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1. Introduction

An automatic organ localization is an important preprocessing step that can improve other medical image 
processing steps. A 3D organ localization method can be used to discard non-relevant areas of the scan for 
subsequent algorithms, e.g. full 3D organ segmentation. For instance, organ localization methods have been used 
with automatic organ segmentation methods (Zhan et al 2008, Zheng et al 2008, Cuingnet et al 2012, Zhou et al 
2014) to improve the performance and to reduce the ratio of false positive segmentations.

Many algorithms have already been proposed for the localization of organs in CT scans (Zhan et al 2008, 
Zheng et al 2008, Criminisi et al 2009, Criminisi et al 2010, Pauly et al 2011, Cuingnet et al 2012, Zhou et al 2012a, 
Criminisi et al 2013, Donner et al 2013, Zhou et al 2014, Zhou et al 2015). We describe the most relevant literature, 
split into two parts: the first part summarizes classical machine learning approaches—involving hand-crafted 
features and a machine learning classifier—and the second part focuses on deep learning approaches.

Criminisi et al used mean intensities over displaced, asymmetric cuboidal regions of the volume com-
bined with a random forest classifier to localize several anatomical structures in CT scans (Criminisi et al 2009,  
Criminisi et al 2010, Criminisi et al 2013). Landmarks and relative position context features were used to refine 
the final bounding boxes. Cuingnet et al (2012) used global contextual information to obtain the initial bounding 
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Abstract
Automatic localization of organs and other structures in medical images is an important 
preprocessing step that can improve and speed up other algorithms such as organ segmentation, 
lesion detection, and registration. This work presents an efficient method for simultaneous 
localization of multiple structures in 3D thorax-abdomen CT scans. 

Our approach predicts the location of multiple structures using a single multi-label convolutional 
neural network for each orthogonal view. Each network takes extra slices around the current slice 
as input to provide extra context. A sigmoid layer is used to perform multi-label classification. The 
output of the three networks is subsequently combined to compute a 3D bounding box for each 
structure. We used our approach to locate 11 structures of interest. The neural network was trained 
and evaluated on a large set of 1884 thorax-abdomen CT scans from patients undergoing oncological 
workup. Reference bounding boxes were annotated by human observers.

The performance of our method was evaluated by computing the wall distance to the reference 
bounding boxes. The bounding boxes annotated by the first human observer were used as the 
reference standard for the test set. Using the best configuration, we obtained an average wall distance 
of 3.20 ± 7.33 mm in the test set. The second human observer achieved 1.23 ± 3.39 mm. For all 
structures, the results were better than those reported in previously published studies.

In conclusion, we proposed an efficient method for the accurate localization of multiple organs. 
Our method uses multiple slices as input to provide more context around the slice under analysis, 
and we have shown that this improves performance. This method can easily be adapted to handle 
more organs.
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boxes of the kidneys and refined these with regression forests. The organ localization was used as a pre-processing 
step for automatic kidney segmentation. In a later work, (Gauriau et al 2015) used an extended cascade of ran-
dom forest regressors. A confidence map of the organs was obtained by voting at a voxel level; the prediction was 
thresholded to get the final bounding box. Recently, (Samarakoon et al 2017) introduced light random regression 
forests, which use less nodes than classical random regression forests but produced comparable results in the 
localization of organs in CT scans. Zhou et al used organ localization as a pre-processing step for full 3D segmen-
tation of 18 organs (Zhou et al 2012a, Zhou et al 2014, Zhou et al 2015). Organs were localized per orthogonal 
view using template matching (Zhou et al 2012b), hand-crafted features and local binary patterns (Zhou et al 
2014, Zhou et al 2015). A 3D bounding box per organ was determined by majority voting.

Deep learning is an area in machine learning that has become popular in the last five years (LeCun et al 2015). 
For image processing, convolutional neural networks (ConvNets) are most used. ConvNets learn directly from the 
raw image data, reducing the semantic gap created by hand-crafted features and reducing the engineering time 
spent on designing features. A substantial number of works on organ detection already used neural networks. Shin 
et al (2013) used autoencoders to detect landmarks that can roughly indicate the location of organs. Small Con-
vNets were used to localize regions in CT scans (Roth et al 2015, Yan et al 2015). Twelve regions of the body were 
detected in axial patches to approximate bounding boxes using a ConvNet of two convolutional layers (Yan et al 
2015). In a similar approach, (Roth et al 2015) detected five regions of the body with a five-layer ConvNet.

