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Featured Application: This study proposes fast and innovative deep learning networks for auto-
matic retroperitoneal sarcoma segmentation in computerized tomography images.

Abstract: The volume estimation of retroperitoneal sarcoma (RPS) is often difficult due to its huge di-
mensions and irregular shape; thus, it often requires manual segmentation, which is time-consuming
and operator-dependent. This study aimed to evaluate two fully automated deep learning networks
(ENet and ERFNet) for RPS segmentation. This retrospective study included 20 patients with RPS
who received an abdominal computed tomography (CT) examination. Forty-nine CT examinations,
with a total of 72 lesions, were included. Manual segmentation was performed by two radiologists
in consensus, and automatic segmentation was performed using ENet and ERFNet. Significant
differences between manual and automatic segmentation were tested using the analysis of variance
(ANOVA). A set of performance indicators for the shape comparison (namely sensitivity), positive
predictive value (PPV), dice similarity coefficient (DSC), volume overlap error (VOE), and volumetric
differences (VD) were calculated. There were no significant differences found between the RPS
volumes obtained using manual segmentation and ENet (p-value = 0.935), manual segmentation and
ERFNet (p-value = 0.544), or ENet and ERFNet (p-value = 0.119). The sensitivity, PPV, DSC, VOE, and
VD for ENet and ERFNet were 91.54% and 72.21%, 89.85% and 87.00%, 90.52% and 74.85%, 16.87%
and 36.85%, and 2.11% and −14.80%, respectively. By using a dedicated GPU, ENet took around
15 s for segmentation versus 13 s for ERFNet. In the case of CPU, ENet took around 2 min versus
1 min for ERFNet. The manual approach required approximately one hour per segmentation. In
conclusion, fully automatic deep learning networks are reliable methods for RPS volume assessment.
ENet performs better than ERFNet for automatic segmentation, though it requires more time.
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1. Introduction

Soft tissue sarcomas are rare, malignant mesenchymal neoplasms that account for
less than 1% of all malignant tumors. Of all sarcomas, the majority occur outside of the
retroperitoneum, while around 10% of all sarcomas occur in the retroperitoneum [1], with a
mean annual incidence of 2.7 per million [2]. The prognosis for patients with retroperitoneal
sarcoma (RPS) is relatively poor, with a 36% to 58% overall 5-year survival rate and a natural
history characterized by late recurrence [3]. RPS are frequently underdiagnosed at the early
stage, and symptoms appear late, as they are associated with the displacement of adjacent
organs and obstructive phenomena. When present, symptoms include abdominal pain,
back pain, bowel obstruction, or palpable abdominal mass [1].

A variety of imaging techniques, including computed tomography (CT), positron
emission tomography-computed tomography (PET/CT), and magnetic resonance imaging
(MRI), may be used to assess RPS. Among them, CT is the most commonly used modality
for the identification, localization, and staging of RPS [4]. CT examination allows for tissue
components characterization and offers multiplanar reconstructions to easily depict the
anatomic site of the origin of a mass, as well as its relationship to adjacent organs and
vasculature [5].

RPS is one of the largest tumors of the human body [6]: lesions with a measure of <5 cm
are considered rare, while a measure of >20 cm is found in 20 to 50% of masses at the time
of resection [7]. Despite RPS’s large dimension, the impact of tumor size on the patient’s
survival remains controversial. Several previous studies have failed to demonstrate any
association of tumor size [8–16], while others have found that a size threshold of 10 cm is
significant for survival [17,18]. However, these previous studies analyzed just the largest
lesion’s diameter instead of the volume. RPSs have an irregular shape, and the largest
diameter cannot reflect the real tumor volume.

Manual segmentation based on imaging sections could be used for a volume esti-
mation, and it is considered the gold standard for segmentation methods; however it is
time-consuming, requires experience, and is strongly operator-dependent. Recently, deep
learning methods, especially supervised classification methods based on convolutional
neural networks, have been successful in the field of medical imaging for segmenting the
anatomy of interest [19,20]. To our knowledge, no prior studies explored deep learning
methods for RPS automatic segmentation.

Therefore, the aim of this study is to evaluate fully automated deep learning networks,
namely the Efficient Neural Network (ENet) and the Efficient Residual Factorized ConvNet
(ERFNet), for RPS segmentation and to compare their results with manual segmentation
performed in contrast-enhanced CT examinations of the abdomen.

