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Abstract 

With the development of the metaverse, integrating the virtual world into real life has become a trend for creating interactive applications. In 

recent years, the technologies of mixed reality (MR) systems have made significant advancements and their applications can be found in 

various fields. In this paper, we propose a prototype system that can assist doctors to perform their surgeries in real-time by using MR 

glasses. The surgery MR system primarily operates through the proposed medical object detection network and the MR glasses module. In 

the medical object detection network, we introduce an object aware network to optimize the detection flow to a stacked light-weight 

hourglass network in conjunction with the half cross adaptive fusion modules to improve the detection of small objects, i.e., the scalpel-tip. In 

the MR glasses module, the detection results of the network can be processed and precisely exhibited on glasses. The experimental results 

show that the proposed detection network can detect scalpel-tip better in real-time and also can be easily combined with MR glasses to 

achieve medical surgery applications. The system demonstration shows that the detected results overlaying augment virtual information onto 

the liver in the physical world on the MR glasses where the system can provide the alerts for detection of scalpel-tip away from the aorta on 

the MR glasses. 
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INTRODUCTION 

In the medical field, it is important to inspect the magnetic 

resonance imaging or computed tomography data to assist 

surgeons before and during the operations normally. 

However, it might cause visual fatigue easily with 

time-consuming operations to link the key images precisely 

to the target surgery without an effective visual assistant 

device. In recent years, with the continuous development of 

convolutional neural networks (CNN), the deep learning 

networks are widely used for assisting in medical 

applications. The object segmentation and object detection 

networks, such as U-Net [1], you only look once (YOLO) 

network [2], and CenterNet [3] can be used to detect some 

sensitive objects that doctors need to pay much more 

attentions. During operations, the doctors need a precise 

image-guided navigation system by detecting sensitive 

objects, i.e., scalpel-tip and lesion locations. Therefore, 

developing a precise object detection network specially for 

medical assistance applications can be a viable direction for 

AI developers. 

Recently, the mixed reality (MR) glasses are getting 

popular along with intuitive assisted operations. As the MR 

glasses technique gets more mature, we can use them in many 

different fields such as medical, education, industry, and 

entertainment applications. One of the advantages of MR 

glasses is that they can make virtual environments more 

realistic by overlapping virtual objects with the real world. It 

makes the users feel as if they are on the scene, so the MR 

glasses can become very practical in terms of assistance and 

education viewpoints. The doctor can wear MR glasses to 

support him to perform operation without needing to turn his 

head to see information shown on the display. In this paper, 

the purpose of this research is to design a real-time surgery 

assistant system, which can be used the surgical guidance for 

doctors or surgical education for medical school students. 

Hence, we plan to build a deep learning object detection 

network, which can be realized with MR glasses as a surgery 

assistant system. 

Thus, without loss of generosity, we hope the MR glasses 

with its embedded camera can detect the liver and surgical 

tools during the liver surgery operations, while mixing the 

virtual internal blood vessels of the liver in the MR world. 

The proposed deep learning network can successfully detect 

the liver, the surgical tools and scalpel-tip to assist surgeon 

during operations in real time. However, it is noted that the 

scalpel-tip is a small object, which is a challenge problem for 

designing a light-weight and precision object detection 

network such that the network can detect the target objects in 

real-time with MR glasses for surgery assistant system. Of 

course, with a physical soft liver model, the whole system can 

be treated a virtual operation for surgical education or 

pre-exercises. 

RELATED WORK 

The main research goal of this paper is focused on the 

design of small object detection for helping doctors to 

achieve smart surgery with MR glasses. Here, we just simply 

review several famous object detection networks as follows. 
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Two-Stage Object Detection 

In the two-stage object detection, the structure of the 

detection network is divided into two parts. First part is to 

extract object features through a region proposal network 

while the other part is to predict the class and regress its 

bounding box from the proposals. Several popular 

frameworks were proposed in the literatures. Faster 

region-based convolutional network (RCNN) first extracts 

the features from the backbone and uses fully connected 

layers as head to classify and regress the bounding box [4]. 

Then, the Mask RCNN further proposes to improve the 

performance of object detection [5] by switching the 

backbone to ResNet-101 [6] and organizing it with feature 

pyramid network (FPN) [7]. They also improved the region 

of interest (ROI) pooling by using bilinear interpolation and 

added a branch for object segmentation. The Cascade RCNN 

can provide the features with the same three-stage prediction 

head architecture as Faster RCNN, but set a different 

threshold of Intersection over Union (IoU) in each stage to 

boost the accuracy [8]. 

