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Abstract  8 

Background: Grayscale medical image segmentation is the key step in clinical computer-aided diagnosis. Model-9 
driven and data-driven image segmentation methods are widely used for their less computational complexity and more 10 
accurate feature extraction. However, model-driven methods like thresholding usually suffer from wrong 11 
segmentation and noises regions because different grayscale images have distinct intensity distribution property thus 12 
pre-processing is always demanded. While data-driven methods with deep learning like encoder-decoder networks 13 
always are always accompanied by complex architectures which require amounts of training data.  14 

Methods: Combining thresholding method and deep learning, this paper presents a novel method by using 2D&3D 15 
object detection technologies. First, interest regions contain segmented object are determined with fine-tuning 2D 16 
object detection network. Then, pixels in cropped images are turned as point cloud according to their positions and 17 
grayscale values. Finally, 3D object detection network is applied to obtain bounding boxes with target points and 18 
boxes’ bottoms and tops represent thresholding values for segmentation. After projecting to 2D images, these target 19 
points could composite the segmented object.  20 

Results: Three groups of grayscale medical images are used to evaluate the proposed image segmentation method. 21 
We obtain the IoU (DSC) scores of 0.92 (0.96), 0.88 (0.94) and 0.94 (0.94) for segmentation accuracy on different 22 
datasets respectively. Also, compared with five state of the arts and clinically performed well models, our method 23 
achieves higher scores and better performance. 24 

Conclusions: The prominent segmentation results demonstrate that the built method based on 2D&3D object detection 25 
with deep learning is workable and promising for segmentation task of grayscale medical images. 26 
 27 
Keywords: Grayscale medical image, Image segmentation, Deep learning, Object detection, Point cloud. 28 
 29 
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1 Background 31 

Medical imaging plays the key role in diagnosis or disease treatment by revealing internal 32 

structures with technologies mainly of computer tomography (CT), magnetic resonance imaging 33 

(MRI), ultrasound, and especially X ray radiography [1]. Due to different absorption capability of 34 

various organs or tissues for radiations, waves, and etc., pixels belong to various object in grayscale 35 

medical images have diverse grayscale values usually from 0-255 [2] and meanwhile values of 36 

pixels of the same object always gather within a range.  37 
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Medical image segmentation has been widely applied to make images clearer with anatomical or 38 

pathological structures changes [3], such as bone segmentation [4], lung segmentation [5,6], heart 39 

fat segmentation [7] and liver or liver-tumor segmentation [8,9], etc. They could be considered to 40 

divide origin images into several sub regions for picking up some crucial objects and extracting 41 

interesting features which improve the computer aided diagnostic efficiency. There has raised 42 

enormous approaches and they could be classified into two categories: model-driven techniques 43 

and data-driven techniques. [5,10] 44 

Many model-driven methods for medical image segmentation, including thresholding, clustering, 45 

and region growing, were presented in particular before the widespread application of deep 46 

learning. [10] Thresholding was one of the most common used method in practice due to its 47 

efficiency. [11] The basic working of thresholding was to determine specific threshold values and 48 

each pixel in the image could be classified as the foreground or background depending on the 49 

comparison between their intensity values and threshold values. [12-14] Traditional thresholding 50 

methods always relied on single models for universal segmentation tasks which could lead to 51 

incorrect results. Also, segmentation objects often occupied only parts of whole images and pixels 52 

of different objects may share same intensity values, so noises could appear if image segmentation 53 

was applied overall. 54 

With the era of big data coming, emerging data-driven technologies with deep learning have 55 

remarkably demonstrated in variety medical image segmentation task. Supervised learning 56 

methods and especially some CNN (Convolutional neural network) based encoder-decoder 57 

structures such as FCN (Fully convolutional networks) [15], U-Net [16], DeepLab [17] has 58 

practically proved [5]. Compared with traditional methods, deep learning could help analyze 59 

medical images more effectively and extract more detailed features.  60 
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Although these end-to-end structures was pragmatic for medical images semantic segmentation, 61 

the segmentation accuracy always relied on a large amount of training dataset. But medical image 62 

annotation could be time-consuming and quite expensive, thus transfer learning was used to solve 63 

the problem of limited labeled data and pre-trained networks on natural images as ImageNet [18] 64 

were often adopted for image segmentation. [19,20] However, considering these datasets were 65 

mainly designed to train models for object detection or classification, they may be more suitable 66 

to pretrain networks for object detection. This inspired us to segment images with object detection. 67 