ConvNets were also already used to obtain 3D bounding boxes around organs in CT scans (de Vos et al 2016), 
de Vos et al 2017, Humpire et al 2017, Hussain et al 2017). A method to detect the heart, aortic arch, and descend-
ing aorta in the cardiac area was proposed by de Vos et al (2016)) using AlexNet (Krizhevsky et al 2012). Different 
ConvNets were used for each organ and each orthogonal view. Each ConvNet returned 1D predictions, in which 
a static threshold was used to obtain binary predictions. Thereafter, the binary predictions were joined to obtain 
3D bounding boxes. In a recent publication, (de Vos et al 2017) proposed a single ConvNet able to detect six 
organs in all the orthogonal views using spatial pyramidal pooling to deal with the different input size. Hussain 
et al (2017) used single ConvNets per orthogonal view with slices of 256  ×  256 as input. The predictions of each 
orthogonal view were concatenated into a fully connected layer to provide a voxel-wise prediction. This organ 
localization approach was used as a pre-processing step. In our previous work (Humpire et al 2017), we proposed 
a method to localize six organs in 3D thorax-Abdomen CT scans using a single multi-label ConvNet per orthogo-
nal view. We localized six organs: the liver, spleen, and left and right lungs and kidneys. The input of each multi-
label ConvNet contained three slices: the slice being analyzed and the slices located five slices above and below it. 
Feeding extra slices as context to predict the output of a certain slice was an important improvement compared 
to the work by de Vos et al (2017), where they only used the current slice under analysis. Each ConvNet returned 

Table 1. Overview of the structures that were detected by previously published organ localization methods. The number of CT scans used 
and whether the approach dealt with abnormalities is tabulated. Below the horizontal line, the methods that used deep learning (DL) are 
listed.

Method

Structures detected

CT  

Scans AbnormalitiesLungs Liver Spleen Kidneys GallBladder Bladder Sacrum

Femoral   

Heads

Zhan et al (2008) � � 40 No

Criminisi et al (2009) � � � 39 Yes

Criminisi et al (2010) � � � � � 100 Yes

Pauly et al (2011) � � 33 Yes

Cuingnet et al (2012) � 223 Yes

Zhou et al (2012a) � � � 660 Yes

Criminisi et al (2013) � � � � � � 400 Yes

Gal et al (2013) � 247 No

Shin et al (2013) � � � 78 Yes

Zhou et al (2014) � � � � � 1300 Yes

Zhou et al (2015) � � � � � � � 300 Yes

Gauriau et al (2015) � � � � 130 No

Samarakoon et al (2017) � � � � 100 No

Roth et al (2015) � � ≈7 No

Humpire et al (2017) � � � � 553 Yes

de Vos et al (2017) � 400 No

Hussain et al (2017) � 100 Yes

Phys. Med. Biol. 63 (2018) 085003 (12pp)
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1D predictions, which were thresholded with an optimized threshold per organ and orthogonal view. The three 
thresholded predictions were joined to produce a 3D bounding box per organ.

In this study, we extended our previous work with several improvements. Firstly, we are using a deeper  
ConvNet architecture and extensively experimented with multiple configurations to optimize the number of 
slices in the input set and the spacing between the input slices. Secondly, we introduce more extensive data aug-
mentation and train the model with a hard sample mining strategy which makes sure that difficult samples are 
presented more often to the network. Finally, we trained the method with a much larger number of scans and 
applied to detect more organs.

Table 1 summarizes the previous work and shows the organs targeted by each approach. The methods are 
compared by data set size and whether the method was applied to cases with abnormalities in the human body. 
Moreover, table 1 shows whether the method is based on deep learning.

Figure 1. A diagram of the proposed approach to obtain 3D bounding boxes of multiple organs from a thorax-abdomen CT scan. 
From the 3D volume, orthogonal slices are extracted which are then fed into three separate multi-label convNets. The result of each 
convNet is a probability for each organ per orthogonal slice that the organ is present. Post-processing is applied to keep the largest 
component from the 1D predictions per orthogonal view. Combining the 1D bounding boxes leads to the final 3D bounding box. 
The final bounding box is composed of six wall sides: superior, inferior, anterior, posterior, dexter, and sinister.

