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Abstract

PET imaging captures the metabolic activity of tissues and is commonly visually

interpreted by clinicians for detecting cancer, assessing tumor progression, and

evaluating response to treatment. To automate accomplishing these tasks, it

is important to distinguish between normal active organs and activity due to

abnormal tumor growth. In this paper, we propose a deep learning method to

localize and detect normal active organs visible in a 3D PET scan field-of-view.

Our method adapts the deep network architecture of YOLO to detect multiple

organs in 2D slices and aggregates the results to produce semantically labeled

3D bounding boxes. We evaluate our method on 479 18F-FDG PET scans of

156 patients achieving an average organ detection precision of 75-98%, recall of

94-100%, average bounding box centroid localization error of less than 14 mm,

wall localization error of less than 24 mm and a mean IOU of up to 72%.

Keywords: Positron emission tomography, cancer, tumor, organ, object

detection, object localization.

1. INTRODUCTION

Localization of anatomical structures in medical images is important for

various clinical image interpretation applications. It can improve other medical

image processing steps like segmentation. In case of PET image modality, to
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quantify metabolic activity and assessing tumor progression or treatment ef-5

ficacy, detecting and parsing normal organ activities as a pre-processing step

contributes efficiently to boost the accuracy of tumor detection/segmentation

tools. Also, it helps to monitor organ activity concentration in dosimetry and

therapeutic applications [1]. While CT contains valuable information useful for

the detection and segmentation of organs, it often comes with additional costly10

steps such as the registration of CT and PET volumes. Extracting information

from PET scans is challenging due to higher levels of noise and lower resolution

compared to other modalities such as CT or MRI; hence distinguishing tumors

from healthy organs (e.g., heart, kidney, bladder) in PET scans is a difficult

task. In addition, both normal and abnormal regions in PET images have rela-15

tively high uptake of the radiotracer (commonly 18F-FDG) injection and result

in voxels with similar appearance characteristics [2]. So, for proper interpreta-

tion of PET images, it is important to detect the non-pathological active organs

and exclude them from subsequent calculations when assessing cancer progres-

sion or treatment efficacy [3]. In this work, we propose a simple yet efficient20

method to automatically localize and classify normal active organs in 3D PET

scans. By localization, similar to the state of the art methods introduced for

organ localization in structural image modalities like CT, we particularly mean

detecting organs and predicting a bounding box around them. We adapt and

extend an object detection deep CNN architecture (YOLO [4]) to locate, via25

3D bounding boxes, and recognize all active organs in PET images by assigning

a semantic (or anatomical) label to each organ (i.e. brain, heart, bladder, left

and right kidneys). Our method is the first end to end trainable system that

addresses the problem of organ localization in large 3D PET volumes and can

handle a variable number of organs, i.e. it can gracefully ignore organs not30

visible within the field-of-view of a given PET image. Next, we review some of

the most related works to our method.
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2. RELATED WORK

Existing research on single or multi-organ localization approaches can be

broadly categorized into two groups: (i) Atlas-based methods, which rely on35

a computationally intensive voxel-based image registration technique. (ii) ma-

chine learning-based (ML) methods, which rely on training an algorithm to learn

the discriminatory image characteristics of different organs. Machine learning

methods themselves may be divided into (ii-a) classical learning methods that

require extracting hand-crafted features and using them as input to train a sub-40

sequent classification or regression model; and (ii-b) deep learning methods that

do not require hand-crafted features but typically require choosing or designing

deep architectures and providing relatively larger training datasets.

The majority of previous works on organ localization in 3D volumes like

Zhou et al. [5], Criminisi et al. [6], Gauriau et al. [7], and Wang et al. [8],45

focused on structural imaging modalities, such as CT scans and leverage ML

models involving hand-crafted features and machine learning classifiers. For

example, Zhou et al. [5] is based on Haar-like features and training ensembles

of 2D location detectors. Similarly, Criminisi et al. [6] used visual features to

train a multivariate regression forest. Gauriau et al. [7] encoded global spatial50

relationships between organs and their shape representations as prior knowledge

to train random forest regressors. Wang et al. [8] proposed a fuzzy hierarchy

model to encode anatomic information to predict the optimal pose of organs.