We find that grayscale images could be segmented according to the comparison of thresholding 68 

values with values of pixels in images and these pixels could be turned into 3D point cloud 69 

according to their positions and grayscale values. Thus, by applying 3D object detection in the 70 

point cloud, we could achieve groups of points within 3D bounding boxes. The top and the bottom 71 

of boxes represent the thresholding values for segmentation and after mapping these points into 72 

2D images, corresponding pixels could compose segmented results. Besides, 2D object detection 73 

could determinate regions of interest (ROI) in grayscale medical images to reduce noises. 74 

Therefore, according to above strategy, we propose the grayscale medical image segmentation 75 

method based on 2D&3D object detection. 76 

The remainder of this paper is organized as following: Section 2 introduces the applied medical 77 

Image datasets and describes details of proposed technologies, while in section 3 the obtained 78 

results are displayed and the discussion is provided. Finally, section 4 presents the conclusions as 79 

well as future work suggestions.  80 
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2 Methods 81 

2.1 Image Datasets 82 

Considering roles of grayscale images in medical field, two typical sets of available datasets are 83 

prepared including musculoskeletal radiographs, and chest radiographs. Musculoskeletal 84 

radiographs dataset (MURA (Musculoskeletal radiographs) & LERA (Lower extremity 85 

radiographs)) contains bone X ray images of upper and lower extremity. [21,22] Chest radiographs 86 

dataset CheXpert (Chest radiography) has chest X ray images. [23,24] 87 

The proposed grayscale medical image segmentation method is based on the supervised artificial 88 

intelligence techniques, and labels are performed manually in two types medical images for model 89 

training. Fig.1. shows origin images, and their respective Ground Truth (GT) images in different 90 

datasets. 91 

 92 

Fig.1 Examples of medical images in two datasets and manual segmentation results. 93 
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2.2 Grayscale Image Segmentation Framework 94 

The proposed image segmentation method maps each pixel in the medical grayscale image to 3D 95 

coordinates as the pixel-features point cloud, according to their positions and gray values. By 96 

acquisition of foreground points and their corresponding bounding box using 3D object detection 97 

method, we could achieve threshold values and the segmentation result of the corresponding 98 

grayscale image. The whole pipeline and the implementation flow of this method are shown in 99 

Fig.2 and Fig.3 respectively. Given a grayscale medical image, after (1) obtaining interest regions 100 

of associated segmentation objects in the image, (2) generating 3D bounding box proposals in 101 

point cloud and (3) the regression of their locations and scales, the refined boxes could be achieved. 102 

The projection of points in refined bounding box into the 2D image is the segmentation result.  103 

 104 

Fig.2 The pipeline of the proposed grayscale medical image segmentation method. 105 
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 106 

Fig.3 The implementation flow of the proposed method. 107 

2.2.1 Related Work 108 

According to the proposed strategy and above pipeline, object detections play the central roles at 109 

each block of our method. Many researches about 2D&3D object detection has raised ever and 110 

they could perform well especially those with deep learning.  111 

The current mainstream 2D object detection methods based on deep learning could be generally 112 

classified into two-stage and one-stage methods. [25] With two-stage methods, proposal bounding 113 

boxes are generated firstly and the further refinement of proposals and confidences is obtained in 114 

the second stage. [26] While using the one-stage methods [27,28], the location and the 115 

classification of object bounding boxes could be estimated directly without refinement which 116 

means one-stage methods are usually faster than two-stage ones but have lower object detection 117 

accuracy. [29]  118 

The widespread application of 3D geometric data spurs the development of 3D object detection 119 

and it could be categorized into monocular/stereo image-based, point cloud-based and multimodal 120 

fusion-based methods in terms of the modality of input data. [30] Due to point clouds are the most 121 

regular data which could be achieved with different sensors, enormous researches of point cloud-122 

based methods have raised. [31-33] Among these method, different data format like raw point 123 

clouds or 3D voxel grids transformed from points could be feed into deep net architectures to find 124 

targets with bounding boxes and their classes. [34] 125 
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2.2.2 Achievement of interest regions in image 126 

In a medical grayscale image, pixels of the segmentation object always just take up a part of the 127 

entire image and there may exists noisy pixels with the same gray values in irrelevant regions. 128 

Therefore, 2D object detection is adopted as the pre-processing procedure to identify the specially 129 

interest regions with segmentation objects and reduce noisy pixels as shown in Fig.4. 130 

