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Abstract

Tumor volume and metabolic activity are two robust imaging biomarkers for predicting early

therapy response in F-fluorodeoxyglucose (FDG) positron emission tomography (PET), which is

a modality to image the distribution of radiotracers and thereby observe functional processes in

the body. To date, estimation of these two biomarkers requires a lesion segmentation step. While

the segmentation methods requiring extensive user interaction have obvious limitations in terms

of time and reproducibility, automatically estimating activity from segmentation, which involves

integrating intensity values over the volume is also suboptimal, since PET is an inherently noisy

modality. Although many semi-automatic segmentation based methods have been developed, in

this paper, we introduce a method which completely eliminates the segmentation step and directly

estimates the volume and activity of the lesions. We trained two parallel ensemble models using

locally extracted 3D patches from phantom images to estimate the activity and volume, which are

derivatives of other important quantification metrics such as standardized uptake value (SUV) and

total lesion glycolysis (TLG). For validation, we used 54 clinical images from the QIN Head &

Neck collection on The Cancer Imaging Archive, as well as a set of 55 PET scans of the Elliptical

Lung-Spine Body Phantom with different levels of noise, four different reconstruction methods, and

three different background activities, namely; air, water, and hot background. In the validation

on phantom images, we achieved relative absolute error (RAE) of 5.11%± 3.5% and 5.7%± 5.25%

for volume and activity estimation, respectively, which represents improvements of over 20% and
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6% respectively, compared with the best competing methods. From the validation performed using

clinical images, we found that the proposed method is capable of obtaining almost the same level of

agreement with a group of trained experts, as a single trained expert is, indicating that the method

has the potential to be a useful tool in clinical practice.

Keywords: Positron emission tomography, segmentation, segmentation-free, direct estimation,

tumor volume quantification, tumor activity quantification, total lesion glucose, ensemble learning.

1. Introduction

Positron Emission Tomography (PET) is a medical imaging modality used to image the distri-

bution of radiotracers and thereby observe functional processes in the body. Quantitative analysis

of radiotracer uptake in tumor tissue in PET images is a crucial step towards precise diagnosis

and treatment response assessment [1]. A critical challenge in quantitative imaging is the ability5

to reproducibly estimate key metrics such as tumor volume, standardized uptake value (SUV) and

total lesion glycolysis (TLG). The aim of this paper is to propose and evaluate a novel machine

learning-based method for direct estimation of these metrics, without the requirement for segmen-

tation. We focus on 18F-FDG, which is by far the most dominant radiotracer used in oncological

PET imaging studies.10

Currently, the maximum intensity (SUVmax) in a user defined volume of interest is the most

widely used metric to assess tumor metabolism [2]. Different popular approaches use manual ”ex-

pert” segmentation or a fixed threshold value to obtain the average radiotracer uptake in a region

around the maximal pixel . However, all these approaches have limitations. The accuracy of uptake

quantitation will depend on the signal to background ratio, size of the object, resolution of the scan-15

ning equipment, the reconstruction algorithm and its sensitivity to noise. Depending on the chosen

thresholding values, it also has a tendency to overestimate/underestimate lesion boundaries [3].

These limitations, in addition to the relatively poor image resolution in PET (as compared to CT

and MRI), mean that manual segmentation is a difficult task characterized by low reproducibility

due to high inter- and intra-observer variability [3]. Achieving reproducibility in quantitative mea-20

surement requires a consistent assessment methodology [2], as well as the use of more advanced

image interpretation methods. Currently, the vast majority of literature proposing advanced image

analysis tools for PET quantification is centered on the challenge of lesion volume estimation. So-

phisticated approaches for this task have been recently proposed based on belief function theory [4],
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Bayesian-based classification [5] and possibility theory [6]. Graph-theoretic methods based on the25

random walker algorithm as well as the maximum-flow method have also been recently reported [7–

9]. While tumor volume determination is an important step in PET quantification, it is insufficient

in terms of gaining an overall picture of treatment response. Achieving the latter requires the com-

putation of tumor metabolic activity and specifically, the computation of metrics based on SUV

and TLG [2]. This is because, due to variable metabolism of the tumour tissue and also the partial30

volume effect (PVE) observed in PET images, simple segmentation methods based on a physical

tumour volume (which would be visible in CT or MRI) typically create inaccurate estimate of the

metabolic tumor volume/activity estimations. In order to achieve more accurate results, additional

processing of the data should be performed. User-input is generally required for this, which opens

up the possibility for error, causing accuracy and reproducibility to suffer. To perform activity35

quantification, George et al. [10] proposed a fuzzy Gaussian mixture model to classify (segment)

the voxels into two classes of tumor and background and directly estimated total lesion activity

from the resulting classification. The method showed poor performance on non-spherical lesions. In

a later paper [11], a multiclass extension of this work was proposed, which introduced a fuzzy model

with a stochastic expectation maximization algorithm. In this work, however; activity estimation of40

lesions is still initialized by clustering-based segmentation which is a time consuming step. Also, the

methods are dependent on how many hard classes are defined. Although the authors have tried to

compensate for the partial volume effect (PVE) of large lesions (e.g., 27.67 mL), their method might

fail for tiny lesions that are highly affected by PVE. Moreover, there are other sources of variability

which have not been investigated in their studies, e.g., variability due to different reconstruction45

methods, scanning durations, and different levels of background activity.

Table 1 lists several of the most recent methods proposed for PET and PET-CT analysis ac-

cording to the quantification goal, methodology, and data used. As can be observed from the table,

most quantification methods are focused uniquely on tumor segmentation. In addition, many meth-

ods require the selection of multiple parameters which reduce reproducibility. Other things to note50

in the table include the generally limited range of acquisition and image reconstruction conditions

under which most methods were tested; in addition to the proposed work, only three other methods

were tested with data acquired over multiple scan duration, while only one other method was tested

with data reconstructed using different algorithms. Also, in clinical FDG PET images, there may

be several volumes/organs containing high activity in addition to the analyzed lesions, for example,55
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the brain, kidneys, heart - all metabolize large amounts of radiotracer, we refer to these uptakes as

”normal”. We note from the table, however; that when images are created using phantoms, back-

ground activity is frequently constant, only 4 studies modeled additional sources of normal activity.

The reader is also referred to [3] for a recent survey of PET quantification methods. Based on

our literature review, our hypothesis is that the development of a method capable of joint volume60

and activity estimation, without depending on preceding segmentation and requiring minimal yet

intuitive user interaction, could significantly simplify the interpretation of PET images obtained in

a clinical environment.

