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• Malaria remains one

• We calculated the average precision (AP) for each class
individually across all of the IoU thresholds (0.5 and increasing
to 0.95 in steps of .05)

of the major threats to
public health and economic

• it took one third less time to detect and count the plasmodium
compared to having a person perform manual counting

development in Africa [1].
Figure 1: Showing the death caused by Malaria [1]
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• Prompt diagnosis and treatment of malaria reduces deaths.
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• Microscope is the golden standard of malaria diagnosis and
poses the following challenges:üRequires expert, consumes more time, expensive and error
prone process.

• However, in the context of developing countries, there is a
shortage of data for research and the development of such
tools.
• This work pushes deep learning towards efficient malaria
dataset creation in solving challenges in malaria diagnosis.

Figure 2: Methodology flow chart to summarize the two major stages of this work

• A team of three lab technologist collected and annotated the
images all together.
• The images were annotated using the LabelImg annotation tool.
• We used Detectron2 architecture[3] and transfer learning to
train our model. ACKNOWLEDGEMENT
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• the proposed annotation tool can create the labelled dataset
seven times faster than lab technologists.
• The future work will include using the tool to create more
malaria dataset to improve the deep learning model and
eventually integrate a mobile application as diagnostic tool.
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Table 1: Summary of the dataset and its distribution of parasites and white blood cell count.
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Table 2: showing the results of the models with the metric is broken out by object class

• Several AI techniques have been adopted to solve these
challenges [2].
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Figure 3: Captured image
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Figure 4: Annotated image
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