 131 

Fig.4 Achievement of interest regions in 2D images. 132 

Compared with the accuracy, the proposed pre-processing procedure cares more about the 133 

detection speed, so we adopt the one-stage method YOLOv3 [35,36] as the backbone network. 134 

And considering the scarcity of labeled medical grayscale images, we apply the fine tuning - a 135 

transfer learning method [29] to migrate most layers of the backbone model which was pretrained 136 

on ImageNet, Pascal VOC (Pattern analysis, statistical modeling and computational learning visual 137 

object classes) and MS COCO (Microsoft common objects in context) datasets. [37,38] As Fig.5. 138 

shown, with fine tuning method, we could freeze N-M layers of pre-trained model and only train 139 

the last M layers on local dataset. In order to retain the detection ability of pre-trained model as 140 

much as possible, and ensure the stability of the loss change during the training process, the 141 
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proposed image segmentation pre-processing method only unfreeze the last 3 layers of pre-trained 142 

network for training. 143 

 144 

Fig.5 The proposed 2D object detection network with fine-tuning method. 145 

2.2.3 Generation of proposal bounding box in pixel-features point cloud 146 

The grayscale value of each pixel in interest regions represents their brightness. [39] Pixels 147 

compose the same tissues in particular image always share the grayscale value ranges and we could 148 

recognize them manually. All values range from 0 to 255 (Typically zero is taken to be black, and 149 

255 is taken to be white). Darker pixels represent structures like soft tissues having less attenuation 150 

to the beam, while light ones represent structures like bones having high attenuation. Due to the 151 

lack of detailed gray values of pixels displayed on 2D images, it is hard to determinate their specific 152 

grayscale value ranges. 153 

Thus, we turn pixels in 2D interest regions into the 3D representations as Fig.6. shown. In Fig.6. 154 

the first two dimensions represent pixels locations and the third dimension represents their 155 

grayscale values. The 3D data could be considered as the pixel-features point cloud and it is distinct 156 

and intuitive to obtain points which represent pixels belong to the same tissues. This helps us 157 

translate the 2D image segmentation task into the 3D object detection with point cloud. We only 158 

need to determine locations and widths of 3D bounding boxes which contain the foreground points 159 
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during the object detection. Then bottoms and tops of bounding boxes could represent the 160 

segmentation required threshold values for 2D images. 161 

Inspired by two-stage 2D object detection methods, we present a novel two-stage 3D object 162 

detection method, which is operated on pixel-features point cloud. In the first stage of existing 163 

popular two-stage 2D object detection method, the proposal bounding boxes with its classification 164 

scores are generated with convolutional neural network and the refinements of those boxes are 165 

obtained in the following stage after the Non-Maximum Suppression (NMS). While in our 166 

proposed 3D object detection method, based on two-stage strategy, the proposal 3D bounding 167 

boxes with the classification scores of points inside them are estimated firstly and these proposals 168 

are refined with regression in second stage. 169 

 170 

Fig.6 Turning pixels in interest regions into the pixel-features point cloud. 171 

The generation of proposal bounding boxes in pixel-features point cloud has three modules. As 172 

shown in Fig.7, These modules include localization of anchor boxes, classification of points inside 173 
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boxes utilizing PointNet [34] as backbone network and Non-Maximum Suppression with 3D 174 

Intersection-over-Union (IoU). 175 

 176 

Fig.7 The generation of proposal bounding boxes in pixel-features point cloud. 177 

 2.2.3.1 Anchor boxes 178 

Proposal bounding boxes generation takes the 𝑙𝑥 × 𝑙𝑦 × 255 point cloud representation as input 179 

where 𝑙𝑥 and 𝑙𝑦 respectively indicate the length and width of 2D interest region. In order to avoid 180 

high overlap rate of predict boxes and the low search efficiency using selective search as Region 181 

Convolutional Neural Network (RCNN) method, inspired by the Region Proposal Networks 182 

(RPN) in Faster RCNN, we apply the anchor boxes method for electing predict boxes.  183 