In this paper, we propose a machine learning based method to achieve this objective. To the

best of our knowledge, this is the first attempt to directly (i.e. without even a rough delineation)65

estimate volume and activity within a specified PET region of interest (ROI). Our method auto-

matically obtains estimates of activity and volume metrics (which can then be used to derive other

measures, e.g., SUVmean and TLG) given a center point and ROI, without the requirement for

tumor segmentation, PVE correction, or the selection of image specific parameters. In addition,

our proposed method is robust to noise (which comes from different sources e.g., scanning duration)70

and choice of reconstruction algorithm and its parameters. In this way, our method allows for faster

processing, more efficient workflow and provides a tool for capturing key measurements in a way

that is robust and reproducible. It is possible to have an irregular shape patch which closely encloses

a lesion or roughly delineates it (this can be considered as a coarse segmentation), but this requires

more interaction from a user or a robust automatic segmentation method. However, our goal is75

to reduce the user interaction substantially without requiring any segmentation. In particular, our

method requires the user to only provide a patch (e.g. a box) surrounding a lesion, which can be

completed much quicker than a segmentation, even a coarse segmentation.
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Table 1: Related works. V, A, P, Ph, S, and N/A stand for volume, activity, patient, phantom, simulated, and not available/applicable, respectively.

Method Year Quantification Segmentation-free Technique
Image Data

Type No. Scans (scan duration) Reconstruction

Song [8] (2013) V No Graph based P 25 (NA) NA

Ju [9] (2015) V No Graph based P 18 (NA) NA

Foster [12] (2014) V No
Affinity propagation

clustering
Animal 70 (NA) NA

Lelandais [4] (2012) V No Belief-theory with FCM P & ph P:5, Ph:NA (NA) OSEM

Hatt [5] (2010) V No Bayesian model S & P S:30, P:18 (1,2, and 5m)
RAMLA, OSEM,

TF MLEM

Dewalle-V [6] (2011) V No Possibility theory S & Ph NA (1,2, and 5m) OSEM

Abdoli [13] (2013) V No Active countours P & Ph P:13, Ph:NA (NA) NA

Layer [14] (2015) V No EM-based GMM P & Ph NA (10m) OSEM 2D

Bagci [15] (2013) V No Graph based P & Ph P:77, Ph:20 (NA) NA

Bi [16] (2014) V No SVM class P P:33 (NA) NA

Cui [7] (2015) V No Graph based P & Ph P:40, Ph: 20 (NA) NA

Lapuyade [17] (2015) V No
Fuzzy c-means

clustering
P & Ph & S P:NA, Ph:34, S:NA (2m)

TOF, OSEM,OPL-EM,

and 3D RAMLA

Zeng [18] (2013) V No
Active surface

modeling
P & Ph P:2, Ph:2 (NA) NA

Yu [19] (2009) V No KNN based model P 10 (NA) NA

George [10] (2011) A No
Fuzzy 2 class model

with SEM
S 60 (1 and 3m) MLEM

George [11] (2012) A No Fuzzy multi-class SEM S 30 (3m) MLEM

Proposed (2017) V & A Yes Random Forests P & Ph
P:54, Ph:55

(1,2,3, and 5m)

OSEM, TOFOSEM,

BSREM and TOFBSREM
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2. Methods

Our proposed method for segmentation-free, machine learning-based direct estimation of volume80

and activity consists of several steps. As shown in Figure 1, we have two main phases; training and

testing, which are described in the following sections.

Figure 1: Flowchart of the proposed method for activity and volume estimation. Trn and Tst refer to training and

testing steps, e.g., Trn1 means the first step of training.

2.1. Training Stage

The training stage consists of extracting a random set of 3D patches (a cube which may contain

entire or part of a lesion: Figure 2) from a selection of phantom-based training images. Ground85

truth activity values and volumes are then computed from these patches to form our training data

set which is subsequently used to train a Random Forests regressor. To train the proposed model

using phantom images and test on both phantom and patient images, the training was done using

images from the Elliptical Lung-Spine Body Phantom which is illustrated in Figure 2(a), as well

as images from The National Electrical Manufacturers Association (NEMA) phantom described in90

section 3.

2.1.1. Patch Extraction

In the patch extraction stage, random 3D patches of varying sizes are collected from each image.

Examples of these patches are illustrated in Figure 2(b) and (c). Since the proportion of volume

due lesions (or spheres in the case of the phantom) is significantly less than that due to background95
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(i.e., class-imbalance), patches which do not contain a lesion or any portion of a lesion are discarded

to avoid possible class-imbalance due to the random nature of patch selection process.

2.1.2. Ground Truth Calculation

To compute the volume and activity ground truth value of the lesion portion of each patch, each

image was manually segmented into its components: 6 spheres (for the remainder of the paper,100

we will mostly refer to these as lesions), 2 bottles, and background. We note that this is the only

segmentation step in our method and it is required only for training and not testing. Once the

patches are collected, the ground truth (GT) activity and volume of patch j are calculated by

ActivityGTj =

N∑
i=1

Fij ∗Activityi (1)

V olumeGTj =

N∑
i=1

Fij ∗ V olumei (2)

where N is the number of the lesion-representing spheres in the phantom. Activityi and V olumei

are the total activity and volume respectively of lesion i. Fij is the volumetric fraction of lesion i105

that intersects with patch j. For example, if lesion i is of size 10 mm3, and 2.5 mm3 of lesion i falls

within patch j, then Fij = 2.5/10 = 0.25. For a detailed view, three sample patches containing

whole/part of lesion and background activity are shown in Figure 3.

Our training data is therefore a set of vectors [xij , yij ]; i = 1 : N, j = 1 : M , where N is the

number of training images, and M is the number of boxes per image and x and y are the features110

and corresponding ground truth label, respectively.

2.1.3. Patch Feature Extraction

Three groups of 3D textural and histogram-based features are computed from each patch. These

are described in Table 2. The first group consists of histogram based features which correspond

to 1st order features (Table 2). The second group consists of first and second order local textural115

features, which have been shown to be useful descriptors for spatial distribution of voxel intensities

in PET [20]. This group includes features derived from neighbourhood gray-tone difference matrices

(NGTDM) [21] as well as features which are extracted from gray-level dependence/co-occurrence

matrices (GLCM) [22]. The last group consists of higher order regional features, which include those

derived from gray-level size zone matrix (GLZSM) [22]. These features reflect regional intensity120
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(a) Components of the Elliptical Lung-Spine Body

physical phantom

(b) Samples of extracted 3D patches (coloured in

blue), 3D view

(c) Samples of extracted 3D patches (coloured in

blue), 2D view
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Lesion % = 34.38
TA  (kBq) = 973.6        TV  (mL) = 16.08891
GTA (kBq) = 334.72     GTV (mL) = 5.53

(d) Volume and activity ground truth computation

for a sample patch

Figure 2: Training patches

variations that can help to extract useful information from intensity island-like areas in each patch.

