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Motivation
● Quantitative PET imaging is important for cancer diagnosis 

and treatment evaluation.
● PET quantification generally requires segmentation of 

cancerous lesions.
● Accurate delineation of target regions is a difficult problem 

due to the low spatial resolution and low 
signal-to-background ratio (SBR) in PET images.

● The purpose of this work: a fully automatic and reproducible 
method for lesion delineation, which does not require 
user-initialization or parameter-tweaking, to segment novel 
PET images.

● Normal activities (e.g brain, heart, and kidneys) present 
obstacle to an automatic method.  

Future work
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Figure 4: Example of class probabilities.  

Figure 5: In (c) that our method captures a valid lesion missed by the 
user. In (d),segmentation leakage into the inferior part of the brain. 

● We train a machine learning system on  anatomically and 
physiologically meaningful imaging cues, to distinguish 
normal organ activity from tumorous lesion activity. 

● We designed specific features:
❖ Radiotracer Uptake (5 features): The activity value of 

each voxel along with max, min, mean and standard 
deviation of SUV.

❖ Spatially-Normalized Anatomical Position (1 
feature): Each image is then spatially normalized along 
the axial direction.

❖ PET Image Texture (8 features): Four standard 3-D 
Haar-like features (edge, line, rectangle, and 
center-surround) and texture statistics for each 
transverse plane (Figuer 2).

❖ Radiotracer Activity Homogeneity (2 features):
We used two homogeneity features at two scales, using  
two window sizes.

Results

● Extending to other radiotracers of interest in oncology.
● Extending to incorporate anatomical information from CT, 

when available.

Table 1: Segmentation results. 

● Evaluated on the H&N cancer collection provided by The 
Cancer Imaging Archive (TCIA).

● For training, ten images from the QIN H&N challenge 
were used, in which all lesions and lymph nodes with high 
activity were shown by experts. 

● Training seed voxels were collected from the lesions, 
background, and regions of normal activity, for a total of 
1108 seeds. 

● The hyper-parameters were learned from training images 
and fixed across all test images.

● Fifteen new images with one or two lesions in each image 
from the same collection were selected for testing.

Conclusion
● We present the first work that relying solely on PET, fully 

automates the segmentation of lesions. 
● Our method is able to isolate abnormal lesion activity from 

the background and from other tissue regions of normal 
radiotracer uptake.

● Our approach outperforms a recently published 
state-of-the-art method for this application and differed in 
average Dice similarity coefficient DSC by just 4% compared 
with an expert user.

● A random forest classifier is used to predict the label 
probability on a voxel-by-voxel basis (Figure 4). 

● The parameters of the classifier were trained using 
leave-one-image-out cross-validation on the training set. 

● We used a fast C implementation, with parallel 
processing distributed on 4 CPU cores (1 slice / core). 

Figure 2: Four standard 3-D Haar-like features: Edge, line, 
rectangle, and center-surround from left to right.

Figure 1: Intravenous injection of radiotracers and subsequent 
image formation process.

The inferred lesion likelihoods are used to guide a convex 
segmentation model, guaranteeing reproducible results.

Figure 3: A random forest classifier with three decision trees 
that is trained to predict three classes.

Pobj  is the probability of a lesion and Pbg = 1 − Pobj