Figure 2. The architecture of the multi-label ConvNet consists of eight convolutional layers, four max-pooling layers, and one fully-
connected layer of 600 neurons to predict the presence of N organs. The filter size and feature map size are located at the bottom 
and top part, respectively. Note that the first convolution layer contains 24 kernels and 3 × 3 × S as filter size, where S represents the 
number of slices in the input set. The input size of the coronal and sagittal ConvNets is 512 × 256 × S. For the axial ConvNet, the 
input is 256 × 256 × S and hence the sizes of the feature maps at the top of the figure are different for this ConvNet. The predictions 
of N organs for a single input are determined by the multilabel cost and sigmoid function.

(a) (b)

Figure 3. Examples of abnormalities in our data set: (a) prostheses replacing femoral heads, (b) surgical clips and tumors inside the 
liver.

Phys. Med. Biol. 63 (2018) 085003 (12pp)
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2. Materials and methods

2.1. Patient data
The data used in this paper was collected from the Radboud University Medical Center, Nijmegen, the Netherlands. 
We collected CT data of patients who were referred from the oncology department to our department in 2015. In 
total, 1884 thorax-abdomen CT scans were collected from 921 patients. 443 patients had one scan, 198 patients 
had two, 145 patients had three, 134 had four to seven scans, and one patient had eight scans. Age of the patients 
ranged from 18 to 92 years with an average of 58 years. Table 2 shows the scanners and protocols used to acquire 
the thorax-abdomen CT scans. Since we collected CT data from patients who were undergoing oncological 
workup, many abnormalities are present. We intentionally collected a difficult set of scans which included many 

abnormalities and may have missing organs due to surgery.
The data set was randomly split up at patient level into 60% for training, 20% for validation, and 20% for 

testing. The training set contained 1130 scans from 652 patients and was used to train the ConvNets. The valida-
tion set contained 377 scans from 120 patients and was used to find the best configuration of the ConvNet and 
to monitor the training process. The test set contained 377 scans from 149 patients and was used for evaluation.

2.2. Organ annotation
Five human observers annotated the location of 11 structures for this study: the liver, spleen, gallbladder, bladder, 
sacrum, and left and right lungs, kidneys, and femoral heads. All 1884 CT scans were initially divided among four 
human observers to be annotated. Then, an independent fifth human observer was asked to annotate the test set 
of this study, which left us with two sets of test set annotations. All human readers followed the same protocol to 
annotate the data in all three orthogonal views. They annotated the first and last slices with visible tissue of the 
organ as walls of the bounding box; this process was performed for every orthogonal view.

Common abnormalities found were tumors, cysts, fluid, and foreign objects such as clips and prostheses. 
Examples can be seen in figure 3, showing two slices with metallic objects inside the body that created streak arti-
facts during the CT image acquisition process, and figure 3(b), showing several liver tumors and clips. Addition-
ally, organs (e.g. gallbladder, kidneys, and spleen) can be absent in the human body due to surgery or anatomic 
variations. If a patient had a hip replacement (see figure 3(a)), the titanium prosthesis was not annotated as femo-
ral head. Sometimes, organs can be very difficult to locate; for instance, the bladder and gallbladder are difficult to 
detect when the organ is empty, especially in slim patients.

Due to the large size of the dataset, we used an algorithm to speed up the annotation collection process of 
the lungs. An automatic lung segmentation tool was used to retrieve initial bounding boxes of the lungs in the 
training and validation set (van Rikxoort et al 2009), which were subsequently checked for errors by our human 
annotators. The lungs in the test set were annotated completely manually.

2.3. Multi-label ConvNets for organ localization
We propose an automatic method to localize organs in 3D thorax-abdomen CT-scans based on the presence of 
the organs on 2D slices. The schematic overview is visualized in figure 1. The method consists of three multi-label 
ConvNets—one for each orthogonal view—that independently process the CT scan in three orthogonal views 
(axial, coronal, and sagittal). Each ConvNet returns predictions along the axis, indicating the presence of all 
organs. We thresholded the predictions for each organ at 0.5 and selected the largest connected component. We 
joined the largest 1D connected-components of each orthogonal view to create a 3D bounding box per organ, 
for instance around the left kidney as shown in figure 1. In the next subsections, we explain the method in more 
detail.