These methods may not be applicable to functional nuclear medicine imaging,

such as PET scans. For instance, in case of non-active organs, they should be55

capable to handle missing organs. Also, lack of sufficient differentiable visual

and appearance features in PET images may result in weak performance of the

proposed method for CT scans.

Recently, Convolutional Neural Networks (CNN) were also used to obtain

3D bounding boxes around organs in CT scans. Lu et al. [9] used CNN in a60

dual learning architecture to model local and global context for organ localiza-

tion, trained on 2D slices from 3 orthogonal views (axial, coronal, sagittal) to
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localize organs in 3D CT volumes. de Vos et al. [10], proposed to feed each

2D orthogonal view image to a CNN which returns the binary label for the

presence or absence of each target organ in the input image. Then, the binary65

predictions were aggregated to obtain 3D bounding boxes. de Vos et al. [10]

was extended to use a single CNN able to handle all the orthogonal views using

spatial pyramid pooling [11].

Few works targeted organ localization from PET images only (without re-

quiring registered CT scans). Guan et al. [12] developed an automatic system to70

detect and segment hot spots (metabolically active regions in the body) in PET

scans. However, they do not discriminate normal from abnormal activity values

which limits the applicability of their work in the context of lesion detection.

Bi et al. [13] attempted to specifically classify normal active organs from PET

scans by applying an adaptive patch-based region classification to classify uptake75

regions in PET images obtained by automatic thresholding method (i.e. PER-

CIST). Their method [13], rely on hand-crafted texture features extracted from

PET and registered CT patches with different scales. Then, Bi et al. [14] used

CNN-based encoded features of multiscale superpixel regions to train binary

classifiers for labeling normal uptake regions (organs) and abnormalities. Their80

result illustrates the benefits of using learned deep CNN features for classifica-

tion. Fischer et al. [15] also tackled the problem of organ localization in PET

images. They selected hundreds of visual features with an exhaustive search

method and used them to train regression forests. While these works tackle a

similar problem, they rely on hand-crafted features and complex pipelines with85

extensive pre-processing steps (e.g. pre-processing using CT scans [3]).

In contrast to previous works on multi-organ localization in 3D volumes, our

proposed method does not rely on 3 orthogonal views of 3D volume, and exten-

sive pre-processing steps and feature extraction strategies. We report various

comparisons of our approach to related state of the art methods and demon-90

strate improvement in evaluated measurements. The details of our proposed

method are presented in the following section.

4



3. METHOD

Our approach localizes existing organs in each coronal slice of a PET scan

and then aggregates the localized objects across all coronal slices (Figure 1).95

We chose the coronal slice orientation as multiple coronal slices expose various

major organs and capture the spatial relationships between them (Figure 2).

To perform a per-slice multiple organ localization, we adapted the YOLO deep

CNN architecture (tiny version) [4], which has proven highly successful for object

recognition tasks in non-medical computer vision. The YOLO network is a fully100

convolutional architecture (i.e. no fully connected layers) which consists of 3x3

convolution kernels (except for a 1x1 kernel at the last convolutional layer),

batch normalization to avoid overfitting after each convolutional block, leaky

ReLU as the activation function for the middle layers and max-pooling layers.

As shown in Figure 1, the network has four types of convolutional blocks with105

different layers (i.e. convolution layer with the kernel size of 3x3 or 1x1, and

max-pooling layer with the kernel size of 2x2 and stride of 2 or 1). We modified

the last layer of the original architecture to handle 5 classes of organs. More

details about YOLO and its architecture can be found in the original paper [4].