Currently, image features can be extracted effectively with 

the rapid development of transformer or transformer-like 

backbones such as vision transformer [9], shift window 

transformer [10] and InternImage [11], so the two-stage 

detector still can maintain higher accuracy. However, it is 

noted that two-stage architecture is usually with slow speed 

for the inference. In practical applications, the balance 

between accuracy and detection speed is crucial. 

One-Stage Object Detection 

One-stage object detector predicts object location and 

regresses bounding box of objects through only one network 

without RoI pooling, leading to significant improvements in 

inference speed. The YOLO network first sees image as S×S 

grid cells to regress bounding boxes and classify the objects 

[2]. Then, it uses non-maximum suppression (NMS) to 

remove bounding boxes with a confidence score below a set 

threshold. The single shot multi-box detector (SSD) captures 

the objects with different aspect ratios of anchors [12]. It also 

uses different resolution of feature maps to detect different 

size of objects. High-resolution feature maps provide better 

location information for small objects, while low-resolution 

feature maps provide better semantic information of large 

objects. However, with lots of anchors, the imbalance of 

positive objects and negative objects deeply make the 

training of one-stage detectors inefficient. To address this 

problem, The RetinaNet uses the focal loss to control 

network to pay more attention to hard-detected objects [13]. 

With the help of focal loss, RetinaNet not only surpasses all 

two-stage detectors in precision but also has better inference 

speed. Thus, in this paper, the proposed network is built 

based on one-stage detector, which can achieve both low 

inference time and high accuracy. 

Stacked Hourglass Network  

To capture an object, it is important to understand its 

contour and its texture. One of the popular models for 

segmentation is U-Net [1], which uses skip connections to 

fuse the same resolution features of the encoder and the 

decoder. In this way, more details of objects can be 

preserved, the network can predict or regress results robustly 

with more information.  

The hourglass network is proposed to effectively predict 

16 keypoints of the human pose [14]. It is similar to U-Net, 

but stacking refinement layers to enhance the precision. The 

hourglass module is mainly composed of residual blocks. 

There are 4 stages of down-sampling and up-sampling 

operations in each hourglass module. In each down-sampling 

module, it contains one maxpooling and one transition block 

to enhance the ability of extracting feature. In the decoder 

part, each up-sampling block is connected by a skip 

connection to compensate details of the objects. It also has 

two residual blocks to transit the feature and followed by a 

bilinear up-sampling operation. To strengthen the accuracy 

of the network, the authors stacked two hourglass modules 

together. Considering the gradient, which would likely 

disappear in deep networks, the authors added an 

intermediate layer to calculate human pose loss functions at 

the last of each hourglass module to prevent from vanishing 

gradients. Then, they used 1×1 convolution to project the 

intermediate results to high dimension to obtain the 

refinement. 

Global Context Network 

Another way to efficiently improve the feature extraction 

is to calculate the correlation between different feature maps 

to find overall relations in the inputs, or calculate the 

correlation between the pixels in an image to extract relations 

in different objects. The non-local network can generate 

aggregated features by first finding the similarity of an input 

feature map in different position and then mapping the weight 

matrix of similarity to original input [15]. With this attention 

map, the network can learn what is important and what is not. 

The downside is that it takes lots of memory and computation 

in the phase of similarity calculation since it needs to 

duplicate the input feature map and do multiplication on a 

huge number of inputs. 

Besides the huge memory and computation issues in 

non-local network, we observed that it also has many 

redundant information in its attention map. Hence, the global 

context network (GCNet) achieves same performance as the 

non-local network but with less floating-point operations 

(FLOPs) [16]. The spatial relation would be calculated by 

just going through a point-wise convolution in context 

modeling instead of being calculated by key and query. Then, 

the attention map is translated to adjust the channels of 

original features through the transform module, which is built 

by the same concept as the squeeze-and-excitation networks 

(SENet) [17]. 

Cross Stage Partial Network 

Neural networks are getting more accurate as the 

convolution neural networks (CNNs) get deeper and larger. 

The residual nets (ResNets) can successfully prevent from 
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vanishing gradients as the network gets deeper. Features are 

propagated through skip layers and then added together [6]. 