2. Materials and Methods

The present study is a retrospective study and written informed consent was waived
by our ethical committee. All of the patients who underwent CT examination provided
written informed consent for the use of their anonymized CT studies for research purposes.

2.1. Population Selection

The tumor registry database of the Department of Oncology of our hospital was
queried for patients with RPS between 2013 and 2021. Patients with sarcomas that orig-
inated in the gastrointestinal tract (namely gastrointestinal stroma tumors) or in other
abdominal visceral organs were excluded from the study due to the different imaging ap-
pearances and tumor shapes. The search retrieved 56 patients with histological diagnoses
of RPS. From these patients, we identified 20 who underwent contrast-enhanced CT at
our hospital. Thirteen of these patients had only CT examinations performed at the time
of the diagnosis, while seven patients had CT examinations at the time of diagnosis and
after treatments (one patient had three post-treatment CT examinations, two patients had
four CTs, two patients had five, one patient had six, and one patient had eight). All CT
examinations’ images were reviewed by a radiologist (G.S.) with 20 years of experience in
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abdominal radiology on a Pictures Archiving and Communication System (PACS—Impax,
Agfa-Gevaert, Mortsel, Belgium), confirming the presence of RPS and, eventually, the
recurrence in post-treatment CT scan examinations. When recurrence was found, post-
treatment CT examinations were also included in the present study. Six post-treatment CT
examinations were excluded for the lack of recurrence.

2.2. CT Imaging

All patients included in this study performed a standard protocol CT scan at the
radiology department of our hospital. Patients underwent an abdominal contrast-enhanced
computed tomography scan on a 16-slice CT scanner (General Electric BrightSpeed, Mil-
waukee, WI, USA). The scanning parameters were a tube current of 100 mAs, a peak tube
voltage of 120 KV, a rotation time of 0.6 s, a detector collimation of 16 × 0.625 mm, a field
of view of 350 mm × 350 mm, and a matrix of 512 × 512. Contrast-enhanced CT was
performed by injecting about 1.5 mL/kg of iodinated contrast agent (400 mg/mL Iomeprol,
Iomeron 400, Bracco Imaging, Milan, Italy; 370 mg/dl Iopromide, Ultravist 370, Bayer
Pharma, Berlin, Germany; or 350 mg/dL Iobitidrol, Xenetix 350, Guerbet, Roissy, France,
depending on the clinical availability) at a flow of 3 mL/s, followed by the infusion of
20 mL of saline solution with a pump injector (Ulrich CT Plus 150, Ulrich Medical, Ulm,
Germany). Images were acquired in the non-enhanced scan and portal-venous phase.
Portal venous phase was obtained after 70 s of delay after intravenous injection of the
contrast agent.

All CT examinations were performed with the patient in a supine position during a
single inspiratory breath-hold whenever possible.

2.3. Manual Segmentation

Manual RPS segmentations were performed in consensus by two radiologists (A.G.
and M.P.), both with 3 years of experience in abdominal CT. CT portal-venous phase
images were used for manual segmentation. Each CT portal-venous examination was
anonymized and imported into an open-source DICOM (Digital Imaging and Communica-
tion in Medicine), viewer equipped with Horos (LGPL license at Horosproject.org [21]) in
order to obtain volume lesion by manual segmentation. Lesion boundaries were manually
traced with a contouring tool (pencil), slice by slice. Afterward, the “compute volume” tool
was used to obtain the volume rendering of the entire RPS with the volume measurement.
The time required by the entire process was dependent on the lesion’s dimension. Manual
RPS segmentation volumes were used as a reference standard.

2.4. Automatic and User-Independent Segmentation

Deep learning enables automated identification and delineation of regions of interest
in biomedical images, and consequently, it is of great interest in radiology. Nevertheless, it
requires high computational power and long training times. In order to overcome this issue,
ENet [22] and ERFNet [23] have been proposed as fast and lightweight networks capable
of obtaining accurate segmentation with low training time and hardware requirements.
Indeed, it was developed for fast inference and high accuracy in augmented reality and
automotive scenarios where hardware availability is limited.