To generate proposals, we slide a small network over the input by a shared 3D convolutional layer 184 

referred to RPN and Single Shot MultiBox Detector (SSD) method as Fig.7. shown. At each 185 
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sliding-box location, we could predict multiple proposals simultaneously, and we denote the 186 

maximum number of possible proposals as 𝑘. These proposals are parameterized relative to 𝑘 3D 187 

anchor boxes. Each anchor is centered at its corresponding sliding box and is associated with a 188 

scale. Each anchor is defined with coordinates (𝑙ℎ, 𝑙𝑤) where 𝑙ℎ and 𝑙𝑤 represent its location and 189 

scale. We apply 3 scales by default, deciding 𝑘 = 3 anchors at each sliding box and 𝑛 × 𝑘 anchors 190 

in total. 191 

 2.2.3.2 Classification of point cloud 192 

Anchor boxes with different scales share the same box-length 𝑙𝑥 and box-width 𝑙𝑦, and they are 193 

distinguished by their center locations and box-heights. In order to determine the proposal 194 

bounding box from numerous anchor boxes, we utilize the PointNet as our backbone network and 195 

apply the fine-tuning method for training our classification module. 196 

The classification network in Fig.7. indicates that raw point clouds are directly taken as the input 197 

and each point is processed independently at the initial stage. Due to point clouds could be easily 198 

applied rigid or affine transformations, input points are sorted into a canonical order with the first 199 

affine transformation by a mini-net (T-net) and moreover, after points features extraction with 200 

multi-layer perceptron (mlp), features from different points could also be aligned using another 201 

alignment network by feature transformation matrix. Then, the max pooling layer aggregates all 202 

points features extracted from the second mlp and outputs the global features. The final fully 203 

connected layers set the global feature as input and outputs 𝑘 scores for all the 𝑘 candidate classes. 204 



12 

 205 

Fig.8 The proposed point cloud classification network with fine-tuning method. 206 

It should be noted that models-based point clouds datasets which mapped from grayscale medical 207 

images is scarce, thus we apply the fine-tuning method again. With the migration of PointNet 208 

model pretrained on ModelNet40 [40], we freeze most layers of the network except the final fully 209 

connected layers as shown in Fig.8. 210 

 2.2.3.3 NMS with 3D IoU 211 

After the above module, the classification results of point cloud in each anchor box could be 212 

achieved with scores. But as many 2D object detection method, there exists some repeated 213 

proposals of one object. They belong to the same candidate class and overlap with the local 214 

highest-score box. For reducing the redundancy, we adopt the non-maximum NMS on these 215 

proposals with 3D intersection over union (3D IoU). Different from the IoU computation for 2D 216 

based on the relationships of areas between box 𝐴 and 𝐵 [41], like Fig.9. shows, volumes of two 217 

boxes are applied for 3D IoU calculation [42] which could be formulated as: 218 

3D IoU(𝐴, 𝐵) = 𝐴𝑣 ∩ 𝐵𝑣𝐴𝑣 ∪ 𝐵𝑣 = 𝐴𝑣 ∩ 𝐵𝑣|𝐴𝑣| + |𝐵𝑣| − 𝐴𝑣 ∩ 𝐵𝑣                                   (1) 219 
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Through the setting of 3D IoU threshold for NMS and ranking with classification scores, it remains 220 

only one box for each candidate class which could be considered as the proposal bounding box. 221 

 222 

Fig.9 IoU computation for 3D. The intersection volume is highlighted in gray. 223 

2.2.4 Refinement of proposal bounding box 224 

Even though high classification scores of the proposal bounding boxes, the location and scale 225 

errors between them and ground truth exist. We train and implement a class-specific bounding box 226 

linear regression model to reduce errors and improve detection performance. 227 

On the assumption that we achieve one proposal bounding box 𝑃𝑖 and its nearby ground-truth box 228 𝐺𝑖  as shown in Fig.10, where 𝑃𝑖 = (𝑃𝑙ℎ𝑖 , 𝑃𝑙𝑤𝑖 )  specifies height 𝑙ℎ  of the center of proposal 229 

bounding box together with its width 𝑙𝑤 . Meanwhile, the ground-truth bounding box 𝐺𝑖  is 230 

specified in the same way: 𝐺𝑖 = (𝐺𝑙ℎ𝑖 , 𝐺𝑙𝑤𝑖 ). The goal of the bounding box regressor is to learn a 231 

transformation which could map each proposal bounding box 𝑃 to the ground-truth box 𝐺. 232 

 233 

Fig.10 Refinement of proposal bounding box. 234 
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The transformation could be parameterized in terms of two functions 𝑑𝑙ℎ(𝑃) and 𝑑𝑙𝑤(𝑃). The first 235 

function specifies the translation of bounding box 𝑃’s center which is scale-invariant, while the 236 

second specifies the log-space translation of its width. By applying the transformation as following 237 

equations, an input proposal bounding box 𝑃 could be transformed into a predicted ground-truth 238 

box �̂�. 239 �̂�𝑙ℎ = 𝑃𝑙𝑤 × 𝑑𝑙ℎ(𝑃) + 𝑃𝑙ℎ                                                            (2) 240 �̂�𝑙𝑤 = 𝑃𝑙𝑤 × exp (𝑑𝑙𝑤(𝑃))                                                         (3) 241 