2.3.1. Preprocessing
The original CT scans were resampled from 512 × 512 × Z , where Z represents the number of slices in the CT 
scan, to 256 × 256 × 512 using cubic interpolation. Consequently, the slices that are extracted from a volume 
have a fixed input size: 256  ×  256, 512  ×  256, and 512  ×  256 for axial, coronal, and sagittal views, respectively. 

Table 2. Summary of scanners and protocols used to acquire the 1884 CT scans in our data set.

Manufacturer Scanner model Recons. kernel Slice thickness Scans

Toshiba Aquilion One FC09 1 mm 410

Siemens Somatom definition AS I30f/3 1 mm 7

Siemens Sensation 16 B30f 2 mm 982

Siemens Sensation 64 B30f 1 mm 485

Total 1884

Phys. Med. Biol. 63 (2018) 085003 (12pp)
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The voxel intensities of the resampled CT volumes were subsequently rescaled from [−1000, 400] Hounsfield 
Unit (HU) to [0, 1]; values outside this HU range were clipped.

2.3.2. ConvNet architecture
The proposed multi-label ConvNet is shown in figure 2. The architecture is an extended version of the 
architecture proposed in our previous work (Humpire et al 2017). The first convolutional layer consists of 24 
kernels of size 3 × 3 × S, where S represents the number of slices in the input size. The second convolutional 
layer consists of 32 kernels of 3 × 3 × 24. The third convolutional layer consists of 48 kernels of 3 × 3 × 32. 
Layers four to the eight consist of 48 kernels of 3 × 3 × 48. Max-pooling is applied after the first, second, fourth, 
and sixth convolutional layers in non-overlapping windows of 2 × 2. Every max-pooling reduces the size of each 
patch by half, for instance, from 24@510 × 254 to 24@255 × 127 after the first max-pooling layer of the coronal 
and sagittal networks. The last layer is a fully-connected layer with 600 neurons, where dropout (Srivastava et al 
2014) is applied with p  =  0.5 to avoid overfitting. We used a sigmoid as activation function and the multi-label 
cost (Clare and King 2001) to obtain the multi-label predictions. Rectified linear units (ReLU) are used in the 
convolutional and fully-connected layers.

2.3.3. Input settings
An important contribution of our study is that we input multiple slices. Therefore, we conducted experiments 
to show the benefit of this approach. We hypothesized that the performance of organ detection of a 2D slice can 
be improved by including neighboring slices. We defined S as the number of slices and Δ as the spacing between 
slices. The slice under analysis was always located in the middle of the set. We experimented with different 
configurations and evaluated its impact to the performance to find the best combination of S and Δ. In our 
experiments, S = (1, 3, 5) and ∆ = (1, 2, 3, 4) were evaluated. Note that 1S represents a configuration with only 
a single slice. As consequence, we had in total 9 experiments: Exp[1S, 3S1Δ, 3S2Δ, 3S3Δ, 3S4Δ, 5S1Δ, 5S2Δ, 
5S3Δ, and 5S4Δ]. Each experiment contained three ConvNets, one per orthogonal view.

Based on the results of these experiments, we selected the configuration with the best performance and used 
that as the final configuration for our approach. We applied this configuration to the independent test set and 
evaluated the performance. The performance of the Exp1S configuration on the test set was assigned as the base-
line system for comparison.

2.3.4. Training
The ConvNets were trained using the training and validation sets. We used a batch size of 80 slices for all 
experiments. In one epoch, all slices of the training set were shown to the ConvNet once. Glorot weight 
initialization was used to initialize the weights of the network. RMSprop (Tieleman and Hinton 2012) was used 
as gradient descent optimization with learning rate 0.001 and ρ = 0.99. Thereafter, the learning rate was reduced 
by 1/10 every 5 epochs. Training stopped when the average area under the ROC curve (AUC) performance on 
the validation set stopped improving within the previous five epochs; the model with the highest AUC on the 
validation set was selected as the final model.