Specifically, ENet is based on building blocks of residual networks, with each block
consisting of 3 convolutional layers. These are a 1 × 1 projection that reduces dimensionality,
a regular convolutional layer, and a 1 × 1 expansion with batch normalization. ENet has
asymmetric convolutions characterized by separable convolutions with sequences of 5 × 1
and 1 × 5 convolutions. The 5 × 5 convolution has 25 parameters, while the corresponding
asymmetric convolution has only 10 parameters to reduce the network size. Finally, ENet
uses a single starting block in addition to several variations of the bottleneck layer. The
bottleneck layer is used to force the network to learn the most salient features present in
the input and, consequently, to ignore the irrelevant parts.
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ERFNet is optimized over ENet to improve accuracy and efficiency. The basic building
block module is a non-bottleneck 1D layer comprised of two sets of factorized (separable or
asymmetric) convolutions of a size of 3 × 1 followed by the 1 × 3 with rectified linear unit
non-linearity. The input feature map of the main convolution path is added element-wise
to the output of the convolution path, which represents the input of the next layer after
applying the rectified linear unit non-linearity. The size of input is 512 × 512, while the
down-sampler block is similar to that of ENet architecture.

Furthermore, both ENet and ERFNet can be used as an alternative to transfer learning,
usually used to compensate for the lack of labeled biomedical images. ENET and ERFNet
can learn a lot of information, even from small datasets, as demonstrated in several biomed-
ical segmentation studies [24–27], in which they outperformed other state-of-the-art deep
learning approaches, such as UNet.

2.5. Experimental Detail

In the current study, to further overcome the issue related to a limited amount of data,
the five-fold cross-validation strategy was adopted by randomly dividing the whole dataset
into five folds (9 or 13 studies). Consequently, we trained five models by combining four of
the five folds into a training set and by keeping the remaining fold as the validation fold.
In our experiments, to avoid including slices from the same patient into the training and
validation sets, the patients were firstly split randomly into a training set and validation set
and then the slices corresponding to the patients were used to construct the training and
validation sets. Therefore, the issue of potential overlap between the training and validation
sets does not exist. We used an initial set of 20 lesions to determine the best learning rates
experimentally. Specifically, for the training task, the following parameters were used:
(i) a learning rate of 0.0001 and 0.00001 with Adam optimizer [28] for ENet and ERFNet,
respectively; (ii) a batch size of 8 slices for all studies; (iii) a maximum of 100 epochs with an
automatic stopping criterion (if the loss did not decrease for 10 consecutive epochs); and (iv)
the Tversky loss function [29] with α = 0.3 and β = 0.7. Data augmentation was obtained
by randomly rotating; translating in both the x and y directions; and applying shearing,
horizontal flip, and zooming to the input training slices. Consequently, six different types of
data augmentation techniques were used to reduce overfitting, while data standardization
and normalization were used to help the models converge faster and to avoid numerical
instability. A graphics processing unit (GPU), i.e., NVIDIA QUADRO P4000 with 8 GB
VRAM and 1792 CUDA Cores, was adopted to train and run inference.

2.6. Evaluation Analyses

Analysis of variance (ANOVA) on the manual and automatic segmentation was used
to test the differences (a p-value < 0.05 indicates a significant difference) between the
manual and automatic approaches. Specifically, the F-value was calculated to assess if
the means between the two populations were significantly different. The F critical value
was calculated to compare it with the F-value; if the F-value is larger than the F critical
value, the null hypothesis can be rejected. In addition, RPS volumes calculated from the
manual and automatic approaches were compared using a correlation graph and Bland
Altman plot.

Finally, a set of performance indicators routinely used in the literature for shape com-
parison [30] were calculated, namely the dice similarity coefficient (DSC), sensitivity, volume
overlap error (VOE), volumetric difference (VD), and positive predictive value (PPV):

DSC =
2 ∗ TP

2 ∗ TP + FP + FN
∗ 100% (1)

Sensitivity =
TP

TN + FN
∗ 100% (2)

VOE =
1 − TP

TP + FP + FN
∗ 100% (3)



Appl. Sci. 2022, 12, 1665 5 of 12

VD =
FN − FP

2 ∗ TP + FP + FN
∗ 100% (4)

PPV =
TP

TP + FN
∗ 100% (5)

where TP, FP, TN, and FN are the number of true positives, false positives, true negatives,
and false negatives, respectively.