In total, 514 empirically-chosen features were extracted per patch. These consisted of a) first order

features: 10 histogram-based features b) second order features: we compute the GTDSM features in

two different ways: 1) for each 3D patch, we extract 20 features in 13 directions and for each feature,

use the mean of all directions; 2) we compute 12 features in 13 directions and 3 voxel distances (1,125

2, and 4) and use all 468 features. c) higher order features: 5 NTGDM and 11 GLZSM features.

The specific features for this group are described and listed in Table 2.
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Figure 3: Sample extracted local 3D patches; yellow: background activity, orange: bottle (normal) activity, and red:

sphere (lesion) activity.

Table 2: Applied textural features

Texture feature type Description Extracted features

1st order Histogram based Min, max, sum, mean, variance, standard deviation, skewness, kurtosis, energy, and entropy.

2nd order GLCM

Mean of 13 directions and one distance of the following features:

Haralick: Angular second moment (called ”energy” in Soh 1999), contrast, correlation, sum

of squares variance, inverse difference moment (called ”homogeneity”

in Soh 1999), sum average, sum variance, sum entropy, entropy, difference variance,

difference entropy, information correlation 1, and information correlation 2

Soh: Autocorrelation, dissimilarity, cluster shade, cluster prominence, and maximum probability,

Clausi: Inverse difference (Not to be confused with inverse difference moment)

13 directions and 3 distance [1 2 4] Haralick:

Energy, entropy, correlation, contrast, variance, sum average, inertia, cluster shade,

cluster tendency, homogeneity, maximum probability, and inverse variance.

Higher order
NGTDM Coarseness, contrast, busyness, complexity, and texture strength

GLZSM

Small zone size emphasis, large zone size emphasis, low gray-level zone emphasis,

high gray-level zone Emphasis,small zone / low gray emphasis, small zone /

high gray emphasis, large zone / low gray emphasis, large zone / High gray emphasis,

gray-level non-uniformity, zone size non-uniformity, and zone size percentage

2.1.4. Machine Learning

To model the relationship between the features of the randomly selected patches in the PET

images and the ground truth volume and activity values (Activityi and V olumei in equations 1130

and 2), we train two ensemble learning based models (Random Forests (RF) regressors [23]), one

for volume and another for activity prediction. The features of the 3D patches form the input (Xi)

to the learner while the ground truth label (Yi) corresponds to ground truth volume and activity

values.
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2.2. Lesion Volume and Activity Estimation from Unseen Phantom Images135

In the testing stage for our phantom experiments (shown by a red dashed rectangle in Figure 1),

the trained models are applied directly, without segmentation/delineation, to estimate the lesion

volume and activity levels in a new unseen (not included in training set) phantom image. In the

first step, 3D patches of varying sizes are collected from the new image. Next, the features described

in section 2.1.3, are extracted from the patches. Finally, the extracted features are supplied to the140

trained RF in order to estimate the values of the volume and metabolic activity of each randomly

chosen 3D patch.

2.3. Generalizing the Method: Lesion Volume and Activity Estimation from Unseen Clinical Images

To evaluate using patient images, a larger set of phantom images was included in the training set,

specifically, the same 55 images from the Elliptical Lung-Spine Body were used plus an additional145

85 images from The National Electrical Manufacturers Association (NEMA) phantoms detailed in

section 3, bringing the total number of training images up to 140. The additional phantom images

had a lower signal-to-background ratio.

Also, to handle differences in intensity distributions between the training (140 phantom images)

and test images (54 patient images), for the tests on patient images, the training set was normalized150

using min-max normalization (with min corresponding to the minimum intensity of all training

images, and likewise, max being the maximum intensity of all the images of training). After feature

extraction, described in section 2.1.3, the training features and labels were normalized in the same

way i.e., each feature vector (label) was normalized separately by the minimum and maximum value

of the vector (set of labels). The intensities of each test image were normalized using the same min-155

max normalization procedure, where once again the min/max parameters come from the intensity

range of the training set. The extracted features from the test images were likewise normalized by

the minimum and maximum of each corresponding training feature vector, respectively. To recover

the actual estimates of volume and activity, the inverse of this min-max transform is used. Also,

interpolation was carried out on each test image to match the voxel sizes of the training images.160

Also, to generalize the method to handle lesions larger than those used in the training set a

bounding box was extracted for each lesion in the test set using expert segmentations, the dimensions

of which were then randomly increased to obtain an arbitrary shaped 3D ROI. This was then zero-

padded to create an axis-aligned cuboid with sides divisible by the patch sizes used in training,
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which we denote LA and LV respectively, where LA is the side length of the patch used for training165

the activity estimation model and likewise, LV is the side length of the patch used for the volume

estimator. The resulting cuboid was then tiled with patches of size LA/V , that are used as input

to the activity and volume prediction models.

The above process mirrors the way that the method would be used in a clinical workflow, where

given a PET image, an experts draws an ROI around a lesion which the method uses to estimate170

the values of lesion volume and activity, respectively.

Figure 4 shows two sample lesions. Note how the lesion shapes vary. In our method, the user

has the option of providing a loose, box-shaped patch around the lesion (left) or may opt to provide

a tighter yet more complex patch. The former is recommended in general as it requires less and

quicker user interaction. The latter, which can be considered a coarse segmentation, is desirable in175

some cases where lesions are highly curved and are in close proximity to other active voxels that

irrelevant to the task at hand. An example of the zero padding is shown in the right panel of

Figure 4, in which an arbitrary sized 3D patch (blue) has been padded using zero voxels (gray) to

a cube of size 123 that can then be split into eight 63 patches.

Figure 4: Left: Two samples lesions (red), in the neck region, enclosed in box-shaped patches (blue boxes) extracted

from PET images (sample sagittal slices shown in the top row). The user creates these box-shaped patches quickly

with a single mouse click. Right: A schematic diagram showing how our method uses zero padding to support, when

necessary, non-box (irregular) patches that surround lesions more rightly. A lesion is shown in magenta; the non-box

is shown in blue; and the zero padded region is shown in gray. After zero padding, the resulting 12x12x12 patch is

split into eight 6x6x6 sub-patches.

As shown in Figure 5, given a PET scan, first a user chooses a point somewhere in the lesion180
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Figure 5: The inference workflow of the proposed method

and a patch size. Next, the chosen patch P is partitioned into smaller patches pi with the same size

as the training patches. Finally, the total predicted value Tp of patch P is the sum of estimated

values tpi for all the sub-patches.

