
mance was limited by the quality of feature extraction and lacked robustness 
across diverse datasets. 

The advent of deep learning, particularly Convolutional Neural Networks 
(CNNs), revolutionized image-based malaria diagnosis. CNNs automatically 
learn hierarchical feature representations from raw pixel data, eliminating the 
need for manual feature engineering. Architectures like ResNet50 and Efficient-
Net have demonstrated high accuracy in classifying parasitized and uninfected red 
blood cells [2]-[8]. A recent study has reported an accuracy of 99.51% in classify-
ing Plasmodium species using a CNN-based model [8]. 

More recently, transformer-based models, originally developed for natural lan-
guage processing tasks, have been adapted for image analysis. Vision Transform-
ers (ViTs) and their variants employ self-attention mechanisms to capture global 
contextual information in images [9] [10]. A notable study proposed a multi-
headed attention-based transformer model for malaria parasite detection, achiev-
ing high accuracy and offering interpretability through techniques like Grad-
CAM [11]. These models have shown promise in capturing complex patterns in 
blood smear images, potentially outperforming traditional CNNs in certain sce-
narios. 
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Despite these advancements, many AI-enabled diagnostic systems are designed 
for deployment on conventional PCs interfaced with high-end digital micro-
scopes. Such setups are often impractical in rural or low-income settings due to 
their cost, size, and power requirements. The reliance on powerful computing re-
sources and stable internet connectivity further limits their applicability in re-
source-constrained environments. To address these challenges, there is a growing 
interest in deploying AI models on edge devices—compact, low-power hardware 
capable of performing computations locally. Edge deployment reduces latency, 
enhances data privacy, and enables real-time diagnostics without the need for 
continuous internet access.  

A few pioneering studies have demonstrated the integration of artificial intelli-
gence (AI) models into edge devices for real-time malaria diagnosis. These efforts 
represent critical milestones toward the democratization of diagnostic technolo-
gies, especially in low-resource settings. One notable example is miLab™, a porta-
ble, automated diagnostic platform that integrates a deep learning model on em-
bedded hardware for malaria screening. miLab™ automates slide staining, autofo-
cusing, imaging, and parasite detection. Deployed in field settings in Malawi and 
Sudan, it achieved a high detection accuracy of 98.86% [12] [13]. While miLab™ is 
a fully integrated system, it still relies on relatively complex mechanics for slide 
handling and may not be easily locally fabricated or maintained without special-
ized components. 

Another key contribution is MAIScope—a low-cost, portable microscope en-
hanced with vision AI, designed to automate malaria diagnostics in rural areas. 
MAIScope uses a custom CNN model for RBC segmentation and parasite detec-
tion, and is operable without internet access. It achieved an average classification 
accuracy of 89.9%, and was evaluated using a smartphone-attached microscope 
[14]. However, the system was limited by low image resolution and lacked support 
for high-magnification imaging (e.g., 100× oil immersion), which is crucial for 
detecting early-stage (ring form) parasites. 

The Mobile Malaria Attention Network (M2ANET) is another lightweight model 
designed specifically for mobile device deployment. M2ANET combines Mo-
bileNetV3 blocks with multi-head self-attention for real-time inference on mobile 
phones. It outperformed other mobile-compatible networks in accuracy and in-
ference speed [15]. Despite its efficient architecture, M2ANET’s validation was 
primarily done on cropped and preprocessed image patches, without demonstrat-
ing full-slide scanning or field-deployable hardware integration. A different study 
introduced a real-time edge AI system deployed on smartphones to assist in the 
screening and species differentiation of filarial samples using mobile microscopy 
[16]. 

Collectively, these studies mark significant progress in the shift from labora-
tory-based AI applications to on-device, real-time malaria diagnostics. However, 
they typically fall short in one or more of the following areas: 
i. Limited integration with physical microscopy hardware, especially affordable, 
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opensource, high-magnification systems like the OpenFlexure Microscope 
(OFM); 

ii. Lack of support for full slide scanning workflows; 
iii. Dependence on preprocessed or cropped image datasets, which may not reflect 

the variability in real-world blood smear slides; 
iv. Insufficient field validation across large sample sizes and varied environmental 

conditions. 
The OpenFlexure Microscope (OFM) is an open-source, 3D-printed digital mi-

croscope that has gained attention as a low-cost and customizable imaging plat-
form [17]. Its modular design and local manufacturability make it a promising 
tool for point-of-care (PoC) applications. While the OFM has previously been 
used for basic imaging tasks [18], its potential for automated diagnostic workflows 
remains underexplored. 

In this study, we present a fully integrated automated malaria detection and 
parasitemia estimation platform based on the OpenFlexure Microscope (OFM). 
Our contributions include: (i) the development of a custom Laplacian variance-
based autofocusing algorithm optimized for high-magnification (100×/1.25 NA 
oil immersion) imaging of blood-smear samples; (ii) the integration of a YOLOv11n 
object detection model for identification and quantification of Plasmodium-in-
fected red blood cells (iRBCs), non-infected red blood cells (RBCs), and white 
blood cells (WBCs); and (iii) the implementation of a fully automated slide-scan-
ning workflow covering 100 fields of view. The integrated platform was evaluated 
in terms of object-detection performance, parasitemia estimation accuracy, result 
reproducibility, and analysis time, and benchmarked against experienced human 
microscopists. In addition to demonstrating accurate automated parasite detec-
tion, the study investigates the challenges associated with reproducible quantita-
tive parasitemia estimation using manual microscopy when large numbers of 
fields of view must be examined. Our findings demonstrate the potential of com-
bining low-cost open-source microscopy with artificial intelligence to provide 
scalable malaria detection and parasitemia estimation solutions for resource-lim-
ited and point-of-care settings. The image dataset and Python source code used 
in this work are publicly available through the GitHub repository referenced in 
[19], while a demonstration video illustrating operation of the prototype system 
is available through reference [20]. 