We modified the architecture to take as input resized coronal 2D PET slices110

and to detect up to 5 different organ classes: brain, heart, bladder, and left

and right kidneys. We initialized the YOLO model using weights tuned for

the PASCAL VOC dataset and then fine-tuned the model on coronal slices

manually-labelled with bounding boxes. At test time, each coronal slice of a

novel PET scan is fed into the trained YOLO model which returns a vector115

containing the coordinates of the 2D bounding boxes of multiple organs visible

in the slice. Without any specific aggregation strategy, all the predicted 2D

bounding boxes can be used to define a 3D bounding box that we refer to that

as original YOLO.

For aggregation, we (i) collected all the bounding boxes that share the same120

semantic label (i.e., localizing the same organ) and their associated localization

confidence scores; (ii) excluded any 2D bounding box whose confidence score is
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below 50%; (iii) computed a weighted, by confidence score, average 2D bounding

box (X center, Y center, Width, and Height) for each organ over the predicted

bounding boxes in successive slices; and, finally, to obtain 3D localizations, we125

(iv) set the Z center of the 3D bounding box to the mean z value of the successive

slices containing the organ and set the 3D bounding box Depth to be equal to

the z span of the same slices.
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Brain Heart
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Figure 1: Proposed method overview. 2D coronal PET slices (left) are input to the YOLO

model. * indicate convolutional blocks with different kernel sizes. Organs detected in succes-

sive 2D slices with confidence score C>0.5 are aggregated into an organ-specific 3D bounding

box with dimensions W×H×D and centroid coordinates (x,y,z).

4. MATERIAL

We applied our method on 479 18F-FDG PET scans of 156 patients obtained130

from the public collection of head and neck cancer from the Quantitative Imag-

ing Network of the US National Cancer Institutes [16] in compliance with all

ethical clearance policies. The number of scans per patients varied from 1 to 7.

The intra-patient scans are visually quite different in terms of organs activity,

scan resolution and the field of view. The scan size varied between 128×128×74135

and 168×168×545 voxels, with voxel sizes ranging between 3.39 and 4.68 mm
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Figure 2: Reference bounding boxes drawn overlaid on coronal (top) and sagittal (bottom)

maximum intensity projection (MIP) views of 3 PET scans of 3 patients (3 columns). The

boxes surround the brain (red), heart (green), left and right kidneys (blue and white) and

bladder (purple).
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along x and y, and 2 to 5 mm along z. The 479 scans were split as follows: 79

patients were used for training; and 77 different patients were used for testing.

To feed to YOLO, all slices were resized to YOLO default input size 416×416.

To create ground truth bounding boxes, we used tight 3D bounding boxes140

drawn by an expert around the 5 normal organs of interest (or a subset thereof

when some organs were out-of-view, i.e. not all organs are present in every

PET scan). The organs of interest are the brain, heart, bladder, and left and

right kidneys. The sizes of bounding boxes ranged from 32×45×61 mm3 to

160×150×120 mm3 (Figure 2). After training, our model detects normal organ145

activity in a novel test PET scan and gives the location of each organ as a 3D

bounding box.

5. EXPERIMENTS AND RESULTS

We trained the network for 60 epochs and adopted the hyper-parameters

used in the original YOLO: initial learning rate = 0.0001, decay = 0.0005 and150

momentum = 0.9. The size of the minibatch was set to 50 images. We imple-

mented our method using Keras. We evaluated the performance of our approach

for the object recognition (i.e., organ label) and 3D object localization (bounding

boxes) tasks. Sample qualitative results are shown in Figure 3. We calculated

the following performance metrics commonly used in other works for assessing155

the quality of anatomical structure detection and localization.

Comparison with Other Methods. Direct and fair comparison to other

works is difficult because, first, there are limited works that address the same

task (i.e. detect and classify normal organs in PET). The closest works to ours160

are the works from Bi et al. [13, 14], which do not detect but only classify

normal active organs after a thresholding step (Table 1). To the best of our

knowledge, Fischer et al. [15] is the only work that tackles similar task to

ours, i.e. organ localization in PET images by generating bounding box around

detected organs but the technical details of the method are not clear in cited165
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Figure 3: Examples of detected (yellow) and reference 3D bounding boxes (other colors) for 3

