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• LUNA16 [1]

• LIDC-IDRI 
dataset [2]

•Generate synthetic 
samples using 
masks

•Nodule detection 
and classification

•Accuracy, Precision, 
Recall, F1-Score; Avg. 
Precision/Recall, 
Wilxocon Rank-sum Test

• Spherical crop
•OTSU threshold
• Largest connected 
region

▪ LUNA16 is used to generate synthetic samples, while LIDC mainly serves for looking up additional information other than annotations.

▪ The spherical crop is based on the annotation from LUNA16, which includes the center location and diameter of each nodule.

▪ Nodule detection and classification tasks are based on the mmPreTrain framework, all configs are default from mmPreTrain setup.

Semantic Mask Generation

Relevant metrics on 4 experiments: I: Nodule detection task. II: Nodule localization task. A: Without synthetic 
images in train set. B: With SPADE images in train set. C: With diffusion images in train set. p-value is 

generated between A (control experiment) and other experiments (B or C). AP and AR are Average Precision 
and Recall, and the subscript denotes the IoU% used.

Downstream Models

LUNA16 and LIDC Dataset

Left: Example of lesions considered to satisfy the LIDC/IDRI definition of a)
nodule ≥ 3mm, b) nodule < 3mm, and c) non-nodule ≥ 3mm. Right: The 
categorization process of pulmonary nodules in LIDC/IDRI. Nodules larger then 3mm 
will then be further categorized into benign or malignant tumors.

Sample CT scans from LIDC-IDRI dataset containing pulmonary nodules
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Semantic Diffusion Model

Examples of quality and diversity of images generated by SDM over 4 different datasets. Left-top is the input 
mask, and the rest of the three images are examples of generation via SDM

The semantic diffusion model [3] processes input image and semantic masks separately, which leverages the 
input semantic masks well. It feeds noisy image to the encoder of the U-Net structure while the semantic 

layout to the decoder by multi-layer spatially-adaptive normalization operators.

(A) Example images generated by SDM and SPADE. L-to-R: CT image, CT mask, SDM image, SPADE image. 
Top: Nodule slice. Bottom: Nodule-free slice. (B) Localization downstream task. Top: SDM, Bottom: SPADE. 
Left: Correctly identified nodules, Right: False Negative/Positive detections. Green box is ground truth and 

red box is prediction.

(a) Architecture of conditional denoising network. The d
enoising network takes the noisy image as input and 
estimates the involved noise under the guidance of the 
semanticlabel map. (b) The detailed structure of semant
ic diffusion encoder and decoder resblock. (c) The 
sampling procedure with classifier-free guidance.

The diffusion process of SDM with 
semantic information used in leveraging 

the diffusion process

Task Architecture Training Config

Nodule 
Detection

SE-ResNet [4]:
seresnet101_8xb32_in1
k

50 epochs with 128 iterations 
per epoch, learning rate set to 
0.1 and uses staircase decay, 
batch size sets to 8

Nodule 
Localizatio
n

Faster R-CNN [5]:
faster_rcnn_x101_32x4
d_fpn_1x_coco

12 epochs with 510 iterations 
per epoch, learning rate is set 
to 0.1 and linear decay at rate 
of 0.1, batch size is set to 2

For all experiments, the CT window is set between [-1000,400], and operations are 
performed in 2D. Slices are considered only if they contain lung structure, as nodules do not 
exist outside these regions. To create nodule masks, the nodules are first cropped 
spherically based on the centroid and diameter information from the provided annotations. A 
manual OTSU threshold is then applied to each cropped region-of-interest to get the final 
masks. The intensities of the cropped pixels are clustered using the K-Means algorithm with 
two centers, and the threshold is selected as the average of these centers. Additionally, a 
‘body mask’ is also generated, which comprises the entire patient’s body. Each slice is 
intensity thresholded at 127, followed by a morphological hole fill process. The largest 
connected region is then selected. The final mask is then composed of the structures in this 
order: background, left lung, right lung, trachea, body mask, and nodule if one is present.

In the CT segmentation mask: black - background, orange - 
left lung, green – right lung, cyan - trachea, blue - body mask.
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