2. Materials and Methods 
2.1. Ethical Approval 

Ethical approval to conduct the study was sought from Meru University Institu-
tional Research Ethics Review Committee (MIRERC) which is a local ethics re-
view board licensed by the national research regulatory body of Kenya referred to 
as National Council of Science Technology and Innovation (NACOSTI). Partici-
pants in the study were required to give informed consent indicating they have 
been adequately informed about the goal, methodology and potential benefits and 
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risks of the study and they willfully and voluntarily decided to participate in the 
study. The consent agreement also provided for withdrawal from participation at 
any point of the study. Informed consent by minors participating in the study was 
made by their guardians. 

2.2. Sample Collection and Blood Smear Preparation 

Peripheral blood samples were obtained from participants with confirmed Plas-
modium falciparum infection. P. falciparum is the predominant malaria species 
in the study region and was therefore selected for this study. Each participant do-
nated approximately 2 mL of venous blood, which was collected into EDTA-
treated tubes and securely sealed to prevent coagulation. A total of 20 participants 
contributed blood samples for the study. 

From each blood sample, multiple aliquots were used to prepare thin blood 
smears according to standard malaria microscopy procedures. In total, approxi-
mately 400 blood-smear slides were prepared. The smears were air-dried, fixed 
with methanol, and stained using Giemsa stain. Slides exhibiting adequate stain-
ing quality and cellular preservation were selected for image acquisition and anal-
ysis. The stained slides were subsequently imaged using the OpenFlexure Micro-
scope (OFM) for the development and evaluation of the automated detection and 
parasitemia estimation workflow. 

2.3. Image Acquisition 

Image acquisition was carried out using the OpenFlexure Microscope (OFM), an 
open-source, low-cost, motorized microscope. Prepared Giemsa-stained thin 
blood-smear slides were loaded individually onto the microscope stage and se-
cured using the built-in slide clips. The OFM was connected to an external mon-
itor via HDMI to enable real-time visualization, while a keyboard and mouse were 
connected to facilitate user interaction through the OFM software interface. Once 
the microscope was powered on, the OFM-Connect application was launched to 
initiate image acquisition. Figure 1 shows the experimental setup. 

Images were acquired using a Raspberry Pi Camera Module V2 equipped with 
an 8-megapixel Sony IMX219 image sensor. The camera produced color images 
with a resolution of 3280 × 2464 pixels and was mounted on a customized Open-
Flexure Microscope fitted with a 100×/1.25 NA oil immersion objective lens. 
Brightfield transmission imaging was performed using the integrated white LED 
illumination system of the microscope. Camera exposure, gain, illumination in-
tensity, and white balance settings were maintained constant throughout the im-
age acquisition process to ensure consistency across all fields of view and slides. 

Prior to imaging, a camera calibration routine including white balance adjust-
ment was performed to ensure accurate representation of stained cellular struc-
tures. The microscope stage was also calibrated to establish the relationship be-
tween motor steps and physical displacement. This calibration was subsequently 
used to determine the raster-scanning step size and the autofocus step increments 
employed during automated image acquisition. 
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Figure 1. Setup of the customized OpenFlexure Microscope (OFM) for automated malaria 
diagnosis. A Giemsa-stained blood smear slide is mounted on the sample stage of the OFM. 
The system is connected to a large LED display via HDMI for real-time image visualization, 
while a USB keyboard and mouse are used to navigate and control the OFM software in-
terface. The setup enables automated slide scanning, image acquisition, and analysis di-
rectly from the microscope platform. 
 

Initial focusing of the first field of view was achieved either manually by adjust-
ing the z-position of the objective lens through the OFM software interface or by 
using the built-in autofocus function. Once the sample was brought into coarse 
focus, an automated image acquisition script was executed to capture and save 
blood-smear images from multiple microscope fields of view (FoVs).  

The automated image acquisition workflow consisted of four sequential steps: 
(i) sample autofocusing, (ii) image capture and saving, (iii) stage translation to a 
new field of view, and (iv) repetition of the above steps across the entire scan re-
gion. A total of 100 fields of view were acquired for each slide.  

Slides were scanned using a raster-scanning pattern with a lateral translation 
step size of 400 motor steps, corresponding to approximately 40 µm of stage dis-
placement between successive fields of view. This step size was selected to provide 
systematic coverage of the blood smear while minimizing image overlap and re-
dundant sampling.  

During preliminary experiments involving automated scanning of Giemsa-
stained malaria blood smears using a 100×/1.25 NA oil immersion objective, we 
observed that the default OpenFlexure autofocus routine frequently produced 
progressively defocused images after several stage translations. This behavior was 
attributed to the shallow depth of field associated with high numerical aperture 
objectives, combined with variations in smear thickness and mechanical backlash 
during stage movement. Consequently, a custom autofocus algorithm was devel-
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oped and integrated into the automated slide-scanning workflow. 
The autofocus algorithm employed a coarse-focus search using a step size of 

200 motor steps, corresponding to approximately 10 µm of axial displacement, 
followed by a fine-focus search using a step size of 50 motor steps, corresponding 
to approximately 2.5 µm of axial displacement. The algorithmic details of the im-
proved autofocus method are described in the following section. 

Custom Autofocus Algorithm 
The algorithm involves two stages: first, determination of the rough focus direc-
tion and position, and second, refinement through fine focus scanning. Figure 2 
presents the algorithmic steps and the description of the steps is provided below. 

Rough Focus Determination 
When the microscope is translated to a new field of view, the system begins by 

identifying the approximate focus region through a z-stack acquisition process. 
The objective lens is first moved downwards, acquiring 10 images at equal inter-
vals with a coarse step size of 200 motor steps (with each step being ~50 ± 2𝑛𝑛𝑛𝑛). 
The lens is then returned to the initial z-position, after which 10 additional images 
are acquired in the upward direction using the same step size. This results in a 
total of 20 z-stack images. For each image in the z-stack, a Laplacian transform is 
computed, and the variance of the resulting Laplacian image is calculated. The 
variance of the Laplacian is evaluated and used as image sharpness metric. Higher 
variance values indicate sharper images and better focus. 

