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Abstract. The segmentation of renal tumor, quantification of tumor
indices (i.e., the center point coordinates, diameter, circumference, and
cross-sectional area) and uncertainty estimation of segmentation are
the key processes for clinical tumor disease diagnosis. However, these
tasks have been studied independently so far. Because segmentation
and quantification tasks have different optimization types, representing
two different tasks as a unified optimization framework is a severe challenge. In this paper, we propose a unified framework (i.e., Mt-UcGAN:
multi-task uncertainty-constrained generative adversarial network) for
joint segmentation, quantification, and uncertainty estimation of renal
tumors on CT. Mt-UcGAN includes a multitasking integrated generator (MtIG) and an uncertainty-constrained discriminator (UcD). MtIG
achieves multi-task joint learning by novelly merging skip connections
and Monte Carlo sampling. UCD guides the learning of segmentation
and quantification networks by innovatively feeding prior information
with high uncertainty constraints. Mt-UcGAN effectively corrects tumor
prediction errors and improves network performance through continuous
adversarial learning and alternate training. Experiments are performed
on CT of 113 renal tumor patients. The dice coefficient of Mt-UcGAN
is 92.1%, and the R2 coefficient of tumor circumference is 0.9513. The
results show that this method has great potential to be extended to other
medical image analysis tasks and clinical application value.
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2

Y. Ruan et al.

Fig. 1. (a) Our method simultaneously implements pixel-level semantic segmentation, quantification of five tumor indices (tumor diameter(D), circumference(C), crosssectional area(S), and center point coordinates(X, Y)) and uncertainty estimation
through joint learning and adversarial learning, which are time-saving, end-to-end,
reliable and stable. (b)The existing clinical method is to segment through algorithm
first and then the doctors manual quantify by visual observation and experience, which
is time-consuming, multi-step, subjective and changeable because quantification accuracy depends on segmentation accuracy. And so far there has been no research on
uncertainty estimation.
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Introduction

The segmentation, quantification, and uncertainty estimation of renal tumors on
CT images are key processes in clinical tumor disease diagnosis. Some important renal tumor indices, such as tumor diameter, perimeter, cross-sectional area,
and center point coordinates, are an important basis for tumor diagnosis [1, 2].
Therefore, accurate quantification of the tumor indices is essential for accurate
diagnosis of tumors. However, manual segmentation and quantification are challenging and time-consuming in practice and show high intra- and inter-operator
variability [3]. The advantage of the renal tumor segmentation method is that
it can provide physicians with visual inspection and pixel-level semantic interpretation based on the segmentation results [4–7]. However, due to the need for
additional geometric calculations, the final quantification result of tumor indices
is usually affected by the segmentation accuracy.
Direct quantification methods of tumor indices cannot provide a visual examination and pixel-level semantic interpretation for clinicians, which limits the
potential clinical use of this method [8]. So far, the two tasks of segmentation and
quantification have been studied independently [9–15]. The segmentation task is
a discrete pixel-level classification problem, while direct exponential quantification is a global regression problem. These two tasks have different optimization
types. Therefore, representing two different tasks as a unified optimization framework is a serious challenge. However, these two tasks are common in nature and
have a strong complementary relationship [16–18]. By modeling these two tasks
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into a unified framework, joint and efficient optimization can be achieved, and
the performance of automatic quantification of tumor indices can be improved.
Uncertainty is the feedback of clinical diagnosis. Specifically, uncertainty estimation can avoid overconfidence and erroneous quantification, and allow clinicians to further modify cases with higher uncertainty [19–21]. And it can also
provide clinicians with feedback on the reliability of the results, which helps doctors to conduct subsequent visual inspections and revisions on the results to further improve the accuracy of the diagnosis. This is crucial for clinical diagnosis,
especially with the popularization of automatic tumor segmentation algorithms.
More importantly, uncertainty estimation can feed important prior information
to deep learning networks to guide the learning of the network. However, current
research on renal tumors ignores this vital task.
In this paper, the multi-task uncertainty-constrained generative adversarial
network (Mt-UcGAN) is proposed for joint segmentation, quantification, and
uncertainty estimation of renal tumors. We creatively proposed an adversarial
mechanism with uncertainty constraints, consisting of two competing modules:
1) Multitasking integrated generator, which novelly integrates skip connections
to force the integration of segmentation and quantification tasks that share the
same encoder into a unified optimization framework, thereby learning the shared
representation of segmentation and quantification to generate beneficial interactions. 2) Uncertainty-constrained discriminator, which creatively feeds prior
knowledge of the prediction result with high uncertainty to the generator, and
guides the learning of segmentation and quantification networks through a multitask comprehensive loss function.
Our contributions are: 1) For the first time, a unified framework for joint
segmentation, quantification, and uncertainty estimation of renal tumors was
proposed. It provides clinicians with direct assessment of the clinically necessary indicators of renal tumors while segmenting tumors, and the reliability of
segmentation. 2) A novel multitasking integrated generator is proposed, which
incorporates skip connections to effectively reduce the interference of unified
optimization of segmentation and quantification on segmentation. 3) An innovative uncertainty-constrained adversarial mechanism is proposed, which effectively feedbacks the prior knowledge of high uncertainty constraints to guide the
learning of segmentation and quantification networks.

