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ABSTRACT

Ultrasound-guided regional anesthesia is one of the most common techniques used in peripheral nerve blockade
by enhancing pain control and recovery time. However, accurate Brachial Plexus (BP) nerve detection and
identification remains a challenging task due to the difficulty in data acquisition such as speckle and Doppler
artifacts even for experienced anesthesiologists. To mitigate the issue, we introduce a BP nerve small target
segmentation network by incorporating BP object detection and U-Net based semantic segmentation into a single
deep learning framework based on the multi-scale approach. To this end, the current BP detection and
identification was estimated: 1) A RetinaNet model was used to roughly locate the BP nerve region using
multi-scale based feature representations, and 2) U-Net was then used by feeding plural BP nerve features for
each scale. The experimental results demonstrate that our proposed model produces high quality BP segmentation
by increasing the accuracies of the BP nerve identification with the assistance of roughly locating the BP nerve
area compared to competing methods such as segmentation-only models.
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Fig. 1. The architecture of (a) RetinaNet for object detection and (b) U-Net and M-Net for the segmentation.
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Table 1. The value of hyper-parameters for RetinaNet,
U-Net, M-Net architectures

RetinaNet U-Net M-Net
Optimizer Adam RMSprop RMSprop
Batch Size 8 128 128
Learning Rate 10 10 3x107
Epoch 100 80 80
Kernel Size 3x3 5x5 5x5
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{b) Ground Truth

(c] Mask Image

Fig. 2. Dataset consisting of (a) Ultrasound image
containing BP, (b) GT bounding box for Object
detection, and (c) Mask image for Segmentation.
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Fig. 3. Loss curves over 100 epochs by varying
gamma values (y=1, 2, 3, 5) during object detection.
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Fig. 4. Comparison of object detection results for
different gamma values (y=1, 2, 3, 5) compared to
GT: Visualization of predicted bounding boxes and GT
bounding box on the ultrasound image.
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Fig. 6. Comparison of segmentation results of U-Net, U-Net Detection, and U-Net Perfect detection models
on test data.
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