2.4. Implementation Details

As described in section 2.1.2, a large number of varying sized patches were extracted for each185

image (upper bound 200,000). A subset of these patches were selected which contained a lesion

or a part of a lesion. For the tests on phantom images, the average number used training patches

per image varied around 2000. To test on patient images, the number of training patches was

approximately 10,000 patches (owing to the larger number of training images). For training and

testing on phantom images we used 1 RF model with patch size 83 (LA = LV = 8) for activity and190

a similar model for volume estimation. However, for tests on patient images, two RF models were

trained, one with patch size of 63 voxels (LA = 6) for activity estimation and one with patch size

of 83 (LA = 8) for volume estimation. These patch sizes were chosen empirically. The RF model

was created using MATLAB version 2016b, with the ”fitensemble” function from the Statistics and

Machine Learning Toolbox. The parameters of the function were set to their default values except195

for the number of regression trees which was set to 100. This parameter was chosen empirically

to reduce memory and computational cost without sacrificing the accuracy. We found that adding

more trees or using deeper trees did not improve the results but rather caused over-fitting and

increased computational cost.
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3. Data200

As described in section 2.1, our proposed machine learning method was trained once for phantom

experiments, using 3D random patches extracted from 55 different PET images scanned from the

Elliptical Lung-Spine Body Phantom (ELSB) and once for the clinical tests, with an additional 85

phantom images from The National Electrical Manufacturers Association (NEMA) International

Electrotechnical Commission (IEC) PET Body Phantom. It was then tested on both unseen (i.e.,205

not included in training set) phantom data and 54 patient images from the QIN Head & Neck

collection from The Cancer Imaging Archive (TCIA) [24, 25].

The inserts in the phantoms were filled with a solution of 18F FDG. Experiments were con-

ducted using 3 types of background: air, water and hot background. For the experiments with hot

background, the sphere-to-background ratio (SBR) of the activity was approximately 4:1 and 8:1,210

(following the NEMA recommendations for calibration standards). In the ELSB phantom, a set of

spheres (Sp1-Sp6) and additional two bottles (B1 and B2) were used, the latter to model normal

activity due to the kidneys, while in the NEMA IEC Phantom 6 different spheres were inserted.

The sizes of these components and the activity of each component are listed in Tables 3 and

4, respectively. In the ELSB phantom, the second smallest sphere (Sp2) was placed inside B1 to215

simulate a more complex environment. Following the Poisson nature of photon emissions, scans

with shorter duration have increased noise due to fewer detected events.

The data were acquired in list mode. In order to simulate scans with different noise levels, these

raw data were re-sorted into new data sets corresponding to scan durations of 30 seconds, 1 minute,

2 minutes, 3 minutes and 5 minutes. The data from all these experiments were reconstructed using220

two different methods: a) the ordered subset expectation maximization (OSEM) [26] and b) the

penalized likelihood reconstruction using relative difference penalty (RPD) and block sequential

regularized expectation maximization (BSREM) [27]. Reconstructions were performed using both

algorithms with and without time-of-flight (TOF) information. The data is summarized in Tables 5

and 6.225

3.1. Evaluation Approach using Phantom Images

3.1.1. Leave-One-Image-Out Cross-Validation

Leave-one-image-out cross-validation was used to assess the performance of the estimation model

on unseen images and to evaluate the accuracy, reproducibility, and robustness of the method. In
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Table 3: Volume and activity levels for each region and various backgrounds for the ELSB phantom

Experiment SBR-A SBR-W SBR-8 Volume (mL)

Sp1(kBq) 36.8 29.5 22.5 0.5

Sp2(kBq) 70.2 46.2 42.9 1.0

Sp3(kBq) 143.8 115.2 87.8 2.0

Sp4(kBq) 289.2 231.7 176.7 4.0

Sp5(kBq) 597.1 478.3 364.8 8.3

Sp6(kBq) 1162.2 931.0 710 16

B1(kBq) 7403.9 5931.0 4523.2 196

B2(kBq) 7254.5 5811.3 4432.0 199

Background (kBq) N/A N/A 35121 N/A

Total Activity (kBq) 16987.6 13584 45480 N/A

[A]sphere(kBq/mL) 72.2 57.9 44.1 N/A

[A]background(kBq/mL) N/A N/A 5.34 N/A

[A]sphere

[A]background
N/A N/A 8.3 N/A

Table 4: Volume and activity levels in each region for the NEMA IEC phantom

Experiment SBR-A SBR-W SBR-8:1 SBR-4:1 SBR-8:1 Volume (mL)

Sp1(kBq) 19.2 22.9 14.4 17.3 14.2 0.5

Sp2(kBq) 42.3 50.4 31.6 38.1 31.2 1.1

Sp3(kBq) 100.0 119.0 74.8 90.2 73.9 2.6

Sp4(kBq) 223.0 265.5 166.8 201.1 164.8 5.8

Sp5(kBq) 441.6 525.9 330.3 398.3 326.7 11.5

Sp6(kBq) 999.7 1190.4 747.7 901.7 738.7 26

[A]sphere(kBq/mL) 38.5 45.8 3.42 8.6 5.3 N/A

[A]background(kBq/mL) N/A N/A 28.8 34.7 38.0 N/A

[A]sphere

[A]background
N/A N/A 8.4 4.1 7.2 N/A

each run, the model was trained using all the 3D patches (≈ 2000 patch per image, as described230

in section 2.4) from K − 1 images and was tested using Kth image, where K is the number of 3D

images (K = 55).
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Table 5: The ELSB phantom dataset

Background

activity

Reconstruction

method
Scanning times Number of Images

Air

BSREM 30s, 1m, 2m, 3m, 5m 5

OSEM 30s, 1m, 2m, 3m, 5m 5

TOFBSREM 30s, 1m, 2m, 3m, 5m 5

Hot BG

BSREM 30s, 1m, 2m, 3m, 5m 5

OSEM 30s, 1m, 2m, 3m, 5m 5

TOFBSREM 30s, 1m, 2m, 3m, 5m 5

TOFOSEM 30s, 1m, 2m, 3m, 5m 5

Water

BSREM 30s, 1m, 2m, 3m, 5m 5

OSEM 30s, 1m, 2m, 3m, 5m 5

TOFBSREM 30s, 1m, 2m, 3m, 5m 5

TOFOSEM 30s, 1m, 2m, 3m, 5m 5

3.1.2. Estimation Error Calculation

To compute the accuracy of the estimated values of activity and volume, the relative absolute

error (RAE) was computed as follows:235

RAE =

∑N
i=1 |ŷi − yi|∑N
i=1 |yi − yi|

(3)

where yi is the true value of the lesion activity in the cube, ŷi is the corresponding estimated value,

and yi = 1
N

∑N
i=1 ŷi.