We applied data augmentation to reduce overfitting and improve generalizability of the ConvNet. Ran-
dom rotation, translation, and scaling augmentations were used in the input set. The rotation augmentation 
was applied by randomly rotating the slice from  −5 to 5 degrees using the slice center as the center of gravity 
with linear interpolation. The translation and scaling augmentations were applied with a random scale between 
[−0.1, 0.1] to the size of the slice, where 0 represents no change. The same data augmentation was used for all 
the slices in the input. Furthermore, we used selective sampling (van Grinsven et al 2016). Since ConvNets are 
typically trained with large datasets, the data was carefully prepared and organized to achieve the highest perfor-
mance possible. A dynamic approach called selective sampling was used to select specific samples according to 

Table 3. Performance (mean  ±  standard deviation) of the different ConvNet configurations on the validation set.

Experiment Dice score Jaccard coefficient Wall distance (mm)

Exp1S 0.82  ±  0.22 0.74  ±  0.24 5.70  ±  11.65

Exp3S1Δ 0.87  ±  0.21 0.81  ±  0.23 3.94  ±  9.81

Exp3S2Δ 0.88  ±  0.21 0.83  ±  0.23 3.32  ±  9.28

Exp3S3Δ 0.88  ±  0.21 0.82  ±  0.23 3.54 ±9.40

Exp3S4Δ 0.87  ±  0.21 0.81  ±  0.24 3.91 ±9.72

Exp5S1Δ 0.87  ±  0.21 0.81  ±  0.24 3.92  ±  10.11

Exp5S2Δ 0.86  ±  0.21 0.80  ±  0.24 4.28  ±  10.33

Exp5S3Δ 0.86  ±  0.22 0.81  ±  0.24 3.98 ±9.78

Exp5S4Δ 0.87  ±  0.21 0.82  ±  0.23 3.78 ±9.71

Phys. Med. Biol. 63 (2018) 085003 (12pp)
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Table 4. Performances of two of our configurations and the second observer on the test set per organ. The obtained Dice score, Jaccard coefficient, and the absolute wall distance are tabulated (mean  ±  standard deviation). The average 
wall distance error for Exp1S, Exp3S2Δ, and second observer were 5.40  ±  9.75 mm, 3.20  ±  7.33 mm, and 1.23  ±  3.39 mm, respectively.

Method

Organs

Left Right Left Right Liver Spleen Gallbladder Sacrum Bladder Left femoral Right femoral

Lung Lung Kidney Kidney Head Head

Dice

Exp1S 0.93  ±  0.09 0.95  ±  0.04 0.79  ±  0.23 0.82  ±  0.21 0.90  ±  0.06 0.83  ±  0.17 0.47  ±  0.24 0.91  ±  0.05 0.76  ±  0.17 0.83  ±  0.22 0.80  ±  0.24

Exp3S2Δ 0.96  ±  0.02 0.97  ±  0.01 0.89  ±  0.23 0.90  ±  0.20 0.92  ±  0.06 0.89  ±  0.17 0.53  ±  0.27 0.95  ±  0.04 0.83  ±  0.17 0.90  ±  0.20 0.88  ±  0.23

2nd Observer 0.98  ±  0.02 0.98  ±  0.01 0.96  ±  0.06 0.95  ±  0.12 0.98  ±  0.02 0.96  ±  0.09 0.83  ±  0.30 0.93  ±  0.03 0.95  ±  0.11 0.92  ±  0.20 0.91  ±  0.22

Jaccard

Exp1S 0.87  ±  0.11 0.91  ±  0.07 0.70  ±  0.24 0.73  ±  0.22 0.82  ±  0.09 0.73  ±  0.19 0.34  ±  0.19 0.84  ±  0.08 0.64  ±  0.18 0.75  ±  0.21 0.71  ±  0.23

Exp3S2Δ 0.93  ±  0.03 0.94  ±  0.03 0.84  ±  0.23 0.85  ±  0.21 0.86  ±  0.09 0.84  ±  0.19 0.40  ±  0.23 0.90  ±  0.06 0.73  ±  0.20 0.85  ±  0.19 0.83  ±  0.22

2nd Observer 0.97  ±  0.03 0.97  ±  0.02 0.93  ±  0.08 0.92  ±  0.13 0.96  ±  0.03 0.94  ±  0.09 0.78  ±  0.29 0.86  ±  0.06 0.92  ±  0.12 0.89  ±  0.19 0.88  ±  0.22