The direction of the sharpness gradient is then analysed as follows: If the variance 
values have a clear peak between the start and end of the z-stack (i.e., a maximum 
exists within the 20 images), the corresponding z-position of this peak is identified 
as the rough focus position. The microscope is moved to this z-position. Else if the 
variance values show a monotonic increase or decrease across the 20 points (i.e., no 
peak is detected), the objective is moved one additional step (200 steps) beyond the 
current endpoint in the direction of increasing variance and additional images are 
acquired in that direction. At each new z-position: A new image is captured, the 
Laplacian and its variance are calculated, the variance of the current image is com-
pared to that of the previous position. If the current variance is greater, the objective 
continues moving in the same direction. Else if the variance decreases, the previous 
z-position (with the highest variance) is set as the rough focus position. 

Fine Focus Determination 
To refine the focus, a second z-stack is acquired around the rough focus posi-

tion: the objective is first moved 200 steps below the rough focus position, and a 
fine z-stack is then acquired, this time using a smaller step size of 50. The scan 
continues until the objective is 200 steps above the rough focus position, covering 
a total of 400 steps. As before, the Laplacian of each image is computed and the 
variance calculated. The z-position corresponding to the maximum variance 
within this finer stack is identified as the fine focus position. The microscope is 
then moved to this position, and the focused image is captured and saved for fur-
ther processing.  
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Figure 2. Flowchart illustrating the custom autofocus algorithm implemented on the 
OpenFlexure Microscope (OFM). The algorithm consists of a two-stage focusing process: 
rough focus determination through coarse z-stack acquisition and Laplacian variance analysis, 
followed by fine focus refinement using smaller step-size scanning around the rough focus 
position. 

2.4. Image Annotation 

Following the acquisition of blood smear images using the previously described 
method, image annotation was carried out to generate labelled datasets for ma-
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chine learning model training. The annotation process was performed using the 
Sreeni Image Annotator software [21]. The objective was to classify and label in-
dividual cells within each image based on their infection status and cell type. The 
following procedure was followed: 

Class Definition 
Three annotation classes were created within the software to guide the labelling 
process. The classes were; Infected RBC—Red blood cells containing visible Plas-
modium parasites, Non-Infected RBC—Red blood cells without any observable 
signs of infection and WBC—White blood cells present in the blood smear. To 
facilitate efficient annotation, the acquired images were imported into the anno-
tation software batches and each image was manually reviewed and annotated by 
marking individual cells with bounding boxes and assigning them to one of the 
three predefined classes. 

Upon completion of the labelling process for each image, annotations were 
saved in YOLO (You Only Look Once) format, which is suitable for training ob-
ject detection models. This process was repeated across all batches, resulting in a 
total of approximately 4000 annotated images. The annotated dataset was period-
ically reviewed to ensure consistency and accuracy in labelling across images. Any 
discrepancies identified during the quality checks were corrected to maintain 
high-quality annotation standards. 

2.5. Dataset Preparation 

A total of 4000 annotated images were used for training a machine learning model 
to detect malaria-infected red blood cells. The dataset was split as follows: 70% for 
training (2800 images), 20% for validation (800 images) and10% for testing (400 
images). The dataset was organized using a data.yaml configuration file, which is 
essential for training YOLO-based models. This file specifies; File paths to images 
and labels, Class names (e.g., infected RBC, uninfected RBC, WBC) and Dataset 
splits (train, validation, test) 

2.6. Model Training 

The YOLOv11n model was selected due to its high speed and efficient perfor-
mance, making it suitable for real-time object detection on edge devices. Despite 
its lightweight nature, YOLOv11n achieves a good balance between speed and ac-
curacy. 

2.6.1. Model Architecture 
YOLOv11n follows the typical YOLO architecture, which consists of three main 
components: 

Backbone 
Responsible for extracting features from the input image using convolutional 

layers. YOLOv11n uses the C3K2 block—an optimized version of Cross Stage Par-
tial (CSP) for faster processing. It also introduces the C2PSA block—which adds 
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spatial attention to focus on the most relevant regions of an image, enhancing 
detection accuracy. 

Neck 
Combines and processes multi-scale features extracted by the backbone. En-

hances the model’s ability to detect objects of varying sizes. YOLOv11n incorpo-
rates improved C3K2 blocks at this stage for better speed and performance. 

Head 
Generates final predictions, including bounding boxes and class labels for ob-

jects (e.g., infected or uninfected RBCs, WBCs). 

2.6.2. Training Process 
The training process was conducted in a JupyterLab environment on a GPU-ena-
bled workstation equipped with an NVIDIA GPU (driver version 522.06) and 8 
GB of memory. The training was executed over 100 epochs, with each epoch tak-
ing an average of approximately 247 seconds, resulting in a total training time of 
around 6.7 hours. The learning process utilized the default YOLO optimizer and 
learning rate, which is based on the Adam optimizer with an initial learning rate 
of 0.001. 

During training, no data augmentation techniques were applied, as the training 
framework in use did not support inline augmentation via the command-line in-
terface. The model relied solely on the original distribution of the dataset, which 
was inherently imbalanced in terms of class frequency. No techniques such as class 
weighting or oversampling were applied. The model was therefore trained to learn 
directly from the naturally occurring distribution of infected and uninfected cells. 

YOLOv11n optimizes a combination of three loss components during training: 
classification loss for accurate label prediction, localization loss based on Intersec-
tion over Union (IoU) for precise bounding box regression, and objectness loss to 
evaluate the presence of target objects within bounding boxes. These loss compo-
nents are built into the YOLO architecture and work together to improve the 
model’s overall detection performance. 

Throughout training, the model’s performance on the validation set was mon-
itored to avoid overfitting. While no early stopping strategy was explicitly used, 
the model was capped at 100 epochs, and the best-performing version—based on 
validation accuracy—was automatically saved in PyTorch format (best.pt). No 
conversion to other deployment formats (e.g., ONNX or TensorRT) was per-
formed at this stage, as the model was to be deployed within the same PyTorch-
compatible environment. 