By using the similar way, the densely-connected 

convolutional networks (DenseNet) is proposed in [18]. 

Features are passed to many layers to further enhance the 

information flow. The shortage of this architecture is that its 

computation increases a lot. To address this problem, the 

cross stage partial network (CSPNet) can split the input 

channels into two parts [19]. Half of the input would go 

through convolution operations to adjust features, where the 

convolution operations could be residual blocks or dense 

blocks. The other half would be directly forwarded to the next 

stage to compensate the residual part. With the CSPNet 

structure, the computation is reduced and the accuracy of the 

detection network is slightly improved. 

PROPOSED METHOD 

The goal of the proposed surgery assistant system for MR 

glasses is to design a deep learning network for real-time 

precise detection of the surgery organ, doctors’ hands and 

medical instruments. For surgery assistance, we focus on 

enhancing the detection precision of the scalpel tip, which is 

treated as the most critical task, to facilitate the cutting 

guidance during the surgery operation equipped with MR 

glasses. 

Overview of the Proposed Network 

The flow chart of the proposed medical object detection 

(MOD) system, which is illustrated in Fig. 1, contains a 

down-sample block, a light-weight hourglass with a feature 

forward network to pass more information from the encoder, 

an object aware network and three head modules with H = W 

= 512. The object aware network is used to enhance the 

relationship among the three outputs: keypoint, bounding 

box, and keypoint offset. Thus, the proposed MOD network 

takes 512×512 RGB image as the input and produces 

128×128×Nc keypoint features, 128×128×2 bounding box 

features and 128×128×2 offsets, where Nc denotes the 

number of classes required for detection. Here, we set Nc = 6 

to detect six most commonly-used medical surgery objects, 

i.e., scalpel, scalpel-tip, tweezer, scissors, hands and liver in 

the proposed MOD network. The detection head modules 

shown in Fig. 2 all use a 3×3 convolution to transform the 

feature map and a 1×1 convolution to regress the keypoint, 

bounding box and offset respectively, where the keypoint is 

the center point of the target object.  
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Figure 1. Structure of the proposed medical object detection (MOD) network 

After the down-sample module, we send the feature to the 

autoencoder, which is composed of light-weight hourglass 

with feature forward network. The feature forward network 

would pass features from the encoder to the corresponding 

decoder layer and its next layer to let the decoder refer more 

information for detection. More accurate keypoint heatmaps 

can then be predicted with those aggregated features. To 

accurately regress the bounding box of an object, we use 

object aware network to enhance the correlation between 

object keypoints and their bounding boxes. This correlation is 

crucial for accurately matching each bounding box to its 

corresponding object position, which is extracted from 

keypoint heatmap during the post-processing. The detailed 

explanations of the rest parts are described as follows.  

Down-Sample Modules  

Fig. 2 shows the detailed structure of down sample and 

head detection modules in the MOD system. Fig. 2 exhibits 

the down-sample module, which first uses a kernel 7×7 

convolution with stride 2 to capture a wider scope of the 

feature followed by a residual block to extract feature 

effectively. The residual block used in down-sample module 

is shown at the bottom of Fig. 3(a). The input feature map 

goes through a 3×3 convolution with stride 2 and a 3×3 

convolution with stride1. For residual branch, the 1×1 

convolution with stride 2 is used to replace regular 

down-sample method to filter important information. 
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Figure 2. Detailed structures of (a) down-sample module with down-sample residual block and  

(b) regular residual block used in the light-weight hourglass module 

Another residual block used in light-weight hourglass 

modules is shown in Fig. 2(b). It is composed of two 

continuous 3×3 convolution kernels and a skip connected 

branch. The channel M1 and M2 are adjusted according to 

various stages of light-weight hourglass module as defined in 

Fig. 3. 
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Figure 3. Detailed structure of the proposed stacked light-weight hourglass with FFN 

Stacked Light-Weight Hourglass Network with FFN 

In Fig. 3, the main kernel network is composed of a 

stacked light-weight hourglass network and a feature forward 

network (FFN) containing 5 half-cross-adaptive-fusion 

(HCAF) modules to enhance the representation of small 

objects. They are explained as follows. 