PET scans from the coronal (top) and sagittal (bottom) plane in MIP views. The predicted

class label is shown at the top right corner of the box. RK and LK correspond to the right

and left kidneys.

reference [15]. Second, other works like the ones listed in Table 4 that use a

related learning-based approach for organ localization are mainly applied to CT

images (not PET). Finally, another challenge is in finding the right evaluation
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metric to compare different works. Most works report localization accuracy in

mm that can not be compared to directly since it is dependent on the dataset170

voxel size. Nonetheless, we perform the following comparison:

1. We identified two baseline works that our method can be compared to Bi et

al. [13] and Bi et al. [14]. While we were not able to apply the method directly

to our dataset (as the code was not released and the different steps involved

in the algorithm were not easily generalizable to new datasets), we report the175

accuracy of these works on similar organs and indirectly compare our classifica-

tion performance to them in Table 2.

2. We also identified the work of de Vos et al. [10], as the closest work to ours

when it comes to organ localization. Although the method was applied to CT,

we implemented it and evaluated it on our PET dataset. In a nutshell, the180

work of de Vos et al. [10] involves three convolutional networks trained on each

orthogonal view (axial, sagittal, coronal) independently, to predict the presence

of each organ in 2D slices of a 3D CT volume and then combines the prediction

results from successive slices to create 3D bounding boxes around the organs

(Table 1 and 3).185

3. Along with these prior works, we also compared our method to the original

YOLO to evaluate the benefits of our proposed aggregation strategy (Table 1

and 3).

4. To compare different works, we reported the original results from several

previous works [5, 6, 7, 8, 9, 10, 15] on the same organs of interest (Table 4).190

The localization and classification performance of all models are reported

in terms of wall distance, centroid distance error in millimeter (mm), precision,

recall and F1-score in Table 1- 4. Note that for a fair comparison in Table 4,

the centroid distance error is also reported in terms of minimum and maximum195

number of voxels. For several works [8, 10], we calculated this metric approxi-

mately based on the reported voxel size in the dataset used. Similarly, for the

wall distance error, we reported the mean number of voxels over 6 walls of a 3D

bounding box. We calculated the approximate mean number of voxels error in
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wall distance for some compared works [6, 7, 10, 15]. We discussed our results200

in the discussion section.

Organ Detection Performance. To evaluate the object-level detection of the

proposed method and compared methods, we calculated precision, recall and F1

scores over our test set (Table 1 and 2). On average, we observed high precision205

and recall scores (75-100%) when detecting organs using our proposed method.

In fact, while using YOLO allows us to efficiently capture the context within

each coronal slice, it results in noisy organ predictions (YOLO in Table 1).

Organ
YOLO 2D ConvNets PROPOSED

P R F1 P R F1 P R F1

Brain 0.78 0.98 0.86 0.97 0.96 0.96 0.82 1.00 0.90

Heart 0.84 0.84 0.75 0.79 0.89 0.84 0.86 0.96 0.90

Bladder 0.86 0.93 0.86 0.89 0.94 0.91 0.98 1.00 0.98

RK 0.75 0.78 0.66 0.80 0.81 0.80 0.83 0.95 0.88

LK 0.69 0.74 0.57 0.73 0.84 0.78 0.75 0.94 0.83

Table 1: Per-organ detection accuracy for the original YOLO model, 2D ConvNets [10], and

our proposed extension to YOLO. P, R, and F1 stand for Precision, Recall and F1-score.

Methods train-test images Brain Heart Bladder RK LK

Bi et al. (2015) [13] 40 (5-fold) 0.93 0.87 0.81 0.97 0.93

Bi et al. (2017)[14] 40 (LOO) 0.85 0.92 0.93 0.95 0.89

Proposed 254 - 225 0.90 0.90 0.98 0.88 0. 83

Table 2: Classification performance (F1-score) for different organs reported in previous works.

LOO stands for Leave One Out cross validation approach.

Centroid and Wall Distance. For each correctly detected organ in all test210

scans, we calculated the distance between the center of the predicted 3D bound-

ing box and the center of the reference bounding box. In addition, we calculated
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the average wall distance over the 6 walls of the bounding boxes for each organ.