2.7. Model Evaluation Procedure 

After training the YOLOv11n model on the annotated blood smear image dataset, 
the model’s performance was evaluated using a systematic validation process. The 
goal of this evaluation was to assess the model’s ability to accurately detect and 
classify three target cell types: infected red blood cells (RBCs), non-infected RBCs, 
and white blood cells (WBCs). 
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A test dataset comprising 20% of the total annotated images was used for per-
formance assessment. This dataset was not exposed to the model during training, 
ensuring an unbiased evaluation of generalization capability. The evaluation pro-
cess employed several standard metrics widely used in object detection and clas-
sification tasks: 

Precision was used to quantify the proportion of true positive predictions out 
of all positive predictions made by the model. This metric is important for evalu-
ating the model’s ability to avoid false positives. Recall was used to measure the 
proportion of true positive detections out of all actual positive instances in the 
dataset. It assesses the model’s capacity to detect relevant objects comprehen-
sively. Mean Average Precision (mAP) was used to evaluate the model’s overall 
detection accuracy. The mAP score was calculated at different Intersection over 
Union (IoU) thresholds. mAP@0.5 measures average precision at a fixed IoU 
threshold of 0.5, while mAP@0.5:0.95 provides a more stringent assessment by 
averaging precision over multiple IoU thresholds from 0.5 to 0.95 in increments 
of 0.05. 

Loss Metrics were monitored during validation and included bounding box loss 
(for object localization), segmentation loss (where applicable), and classification 
loss (for label prediction). These losses provided insights into the model’s learning 
efficiency and convergence behavior. Precision-Confidence and Recall-Confi-
dence Curves were plotted to analyze how model confidence levels affected its 
performance. These curves helped identify optimal confidence thresholds for re-
liable predictions. Confusion Matrix analysis was also performed to examine the 
distribution of true positives, false positives, and false negatives across all three 
classes. This provided a visual overview of how well the model distinguished be-
tween different cell types. 

Throughout the evaluation process, model checkpoints and predictions were 
compared against ground truth annotations prepared during the image annota-
tion phase. The evaluation procedure was conducted using the same YOLO train-
ing and inference environment, ensuring consistency in preprocessing and metric 
computation. This evaluation methodology provided a comprehensive under-
standing of the model’s strengths and limitations and guided further fine-tuning 
and deployment decisions.  

2.8. Model Deployment in the OpenFlexure Microscope (OFM) 

After training, the malaria detection model was saved in PyTorch format 
(model.pt) on the GPU workstation. For deployment, the model was compressed 
and transferred to a laptop connected to the OpenFlexure Microscope (OFM) sys-
tem over a local network. The model was then integrated into a custom Python 
script responsible for controlling the OFM’s slide scanning, image acquisition, 
and analysis. 

Upon initiation, the system brings the blood smear slide into focus using an 
autofocusing algorithm that evaluates image sharpness based on the variance of 
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the Laplacian. Once the optimal focus is achieved, an image is captured and im-
mediately passed to the malaria detection model for analysis. 

The model detects and classifies individual cells as Plasmodium-infected red 
blood cells (iRBCs), non-infected RBCs, or white blood cells (WBCs). It also 
generates bounding boxes around each detected object, using distinct border 
colors for different cell classes to facilitate easy verification by a trained mi-
croscopist. 

The system systematically scans 100 fields of view (FoVs) across the sample, 
performing autofocusing, image capture, analysis, and result compilation at each 
location. For each scanned FoV, the number of infected RBCs, non-infected RBCs, 
and WBCs is recorded, along with the time taken for processing. At the end of the 
scanning session, the system collates and outputs a diagnostic report summarizing 
the total and average counts of each cell type across the scanned area. 

This deployment enables the OFM to operate as a fully automated malaria di-
agnostic platform, capable of real-time detection, parasitemia estimation, and 
generation of verifiable diagnostic outputs from stained blood smear samples. 

2.9. Performance Evaluation of the OFM-Based Automated  
Malaria Diagnostic Platform 

To evaluate the performance of the OpenFlexure Microscope (OFM)-based auto-
mated malaria detection and parasitemia estimation platform, a comparative 
study was conducted against conventional manual optical microscopy. The eval-
uation focused on three key performance indicators: parasitemia estimation accu-
racy, diagnostic time, and result reproducibility. 

Three Giemsa-stained thin blood-smear slides, distinct from those used during 
model training and validation, were selected for testing. To ensure consistency 
and fairness, the same diagnostic protocol was applied to both the OFM system 
and human operators. 

2.9.1. Parasitemia Calculation 
Parasitemia was calculated as the percentage of infected red blood cells (iRBCs) 
relative to the total number of red blood cells (RBCs) detected within the analyzed 
fields of view according to: 

 ( )
_

Parasitemia % 100iRBC

N RBC

N
N

= ×  (1) 

where iRBCN  is the number of Plasmodium-infected red blood cells and 

_N RBCN  is the total number of red blood cells, calculated as the sum of infected 
and non-infected RBCs detected within the analyzed fields of view. 

2.9.2. Manual Microscopy Evaluation 
For the manual microscopy evaluation, three experienced human microsco-
pists were enlisted. Each microscopist examined the three slides using a stand-
ard optical microscope equipped with a 100×/1.25 NA oil immersion objective 
and a 10× eyepiece. The microscopists systematically reviewed 100 fields of 
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view (FoVs) per slide and recorded the number of infected red blood cells 
(iRBCs), non-infected red blood cells (RBCs), and white blood cells (WBCs) 
observed in each field. 

The microscopists were required to manually count infected and non-infected 
red blood cells across all 100 fields of view in order to estimate slide-level para-
sitemia. This protocol was designed to evaluate the accuracy and reproducibility 
of quantitative parasite burden assessment rather than simple qualitative malaria 
detection. 

2.9.3. OFM-Based Automated Evaluation 
In parallel, the OFM platform performed automated analysis on the same three 
slides using the integrated autofocusing, slide-scanning, image acquisition, and 
deep-learning-based cell detection pipeline. For each slide, the system automati-
cally scanned and analyzed 100 fields of view and recorded the number of infected 
red blood cells, non-infected red blood cells, and white blood cells detected by the 
YOLOv11n model. 