Stacked Light-Weight Hourglass Network 

When constructing the stacked light-weight hourglass 

network, the inference speed is a crucial factor for real 

applications. Consequently, compared to the CenterNet, we 

remove long transition blocks in it. The proposed hourglass 

network only adopts one transition block (blue color) in the 

middle to reduce the computation. The detailed architecture 

of the proposed stacked light-weight hourglass is shown in 

Fig. 4, where the two light-weight hourglasses both have four 

stages of down-sampling and up-sampling residual blocks to 

construct the feature maps. Each down-sample block (red 

color) reduces the input feature dimensions to half of the 

original height and width, while the up-sample blocks (green 

color) reconstruct the features with twice of height and width. 

In the encoder, the network can effectively filter out the 

unwanted background elements and retain the crucial cues 

for the decoder to generate keypoint heatmaps of objects. 
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Figure 4. Detailed structure of the proposed stacked light-weight hourglass with FFN 

FFN with 5 HCAF Modules 

The proposed feature forward network (FFN) bypasses the 

low-level features from the encoder through 5 

half-cross-adaptive -fusion (HCAF) modules. As shown in 

Fig. 5, the HCAF modules only pass half of the input features 

to the corresponding decoder and its next HCAF module. The 

FFN with HCAF architecture could help the decoder with 

more information instead of just passing encoder feature to 

the decoder as the feature pyramid network (FPN) proposed 

in [7]. 
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Figure 5. Structure of the proposed light-weight hourglass with the feature forward networks (FFN)  

containing 5 HCAF modules 

The half cross adaptive fusion (HCAF) module suggested 

in DetectoRS [20], which is used to enhance the fusion block 

for small object detection, is depicted in Fig. 6. The original 

concept of HCAF module is suggested in CSPNet [19], 

which first splits the input features in half to reduce the 

computation. The proposed small object enhanced block is 

designed to strengthen channels that contain the features of 

small objects. The input features go through a global average 

pooling (GAP) and sigmoid function to calculate their 

channel weights. We further utilize (1−1) factor to make the 

channels contained smaller feature be strengthened such that 

the large objects will tend to carry greater weight. The 

weighted features are then multiplied with half-channel 

features to generate small objects enhanced features. Finally, 
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the separated features are recombined with addition. 

However, with the (1−1) factor, the fused features that 

contain large objects are attenuated. To address this problem, 

the output of small object enhanced block is fed into the 

fusion block. The input of the fusion block is treated as a 

compensatory feature, which adds the original separated 

features for large objects. Through the fusion module, the 

small objects enhanced features and the features for large 

objects can both be retained. The structure of HCAF from s1 

to s4 stages is shown in Fig. 6(a), we use max pooling to 

perform the down scale to pass the essential features forward 

for the next stage. In the last stage, s5, the structure of HCAF 

is shown in Fig. 6(b). Here we further concatenate the small 

objects enhanced features to maintain the same channel 

numbers as the decoder input for the subsequent stages. 
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Figure 6. Detailed structures of the proposed HCAF module for: (a) stages s1 to s4 and (b) stage s5 

Object Aware Network 

In the detection heads, the bounding box should be 

matched to the position of keypoint. To facilitate this fact, we 

design an object aware network such that the bounding box 

and keypoint offset could refer the aggregated feature, which 

fuse the keypoint heatmap and enhanced feature. The detailed 

structure of the proposed object aware network (OANet) is 

shown in Fig. 7. The keypoint feature map is initially split 

into Nc features. Then, each of them is added together to 

become a new feature map that contains all information of 

keypoints with different classes. The new feature map further 

goes through a reshape and softmax function to become a 

weighted vector to multiply with original feature to generate 

a keypoint aware feature. Followed by a transform module, 

which is suggested in GCNet [16], to obtain the aggregated 

feature. Consequently, this OANet enables the network to 

achieve better regression of bounding boxes by leveraging 

the object position information encoded within the input 

feature. 
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Figure 7. Structure of the proposed object aware network (OANet) 
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Training Loss Functions 

To mitigate overfitting, we employ data augmentation on 

the input image before sending it to the network. This 

approach aims to enhance the diversity of the data and 

improve robustness of the network. We use random crop and 

random flip to introduce variations to the image. Instead of 

RGB color space, we use random HSV adjustment to reduce 

the potential impact of lighting conditions on performance. 

By employing these techniques, it would make the network 

easier to train and enhance overall resilience. 