2

Methodology

Our Mt-UcGAN simultaneously segments and quantifies renal tumors, and
estimates the uncertainty of the segmentation results through multi-task
uncertainty-constrained GAN mechanism (see Fig. 2). It is implemented through
two collaborative modules: 1) Multitasking integrated generator (Sect. 2.1) consists of a region of interest extractor (see Fig. 2(a)) for the extraction of tumor
regions of interest to reduce the input noise and the post-processing amount of
data, an encoder-decoder with MC-dropout (see Fig. 2(b)) for joint segmentation
and uncertainty estimation by fusing Monte Carlo sampling to better preserves
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Fig. 2. Our proposed Mt-UcGAN achieves segmentation, quantification, and uncertainty estimation of renal tumors. An innovative adversarial mechanism of uncertainty
constraints effectively integrates multiple tasks through joint learning and learns the
prior information of uncertainty constraint feedback.

class boundary information, and a regressor that shares the same encoder with
the encoder-decoder (see Fig. 2(c)) for the quantification of five tumor indices
(i.e., the center point coordinates, diameter, circumference, and cross-sectional
area) by fusing skip connections to interact with the segmentation network. 2)
Uncertainty-constrained discriminator (Section 2.2) for guidance on the learning
of segmentation and quantification network by feeding back the prior knowledge
of high uncertainty to the generator to monitor and encourage the generative
model to generate correct predictions.
2.1

Multitasking integrated generator (MtIG) for joint learning

The MtIG integrates region of interest extractor, encoder-decoder with MCdropout and end-to-end regressor into the generator, which simultaneously implements pixel-level semantic segmentation, indices quantification, and uncertainty estimation of segmentation through joint learning.
Region of interest extractor (RoiE) connects hierarchical pyramid feature extraction network and region proposal network for extraction of the tumor
regions of interest (see Fig. 2(a)). The hierarchical pyramid feature extraction
network effectively detects early small renal tumor targets. This combines lowresolution but semantically strong features with high-resolution but semantically
weak features through top-down paths and horizontal connections based on the
principle of the pyramid structure. The result is high-level semantic information at all scales. The extraction of the region of interest reduces the amount of
post-processing data, while eliminating some noise by determining the general
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location of the tumor, reduces the time complexity of the network, and increases
accuracy.
Encoder-decoder with MC-dropout (EdMC) novelly incorporates
Monte-Carlo sampling for joint segmentation and uncertainty estimation of the
renal tumor (see Fig. 2(b)). It includes a series of encoders and a corresponding
set of decoders, followed by a per-pixel classifier. Each encoder consists of one
or more non-linear convolutional layers with batch normalization and ReLU,
followed by non-overlapping maximum pooling or subsampling. Each decoder
contains multiple convolutional layers and then up-samples the sparse encoding
due to the merging process using the largest pool index in the encoding sequence.
Each encoder corresponds to a decoder by skip connections. This effectively preserves class boundary details and reduces the total number of model parameters.
A dropout layer is then inserted after each encoder and each decoder unit. Multiple sampling is achieved through the dropout layer. The average of multiple
samples is the final output corresponding to the image semantic segmentation,
and the sample variance represents the uncertainty of the model prediction. The
mask loss Lm are derived from the following formulas:
Lm (mit , mip ) = − (mip log (mip ) + (1 − mit ) log (1 − mip ))