To assess reproducibility, each slide was scanned and analyzed three times un-
der identical imaging conditions using the OFM platform. The consistency of par-
asitemia estimates across repeated scans was used as a measure of system repro-
ducibility. 

2.9.4. Ground-Truth Establishment 
To establish reference parasitemia values, three independent image datasets were 
acquired using the OFM. Each dataset consisted of 300 distinct fields of view per 
slide, yielding a total of 900 independently acquired fields of view for each test 
slide. 

The image datasets were manually annotated by an experienced microscopist 
who was not involved in the development, training, or evaluation of the auto-
mated detection model. For each image, the number of infected red blood cells, 
non-infected red blood cells, and white blood cells were recorded. These annota-
tions were subsequently aggregated to determine the ground-truth parasitemia for 
each slide. 

The independently established ground-truth parasitemia values served as the 
reference standard against which both the OFM platform and the human micros-
copists were evaluated. 

2.9.5. Parasitemia Estimation Accuracy 
For each slide, the parasitemia estimated by the OFM platform and by each human 
microscopist was compared against the corresponding ground-truth parasitemia 
value. 

Parasitemia estimation accuracy was calculated according to: 

 ( )Accuracy % 1 100est GT

GT

P P
P

 −  = − ∗ 
 

 (2) 

where estP  is the estimated parasitemia and GTP  is the corresponding ground-
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truth parasitemia value. An accuracy value of 100% indicates perfect agreement 
between the estimated and reference parasitemia values. 

2.9.6. Diagnostic Time Evaluation 
Diagnostic time was defined as the total time required to analyze a slide and 
generate a parasitemia estimate. For the OFM platform, this included auto-
mated focusing, image acquisition, slide scanning, cell detection, and para-
sitemia calculation. For manual microscopy, diagnostic time included the time 
required for slide examination, cell counting, and parasitemia estimation by 
the microscopists. 

2.9.7. Reproducibility Assessment 
Reproducibility was assessed by comparing repeated parasitemia measurements 
obtained from the same slide. For the OFM platform, reproducibility was evalu-
ated using the three repeated automated scans performed under identical condi-
tions. For manual microscopy, reproducibility was assessed by comparing para-
sitemia estimates obtained from the three independent microscopists. 

The variability among repeated measurements was used as an indicator of 
the consistency and reliability of each approach. Lower variability indicated 
higher reproducibility and greater robustness of the parasitemia estimation 
method. 

3. Results and Discussion 

In this section, we present a comparative analysis of image sharpness and acqui-
sition time for 100 images obtained using the custom-developed autofocusing al-
gorithm versus the built-in autofocus function provided by the OFM client li-
brary. We also report the evaluation results of the YOLO-based object detection 
model used for detecting the specified cellular components in blood smear images. 
Finally, we compare the diagnostic performance of the customized OFM system 
against that of expert human-operated microscopy. 

3.1. Evaluation of the Custom-Developed Autofocusing Algorithm 

The performance of the custom-developed slide scanning and autofocusing algo-
rithm was first evaluated to determine its efficiency and reliability in capturing 
high-quality, in-focus images across multiple fields of view (FoVs). Autofocusing 
was a critical component of the system, ensuring sharp imaging necessary for ac-
curate detection of cellular components. 

Figure 3 presents sample plots of the variance of the Laplacian computed from 
z-stack images acquired during the course and fine focusing procedures. Figure 4 
compares representative images obtained using the custom autofocus method and 
the built-in OFM client library autofocus function. 

Figure 5 provides a comparison of the variance of the Laplacian—used as a 
sharpness metric—at various FoVs, along with the total time taken to scan 100 
fields using each autofocus strategy.  
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Figure 3. Variance of Laplacian values computed from microscope z-scan images for 
autofocus determination. (a) Coarse focus scan with a motor step size of 200 units; the 
z-position corresponding to the peak of the curve indicates the coarse focus position. (b) 
Fine focus scan with a reduced motor step size of 50 units, performed around the coarse 
focus position. The best focus is identified by locating the peak variance value between 
the immediate left and right neighbors of the coarse focus position. 
 

 
Figure 4. Comparison of best-focus images acquired using the custom-developed autofocus 
algorithm and the OpenFlexure Microscope (OFM) client library autofocus function. Panels 
(a)-(e) show images captured at the 1st, 25th, 50th, and 100th fields of view (FOVs) using 
the custom algorithm, while panels (f)-(i) display images captured at the corresponding FOV 
positions (1st, 25th, 50th, and 75th) using the OFM client autofocus function. 
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Figure 5. Comparison of image sharpness and scanning time between a custom-developed 
autofocus algorithm and the OpenFlexure Microscope (OFM) client library autofocus 
function. Image sharpness was quantified using the variance of the Laplacian of each best-
focus image across five representative positions in a 100-field scan. Total scanning time for 
all 100 images is also reported for each method. 
 

Automatic slide scanning using the OFM’s built-in autofocus function often 
produced out-of-focus images, particularly after small stage translations. As 
shown in Figure 3 panels f to I, less than 75% of the 100 acquired images were of 
insufficient quality for assessing RBC infection status. 

In contrast, our custom-developed autofocus algorithm consistently produced 
sharper images across all 100 fields of view. Figure 4 panels a to e, shows that all 
the 100 images acquired from varying microscope FoVs were of sufficient quality 
to be used to access infection status of the cells. Figure 5 indicates that the sharp-
ness metric declined more rapidly with the built-in function compared to the cus-
tom algorithm for images captured within 100 FoVs. 

Image acquisition time was comparable for both methods—approximately 19 
minutes for 100 FOVs. However, while most images from the built-in function 
were unusable, all the images acquired using the custom algorithm found to be 
usable. 

3.2. Evaluation of the Deep Learning Object Detection Model 

The YOLOv11n model trained on annotated blood smear images was evaluated 
using standard performance metrics to assess its detection accuracy, learning con-
vergence, and training stability. A total of 4000 annotated images were used in the 
training and evaluation process, with the dataset split into 70% for training, 20% 
for validation, and 10% for testing. The annotations captured three distinct clas-
ses: infected red blood cells (RBCs), non-infected RBCs, and white blood cells 
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(WBCs). 
Figure 6 shows the training and validation metrics for your YOLOv11n model 

across 100 epochs. It’s organized into two rows: the top row represents training 
metrics, and the bottom row represents validation metrics. Each column repre-
sents a different metric, giving a comprehensive view of the model’s performance. 
 