During the training process of the proposed MOD network, 

we use three loss functions to separately optimize the 

network to obtain keypoint, bounding box and offset. Thus, 

the total loss is expressed by 

  total Keypoint Bbox Bbox OffsetL L L L= + +
  (1) 

where LKeypoint represents the keypoint loss that is used to 

determine the center point of objects; LBbox is the bounding 

box loss that is used to supervise the width and the height of 

objects and LOffset denotes the keypoint offset loss. In (1), the 

weighting coefficient for LBbox, Bbox is set to 0.1 by 

experiments.  

For images, the number of positive samples is usually 

limited. As a result, there is often an imbalance between 

positive and negative samples. To address this issue, we use 

modified version of focal loss proposed in CornerNet [21] to 

regress the keypoint of objects. The keypoint loss is defined 

as 

1 1 1

1 1 1

1 ˆ ˆ(1 ) log( ),                   if 1

1 ˆ ˆ(1 ) ( ) log(1 ),   otherwise

C H W

chw chw chw

c h w

Keypoint C H W

chw chw chw

c h w

k k k
N

L

k k k
N



 

= = =

= = =

−
− =


= 

− − −





  (2) 

where C denotes the channel numbers of the keypoint 

output, H and W represent the height and width of the 

keypoint output, respectively. 
ˆ
chwk

and chwk
denote the 

prediction and groundtruth pixel-based results of the 

keypoint heatmaps at the (h, w) position of the cth channel, 

respectively. N is the number of total objects in an image, and 

α, β are set to 2, 3 respectively. The term of 
(1 )chwk−

 in (2) is 

used to adjust the penalty to the point that is not the center 

point of objects. 

For the bounding box, we use L1 loss to supervise the 

width and height of objects. The bounding box loss is defined 

as 

1

1 ˆ
N

Bbox k k

k

L B B
N =

= −
  (3) 

where N represents the number of total objects in an image. 
ˆˆ ˆ=( , )k k kB w h

 and Bk= (wk, hk) respectively represent the 

predicted and the ground truth width and height of the kth 

object. 

Implementation of the MOD Network with MR Glasses 

In order to develop a real-time surgery assistance system 

for MR glasses, we built a real-time scalpel-tip prioritized 

enhancing network to cooperate with the surgery assistance 

android package (APK) developed in Unity for MR glasses. 

The system flow diagram of the proposed MR surgery 

assistant system is shown in Fig. 8. 
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Figure 8. System flow diagram of the proposed MR surgery assistant system 

Considering the convenience and practicality, the images 

captured by MR glasses and detection results are transmitted 

between MR glasses and local server through Wifi wireless 

links. The MR surgery system, which is built with 

convenience communication links, enables the MOD 

detection system to be run faster, especially when it is 

deployed on a high-performance local server. 

At first, in order to establish the localization of MR 

glasses, we define the world coordinates using the 6 

axis-IMU that is embedded in MR glasses when opening the 

APK. Subsequently, we set the local coordinates to align with 

the MR glasses themselves. 
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Figure 9. Mapping the center position of the 2D bounding box to the TOF depth image 

Once the MR glasses are successfully localized, they can 

further capture RGB images by its camera. These images are 

then encoded in “utf-8” format and transmitted to the local 

server. After the local server receives and decodes the 

images, they would be fed into our detector to predict the 

bounding box for liver and scalpel-tip. The results with 

bounding boxes and text annotation information are then 

transmitted back to the MR glasses and shows them with 

virtual information on objects. However, the bounding box is 

for the 2D images, we need to transform it into the 3D 

coordinate system. The center point of bounding box is first 

adjusted to match the x-axis and y-axis of screen of MR 

glasses, the value of z-axis is then extracted from the 

corresponding position of TOF image. The illustration for 

mapping the central position of the 2D bounding box to the 

TOF depth image is shown in Fig. 9. 

The illustration of localization of MR glasses is as shown 

in Fig.10. During the process of coordinate calibration, we 

first transform the bounding box to a proper range that is suit 

for the MR glasses. Then, we place a guided point, which 

corresponds to the center point of bounding box, into the 

virtual world according to the local coordinates. We also set 

the z-axis range of the guided point as about the distance 

where hands can reach to enhance the performance. Finally, 

the virtual liver can follow the location of the guided point to 

be placed into the virtual world in world coordinates. The 

demonstration of the proposed surgery assistance system for 

MR glasses will be addressed in experimental results.  
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Figure 10. Illustration of coordinate system in MR glasses 

EXPERIMENTAL RESULTS 

The proposed medical object detection (MOD) network is 

implemented with Python 3.7.13, Pytorch 1.8.2, Torch vision 

0.9.2, and CUDA 11.1. The hardware devices for the training 

is Intel Core i7-11700K CPU with 3.6 GHz, and NVIDIA 

GeForce RTX 3080 Ti with 12GB RAM. The MR glasses, 

which is provided by Compal Electronics, contain 

Qualcomm SXR2130, 2M resolution RGB vision camera, 

224×172 TOF depth camera, and 6 axis-IMU. 