On average across all patients and organs, our method achieves 10.3 mm error

in terms of centroid distance and 17.9 mm error in terms of wall distance (Ta-215

ble 3). Note that these results are obtained from low-resolution PET images

(see Figure 2) for which localization is more challenging than regular CT images.

Organ
2D ConvNets Proposed

Centroid (mm) Wall (mm) Centroid (mm) Wall (mm)

Brain 7.23 ± 11.56 11.64 ± 12.88 6.1 ± 5.0 12.6 ± 7.7

Heart 13.60 ± 18.72 18.92 ± 19.01 10.4 ± 9.1 19.7 ± 12.4

Bladder 9.49 ± 15.63 14.73 ± 47.97 8.5 ± 6.3 15.1 ± 9.1

RK 18.36 ± 25.98 25.87 ± 24.61 13.1 ± 10.6 19.2 ± 13.0

LK 19.5 ± 28.52 27.38 ± 25.92 13.4 ± 11.7 23.48 ± 14.3

Table 3: Average and standard deviation of 3D Euclidean distances between the centroid and

walls of predicted and reference 3D bounding boxes for each organ.

Intersection Over Union (IOU) in 3D space. We show in Figure 4 ex-

amples of the predicted bounding boxes for different organs with their corre-220

sponding 3D IOU scores which is the 3D extension of 2D IOU. We obtained an

average of 72% IOU for the brain, 55% for the bladder, 52% for the heart, 48%

for the right kidney and 43% for the left kidney. On average, we observed that

the detection of some organs is sensitive to the quality of the annotations when

the context (anatomy and shape information) is not sufficient. This can explain225

the lower localization results obtained for kidneys.

Run-time. Using non-optimized Python code, training our model took around

5 hrs on a Titan X GPU. At test time, locating and labeling all organs took only

19 seconds per 168×168×487 PET scan. Comparing to the 2D ConvNet method230

[10] that the test step running time for the same volume size and localizing 5

organs is ∼14 seconds, we reduced the training time and the space required for

storing the network parameters by a factor of ∼15. Note that our runtime is
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Method Modality Voxel size Organ Centroid Centroid Wall Wall
(mm× mm× mm) (mm) (minvoxel-maxvoxel) (mm) (meanvoxel)

Zhou et al. (2012) [5] CT 0.6×0.6×2-5

Heart - 1 - 19 - -

RK - 1 - 19 - -

LK - 1 - 34 - -

Criminisi et al. (2013) [6] CT 0.5-1×0.5-1×1-5

Heart - - 13.4 10.1

RK - - 13.6 10.2

LK - - 16.1 12.1

Gauriau et al. (2014) [7] CT 0.5-1×0.5-1×0.5-3
RK - - 7.3 6

LK - - 6.8 5.3

Wang et al. (2015) [8] CT 1.2×1.2×4

Bladder 9.9 2.4 - 8.25 - -

RK 8.3 2.1 - 6.9 - -

LK 12.9 3.2 - 10.7 - -

de Vos et al. (2016) [10] CT 0.55-0.87×0.55-0.87×1 Heart 7 7 - 12.7 4 5.1

Lu et al. (2016) [9] CT 2×2×2 RK - 3.9 (mean) - -

Fischer et al. (2014) [15] PET 5×5×5

Brain - - 15.4 3.1

Liver - - 13.0 2.6

Bladder - - 15.9 3.2

RK - - 11.1 2.2

LK - - 13.4 2.7

Proposed PET 3.3-4.7×3.3-4.7×2-5

Brain 6.1 0.5 - 1.4 12.6 2.8

Heart 10.4 1.4 - 2.4 19.7 4.5

Bladder 8.5 0.7 - 2.1 15.1 3.5

RK 13.1 1.2 - 3.5 19.2 4.4

LK 13.4 1.5 - 3.6 23.48 5.4

Table 4: Results reported in previous works for organ localization accuracy on different

datasets and various metrics.

significantly faster than the previous work of Fisher et al. [15] on PET images

who reported a 2-minute runtime per scan. We chose to rely on a per-frame235

organ detection using an efficient 2D detection model and to combine this model

with a simple yet accurate 3D aggregation strategy. This allowed us to process

large 3D volumes in a reasonable amount of time but also to use larger spatial

resolutions when processing the 2D input images. Processing large 3D volumes

with a 3D convolutional network architecture would require significantly larger240

models, datasets and longer training time.