3.2. Evaluation Approach using Clinical PET Images

We also tested the activity and volume estimation method on clinical PET images obtained

from the QIN Head & Neck collection on TCIA [24, 25] using two models trained on phantom240

images. Each of the two models was trained using a different patch size i.e., 63 voxels = (21.8748×

21.8748×19.62)∗1000 mm3, 83 voxels = (29.1664×29.1664×26.16)∗1000 mm3. The lesion size in

the trained models ranged from ≈ 0.5 mL to ≈ 16 mL, so we used different patch sizes to capture

sufficient texture information of the lesions inside the patches. The ROI-tiling method (Section 2.3)

was applied for testing patient PET images since the volume of the lesions in this set ranged from245

≈ 0.5 mL to ≈ 98.4 mL (computed from the 6 expert segmentations).
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Table 6: The NEMA IEC phantom dataset

Background

activity

Reconstruction

method
Scanning times Number of images

SBR-4T

BSREM 30s, 2m, 3m, 5m, 8m 5

OSEM 30s, 2m, 3m, 5m, 8m 5

TOFBSREM 30s, 2m, 3m, 5m, 8m 5

TOFOSEM 30s, 2m, 3m, 5m, 8m 5

SBR-8T

BSREM 30s, 1m, 2m, 3m, 5m, 8m 6

OSEM 30s, 1m, 3m, 5m, 8m 5

TOFBSREM 30s, 1m, 2m, 3m, 5m, 8m 6

TOFOSEM 30s, 1m, 2m, 3m, 5m, 8m 6

SBR-A

BSREM 30s, 1m, 2m, 3m, 5m, 8m 6

OSEM 30s, 1m, 2m, 3m, 5m, 8m 6

TOFOSEM 30s, 1m, 2m, 3m, 5m, 8m 6

SBR-W

BSREM 30s, 1m, 2m, 3m, 5m, 8m 6

OSEM 30s, 1m, 2m, 3m, 5m, 8m 6

TOFBSREM 30s, 1m, 2m, 3m, 5m, 8m 6

TOFOSEM 30s, 1m, 2m, 3m, 5m, 8m 6

We compared the results of our method to 6 segmentation-based results completed by 3 experts

(2 trials per expert). For the expert-based segmentations, the volumes and activities of the lesions

were computed as,

V olume (mL) = N ∗ V s (mm3) ∗ 10−3 (4)

Activity (kBq) =

N∑
i=1

(In (Bq/mL) ∗ V s (mm3 ∗ 10−6) (5)

The proposed method was tested using 54 patient images (195 lesions) from TCIA head and250

neck collection [24, 25]. The images contained between 1 and 12 lesions, with a mean of 3.71 lesions

per image and standard deviation of 2.41. The 2D and 3D view of sample lesions are depicted in

Figure 4.
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4. Experimental Results

In the following subsections, we report our experimental results. We start by describing the ro-255

bustness study and report these results in subsection 4.1. In subsection 4.2, we describe and present

the results of our validation experiments against both popular and recently proposed approaches

in the literature. In subsection 4.6, we present the results of the TLG estimation experiments. In

subsection 4.7, we describe our results on clinical images.

4.1. Volume and Activity Estimation Experiments on Phantom Images260

The accuracy of the method was tested with respect to various acquisition conditions to measure

robustness. Following the approach of Hatt et al. [28], we define robustness as the variability of the

estimated results when a method is applied to unpreprocessed (without e.g., contrast enhancement,

denoising) images obtained under varying acquisition conditions. In our experiments, acquisitions

differ according to: reconstruction algorithm, noise level and background environment. To assess265

robustness, random 3D patches were extracted from the 55 test images, as described in section 2.1.2,

and in each case, the accuracy of activity and volume estimation was measured. We also examine

the repeatability of our proposed model, where repeatability is defined as the variability in accuracy

obtained when the method is applied multiple times on a single image. To measure repeatability,

we evaluated our model using different patch sizes and patch centers.270

4.1.1. Robustness with Respect to Noise and Reconstruction Method

Firstly, the correlation between true and estimated volume and activity values obtained for

each type of reconstruction method was investigated. These results are presented in Figure 8, note

that each point in the plot represents an estimated output vs. actual value for each 3D patch.

The number of samples in each plot, shown by #S in each figure, corresponds to the number 3D275

patches used. As can be observed in this figure, for both volume and activity prediction (top and

bottom rows, respectively) the estimated values are highly correlated with the actual values for all

the reconstruction methods, achieving correlation coefficients >0.98 and small p-values (p <0.001).

In Figure 7, we present the results of our robustness study with respect to background activity

characteristics. As can be observed, the proposed method performed with high accuracy both with280

and without background activity for both volume and activity estimations. Finally, we classified

the estimated volume values and activity levels into five groups according to the durations of the
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acquisitions: 30s, 1m, 2m, 3m, and 5m, respectively. Note that the shorter the acquisition time,

the fewer photons are detected, which results in noisier images. As can be observed in Figure 6, the

estimated results are highly correlated with the actual ground truth values for all the scanning times.285

While for scanning duration 30s (the noisiest the images) we obtained the correlation coefficient of

0.9886 which is the lowest among all duration-based results, however still represents an acceptable

result.

Figure 6: Correlation results of the proposed volume (1st row) and activity (2nd row) estimation according to scan

duration times; shortest scanning time (30s) produces more noise than longest scanning time (5m). The red line is

the least-squares line. The number of samples in each plot is shown by #S.

Figure 7: Correlation results of the proposed volume (1st row) and activity (2nd row) estimation method based on

presence of background activity. The red line is the least-squares line. The number of samples in each plot is shown

by #S.
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Figure 8: Correlation results of the proposed volume (1st row) and activity (2nd row) estimation method according

to the type of reconstruction used. The red line is the least-squares line. The number of samples in each plot is

shown by #S.

4.1.2. Robustness with Respect to Centroid Placement and Patch Size

In practice, users (clinicians) might choose different center locations for a lesion or they might290

decide on different 3D patch sizes to encapsulate a lesion for quantification. In order to evaluate the

robustness of our method to changes in the centers and sizes of the 3D patches containing lesion,

we performed three different experiments:

1. Effect of perturbing the patch center on accuracy of volume and activity estimation: We

randomly perturbed the center coordinates of the 3D patch by a value delta in [0, 2] voxels295

in each direction (which amounted to a shift of up to 86.93 mm), and examined the change

in accuracy. As reported in Table 7, the mean error values are restricted to <5%, which

shows that the proposed method is accurate, while the maximum standard deviation (<2%)

indicates that the proposed method is robust to changes in patch center.

2. Effect of perturbing the patch size on accuracy of volume and activity estimation: We repeated300

our performance evaluation over a set of three patch sizes: 36.458 × 36.458 × 32.7 (mm) (103

voxels), 40.1038 × 40.1038 × 35.97 (mm) (113 voxels) and 43.7496 × 43.7496 × 39.24 (mm)

(123 voxels). As reported in Table 7, with average error of <2%, for both volume and activity

estimations, the proposed method is robust to changes in center point and size of the 3D

patches.305
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Table 7: Average results (average percentage RAE ± standard deviation) of both patch center

and size change for two different size lesions

Activity Volume

Lesion 1 Lesion 2 Lesion 1 Lesion 2

Centre change 3.09± 1.62 1.98± 1.45 0.77± 0.50 0.49± 0.43

Size change 1.83± 0.61 1.59± 0.84 1.23± 0.22 0.99± 0.72

3. Effect of perturbing both size and center together: For each 3D patch size in 83, 103, 123

voxels, we changed the center 50 times (a shift of up to 7 voxels in x, y, and z direction). As

our data was not normally distributed, we applied Kruskal-Wallis test [29] to check the null

hypothesis that the data in each group (for each size there is 50 center location change; so

there are three groups of 1× 50) comes from the same distribution. We obtained p-values of310

0.2903 and 0.2598 for volume and activity, respectively. As can be seen in Figure 9 and the

returned values of p indicate, the Kruskal-Wallis test does not reject the null hypothesis that

all three data samples come from the same distribution at a 5% significance level.