(1)

where the variable mit represents the mask binary matrices from the prediction
and mip represents ground-truth label.
End-to-end regressor (E2 R) that shares encoder with the segmentation
network novelly merges skip connections to force learning of the shared representation of segmentation and quantification to produce beneficial interactions
for the prediction of the tumor indices (i.e., the center point coordinates, diameter, circumference, and cross-sectional area) (see Fig. 2(c)), which reduces the
interference of unified optimization of segmentation and quantification on segmentation. The error function is based on the difference between the predicted
and actual values, and the mapping relationship is derived from the following
formula:

0.5x2 if |x| < 1
Lr (xii , xip ) = smoothL1 (vit − vip ) , smoothL1 (x) =
(2)
|x| − 5 otherwise
Where xip variable represents the predicted value of five indices (i.e., the center
point coordinates (X, Y), diameter (D), circumference (C), and cross-sectional
area (S) of the tumor), and xit represents the measured value of the real label.
The global loss function of multitasking integrated generator (MtIG) incorporating dual paths is defined as:
1 X
pit Lr (bip , bit )
LM tIG ( mit , mip , bit , bip , vit , vip ) = γ
Nr2 i
|
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(3)
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where constant N represents the number of corresponding bounding boxes.
These hyperparameters β, γ and δ are set to 0.2, 0.3 and 0.5 respectively according to experience and practice to balance the training losses of different
tasks.
Summarized advantage: The multitasking integrated generator novelly
merges skip connection and Monte Carlo sampling to represent different tasks
as a unified framework, thereby generating beneficial interactions, reducing the
interference of unified optimization of segmentation and quantification networks
on segmentation.

2.2

Uncertainty-constrained discriminator (UcD) for adversarial
guided learning

The UcD module monitors and encourages generative models to generate correct predictions through adversarial learning guided by the high uncertainty of
the generative model (see Fig. 2). Under the adversarial mechanism, the UcD
module receives prediction maps with high uncertainty from the generator or
manual maps from ground truth as input and then outputs a single scalar indicating whether the input is from the generative network or ground truth. Then
it feeds the prior information of uncertainty constraints to the generator through
the multi-task comprehensive loss function to guide the learning of segmentation
and quantification networks. When strong adversarial learning occurs, the discriminative network eagerly causes the generative model to look for mismatches
in various high-order statistics between the predicted segmentation map and the
ground truth. The hybrid loss function of Mt-UcGAN is defined as:
LM t−U cGAN (θs , θd ) =

1 X
LM tIG (mit , mit , mip , bit , bip , vit , vip )
Nm i
{z
}
|
Multitasking Integrated generator

(4)

− λ [LU cD (D (mit ) , 1) + LU cD (mip , 0)]
|
{z
}
Uncertainty-constrained Discriminator

λ is set to one to maintain the balance of adversarial learning. The weighted
two-class cross-entropy loss of UcD is defined as:
LU cD (mit , U cD (mit )) = − [mit log U cD (mit ) + (1 − mit ) log (1 − U cD (mit ))]
(5)
where mit is the input labels (fake maps are zeros and ground maps are ones),
while U cD (mit ) are the single scalar of the output of the discriminative network.
Summarized advantage: The uncertainty-constrained discriminator creatively feeds the prior knowledge of prediction results with high uncertainty to
the generative network to guide the learning of segmentation and quantification
path.
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Experiments and Results

The Mt-UcGAN demonstrates high segmentation performance with a pixel accuracy of 97.3%, high quantification performance with the R2 coefficients of tumor
circumference is 0.9513 and low uncertainty (see Fig. 3). Experimental results
demonstrate the effectiveness of this method in segmentation, quantification,
and uncertainty estimation of renal tumors on CT.
Dataset and Configuration. A total of 3000 2D axial slices composed of
113 subjects with renal tumors is selected as the experiment. Two radiologists
with more than ten years of experience manually segmented and quantified renal tumors on CT images. If there are differences, a consensus must be reached
between the two experts. Our deep learning model was implemented using TensorFlow 1.3.0, Keras 2.0.8 on an Ubuntu 16.04 machine, and was trained and
tested on an NVIDIA Titan Xp 12GB GPU. All experiments were assessed with
a 10-fold cross-validation test. Divide the data set into ten parts, taking nine
of them as training data and one part as test data in turn. The average value
of the accuracy of the ten results is used as an estimate of the accuracy of the
algorithm. We alternately optimize the hybrid loss function of the segmentation
network and the loss function of the discriminant network in the Mt-UcGAN.
First, the parameters of the discriminant network are fixed to optimize the generation network, and then the discriminative network is optimized according to
the updated parameters. It alternates until the network converges.
Accurate Segmentation. The experimental results show that Mt-UcGAN
has high segmentation performance with a pixel accuracy of 97.3%, a dice coefficient of 92.1%, a sensitivity of 95.7%, a specificity of 93.4%, as shown in Table
2 and Table 3.
Precise Quantification. The proposed Mt-UcGAN has high quantitative
performance as shown in Table 1. The R2 coefficients predicted by our method for
the five tumor indices are 0.9321 in X-coordinate of tumor center point, 0.9402 in
Y-coordinate of tumor center point, 0.9289 in diameter, 0.9513 in circumference
and 0.9485 in area. It shows that the values of the tumor indices predicted by
our method are very close to the actual values, and the fitting effect is very well.