6. DISCUSSION

The results in Table 1 show that on average our method outperforms other

works [10] and original YOLO. In fact, we show in Table 1 that the method

of de Vos et al. [10], 2D ConvNets, shows better performance in classifying245
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Figure 4: Examples of detected 3D bounding boxes for different organs with the corresponding

3D IOU scores. A coronal (top row) and (bottom row) sagittal view is shown.

only the brain in 3D PET images (i.e. 15% higher precision than our proposed

method), whereas our method improves the results on the other 4 organs, i.e.

heart, bladder, right and left kidneys with 7%, 9%, 3%, 2% increase in preci-

sion accuracy for each organ respectively. Note also that our proposed method

only uses coronal slices which requires less computational effort than feeding250

multiple slices as proposed in de Vos et al. [10]. The improvement observed in

terms of classification performance of our method as shown in Table 1, could

be due to filtering the noisy per-slice detections with the proposed aggregation

strategy (described in section 2). We note that the brain and the bladder were

consistently detected by our method likely due to their high FDG uptake val-255

ues. Finally, we also indirectly compare our work to Bi et al. [13, 14] in Table

2 in terms of classification F1-score. Note that the comparison is indirect as

it is on different datasets (the dataset used in Bi et al. [13, 14] is private and

not public as ours so we were not able to apply our method to this data or use

the authors method on our dataset either as this previous work involves multi-260

ple steps that are not trivial to replicate without available code). Our method

shows comparable performance to both methods with noticeable improvements

in classification accuracy of the bladder in the relatively larger dataset.

We also compared to the original YOLO network without using our proposed

14



aggregation strategy to eliminate low confidence predictions and observed lower265

classification accuracy for such setting. In fact, our aggregation approach shows

that it can complement and improve the results of YOLO by eliminating some

of the false positive predictions and we were able to integrate the 3D context to

refine the detection results (+26% F1 score).

In Table 3, the mean and standard deviation of absolute centroid and wall270

distances between the automatically obtained and reference bounding boxes are

reported for the proposed method and 2D ConvNets method [10]. The proposed

method obtained lower error (3.33 mm on average) in terms of the distance

between the center of the predicted and the ground truth bounding boxes for

all the target organs.275

We observed that the detection and localization of left and right kidneys (75-

83 % precision detection, and 13 mm centroid and 19.2 - 23.5 mm wall distance

error) is the lowest result compared to all other organs of interest which we

hypothesize is due to the noisy annotation in kidneys and heterogeneous FDG

uptake in different regions of kidneys causing fragmented kidney masks. Such280

fragmentations increase the complexity of detection of these organs.

Although our method had relatively greater mean wall distance than 2D

ConvNets, it is worth mentioning that this slightly higher error (less than 1mm)

in predicting six walls of the 3D bounding boxes is due to the lack of context and

difficulties in identifying anatomical boundaries from a single view compared to285

the results of having information from multiple views of an organ in 3D vol-

umes. Empirically, we observed that using multiple views as opposed to only

coronal views improved the wall distance results for 3 organs only (i.e. brain,

heart, and bladder). Also, using multiple views did not improve the detection

performance in terms of centroid distance, precision and recall on our dataset.290

From these observations, we concluded that using only coronal views allowed

us to achieve competing results while reducing the total training computation

time by a factor of 3 (slice orientations)× 5 (organs).

