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Appendix A Background

In medical ultrasound examination, manipulating the ultrasound probe is a complex task, as shown in Figure A1. We deem learning

ultrasound scanning skills is a multi-modal problem, which takes the ultrasound images, pose of probe and contact force into account.

In following sections, we use real world experiments to examine the effectiveness of our proposed approach of multi-modal task

representation learning. In particular, we design experiments to verify the following two questions:

• Does the force modality contribute to the task representation learning?

• Is the sampling-based skill update policy effective for real world data?

Figure A1 The snapshots of medical ultrasound examination with corresponding ultrasound images.

Appendix B Experimental setup

To capture ultrasound scanning skills from sonographers’ demonstration, we expected to design a holding device which would not

affect the sonographers to preform the integral ultrasound scanning task. Figure B1 presents a novel probe holder, which is designed

with intrinsically mounted sensors such as IMU and F/T sensor. During ultrasound scanning process, the sonographer was holding

the probe holder to preform ultrasound examination. The sensory feedback was captured and recorded chronologically.

For the experimental setup, we used a Mindray DC-70 ultrasound machine with an imaging frame rate of 900Hz. The ultrasound

image was captured by MAGEWELL USB Capture AIO with a frame rate of 120Hz and a resolution of 2048 × 2160, as shown

in Figure B2. As shown in Figure B1, the IMU mounted on the ultrasound probe was ICM20948 and the microcontroller unit

(MCU) was STM32F411. The highest frequency of IMU could reach 200Hz, with an acceleration accuracy of 0.02g and a gyroscope

accuracy of 0.06◦/s. The IMU could output the pose of probe in the form of quaternion. For the force feedback, we used 6D ATI

Gamma F/T sensor with a maximum frequency of 7000Hz. The computer used for the data collection is Intel i5 CPU and Nvidia

GTX 1650 GPU, with the operation system of Ubuntu16.04 LTS and ROS Kinetic.

Appendix C Data Collection

The ultrasound data collection was at Hospital of Wuhan University. The sonographer was asked to scan the kidney of 5 volunteers

whose age between 20-40 with different physical condition. The sonographer vertically held the probe above the left kidney of

the volunteers. During the scanning process, the sonographer constantly evaluated the quality of the current ultrasound image, so

that data was labeled in time through the keyboard. The snapshots for the scanning process and the acquired ultrasound images

are shown in Figure C1. The collected data consists of: ultrasound video, probe orientation (quaternion), contact force (force and

torque), label (1 or 0). Values of contact force have been proceeded by gravity compensation program. The gravity compensation

program would make sure all initial values of force and torque approximately equaled to 0, further ensure the real contact force
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Figure B1 Our method to collect ultrasound scanning data from human demonstrations. The sonographer is performing the

ultrasound scanning task with a specifically designed probe holder. The sensory feedback during the scanning process are recorded,

including the ultrasound images from an ultrasound machine, the contact force and torque from a 6D F/T sensor, and the pose of

the probe from an IMU sensor.

Figure B2 Hardware setup. (a) The ultrasound machine - Mindray DC-70. (b) The video capture device - MAGEWELL

USB Capture AIO. (c) The probe holder. (d) The computer for data collection with Intel i5 CPU and Nvidia GTX 1650 GPU,

Ubuntu16.04 LTS.
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Figure C1 The snapshots of human ultrasound scanning demonstration and samples of the obtained ultrasound images. The

images (e) and (f) are labeled as good quality while (g) and (h) are labeled as bad quality.

between the probe and the skin was recorded. In total, there were 5995 samples of data. The number of positive samples (labeled

1) was 2266, accounting for 37.8%. The number of negative samples (labeled 0) was 3729, accounting for 62.2%.

Considering the contact point of the probe and the skin as the center, the trajectory of probe’s extremity can be drawn in

spherical coordinates, as shown in Figure C2. The contact force recorded by the F/T sensor is shown in Figure C3(a-c). The pose

of probe in term of Euler angle recorded by the IMU is shown in Figure C3(d-f).

(a) (b) (c) (d) (e)

Figure C2 The trajectory of probe’s extremity during ultrasound examinations. Data from volunteer (a) A (b) B (c) C (d) D

(e) E.

Appendix D Experimental Results

The detailed architecture of our network is shown in Figure D1. We started the training process with a warm start to classify

the ultrasound images. The adopted neural network was VGG-16 with cross entropy loss. Data for training included ultrasound

images and labels. The learning rate was set to 0.001 and the batch size was set to 20. Figure D2(a) and Figure D2(b) present

accuracy and loss in training the neural network for ultrasound images classification. The neural network finally reached accuracy

of 96.89%, 94.22% and 95.61% in dataset of training, testing and validation.