Table 1. Mt-UcGAN yielded higher quantitative performance on the five indexes of
tumors. The R2 coefficients are all close to 1.
Metrics
X-coordinate Y-coordinate Diameter(D) Circumference(C) Area(S)
R2 coefficient 0.9321
0.9402
0.9289
0.9513
0.9485

Advantage of Mt-UcGANs architecture (Ablation study). Table 2
demonstrates that each of our technological innovations in Mt-UcGANs has effectively improved the accuracy of the renal tumor segmentation. The third row
is about 8% higher than the second row in pixel accuracy, indicating that skip
connection can significantly reduce the interference on segmentation caused by

8

Y. Ruan et al.

Fig. 3. The comparison of segmentation results between the proposed method and
three typical deep learning networks indicates that the performance of the network is
superior. The first column is Groundtruth, and the second to fifth columns are the latest
deep learning methods [22–24] and our method for renal tumor lesion segmentation
comparison. The last column is uncertainty estimation of our segmentation results.

the unified optimization of segmentation and quantification. The fourth row is
about 5% higher than the third row in pixel accuracy, indicating that Monte
Carlo sampling can improve the accuracy of the network. The fifth row is about
5% higher than the fourth row in pixel accuracy, indicating that the constraint
of uncertainty can improve the accuracy of the network.
Table 2. Each of our technological innovations in Mt-UcGANs effectively improved
the segmentation accuracy of network.
Method
Ed
Ed+E2 R
Ed+E2 R+skip
EdMC+E2 R+skip
EdMC+E2 R+skip+UcD

Pixel accuracy
83.5%
74.3%
87.5%
92.3%
97.3%

Dice coefficient
79.6%
71.9%
82.6%
87.1%
92.1%

Specificity
80.7%
73.5%
83.7%
88.6%
95.7%

Sensitivity
81.8%
74.4%
84.8%
89.1%
93.4%

Comparison with state-of-the-art methods. This paper tracks a comparison of segmentation performance among the proposed method and state-ofthe-art method [22–24] by pixel accuracy, dice coefficient, specificity, sensitivity
as shown in Table 3. The segmentation result of our proposed method is closest
to ground truth compared with the state-of-art deep learning methods (see Fig.
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3). To directly evaluate the quality of the segmentation process, Figure 3 shows
the cross-sectional images from the same cube.
Table 3. Mt-UcGAN yielded higher performance than state-of-art segmentation methods on renal tumors.
Method
Proposed method
Yin, Kevin, et al.[22]
Xia, Kai-jian, et al.[23]
Yu, Qian, et al.[24]

4

Pixel accuracy
97.3%
92.1%
89.4%
87.7%

Dice coefficient
92.1%
79.6%
83.8%
80.4%

Specificity
95.7%
86.7%
81.1%
83.4%

Sensitivity
93.4%
83.4%
85.4%
82.2%

Conclusion

For the first time, a multi-task uncertainty-constrained generative adversarial
network (Mt-UcGAN) was proposed for joint segmentation, quantification, and
uncertainty estimation of renal tumors. We creatively proposed an adversarial
mechanism with uncertainty constraints. Experiment results demonstrate that
Mt-UcGAN can aid in the clinical diagnosis of tumor assessments. And it can
also provide clinicians with feedback on the reliability of the results, which helps
doctors to conduct subsequent visual inspections and revisions on the results to
further improve the accuracy of the diagnosis.
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