 

Figure 6. Training and validation performance metrics of the YOLOv11n model over 100 epochs. The top row shows training losses 
and performance metrics including box loss, segmentation loss, classification loss, distribution focal loss (DFL), precision, and recall. 
The bottom row presents corresponding validation metrics. Also shown are the mean average precision (mAP) at IoU thresholds 
0.5 and 0.5:0.95 for both bounding box detection (B) and mask-based object detection (M). The consistently decreasing loss curves 
and increasing mAP scores indicate stable learning and improving model performance throughout training. 

 
The following are some general observations regarding the generated training 

and validation losses. (i) Decreasing Loss: All loss plots (box, seg, cls, dfl) show a 
decreasing trend, indicating that the model was learning effectively. (ii) Increasing 
Precision and Recall: Precision and recall for bounding boxes are generally in-
creasing, suggesting the model was improving its detection performance. (iii) In-
creasing mAP50: The mAP50 is also increasing, reinforcing the positive trends in 
precision and recall. (iv) Potential for Further Improvement: While the model is 
performing well, one could consider further optimization techniques (e.g., data 
augmentation, hyperparameter tuning) to see if you can squeeze out even better 
performance. 

Figure 7 presents the precision-confidence and recall-confidence curves for the 
three target classes. The model achieved high precision values, particularly at 
higher confidence thresholds, indicating its ability to make reliable predictions for 
infected and non-infected RBCs and WBCs. 

Table 1 displays the confusion matrix derived from the validation data, high-
lighting the model’s ability to accurately differentiate among the three classes. The 
highest detection counts lie along the diagonal of the matrix, suggesting correct 
classification, although a small number of background pixels were occasionally 
misclassified as non-infected RBCs. 

Using values presented in Table 1, the class specific precision, recall, F1 score 
and overall accuracy was computed and presented in Table 2. 
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Figure 7. Precision-confidence (left) and recall-confidence (right) curves for the three target classes: infected RBCs, non-infected 
RBCs, and WBCs. The model demonstrates high precision at elevated confidence thresholds, particularly for non-infected RBCs 
and WBCs, reflecting its reliability in making accurate predictions.  

 
Table 1. Confusion matrix showing the classification performance of the YOLO-based object 
detection model for detecting Plasmodium-infected red blood cells (RBCs), non-infected 
RBCs, white blood cells (WBCs), and background. The diagonal elements represent correctly 
classified instances for each class, while off-diagonal values indicate misclassifications.  

 True: Infected RBC Non-infected RBC WBC Background 

Pred: Infected RBC 65,868 10,504 0 16,673 

Pred: Non-infected RBC 6,014 199,892 1 28,313 

Pred: WBC 1 2 239 60 

 
Table 2. Class-wise precision, recall, and F1 score for the YOLO-based object detection 
model in identifying Plasmodium-infected red blood cells (RBCs), non-infected RBCs, 
and white blood cells (WBCs). The model achieved the highest recall for WBCs (99.6%) 
and the highest F1 score for non-infected RBCs (89.9%), indicating robust performance 
in differentiating cell types. The overall model accuracy across all classes was 81.2%. 

Class Precision Recall F1 Score 

Infected RBC 0.707916 0.916322 0.798749 

Non-infected RBC 0.853437 0.950066 0.899163 

WBC 0.791391 0.995833 0.881919 

Overall accuracy   0.812045 
 

The YOLOv11n model demonstrated strong performance across all three cell 
classes. For infected RBC detection, the model achieved a precision of 70.8%, re-
call of 91.6%, and F1 score of 79.9%. The high recall indicates that the majority of 
infected cells were successfully detected, minimizing the risk of missed infections. 
For non-infected RBC detection, the model achieved a precision of 85.3%, recall 
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of 95.0%, and F1 score of 89.9%. White blood cell detection achieved a precision 
of 79.1%, recall of 99.6%, and F1 score of 88.2%, representing the highest recall 
among all evaluated classes. Overall, these results demonstrate the ability of the 
model to reliably distinguish infected RBCs, non-infected RBCs, and WBCs in 
Giemsa-stained thin blood-smear images. 

These metrics are significant in the context of a disease diagnostic model be-
cause: 
 Precision reflects how many of the cells identified as infected were actually in-

fected, which is critical for reducing false positives that may lead to unneces-
sary treatment. 

 Recall (or sensitivity) indicates how many of the truly infected cells were suc-
cessfully detected by the model. A recall of 70.8% suggests that while the model 
is effective, there is still room for improvement in capturing all true cases, 
which is vital for early and accurate malaria diagnosis. 

 F1 Score, the harmonic mean of precision and recall, provides a balanced 
measure of the model’s diagnostic performance. 

Compared to manual microscopy, which has a reported sensitivity of 75% - 90% 
when performed by expert microscopists, the model’s sensitivity is within an ac-
ceptable range, especially considering its automation potential. In contrast, Rapid 
Diagnostic Tests (RDTs) typically show lower sensitivity—often between 60% - 
75%—and may fail to detect low parasite densities. Therefore, this automated 
model demonstrates a promising balance of accuracy and scalability, with the po-
tential to augment or even outperform traditional diagnostic methods in resource-
limited settings, especially when deployed on portable systems like the OpenFlex-
ure Microscope.  