Inspired by the 2D object detection, the bounding box regression of our method is performed on 242 

global features which is max pooled from PointNet model. Above two functions 𝑑𝑙ℎ(𝑃) and 243 𝑑𝑙𝑤(𝑃) could be modeled as linear functions of the global features of proposal bounding box 𝑃, 244 

denoted as 𝑓𝑚𝑝(𝑃). Therefore, we have 𝑑∗(𝑃) = T∗ × 𝑓𝑚𝑝(𝑃), where ∗ represents 𝑙ℎ or 𝑙𝑤, and T∗ 245 

is a vector composed of learnable model parameters. 246 

The transformation targets 𝑡∗ between proposal bounding box 𝑃 and the real ground-truth box 𝐺 247 

could be defined as: 248 

𝑡𝑙ℎ = 𝐺𝑙ℎ − 𝑃𝑙ℎ𝑃𝑙𝑤                                                                         (4) 249 

𝑡𝑙𝑤 = log (𝐺𝑙𝑤𝑃𝑙𝑤 )                                                                      (5) 250 

Thus, after setting the loss function and by optimizing the regularized least squares objective as 251 

following, we could learn T∗ and achieve the transformation to refine the proposal bounding box. 252 

𝑳𝒐𝒔𝒔 = ∑ (𝑡∗𝑖 − T̂∗ × 𝑓𝑚𝑝(𝑃𝑖))2𝑁
𝑖                                                   (6) 253 

T∗ = argminT̂∗𝑳𝒐𝒔𝒔 + 𝜆‖T̂∗‖2                                                      (7) 254 
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2.2.5 Training strategy 255 

The proposed grayscale medical image segmentation method follows a three-stage training 256 

strategy. First, we obtain interest regions from raw grayscale images with fine-tuning YOLOv3 257 

model. Second, by training the pixel-features point cloud classification model based on PointNet, 258 

proposal 3D bounding boxes could be achieved from the point cloud representations of pixels in 259 

interest regions. By training the linear regressor, proposal bounding boxes are refined with location 260 

and scale transformation. Three independent modules including regions extractor, point cloud 261 

classifier and bounding box regressor in three stages compose our method. 262 

2.3 Performance assessment 263 

In this study, we evaluate the segmentation performance by following four metrics: Dice similarity 264 

coefficient (DSC) scores [6], intersection over union (IoU), False negative (FN) and False positive 265 

(FP) [7]. Ranges of DSC and IoU are between 0 and 1, higher values of them and lower values of 266 

FN and FP indicate the higher accuracy. The calculation formula of DSC is defined as: 267 

DSC = 2|𝑇 ∩ 𝐺||𝑇| + |𝐺|                                                                  (8) 268 

where 𝑇 is the detected region and 𝐺 is the ground truth region. 269 

3 Results 270 

We conduct experiments by the proposed grayscale image segmentation method on above 271 

mentioned datasets including musculoskeletal radiographs dataset and chest radiographs dataset. 272 

Moreover, our prepared phalanx and forearm X ray images obtained with the portable X ray 273 

machine as Fig.11. shown are also adopted for model training and validation. 274 
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 275 

Fig.11 The portable X ray machine applied in experiments. 276 

Our model is implemented with Pytorch [43] and its entire training process is performed on a 277 

computer with Windows 10 operating system, Intel Core i7 processor with 3.0 GHz, 64GB of 278 

RAM and a single NVIDIA GPU (Quadro RTX 4000). The 2D object detection model is trained 279 

with 50 epochs for achieving interesting regions and it takes 1.75 h, while the training of the 3D 280 

object detection model for generating proposal bounding boxes spends 2.5 h on 200 epochs. 281 

After training process, by applying the proposed method with the given grayscale medical images 282 

input and following the method pipeline as Fig.2. shown, regions of target issues could be 283 

segmented. Each block in Fig.12. presents several examples of segmentation performance from 284 

different kinds of datasets, as well as processing results after each stage, where white represents 285 

true positive pixels and black is for true negatives pixels. Moreover, according to evaluation 286 

criteria, Table 1 shows four metrics including IoU, DSC, FN and FP to assess the segmentation 287 

performance of images in different datasets. 288 

 289 

(a) Examples of segmentation performance in musculoskeletal radiographs dataset. 290 
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 291 