Wall distance (mm)

Exp1S 4.60  ±  11.16 3.33  ±  7.05 5.88  ±  10.48 5.36  ±  10.47 7.75  ±  14.42 6.07  ±  10.19 9.46  ±  11.29 4.32  ±  6.27 7.30  ±  8.62 2.48  ±  4.85 2.84  ±  5.40

Exp3S2Δ 2.31  ±  3.05 1.99  ±  2.64 2.67  ±  7.18 3.03  ±  9.30 5.84  ±  12.69 3.37  ±  8.46 7.09  ±  8.91 2.13  ±  3.54 4.70  ±  7.94 1.04  ±  2.32 1.02  ±  2.51

2nd Observer 1.11  ±  1.99 1.15  ±  2.17 0.98  ±  2.99 1.65  ±  6.54 1.46  ±  3.81 1.03  ±  2.88 1.24  ±  2.92 2.60  ±  4.56 1.04  ±  2.83 0.67  ±  1.36 0.57  ±  1.03
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the current ConvNet performance. By following this approach, difficult samples were shown more often than 
easy samples to the ConvNet during training. After training the ConvNet for one epoch, we applied selective sam-
pling based on the loss value of the previous epoch for the samples. We defined the threshold as 20%; any sample 
with a loss less than that value was omitted during training in the current epoch.

2.3.5. Post-processing
A post-processing step was necessary to handle noisy predictions caused by, for example, abnormalities in 
the scan. We smoothed the raw 1D predictions obtained per orthogonal view using a 1D Gaussian filter with 
σ = 10 slices. Afterwards, a 0.5 threshold was applied to get a binary output. Connected-component analysis was 
performed, and each orthogonal view’s largest 1D connected-component was kept. The three 1D binary outputs 
were joined to obtain a 3D bounding box per organ. If an organ was not detected on at least one of the binary 
predictions, the organ was assumed absent and no 3D bounding box output was produced.

2.4. Evaluation
The 3D bounding boxes obtained by our method were compared to the ground truth using Dice score, Jaccard 
coefficient, and the wall distances to the reference bounding box. Dice score and Jaccard coefficient were defined 
as:

Dice score =
2|X ∩ Y |
|X|+ |Y | (1)

Jaccard coefficient =
|X ∩ Y |
|X ∪ Y | (2)

where X represents the predicted mask and Y the reference mask.

3. Results

Table 3 shows the performances of the different configurations on the validation set. The results show a substantial 
performance difference between the single slice experiment (Exp1S) and the experiments that employ multiple 
input slices for all evaluation metrics; this finding confirms our hypothesis that using multiple input slices allows 

the network to perform a more accurate assessment.
We evaluated the influence of our post-processing steps on our results. We computed the accuracy, sensitiv-

ity, specificity, false positive, and false negative rate at the slice level for the three ConvNets with and without 
post-processing. We found that extracting the largest connected component reduced the amount of false positive 
slices and therefore slightly increased the overall accuracy at the slice level. Furthermore, we computed the mean 
wall distance error for Exp3S2Δ without smoothing in the post-processing step on the validation set. We found 
that the smoothing was beneficial for most organs and slightly decreased the mean wall distance error.

We selected the Exp3S2Δ as the final configuration for our approach because it had the lowest wall distance 
error. We also ran the Exp1S configuration on the test set as a baseline system for comparison. Table 4 shows 
the performances on the test set per organ. The average wall distance error for Exp1S, Exp3S2Δ, and second 
observer were 5.40  ±  9.75 mm, 3.20  ±  7.33 mm, and 1.23  ±  3.39 mm, respectively. Using the best configura-
tion, we obtained an average wall distance of 3.20 ± 7.33 mm. It failed to detect the bounding box in 43 cases for 
the gallbladder, 17 cases for the left kidney, 11 case for the right kidney, 6 cases for the spleen, 2 cases for the right 
femoral head, and 2 cases for the bladder. For the independent second human observer, wall distance was sub-
stantially smaller: 1.23 ± 3.39 mm. Figure 4 shows box plots of wall distance per organ of the proposed approach 

(Exp3S2Δ) and second human observer, respectively.