For training the MOD network, we implement with two 

datasets in our work. One is collected by the NCKU research 

team. We cooperated with NCKU Hospital (NCKUH) to 

collect the first-person surgical simulated dataset. Under 

doctor’s assistance, we equipped the camera equipped on 

their heads to film the dataset with the resolution of 

1920×1080 images. The NCKUH dataset contains 602 

images as the training set, and 152 images as the testing set. 

The liver models with soft elastic material and surgical tools 

are provided by the Department of Biomedical Engineering 

in the NCKU. The original and labelled images are shown in 

Fig. 11(a) and (b), respectively. There are six categories: 

hands, scalpel, scalpel-tip, tweezer, scissors, and liver 

labelled in surgery images on NCKUH dataset. 

http://www.cimachinelearning.com/
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Figure 11. Sampled images from NCKUH dataset: (a) original images from different simulated surgical scene and  

(b) labelled images 

The second dataset is from Kaggle website that provides a 

platform to allow people upload their open dataset for variety 

of fields. In the Kaggle website, we found a dataset related to 

surgical tools [22], which contain 4 classes, include scalpel, 

clamp, straight mayo scissors, and curved mayo scissors. The 

resolution of the images is 640×480. The training set contains 

1834 images and testing set contains 786 images. Some 

sampled original images and their labelled images are as 

shown in Fig.12. 

 
Figure 12 Sampled images from Kaggle surgical tools dataset: (a) original images; (b) labelled images;  

(c) top left: scalpel, top right: clamp, bottom left: curved mayo scissors, bottom right: straight mayo scissors 

For training, all images are resized to 512×512 to be fed 

into network. The batch size is 6 while training, and batch 

size is set to 1 while validating. The base learning rate is 

1.15x10-5, and final learning rate is 1.15x10-7. The optimizer 

we used is Adam [23] with 1 = 0.9, 2 = 0.999, and weight 

decay is 0.05. 

Experimental Results of NCKUH Dataset 

We compare the detection performances of the proposed 

network with other models on the NCKUH dataset. The 

experimental results are shown in Tables 1 and 2. The 

performances of the proposed MOD system are overall better 

than those of CenterNet [3] and with more FPS. Comparing 

to CenterNet2 [24], it shows successful enhancement only for 

large and rarely occluded objects such as scalpel and hands, 

while the proposed MOD network detects better at occluded 

objects such as scalpel-tip and liver. It shows that our 

network performs better for practical usage. The CenterNet2 

demands a lot of computation such that its FPS is reduced to 

11. The visualized results are shown in Fig. 13. We can see 

that the bounding box of the proposed MOD network is more 

precise, and the scalpel-tip is captured more accurately. 

http://www.cimachinelearning.com/
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Table 1. Comparisons with other methods on the NCKUH dataset 

Indices 

Methods 
FPS AP AP50 AP75 

CenterNet [3] 24 74.23 89.55 77.64 

CenterNet2 [24] 11 76.84 85.09 80.38 

MOD network (our) 25 75.50 90.12 78.34 

Table 2. Comparisons with other methods on NCKUH dataset at each class 

Indices 

Methods 
APscal-tip APliver APscalpel APhands APscissors APtweezer 

CenterNet [3] 15.97 90.11 76.93 89.29 80.29 92.76 

CenterNet2 [24] 8.55 91.52 87.18 96.64 83.12 94.03 

MOD network (our) 19.07 91.71 78.42 89.03 82.11 92.66 

 
Figure 13. The visualization detection results on NCKUH dataset: (a) ground-truth; (b) CenterNet; (c) CenterNet2;  

(d) the proposed MOD network  

Experimental Results of Kaggle Surgery Tools Dataset 

We also compare to the other networks on Kaggle surgical 

tools dataset. The visualized results are shown in Fig.14. The 

overall precision performances are shown in Table 3. 