(b) Examples of segmentation performance in chest radiographs dataset. 292 

 293 

(c) Examples of segmentation performance in X ray images with the portable X ray machine. 294 

Fig.12 Segmentation results from different kinds of datasets. From the first to the last column are origin images, ground truth, 295 

achievements of interest regions, representations of pixel-feature point cloud, local segmentation results, and segmentation results 296 

in original image size, respectively. 297 

Table 1 The values of evaluative metrics from experiments in different datasets. 298 

Datasets IoU DSC FN FP 

Musculoskeletal radiographs 0.92 0.96  0.05 0.02  
Chest radiographs 0.88 0.93  0.11 0.15  
Images from X ray machine 0.94 0.94  0.06 0.08  
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Table 2 Comparison between segmentation performance (IoU) of the proposed approach with other methods. 299 

Datasets Proposed FCN UNet UNet++ Res-UNet Attention Unet 

Musculoskeletal radiographs 0.92 0.82 0.85 0.84 0.91 0.90 

Chest radiographs 0.88 0.76 0.81 0.83 0.88 0.86 

Images from X ray machine 0.94 0.72 0.82 0.87 0.85 0.91 

 300 

Fig.13 Performance comparison of grayscale medical image segmentation with different methods. 301 

As shown in Fig.12. and Table 1, we could obtain high IoU and DSC scores with satisficed 302 

segmentation results on different datasets. This indicates that based on the proposed method, 2D 303 

interest regions and 3D bounding boxes containing target pixel-features point cloud during the 304 

processing could be successfully achieved.  305 

4 Discussion 306 

In this section, we compare the image segmentation performance of the proposed method with 307 

multiple famous and clinically performed well models. As well known, CNN based models are 308 

among the most successful and widely used for medical image processing. Besides the milestone 309 

FCN model, UNet built on top of the fully convolutional networks with a U-shaped architecture 310 

to capture context information, and based on it, Res-UNet [44] improved the segmentation results 311 

using residual blocks as the building block and UNet++ [45] enhanced segmentation quality of 312 

varying-size objects. Also, Attentiom UNet [46] achieved the better performance with the attention 313 

gate. We train these models in the same dataset as our proposed method and Table 2 presents the 314 
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comparison results. Meanwhile, Fig.13. shows results by visualization. It indicates that compared 315 

with other models, our proposed approach improves the segmentation performance and it obtains 316 

the highest IoU scores of 0.92, 0.88 and 0.94 with three datasets respectively. In our approach, 2D 317 

and 3D object detection models could be both trained with transfer learning method which makes 318 

it possible to achieve a quite accurate image segmentation model with small training datasets. 319 

While other sematic segmentation methods may be sensitive to the scale of datasets because the 320 

pre-trained model could only help simplify the downsample training procedure, and the training 321 

of upsample still requires a number of datasets. This indicates that it is impossible to adapt them 322 

for every application task well because training data is scare especially in medical image field. 323 

Moreover, in grayscale images, grayscale values of pixels are important features to distinguish 324 

different objects, and the intuitive logic of grayscale image segmentation could be considered as 325 

the collection of pixels with similar grayscale values. So, the proposed image segmentation model 326 

which obtains the purpose ranges of grayscale values with 3D object detection have better 327 

explicability and segmentation effect. 328 

Under different medical imaging devices and environment in clinical, ranges of grayscale values 329 

of pixels which compose the same segmentation target in different medical images are always 330 

different. But our proposed method could settle this and we could obtain thresholding values (top 331 

and bottom of 3D bounding boxes) by mapping pixels in 2D images into 3D point clouds and 332 

adopting 3D object detection with features of pixels. 333 

5 Conclusions 334 

In this paper, we present a new method for grayscale medical image segmentation only with two 335 

object detection models. The method applies 2D object detection model for location identification 336 

of segmentation objects. It could crop the origin images and increase the efficiency of further 337 
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detailed segmentation. Pixels in interest regions are mapped as point cloud according to their 338 

positions and grayscale values. Using 3D object detection methods, we achieve bounding boxes 339 

which contain target pixels-feature points. After projecting these points to 2D images, they could 340 

composite the segmentation results. The effectiveness of the proposed image segmentation method 341 

is proven by several experiments in different image datasets and the comparison with other famous 342 

approaches and it indicates the proposed method could perform better in grayscale image 343 

segmentation tasks. In further research, we will concentrate on multi-oriented objects detection 344 

technologies for more fine segmentation results. 345 
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