Group 1 Group 2 Group 3
0

2

4

R
AE

 (%
)

Volume
p = 0.2903

(a) Volume

Group 1 Group 2 Group 3
0

2

4

6

R
AE

 (%
)

Activity
p = 0.2598

(b) Activity

Figure 9: Group similarity and p-values obtained by Kruskal-Wallis test

In order to ensure that the high agreement we obtained (between our estimated values and the

ground truth) was not due to the choice of the patch, such as the patch being tightly surrounding315

the lesion, (i) we only used box-shaped patches that only loosely enclose lesions; (ii) we tested the

variability of the results to changes in the size of the box and to the location of the box centre.

Note that on average 70.2%± 11.1%, 77.6%± 8.3%, 82.7%± 6.4% of the voxels in patches of size

103, 113, and 123, respectively, were not lesion voxels. Over all patches, the smallest percentage of

non-lesion voxels to patch-voxels was 62.3%, and the largest was 87.3%. This is clearly indicating320
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that the machine learning approach is learning to ignore the (up to 87.3%) non-lesion voxels even if

they are enclosed in the patch. Table 8 reports the corresponding volume and activity estimations

for the samples visualized in Figure 4. As reported in the table, even if a user draws a loose patch

around a lesion, our method is robust to the values in redundant background voxels (activities)

included in the patch.325

Table 8: Volume and Activity estimation of the lesions shown in

Figure 4

Image U1T1 U1T2 U2T1 U2T2 U3T1 U3T2 Proposed

Activity

(kBq)

TCIA 199 374 352.7 259.1 283.9 442 471 456

TCIA 214 748 785.7 646.6 662.6 827 826 874

Volume

(mL)

TCIA 199 27.5 28.9 21.6 22.9 29.7 29 28.8

TCIA 214 37.7 41.3 29.5 30.6 45.4 45.2 24.2

4.2. Performance Comparison with Competing Methods

To the best of our knowledge, the proposed method is the first segmentation-free work on

PET activity and volume estimation,. Instead, we compared our method to two recently proposed

segmentation methods [30, 31], as well as a manual contouring approach. We also compared the ac-

tivities and volumes estimated by our method with those obtained by a thresholding-based method,330

since the latter is widely used in clinical practice. As is often necessary in practice [30], the threshold

levels were adjusted image-by-image to achieve best results. These methods have been described in

Table 9.

Table 9: Acronyms and description of the proposed and competing methods

Methods Description

TRSH Thresholding-based segmentation of foreground from background

AP (2014) [30]
Segmentation based on selecting optimal thresholding levels

by utilizing affinity propagation clustering framework

GRPH (2016) [31] A graph based segmentation

MNL Manual Segmentation

SF-A Proposed segmentation-free patch-based activity estimation

SF-V Proposed segmentation-free patch-based volume estimation
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4.3. Performance Comparison with Respect to Noise Level

To measure the performance of the proposed and other segmentation-based methods against335

noise, we computed the noise levels for each of the 55 phantom scans by applying the method

proposed by J. Immerkaer [32]. In Figure 10, we present the images sorted in order of increasing

noise levels. The level of noise in each image is computed as,

σn =

√
π

6
√

2(n− 2)(m− 2)

∑
image I

|I(x, y) ∗K| (6)

where m and n are rows and columns of the image I, respectively and K is a 3×3 Laplacian kernel

([1 -2 1; -2 4 -2; 1 -2 1]). The constants in equation (6) have been proposed by the authors [32].340

The method applied on ROIs size 36.458 mm × 145.832 mm × 271.41 mm (10×40×83 voxels).

Figure 10: Noise levels of the 55 PET images used in the experiment

In Figure 11, we present the results obtained from measuring the accuracy of the proposed

method, denoted respectively, SF-V and SF-A, as described in Table 9, ordered according to in-

creasing levels of noise. As can be seen from this figure, the proposed method showed almost uniform

performance against the increase in noise, while the performances of the competing methods were345

sensitive to noise. We achieved a relative absolute error (RAE) of 5.11%± 3.5% and 5.7%± 5.25%

for volume and activity estimation, respectively. The best competing method (TRSH) for volume

estimation obtained 26.95% ± 7.84% RAE while the best competing method (MNL) for activity

estimation obtained RAE of 12.20% ± 4.87%. Note that in both graphs of Figure 11, images are
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sorted such that image 1 has the lowest and image 55 highest level of noise. There are two little350

spikes (for images 13 and 48 and a few small fluctuations e.g., for images 29 and 52) in the error

plots of the proposed method (in red color), which all are scans of 30s duration (noisiest images

in our dataset). However, the spikes are still smaller than the best competing method in volume

estimation and comparable to the best competing methods of activity estimation.

Figure 11: Relative Absolute Error for volume (top figure) and activity (bottom figure) estimation, measured with

respect to noise for proposed methods (SF-A and SF-V) vs. the best competing methods (TRSH and MNL).

4.4. Performance Comparison using Denoised Images355

To compare the proposed activity and volume estimation method to the segmentation-based

methods which apply a denoising preprocessing step, we denoised the images via the recently

introduced synthetic curvelets and wavelets-based denoising method [33] for PET images. As shown

in Figure 12, the denoising results appear successful on larger lesions while the effect of denoising

on smaller lesions is blurring and reduced contrast with the background region.360

After denoising, we applied the same segmentation-based methods as described in Table 9

for both volume and activity estimation. As shown in Figure 13, the proposed method which

was applied to the original data, outperformed the competing methods which were tested on the

denoised images. As can be seen in the two bottom plots of Figure 13, the denoising step improves

the volume estimation results of the competing methods, however; as it manipulates the intensity365

values, it results in over/under estimation of activity levels. For activity measurement, the second
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Figure 12: Slice samples before/after denoising

best performing method is manual segmentation; while for volume estimation, the second best

performing method is thresholding-based for both noisy and denoised version of images. While the

AP and GRPH methods performed acceptably for lesions larger than 0.9713 mL, in some cases,

given an ROI containing a lesion, they were unable to detect lesions <0.9713 mL. Moreover, the370

AP method will potentially classify a lesion area into sub-clusters (i.e., the most/less active parts),

leaving to the user the decision what combination of clusters represents a lesion.