Clinical Application. Automatic localization of organs in PET images con-295
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tributes to a diverse set of clinical applications. It provides context information

for clinical tasks like identifying sites of abnormal metabolism, disease moni-

toring, and tumor tracking during therapy for an early assessment of treatment

response and plans for future therapy as it is suggested in PET Response Criteria

in Solid Tumors (PERCIST) guideline [17]. Among standard methods to differ-300

entiate involved regions in FDG PET/CT studies, thresholding uptake values

is more common and vastly used in qualitative and quantitative assessments of

metabolic activities in PET. One of the limitations of such standard methods is

background normal FDG excretions which make image interpretation problem-

atic. Therefore, detecting and discriminating normal uptakes facilitates lesion305

detection models and improves their results by describing statistics and spatial

features of normal active regions from abnormalities. Our method potentially

can be used as a preprocessing step for highlighting normal and active organs

in 3D PET images that contributes to tumor response assessment approaches

qualitatively and quantitatively. Furthermore, our method is applicable where310

registering multi-modality images (i.e. PET-CT, PET-MRI) is required. It can

provide complementary information regarding organs and their anatomical lo-

cation and size. Also, in retrieving images or part of images (cropping) in PET

data collection, our method can be applied to obtain information associating to

different target body parts automatically and save manual efforts significantly.315

For example, in head and neck cancer dataset, the focus is on head and neck area

which can be retrieved from 3D scans of different scales automatically instead

of identifying and cropping target areas by an expert.

7. CONCLUSION

Automatic lesion detection from PET scans is a challenging task. Often,320

the presence of normal activity from healthy organs can alter the automatic lo-

calization of lesions resulting in less accurate segmentation or detection results

or the need for additional forms of information (e.g. access to CT or manual

post-processing). In this work, we argue that the ability to automatically de-
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tect normal active regions in PET scans can facilitate lesion detection from PET325

images without the need for CT scans or post-processing steps. To this end,

we propose an automatic system that can directly detect and localize organs

with normal activity. Our system consists of a deep neural network architecture

specifically designed to detect and localize anatomical structures with normal

activity directly from 3D PET images. We process 2D slices and generate 3D330

bounding boxes using an efficient aggregation strategy, which makes our method

fast, reliable and efficient enough to be easily utilized in more complex abnormal-

ity detection/segmentation pipelines. Although we obtained promising results,

we noticed in cases where very small lesions are close to normal organs, our

method might assign normal activity label to those abnormal regions. We be-335

lieve this limitation is due to the network not being trained to distinguish lesions

from normal activities. We plan to extend our work by combining our organ

detection method with previous PET lesion detection methods [1], i.e. to train

the network to discriminate between normal activities and pathologies, and not

just segment each independently, making our method more useful in clinical340

practice. Future works will also involve testing our method on quantifying the

size and activity of lesions proximate to these detected organs. Furthermore, it

would be interesting to explore applying our approach to localization of other

anatomical structures in other imaging modalities.
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classification for 3D anatomy localization: employing deep convolutional

neural networks, in: Medical Imaging 2016: Image Processing, Vol. 9784,

2016, p. 97841Y.

[11] Convnet-based localization of anatomical structures in 3D medical images,

IEEE transactions on medical imaging 36 (7) (2017) 1470–1481.385

[12] H. Guan, T. Kubota, X. Huang, X. S. Zhou, M. Turk, Automatic hot spot

detection and segmentation in whole body FDG-PET images, in: IEEE

ICIP, 2006, pp. 85–88.

[13] L. Bi, J. Kim, A. Kumar, D. Feng, M. Fulham, Adaptive supervoxel patch-

based region classification in whole-body PET-CT, in: International Con-390

ference on Medical Image Computing and Computer-Assisted Intervention,

Computational Methods for Molecular Imaging, 2015.

[14] L. Bi, J. Kim, A. Kumar, L. Wen, D. Feng, M. Fulham, Automatic detec-

tion and classification of regions of FDG uptake in whole-body PET-CT

lymphoma studies, Computerized Medical Imaging and Graphics 60 (Sup-395

plement C) (2017) 3 – 10.

[15] P. Fischer, V. Daum, D. A. Hahn, M. Prümmer, J. Hornegger, Regression
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