For the ultrasound skill evaluation, data for training included images S, pose P , force F and labels. By inputting P, F, S,

this neural network would output predicted label. We fixed features of last fully connected layer in VGG-16 to 128 channels, and

merged it with (P, F ) feature vector. Four fully connected layers were added to transform (P, F ) vector into 128 channels, which

concatenated with VGG-16 output vector. After getting the vector with 256 channels, two fully connected layers and a softmax

layer were added to output the confidence of label. Figure D2(c) and Figure D2(d) present accuracy and loss in training the neural

network for ultrasound skill evaluation. The neural network finally reached accuracy of 84.85%, 87.55% and 88.50% in training,

testing and validation.

To confirm the correlation between P and F , we divided data into different levels for training of four networks with different

input ports. Net1 was trained with S and P , while Net2 was trained with S and F . Net3 was trained with S, P and F with

two parallel 4-layer fully connected neural networks for inputting P and F . Net4 (Figure D1) was trained with S, P and F , with

concatenated (P, F ) vectors. The main difference between Net3 and Net4 was whether there was interaction between P and F

during training process. Each network has been trained for 5 times with 20 training epochs. Figure D3 presents performance of

four networks in validation.

Online ultrasound scanning skill guidance: We selected some continuous data stream from dataset for verification, which have

not been used for training the neural network. The sampling process repeated 1000 times and the action with the best task quality

was selected as the next desired action. The whole process took 3 to 5 seconds to output the desired action. At the beginning,

the real data including the ultrasound image, the pose of probe and the contact force was input into the neural network. In every

following loop, the real ultrasound image with the predicted result from previous loop were input into the neural network for

* Corresponding author (email: miao.li@whu.edu.cn, limiao712@gmail.com)
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(a) (b) (c)

(d) (e) (f)

Figure C3 The recorded force and pose during ultrasound examinations. Force component in (a) X direction (b) Y direction

(c) Z direction; Rotation axis: (d) X Axis (e) Y Axis (f) Z Axis.

Figure D1 Framework of the neural network. The ultrasound image was encoded with VGG-16. Four fully connected layers

were added to transform (P, F ) vector into 128 channels. Vector from S was concatenated with (P, F ) vector. Two fully connected

layers were added to transform concatenated vector from 256 channels to 2 channels.
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Figure D2 (a) Accuracy and (b) loss in training neural net-

work for ultrasound images classification. The neural network

finally reached accuracy of 96.89% and 95.61% in the dataset of

training and validation. (c) Accuracy and (d) loss in training

neural network for ultrasound skills evaluation. The neural net-

work finally reached accuracy of 84.85% and 88.50% in training

and validation.
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Figure D3 Accuracy of four networks in validation. Net1 was

trained with S and P . Net2 was trained with S and F . Net3

was trained with S, P and F , without interaction between P

and F . Net4 was trained with S, P and F , with interaction

between P and F .

generating new action. Theoretically, this iterative method for validation would lead to the accumulation of error. Every predicted

action would be input into the next iterative process. Therefore, error would be passed and amplified between predicted results.

Figure D4 and Figure D5 present predicted results about pose and force, compared with demonstrated data. Figure D6 presents

the predicted probe orientation with corresponding ultrasound images. Figure D7 presents predicted and true probe orientation

with corresponding ultrasound images. Table D1 presents specific values about contact force. We calculated the root mean squared

error (RMSE) between the predicted quaternion and the real quaternion in every loops, as shown in Figure D8. The RMSE

fluctuates in a stable range, which indicates that the error have not been transmitted in predicted results. Through this challenging

guidance task, we verified the robustness of the proposed sampling-based strategy. In real tasks, since the learned model could

receive real sensory signals in real time, this strategy will be more satisfying.

(a) (b) (c)

Figure D4 Predicted force’s component in (a) X axis direction. (b) Y axis direction. (c) Z axis direction.
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(a) (b)

Figure D5 True and predicted poses of the probe. (a) True pose. (b) Predicted pose.
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Figure D6 Predicted probe orientation and corresponding ultrasound images.
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Figure D7 Predicted and true probe orientation, with corresponding ultrasound images.
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Table D1 True and predicted contact force.

Time (s)
True force (N) Predicted force (N)

Fx Fy Fz Fx Fy Fz

0 -1.29 -1.47 -3.60 -1.51 -2.63 -3.86

0.2 -1.36 -1.54 -4.03 -1.44 -1.89 -4.05

0.4 -1.48 -1.74 -4.45 -0.95 -2.48 -3.46

0.6 -1.65 -2.10 -4.77 -2.17 -2.93 -4.57

0.8 -1.80 -2.20 -5.12 -2.05 -3.20 -5.22

1 -1.75 -2.09 -5.52 -1.47 -3.12 -4.99

20 -1.90 -3.17 -10.38 -0.15 -4.29 -8.41

40 -1.09 -2.20 -8.74 -1.51 -4.72 -6.04

60 -0.99 -3.14 -16.37 -2.06 -4.42 -15.71

80 -4.12 -4.27 -18.21 -1.67 -3.49 -12.97

100 -3.00 -3.07 -18.83 1.06 -4.62 -9.60
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Figure D8 The RMSE between predicted quaternation and true quaternation.
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