4.5. Activity and Volume Estimation Results with Respect to the Size of the Lesions

We also evaluated the robustness of the proposed method with respect to the volume of the

lesion. The volume of lesions in our experiments ranged from 0.5 mL to 16 mL, as described in375

Table 3. As shown in Figure 14, the proposed method (shown in red) outperformed all other methods

(applied to both raw and denoised images) for both volume and activity estimation. The contrast

in performance is especially strong for lesions smaller 2 mL, in particular, the RAE of the proposed

method for volume and activity estimation of lesions smaller than 2 mL is 13.39% ± 24.47% and

13.83% ± 21.47%, respectively. The RAE of the best competing methods for volume (TRSHd) and380

activity (MNLn) estimation of lesions smaller than 2 mL is 37.31% ± 12.34% and 23.45% ± 16.20%

respectively.

4.6. Quantification Results

Another important goal of this work was to automatically estimate the SUV based metrics

e.g., SUVmean and TLG which are derived from activity and volume which are estimated above.385

We computed TLG using equation (3) for each 3D patch (represented in the equation as ROI).

As described in section 3, our data consists of patches which contains large number of samples
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Figure 13: Relative absolute errors for activity (two top plots) and volume (two lower plots) estimation before and

after denoising. The small d and n in the method acronyms indicate the type of data, either denoised or noisy, that

the method was applied to. The top and bottom of each ”box” are the 25th and 75th percentiles, respectively. The

red line in the middle of each box is the median. The whiskers represent the maximum and minimum values obtained

in each case, respectively. Outliers are displayed with + signs.

(55× ≈ 2000) for validation of TLG metric. As shown in Figure 15, the median RAE value for

TLG estimation using the proposed method is 13.03%. Note that the proposed procedure does not

need any post-imaging correction step (e.g., correcting the delineation of an automatic segmentation390

method by an expert), denoising, or parameter setting/tuning.

TLG = SUVmean[kg/(mlcm3)]× (V olumeoflesionvoxelsinROI[cm3])[kg/ml] (7)

SUVmean =
SUV [kg/ml]

V olume of lesion voxels in ROI [cm3]
(8)

SUV =
Activity of lesion voxels in ROI [kBq/ml]

Injected Radioactivity [kBq]
Toatal Weight [kg]

[kg/ml] (9)
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(a) Activity (b) Volume

Figure 14: Relative absolute errors for activity (left) and volume (right) estimation according to change in the size

of lesions. The small d and n in the method acronyms indicate the type of data, either denoised or noisy, that the

method was applied to.

Figure 15: Relative absolute errors for TLG estimation before and after denoising (left and right plots respectively).

The small d and n stands for denoised and noisy data respectively. The top and bottom of each ”box” are the 25th

and 75th percentile, respectively. The red line in the middle of each box is the median. Whiskers are drawn from

the top and bottom of the boxes to the maximum and minimum values, respectively. Outliers are displayed with a

red + sign.

4.7. Result on Patient Images

For each lesion the intra-expert disagreement percentage computed by

|T1− T2| /((T1 + T2)/2)) ∗ 100 (10)

where T1 and T2 are the activity (volume) values for two different segmentation of each expert.

The average intra-expert disagreement across all the lesions is reported in Table 10.395
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Table 10: Average percentage intra-expert disagreement for both activity and volume calculation

Activity Volume

E1 17.61 20.76

E2 20.72 25.00

E3 19.27 23.07

For each lesion, we calculated the percentage inter-expert and proposed method disagreements

by D X, {Y,Z} = mean (|X − Y | /X, |X − Z| /X) These results are presented Table 11. If we

compare the results obtained by the proposed automated method with those from the analysis

performed by different experts, we note that, for activity estimation, the relative difference between

the results from the proposed method and those obtained from experts analysis is on a par with400

the disagreement between the other experts. We note that the proposed method has a higher level

of agreement with Expert 1 and Expert 3 than does with Expert 2. In fact, the average difference

between experts activity estimates is: mean([22.5, 34.7, 22]%) = 26.4%, which is higher than that

between the proposed method and the experts 24.1%. With respect to volume estimation, the

average disagreement of all the experts is almost equal to that of proposed method compared to405

the experts: 34.06 vs. 34.23.

In general, we note that differences between volume estimates were higher than between activity

estimates. This is not surprising as it may be explained by the following: when delineation is dif-

ferent (i.e., disagreement), the volume enclosed by the delineation will likely be different. However,

the activity estimate may not be as different because most of the activity will be at the center of410

the object and not near the boundary where the variability in delineation is most prominent. On

average, the intra-expert disagreement is generally lower compared to inter-expert disagreement

for volume and activity measurements, respectively. It is not surprising that intra- is smaller than

inter-expert disagreement, but it is important to note how even experts disagree with themselves

and each other, by on average 19.2% and 22.94% for volume and activity, respectively. A sample of415

expert delineations has been shown in Figure 16 which reflects the high inter and intra segmentation

variability between the experts.

In Figure 17, the pairwise inter-expert as well as proposed method-expert disagreement is shown

for activity (upper triangle) and volume estimations (lower triangle).

Table 12 shows the pairwise inter-class correlations for all the methods. As can be seen, the420
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Table 11: Percentage inter-expert (E) and proposed method (P) disagreements across all the lesions. X, {Y,Z}

indicates disagreement between the results of method X vs. two other methods Y and Z.

Volume Activity

E1, {E2, E3} 27.7 22.5

P, {E2, E3} 36.3 25.3

E2, {E1, E3} 47.2 34.7

P, {E1, E3} 38.7 23.4

E3, {E1, E2} 27.3 22

P, {E1, E2} 27.7 23.6

Figure 16: A sample of different expert segmentation

proposed methods results for both activity and volume are highly correlated with expert results.

The last column shows correlation between all the experts and proposed method.