The image in Figure 8 illustrates one of the detection output from the auto-
mated malaria diagnostic system, in which a YOLOv11n object detection model 
has classified individual red blood cells (RBCs) based on infection status. Red 
bounding boxes highlight RBCs identified as Plasmodium-infected, while yel-
low bounding boxes indicate non-infected RBCs. Infected cells exhibit charac-
teristic morphological features such as the presence of dark-staining ring forms, 
cytoplasmic inclusions, or altered cell shape and texture—hallmarks of in-
traerythrocytic Plasmodium parasites. In contrast, non-infected RBCs typically 
display a uniform round shape with a central pale zone (biconcave appearance) 
and lack any internal inclusions or distortions. The detection pattern demon-
strates the model’s ability to differentiate subtle visual cues across a densely pop-
ulated field, thereby enabling accurate parasitemia quantification in a manner 
consistent with expert microscopy assessment. The different color of bounding 
boxes aid in counterchecking the correctness of the results provided by auto-
mated system. The system is programmed to count the total infected RBCs, non-
infected RBCs and white blood cells detected in 100 FoV automatically scanned. 
Parasitemia; which is the ratio of infected to non-infected RBCs is also then 
computed and displayed on the screen.  
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Figure 8. Representative output image from the automated malaria diagnostic system 
showing the results of object detection using the YOLOv11n model. Red bounding boxes 
indicate red blood cells (RBCs) identified as Plasmodium-infected, while yellow bounding 
boxes represent non-infected RBCs. The system accurately detects and classifies individual 
cells across the field of view, supporting reliable parasitemia estimation. 

3.3. Comparative Diagnostic Study 

The fully integrated OFM-based malaria detection and parasitemia estimation 
platform was evaluated alongside three experienced human microscopists. The 
evaluation focused on parasitemia estimation accuracy relative to independently 
established ground-truth values, diagnostic time per slide, and reproducibility 
across repeated measurements. 

Figure 9 compares the average parasitemia estimation accuracy achieved by the 
OFM-based system and the human microscopists. The OFM platform achieved an 
average parasitemia estimation accuracy of 80.3%, whereas the human microscopists 
achieved an average accuracy of 38.0%. In addition, the OFM system exhibited lower 
variability across repeated analyses, as evidenced by the smaller standard deviation 
shown in Figure 9. These findings indicate that the automated platform produced 
more consistent and reproducible parasitemia estimates than manual microscopy. 

It is important to note that the reported accuracy values refer to quantitative 
parasitemia estimation (Equation (1)) rather than binary malaria diagnosis. In this 
study, microscopists were required to examine 100 fields of view per slide and 
estimate parasitemia by counting infected and non-infected red blood cells. Such 
quantitative assessments are susceptible to sampling variability, counting errors, 
and observer fatigue, particularly when large numbers of fields of view must be 
examined. The lower agreement observed among human microscopists therefore 
reflects the challenges associated with reproducible parasite burden quantification 
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rather than an inability to recognize malaria infection. 
The OFM system also demonstrated substantial improvements in workflow ef-

ficiency. The average time required for automated analysis of a slide was approx-
imately 40 minutes, compared with approximately 1 hour and 40 minutes for 
manual microscopy. The reduction in analysis time was achieved through the in-
tegration of automated autofocus, raster scanning, image acquisition, and deep-
learning-based cell detection within a single workflow. 

To further evaluate diagnostic performance, an independent validation study in-
volving 100 clinical blood-smear slides was conducted. The dataset comprised 46 ma-
laria-positive slides and 54 malaria-negative slides. Table 3 summarizes the compar-
ative diagnostic performance of the OFM platform and human microscopists. 

The OFM platform correctly identified all 46 malaria-positive slides and all 54 
malaria-negative slides, corresponding to a sensitivity of 100%, specificity of 
100%, and overall diagnostic accuracy of 100% within the evaluated cohort. In 
contrast, the human microscopists correctly identified 8 of the 46 malaria-positive 
slides and all 54 malaria-negative slides, yielding a sensitivity of 17.4%, specificity 
of 100%, and overall diagnostic accuracy of 62.0%. 

These results indicate that while the human microscopists were highly effective 
at recognizing malaria-negative slides, a substantial proportion of malaria-posi-
tive slides were incorrectly classified as negative. The OFM platform successfully 
detected all positive and negative slides in the validation cohort, demonstrating 
its potential to reduce false-negative diagnoses and improve the reliability of ma-
laria screening, particularly in low-parasitemia cases. 
 

 

Figure 9. Comparison of average parasitemia estimation accuracy between the OFM-based 
deep learning system and human microscopists. Error bars represent standard deviations 
calculated from three independent evaluations per system. 
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Table 3. Diagnostic performance of the OFM platform and human microscopists on an independent validation cohort of 100 
blood-smear slides. 

l OFM Positive OFM Negative Human Positive Human Negative 

Malaria Positive (n = 46) 46 0 8 38 

Malaria Negative (n = 54) 0 54 0 54 

 

These results demonstrate that the ML enabled OFM platform not only pro-
vides more accurate and reproducible parasitemia estimation but also substan-
tially improves the detection of low-parasitemia infections that may be missed 
during routine manual examination. The findings highlight the potential of com-
bining automated microscopy and deep learning to support malaria screening and 
quantitative parasite burden assessment in resource-limited settings. 

4. Discussion 

Our custom-developed autofocus algorithm, implemented on the OpenFlexure 
Microscope (OFM), combines coarse and fine z-stack scanning with Laplacian 
variance-based sharpness estimation to achieve reliable focusing during auto-
mated slide scanning. Unlike the default OFM autofocus routine, which fre-
quently produced progressively defocused images during extended scans using a 
100×/1.25 NA oil immersion objective, the proposed approach maintained image 
quality across 100 fields of view. The improved performance is attributable to the 
two-stage focusing strategy, which first identifies the approximate focal region 
and subsequently refines the focus position using smaller axial step sizes. This ca-
pability is particularly important for malaria microscopy, where the shallow depth 
of field associated with high numerical aperture objectives makes image quality 
highly sensitive to small variations in slide thickness and mechanical stage posi-
tioning. 

Compared with previously reported OFM autofocus approaches, our method 
offers a practical balance between robustness, computational simplicity, and ease 
of deployment. Unlike hardware-based autofocus systems that require additional 
optical components and calibration procedures, the proposed algorithm can be 
implemented entirely through software using existing OFM hardware. This makes 
it particularly suitable for low-resource settings where affordability, maintainabil-
ity, and local manufacturability are important considerations. 