Compare to the proposed MOD network, CenterNet tends to 

miss the occluded objects and confuses straight mayo and 

curved mayo. In AP50, we can see that our network can 

capture almost as many objects as CenterNet2. However, in 

AP75, it shows that CenterNet2 converges better at bounding 

box. With different dataset for different applications. The 

lack of small or occluded objects such as scalpel-tip, makes 

CenterNet2 perform better since the purpose of the proposed 

MOD network is to enhance the precision of the small objects 

and maintain the performance of large objects. 

http://www.cimachinelearning.com/


Computational Intelligence and Machine Learning 

 e-ISSN: 2582-7464 Volume 6, Issue 2, October 2025 

 

  11 

Table 3. Comparisons with other methods on Kaggle surgical tools dataset for each class 

Indices 

Methods 
AP AP50 AP75 APscalpel APclamp APCV 

1 APSM 
2 

CenterNet [3] 80.61 93.14 88.34 77.11 72.86 85.94 86.54 

CenterNet2 [24] 89.19 96.70 94.62 85.27 81.98 95.18 94.32 

MOD network (our) 81.40 95.06 89.43 77.31 73.00 88.09 87.19 

1. APCV represents AP of curved mayo scissors. 2. APSM represents AP of straight mayo scissors. 

 
Figure 14. The detection results on Kaggle surgical tools dataset: (a) ground-truth; (b) CenterNet; (c) CenterNet2;  

(d) the proposed MOD network 

Ablation Study  

As shown in Tables 4 and 5, the experimental results show 

that the improvements of the detection flow. The GCNet and 

the proposed object aware network (OANet) can both 

enhance overall performance of CenterNet without 

decreasing FPS. The GCNet in this table means that we use 

GCNet to replace OANet in the proposed MOD system. By 

using addition of the feature maps instead of 1×1 

convolution, the proposed OANet focuses more on the 

scalpel-tip and shows the better detection performance. 

Table 4. Overall detection performances of the proposed and other networks 

Indices 

Methods 
FLOPs(G) Parameters FPS AP AP50 AP75 

CenterNet [3] 263.55 189.47(M) 24 74.23 89.55 77.64 

GCNet [16]  263.55 189.48(M) 24 74.52 90.20 77.11 

OANet (ours) 263.55 189.48(M) 24 74.53 88.87 77.79 
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Table 5. Class detection performances of the proposed and other networks 

Indices 

Methods 
APscal-tip APliver APscalpel APhands APscissors APtweezer 

CenterNet [3] 15.97 90.11 76.93 89.29 80.29 92.76 

GCNet [16] 16.26 89.76 79.27 90.35 80.89 90.60 

OANet (ours) 16.82 89.76 78.63 89.47 80.27 92.22 

 

Tables 6 and 7 show the detection performances achieved 

by the different skip connection methods comparing to the 

proposed feature forward network (FFN) module. The 

experimental results show that the proposed FFN module is 

with the fastest computation and achieves the best 

performance. If the decoder is directly skip connected to the 

encoder, the network obtains the worst results. It is noted that 

the FPN passes the whole feature directly to the decoder 

resulting in lower FPS. In Tables 6 and 7, the full multi-stage 

connection method passes the low-level features of the 

encoder to the three corresponding decoder layers. The layer 

feature also passes to its next decoder layer and the decoder 

layer after next decoder layer. Although this method passes 

more information for the decoder to reconstruct, it seems to 

confuse the decoder with too much information since the 

relation is small between first and third stage, the 

performance is also worse than the proposed FFN. The FPS 

decreases a lot due to the increasing of channel numbers with 

the connection method. 

Table 6. Overall detection performance comparisons of the proposed FFN and other skip connection methods 

Indices 

Methods 
FLOPs Parameters FPS AP AP50 AP75 

FPN [7]  348.33(G) 148.06(M) 24 74.75 89.78 77.54 

Full multi-stage 343.67(G) 154.09(M) 22 74.84 90.68 77.52 

FFN (ours) 338.60(G) 145.90(M) 25 75.50 90.12 78.34 

Table 7. Class detection performance comparisons of the proposed FFN and other skip connection methods 

