Vision-Assisted Medication Preparation:

Improving Syringe Detection Models Using Synthetic Data
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Can synthetic images improve syringe detection models when only limited real training data is available?

1. Introduction & Motivation

e High-Risk Process: Paediatric medication prepara-
tion relies on the manual handling of very small fluid
volumes, making 1t highly vulnerable to human error.

e The Solution: Vision-assisted verification sys-
tems could support nurses by automatically monitor-
ing these preparation steps.

e« The Bottleneck: Developing reliable computer vision
models is hindered by a lack of training data and
severe hand occlusions.

2. Methodology
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3. Results

o Diffusion generated sharper, higher-resolution images (better

FID scores) , but GANs maintained better structural consis-
tency during hand interactions and provided vastly faster in-
ference

e Mixing = Highest Accuracy: Combining real and synthetic
datasets created the strongest detector, heavily boosting strict
spatial localization.

e« Powerful Data Augmentation: Even when dataset size re-
mained constant (a 50/50 split of real/synthetic), mixing im-
proved model generalization and reduced overfitting due
to structural variation.

Main Contribution: Localization Accuracy
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4. Conclusions

e Synthetic images successfully improve clinical syringe
detection models.

e Merging authentic textures (real) with structural
variance (synthetic) strengthens robustness.

e Diffusion models offer high fidelity and more control;
G ANs excel at rapid dataset expansion.

5. Limitations

e Scope reductions: High pipeline complexity and in-
finite hyperparameter combinations restricted the
study to a subset of configurations.

e Labelling Bias: The automated SAM 3 pipeline occa-
sionally drew loose bounding boxes.

e Dataset Scale: bets were capped at 500 im-

ages/model, leaving massive-scale generation unex-

plored.

6. Future Work

e bixplore architectures like ControlNet for better struc-

tural control over hand occlusions.

e Generate massive-scale synthetic datasets and im-
plement explicit data splitting for nuanced evalua-
f10m.

o Transition from static frames to real-time action
recognition in live video streams.