The YOLOv11n object detection model demonstrated strong performance in 
identifying infected red blood cells (iRBCs), non-infected red blood cells (RBCs), 
and white blood cells (WBCs). For infected RBC detection, the model achieved a 
precision of 70.8%, recall of 91.6%, and F1 score of 79.9%. The high recall indi-
cates that the model successfully detected the vast majority of infected cells, min-
imizing the risk of missed infections. This characteristic is particularly important 
in malaria screening applications, where failure to identify infected cells may lead 
to underestimation of parasite burden. The lower precision indicates the presence 
of some false-positive detections, suggesting opportunities for further improve-
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ment through expansion of the training dataset and incorporation of additional 
examples exhibiting staining artefacts and morphological variability. 

It is important to note that the primary objective of the YOLOv11n model was 
object-level detection and classification of cellular components rather than pa-
tient-level diagnosis. The model was trained to recognize cellular morphology as-
sociated with infected RBCs, non-infected RBCs, and WBCs. Consequently, the 
risk of participant-specific information leakage is expected to be lower than in 
studies involving direct patient-level disease classification. Nevertheless, future 
studies would benefit from participant-level dataset partitioning to provide a 
more rigorous assessment of model generalization performance. 

The fully integrated OFM-based platform demonstrated promising perfor-
mance for automated malaria analysis. By combining autofocus, automated slide 
scanning, image acquisition, object detection, and parasitemia estimation within 
a single workflow, the system eliminates many of the manual steps traditionally 
required for microscopy-based malaria assessment. Unlike many previous AI-
based malaria studies that relied on pre-acquired image datasets, the present work 
evaluated the complete end-to-end diagnostic workflow from slide loading to re-
sult generation. 

A key finding of this study was the substantial difference observed between au-
tomated and manual parasitemia estimation. The OFM system achieved an aver-
age parasitemia estimation accuracy of approximately 80%, whereas experienced 
human microscopists achieved an average accuracy of 38% relative to inde-
pendently established ground-truth parasitemia values. This observation should 
not be interpreted as evidence that experienced microscopists are poor at malaria 
diagnosis. Rather, it highlights the challenges associated with quantitative para-
sitemia estimation when large numbers of fields of view must be examined. In our 
study, microscopists were required to evaluate 100 fields of view per slide and es-
timate parasitemia based on counts of infected and non-infected red blood cells. 
Such quantitative counting tasks are inherently susceptible to sampling variability, 
counting errors, and observer fatigue. The results therefore suggest that auto-
mated image analysis may provide substantial advantages in reproducibility and 
consistency when quantitative parasite burden assessment is required. 

The findings are further supported by the low variability observed across re-
peated OFM analyses compared with the larger variability observed among hu-
man readers. This improved reproducibility is particularly important because par-
asitemia estimation is widely used to assess disease severity, monitor treatment 
response, and support clinical decision-making. Automated approaches that re-
duce observer-dependent variability may therefore improve the reliability of par-
asite burden assessment in both clinical and research settings. 

The computational efficiency of YOLOv11n also contributed to the practical 
utility of the system. In the present study, all model inference and diagnostic per-
formance evaluations were performed on a laptop computer connected to the 
OpenFlexure Microscope, while the embedded Raspberry Pi was used solely for 
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microscope control, image acquisition, and stage movement. Although Raspberry 
Pi-based inference was not evaluated in this work, the lightweight architecture of 
YOLOv11n suggests that future deployment on embedded edge-computing plat-
forms may be feasible, potentially enabling fully self-contained diagnostic systems 
for point-of-care use. 

Several limitations should be acknowledged. First, all blood samples included 
in this study originated from patients with confirmed Plasmodium falciparum in-
fection, and therefore the performance of the system on other Plasmodium species 
remains unknown. Second, dataset partitioning was performed at the image level 
rather than participant level. Although this is less concerning for object-level cell 
detection than for patient-level classification tasks, future studies should evaluate 
participant-level splits to provide a more rigorous assessment of model generali-
zation. Third, the study focused primarily on parasite detection and parasitemia 
estimation from Giemsa-stained thin blood smears; additional validation across 
larger and more geographically diverse cohorts will be required before widespread 
clinical deployment. 

Despite these limitations, the results demonstrate that a customized OpenFlex-
ure Microscope integrated with automated focusing, slide scanning, and deep-
learning-based image analysis can provide accurate, reproducible, and efficient 
malaria parasite detection and parasitemia estimation. The combination of low-
cost open-source hardware and artificial intelligence offers a promising pathway 
toward scalable malaria diagnostics in resource-limited settings. 

5. Conclusions 

This study developed and evaluated an automated malaria blood-smear analysis 
platform based on a customized OpenFlexure Microscope (OFM). The system in-
tegrates a custom Laplacian variance-based autofocus algorithm, automated slide 
scanning, and a YOLOv11n object detection model for the identification of in-
fected red blood cells (iRBCs), non-infected red blood cells (RBCs), and white 
blood cells (WBCs). The proposed autofocus strategy maintained reliable image 
quality across 100 fields of view and enabled robust high-magnification imaging 
using a 100×/1.25 NA oil immersion objective. 

The integrated platform achieved a parasitemia estimation accuracy of approx-
imately 80%, compared with 38% for experienced human microscopists, while re-
ducing analysis time from over 1 hour and 40 minutes to under 40 minutes per 
slide. These findings highlight not only the effectiveness of the automated ap-
proach but also the challenges associated with reproducible quantitative para-
sitemia estimation using manual microscopy when large numbers of fields of view 
must be examined. The lower variability observed across repeated OFM analyses 
further demonstrates the potential of automated image analysis to improve con-
sistency and reproducibility in parasite burden assessment. 

Overall, the results demonstrate that low-cost open-source microscopy com-
bined with deep learning can provide an effective platform for automated malaria 
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parasite detection and parasitemia estimation. Future work will focus on validat-
ing the system across larger and more geographically diverse cohorts, evaluating 
performance on additional Plasmodium species, and exploring deployment of the 
detection model on embedded edge-computing hardware to enable fully self-con-
tained point-of-care diagnostic systems. 
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