4. Discussion

In this paper, we presented a method to localize organs in 3D thorax-abdomen CT scans using multi-label 
ConvNets. We use three ConvNets—one for each orthogonal view—to predict the presence of 8 organs and 3 
bony structures. The 3D bounding boxes around each organ were obtained by combining the predictions of the 
three orthogonal views. Previous work used a single slice as input for the 2D ConvNets (de Vos et al 2016), de 
Vos et al 2017), but our proposed system uses a set of slices as input to provide more context of the information 
around the slice under analysis. Feeding multiple slices requires a small additional computation effort in the 
first convolutional layer, but gives a substantial performance boost. Our method already detects 11 structures 
simultaneously, but it can easily be adapted to handle more organs and structures. We expect that this approach 
will perform well in that scenario, because ConvNets have been already successfully applied to multi-class 
problems with up to 1000 classes (Szegedy et al 2014).

Phys. Med. Biol. 63 (2018) 085003 (12pp)
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To put our results into perspective, we compared our results with previous work using the wall distance as 
metric, as this is the most widely reported metric in prior research. Table 5 shows the results obtained by the 
experiments of this study, our and other previous work, and the second observer in this study. Note that it was 
only possible to make a direct comparison for all organs and structures between this study and our previous work 
(Humpire et al 2017). To obtain results from the system of our previous work, we retrained that system using the 

same dataset, annotations, and organs described in this paper.

Figure 4. Performance comparison between (a) Exp3S2Δ and (b) second observer using box plots. The box plots are grouped per 
wall side and organ, showing the absolute wall distance in mm on the test set. The red line represents the median. Note that the Y-axis 
is on a logarithmic scale. 

Phys. Med. Biol. 63 (2018) 085003 (12pp)
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Table 5 shows that recent methods based on deep learning substantially reduced the mean wall distance error 
in comparison to traditional machine learning methods (de Vos et al 2016), de Vos et al 2017, Humpire et al 2017, 
Hussain et al 2017). Moreover, our method improves upon previous work when we look at the reported metrics 
and results of these studies. Note that caution should be taken when comparing the performance of our method 
with performance from previous studies because different datasets were used (as shown in table 1); a compara-
tive study on a single data set would provide a more objective comparison. Despite our good results, there is still 
room for further improvement, as is evident from the fact that the independent human observer still performs 
substantially better.

Table 5 shows that the liver wall distance of previous methods ranges from 8.87 mm to 18.13 mm, and our 
method obtained the lowest mean distance 5.84 mm. The corresponding box plot figure 4 shows relatively high 
distances for the sinister wall of the liver; a possible explanation is that in some cases there is only a small tip of the 
liver visible on the most sinister sagittal slices, making it difficult to determine where the liver ends. We assume 
this was also the reason for relatively poor performance of the independent human observer, and we saw a similar 
trend in previous work (de Vos et al 2017, Humpire et al 2017).

Regarding the sacrum, interestingly, table 5 shows that the second observer had a greater mean wall distance 
than our method (2.60  ±  4.6 mm versus 2.13  ±  3.5 mm, respectively). This may be due to the anatomical vari-
ations in the sacral promontory (anterior wall), which may look very similar to the L5 vertebrate in the coronal 
view.

The localization of the left and right lungs is challenging in the sagittal view because both lungs look identi-
cal in this direction. The single slice experiment (Exp1S) could not handle this problem properly due to a lack of 
context around the slice. This issue was largely overcome when using multiple slices, as shown by the left lung-
dexter and right lung-sinister wall distances in the box plots.

Locating the gallbladder is complicated due to its relatively small volume and sometimes highly irregular 
shape. Table 5 shows that it was the most difficult organ to localize using our method (7.09 mm mean wall dis-
tance error).

Our data contained many anatomical abnormalities such as tumors, clips, cysts, and fluid. We note that sev-
eral previous studies (see table 1) did not consider abnormal cases. Our results show that our method is able to 
handle these abnormalities generally well. The large training data set may be responsible for this effect. Our post-
processing step is important to avoid irregular predictions provoked by abnormalities.