Table 12: Inter-class correlation between experts and experts and proposed method (expert vs. expert and expert

vs. proposed)

E1, E2 E1, E3 E2, E3 P, E1 P, E2 P, E3 all

Volume 0.9676 0.9858 0.9429 0.9610 0.9711 0.9420 0.9619

Activity 0.9930 0.9977 0.9880 0.9782 0.9818 0.9737 0.9857
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Figure 17: Percentage inter-expert and proposed method disagreements

Table 13: Left: β0 and β1 values for volume estimation; Right: β0 and β1 values for activity estimation

β0

E1 E2 E3 P

E1 -0.3 0.7 0.5

E2 0.8 1.3 1.0

E3 1.0 1.2 0.2

P 0.8 1.0 0.8

β1

β0

E1 E2 E3 P

E1 -5.7 5.1 24.6

E2 0.9 1.3 30.5

E3 1.0 1.1 21.0

P 0.9 1.0 0.9

β1

To examine whether the proposed and other methods have bias in volume and activity esti-

mation, we fit a linear model y = β0 + β1 ∗ x, where x denotes the measurement of the method

(expert) A whose bias and variance we are trying to estimate against method (expert) B, denoted425

by y. Referring to Table 12, we note that all values for β1 between any pair of P, E1, E2, E3 (e.g.,

(P1, E1), (E2, E3), etc.) are between 0.8 and 1.2 for volume and 0.9 and 1.1 for activity. We note

from the table, that the average of β1 for inter-expert pairs in {E1, E2, E2} is 1± 0.17 for volume

and 1 ± 0.07 for activity. The corresponding values for ”proposed-expert” pairs are 0.9 ± 0.09 for

volume and 0.9± 0.05 for activity.430

For the bias β0, all values between any pair of {P, E1, E2, E3} are between -0.3 and 1.3

for volume and -5.7 and 30.5 for activity. In particular, the average of B0 for intra-expert pairs

in {E1, E2, E2} is 0.6 ± 0.8 for volume and 4 ± 9.2 for activity. The corresponding values for

proposed-expert pairs are 0.6± 0.4 for volume and 25.4± 4.8 for activity.

Noting that the range of values for volume are 0.4 and 97 so the bias is about 0.22% ± 0.8%435
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for intra-expert comparisons whereas it is 0.18%± 0.4% for proposed-expert pairs. For activity the

range is between 3 and 2922 so the inter-expert bias is 0.03%± 0.3% and inter-expert-proposed is

0.77%± 0.2%.

In short, we notice that the proposed method performance is highly similar to that of ex-

perts. Next, we compute the relative error between all pairs i.e., expert vs. expert and ex-440

perts vs. proposed method. The error was computed by E = (expert based estimation −

estimated value)/actualvalue. As shown in Figure 18, the error distribution obtained by the

proposed method is similar to that of experts for both activity and volume measurements.

In Table 14, we compute predictor importance [23] for each of the features for volume and

activity prediction separately. The larger values mean higher predictive performance. Therefore,445

histogram (statistical information) based features show higher predictive performance than other

sets of features for both volume and activity estimation.

Table 14: Feature set importance for volume and activity estimation

Histogram GLCM NTGDM GLZSM

Volume 7.5e-06 2.05e-06 2.4e-07 2.8e-06

Activity 0.0396 3.95e-03 4.4e-04 0.0042

Figure 18: Percentage error histograms of estimated values vs. expert based ground truth values for both activity

and volume
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5. Discussion and conclusion

The task of quantifying lesion parameters in clinical practice is frequently a demanding manual

process, requiring the selection of threshold values, as well as scanner-specific corrections due to450

partial volume effect and noise. Sophisticated automated volume segmentation methods have been

proposed which alleviate this burden, but very often these methods rely on manual parameter

tweaking or initialization which requires experience. In addition, quantifying activity is a still

manual process left to the user. In this paper, we presented the first machine learning-based method

which allows us to directly estimate the tumor volume and activity in PET images without applying455

segmentation. In our experiments on phantom images, the method achieved an average relative

absolute error (RAE) of 5.11%±3.5%, for volume estimation and an average RAE of 5.7%±5.25% for

activity estimation which compared to best competing method, represents an average improvement

of 20% for volume estimation and 6% for activity estimation. The proposed model also outperformed

three state-of-the-art segmentation-based methods that use a preprocessing denoising step.460

Additionally, we used our method to compute the widely used TLG metric, which consists

of a product of activity and volume normalized by patient weight and injected dose. For the

TLG, we also obtained promising results (12.17% ± 5.34% relative absolute error). In addition to

high accuracy and repeatability, our experiments demonstrated the robustness of the method with

respect to different acquisition parameters (e.g. scanning time, reconstruction method), which may465

not always be available to the clinician or image analyst but only known to the imaging (PET

scanner) manufacturer. In our experiments using patient images, we tested the proposed model

(which was trained only on phantoms) on 54 Head and Neck PET images from TCIA and compared

the agreement of the results with those obtained from segmentations by trained experts. We found

that the proposed method reached almost the same level of agreement as the group of trained470

experts.

Our segmentation-free machine learning algorithm was trained to automatically discover and

leverage a certain subset features (and ignoring others) by combining them appropriately in complex

nonlinear ways (via the rules imposed by the multi-level trees of the random decision forests) so

as to be able to predict volume and activity values close to the target (ground truth) values.475

Since general image segmentation tasks are now increasingly being tackled via machine learning,

and since measuring properties of segmenting regions amounts to performing specific mathematical

computations on these regions, it is not surprising that a machine learning (as proposed in our work)
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would be successful performing both these sequential tasks in a single formulation, i.e., predicting

lesion properties (volume and activity) directly from images without an explicit segmentation.480

Considering the ultimate objective after segmentation, in some cases, the desired final result may

be inferred from the input data directly without an explicit segmentation step, as we demonstrated

in this work. However, the current clinical workflow in some applications still involves segmentation,

e.g., radiation therapy treatment planning (RTTP) requires segmentation to delineate tumours and

organs in order to maximize radiation to the tumor and minimize collateral damage for adjacent485

organs. Nevertheless, in the future, it may be possible to develop a machine learning approach

even for RTTP that takes as input image data (e.g. a CT scan, or a hybrid PET/CT), and infers

a RTTP without an explicit segmentation.

The main objective of the current work was to test the segmentation-free lesion volume and

activity estimation approach, therefore a standard and straightforward feature extraction and a490

regressor methods were chosen. We chose a wide set of features to capture a wide variety of

texture, shape, and statistical information from PET images and we adopted random decision forests

because they have been well studied and proved quite successful in a variety of image interpretation

tasks, especially when training data is limited. Indeed, there is a clear movement in the field of

computer vision and medical image analysis (and many other fields) towards using deep learning495

to automatically learn features as well as learn to classify in a single deep pipeline. Deep learning

is notorious for requiring large amounts of training data and demanding heavy computations (e.g.,

on GPUs), so it was not our first choice. Nevertheless, as more data becomes available we intend

to explore deep learning based regression instead of hand-crafted features with random forests.

Our future work will also involve creating a graphical user interface (GUI) for the method, and500

installing the software on a clinical workstation. This will allow us to apply the method to new

clinical cases and compare its results to those obtained with the traditional (segmentation-based)

clinical workflow. From this comparison, we expect to receive feedback that will help us improve

the method and investigate potential sources of discrepancies within the results. At this stage, the

results from our method will not impact any clinical decision. Testing the method on a larger cohort505

of subjects is the next logical step. One direction for future work would be to fully automate the

whole estimation process, i.e. without any user interaction, not even choosing a point in a lesion,

by leveraging organ localization methods.
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