Indices 

Methods 
APscal-tip APliver APscalpel APhands APscissors APtweezer 

FPN [7] 18.79 90.31 77.79 89.24 80.37 91.99 

Full multi-stage 17.59 91.05 77.62 89.92 82.04 90.83 

FFN (ours) 19.07 91.71 78.42 89.03 82.11 92.66 

 

For the HCAF module, we first tried to only use fusion 

module from DetectoRS [20] to fuse the features that are 

partitioned, but the information can be confused by mixing 

two separated features. The overall performance doesn’t 

enhance a lot. Hence, for the scalpel-tip, we add a small 

object enhanced block to strengthen the channels contained 

smaller feature, DetectoRS fusion module can be used to 

compensate the important features that are weakened by 

small object enhanced block. The results are shown in Tables 

8 and 9. 

Table 8. Comparisons of different compositions of HCAF module 

DetectoRS 

Fusion [20]  

Small object 

Enhanced 
FLOPs Parameters FPS AP AP50 AP75 

ˇ  338.68(G) 147.34(M) 25 74.59 89.29 77.19 

ˇ ˇ 338.60(G) 145.90(M) 25 75.50 90.12 78.34 

Table 9. Comparisons of different compositions of HCAF module at each class 

DetectoRS 

Fusion [20]  

Small object 

Enhanced 
APscal-tip APliver APscalpel APhands APscissors APtweezer 

ˇ  16.91 89.98 76.93 89.72 82.05 91.95 

ˇ ˇ 19.07 91.71 78.42 89.03 82.11 92.66 

http://www.cimachinelearning.com/


Computational Intelligence and Machine Learning 

 e-ISSN: 2582-7464 Volume 6, Issue 2, October 2025 

 

  13 

(a)

(b)

 
Figure 15. Demonstration of the surgery assistance system. (a) Scalpel-tip is still far away from the liver;  

(b) Scalpel-tip gets too close to the main blood vessel of the liver 

System Demonstration 

The MR surgery system is demonstrated in Fig.15, where 

the left images are the view that we see in the real world. The 

right images are the views that we see through MR glasses. In 

Fig. 15(a), after the MOD network detects a liver and a 

scalpel-tip, we then generate a virtual liver and the bounding 

box of scalpel-tip, which are located in the virtual world, to 

be displayed on the MR glasses. We also display the distance 

between the setting point of blood vessels, where doctors 

want to avoid, and scalpel-tip at the top-right of the MR 

glasses to prevent the scalpel from cutting important place. 

The distance is directly computed in MR glasses by the 

coordinate of them. In Fig.15(b), when the scalpel-tip is close 

to the liver, a red exclamation mark is displayed on the 

top-right of the MR glasses to warn the surgeon. 

As shown in Fig.16, we further use a smartphone, ASUS 

Zenfone 9, to directly film the demonstration of the MR 

glasses. The blue point denotes the position that doctors want 

to avoid, but the point needs to be first set in the Unity. We 

can also set many points as blood vessels that doctors want to 

avoid. In Fig.16(a), the virtual liver with blood vessels is 

overlapping with the real liver, and the bounding box is also 

overlapping with the scalpel-tip. In Fig.16(b), when the 

scalpel-tip is too close to the blue point, the exclamation mark 

is directly displayed on the MR glasses.  

(a) (b)
 

Figure 16. These images are directly filmed by ASUS Zenfone 9: (a) Scalpel-tip is still far away from the liver;  

(b) Scalpel-tip is close to the liver 

CONCLUSION 

In this paper, we propose a real-time MOD network to 

corporate with MR glasses for surgery assistance, which can 

be also used to perform a virtual operation for surgical 

education or pre-exercise. The proposed OANet successfully 

improves the small-object detection performance of the 

CenterNet. The proposed forward feature network (FFN) 

with 5 HCAF modules enhances the ability of extracting 

features of the small objects. The experimental results show 

the effectiveness of the proposed OANet and FFN with 5 

HCAF modules. With these modules, not only the overall 
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performance enhanced, the FPS also increased to achieve the 

real-time detection. For surgery assistant system on MR 

glasses, we successfully develop a warning system for 

surgery. With MR glasses, the physical liver can be 

cooperated with the virtual world, which provides the 

pre-scanned blood vessel image with the detected bounding 

box generated by the proposed MOD network, where the 

bounding box of scalpel-tip can also be displayed on MR 

glasses and the distance between scalpel-tip and the main 

blood vessels is shown on MR glasses to remind the doctor. 
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