Figure 5 shows predictions from Exp3S2Δ and labels projected in axial and coronal slices obtained for the 
kidneys, bladder, and spleen. Figure 5(a) shows the predictions obtained for a complex right kidney surrounded 
by a large tumor. Our method was able to correctly localize the organ in all views. Moreover, despite that metallic 
materials can affect the surrounding organ intensities, figure 5(b) shows good bladder localization in the pres-
ence of a titanium prosthesis of the left femoral head.

As mentioned in the introduction, a possible area where the proposed approach can be used is automatic 
segmentation. Current popular deep learning approaches for semantic segmentation of structures include 2D 

Table 5. Mean wall distance per organ obtained by previous work, including our preliminary work, our proposed method, and the second 
observer. Distances are in millimeters and methods are in chronological order. Note that the results of other algorithms are obtained on 
different data sets. The results tabulated here for our previous work (Humpire et al 2017) are obtained after retraining that system using the 
data from this study.

Organs

Method

Left

Lung

Right

Lung

Left

Kidney

Right

Kidney Liver Spleen Gallbladder Sacrum Bladder

Left Femoral

Head

Right 

Femoral

Head

Zhan et al (2008) — — 8.97 8.97 — — — — — 4.47 4.47

Pauly et al (2011) 14.78 15.02 — — 18.13 — — — — — —
Cuingnet et al (2012) — — 7.00 7.00 — — — — — — —
Criminisi et al (2013) 12.90 10.10 13.60 16.10 15.70 15.50 18.00 — — 10.60 11.0

Gauriau et al (2015) — — 5.50 5.60 10.70 7.90 9.50 — — — —
de Vos et al (2016)) — — — — 10.80 — — — — — —
Humpire et al (2017) 2.87 2.60 5.68 5.82 8.19 7.17 11.59 3.61 8.67 1.75 1.91

de Vos et al (2017) — — — — 8.87 — — — — — —
Hussain et al (2017) — — 6.19 5.86 — — — — — — —
Samarakoon et al (2017) — — 11.52 10.98 15.82 14.84 — — — 7.67 7.42

Proposed method 2.31 1.99 2.67 3.03 5.84 3.37 7.09 2.13 4.70 1.04 1.02

2nd Observer 1.11 1.15 0.98 1.65 1.46 1.03 1.24 2.60 1.04 0.67 0.57
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U-Net, 3D U-Net and V-Net (Ronneberger et al 2015, Çiçek et al 2016, Milletari et al 2016). These approaches 
typically take a full slice or a large subvolume as input. This often leads to an unbalance in the number of positive 
and negative voxels during training which needs to be tackled by for example weight maps (Ronneberger et al 
2015, Çiçek et al 2016) or a dice loss function (Milletari et al 2016). Focusing the network on a part of the image 
may speed up training and lead to faster inference time. Mask R-CNN is another popular approach in which 
regions are first extracted and segmentation is performed in a separate segmentation branch for the extracted 
regions of interest (He et al 2017).

The ConvNets were implemented using Theano (Bergstra et al 2010, Bastien et al 2012). The experiments 
were executed using a single NVidia GeForce GTX 1080 on a high-end PC with at least 256 GB of RAM. Training 
time for a single ConvNet was in the order of 70 h. Applying the Exp3S2Δ model to a single scan (with an average 
number of slices of 700) took approximately four seconds.

Figure 5. ConvNet predictions projected along an axial and coronal slice for the organs: (a) right kidney, (b) bladder, (c) spleen, 
(d) gallbladder, (e) liver, (f) left lung, (g) left femoral head and (h) sacrum. The blue, green, and pink lines represent the bounding 
box walls obtained by our proposed system, Exp3S2Δ; black lines indicate the reference bounding box. In the top part, sagittal 
predictions are plotted, coronal predictions are plotted next to the axial slices, and axial predictions are plotted next to the coronal 
slices. Note that (h) includes a sagittal slice for better visualization of the sacrum. 
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5. Conclusion

An efficient and robust automatic method for 3D localization of 11 structures in thorax-abdomen CT scans using 
a single ConvNet per orthogonal view is proposed. Multiple slices were used as input to provide more context 
around the slice under analysis and we have shown that this gave a substantial boost to the ConvNet performance. 
The proposed approach can localize organs even when abnormalities such as tumors, cysts, fluid, and metal 
artifacts are present. We compared our work to recent papers and have shown that our approach outperforms 

recent work on organ localization.
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