3. Results
3.1. Population

The final population consisted of 20 patients (n = 11 women; n = 9 men; mean age,
64 years old; age range, from 40 to 86 years old) with 49 CT examinations and 72 RPS
lesions (one lesion in 40 CT examinations, two lesions in eight, three lesions in one, four
lesions in one, and nine lesions in one). The most frequent histological subtype of sarcoma
was liposarcoma (n = 14), while the remaining patients had leiomyosarcoma (n = 6). All of
the liposarcomas and 4 leiomyosarcomas were poorly differentiated (G3; n = 18), while 2
leiomyosarcomas were moderately differentiated (G2).

3.2. ANOVA Analysis

The mean RPS volumes obtained using manual and automatic segmentations were
2697.57 cubic centimeters (cc) (SD = 4075.73 cc) for the manual approach, 2539.88
(SD = ±3464.10 cc) for ENet, and 1701.48 cc (SD = ±1996.71 cc) for ERFNet. Table 1
shows the minimum, 25th percentile, median, 75th percentile, and maximum RPS volume
obtained using manual and automatic segmentation.

Table 1. Reference values of manually and automatically segmented RPS volumes from CT examina-
tions in cubic centimeters (cc).

Minimum 25th
Percentile Median 75th

Percentile Maximum

Manual 227.20 cc 515.30 cc 1108.00 cc 2836.00 cc 13,820.00 cc

ENet 205.90 cc 550.00 cc 1173.00 cc 3024.00 cc 11,780.00 cc

ERFNet 163.10 cc 519.50 cc 605.70 cc 1577.00 cc 6196.00 cc

Table 2 reports no significant difference between the RPS volumes obtained using the
manual approach and ENet (p = 0.935), the manual approach and ERFNet (p = 0.544), or
ENet and ERFNet (p = 0.119).

Table 2. Analysis of variance (ANOVA) on retroperitoneal sarcoma volumes showed no significant
difference between manual and automatic segmentations.

F-Value F Critic Value p-Value

ENet vs. Manual 0.0069 4.494 0.935

ERFNet vs. Manual 0.3854 4.494 0.544

ENet vs. ERFNet 2.3263 4.494 0.119
ENet, Efficient Neural Network; ERFNet, efficient residual factorized ConvNet.

The correlation graph showed a high positive correlation between manual and ENet
segmentation [r2 = 0.99] and a moderate correlation between manual and ERFNet segmen-
tation [r2 = 0.79], as shown in Figure 1a,c. In the same way, the Bland–Altman plots showed
a high consistency between manual and ENet segmentation and a reproducibility coeffi-
cient (RPC) of ≤ 1400 cc or ≤16% of values; values of 0% or 100% indicate a high or low
consistency, respectively, and a low consistency between manual and ERFNet segmentation
(RPC of ≤5200 cc, or ≤100% of values), as shown in Figure 1b,d.
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Figure 1. (a) Correlation graph, (b) Bland–Altman plot between manual and Efficient Neural Network
(ENet) volumetric segmentation, (c) correlation graph, and (d) Bland–Altman plot between manual
and Efficient Residual Factorized ConvNet (ERFNet) segmentation. RPC, reproducibility coefficient;
SSE, sum of squared error; n, number of data points; p-value, Pearson correlation p-value; r2, Pearson
r-value squared; cc, cubic centimeters; KS, Kolmogorov–Smirnov test; SD, standard deviation.

3.3. Performance Analysis

Table 3 illustrates the performance metrics obtained by comparing the automatic and
manual delineations by averaging the results of the five validation folds during the fivefold
cross-validation process. A DSC greater than 90% for ENet indicates excellent performances
that justify the use of an automatic and independent operator method rather than the
manual method, which, although more precise, is very time-consuming, as reported below.

Table 3. Performance results using ENet and ERFNet (fivefold cross-validation strategy).

Sensitivity PPV DSC VOE VD

ENet

Mean ± SD 91.54 ± 7.49% 89.85 ± 5.66% 90.52 ± 5.49% 16.87 ± 8.81% 2.11 ± 8.53%

±CI (95%) 4.89% 3.70% 3.59% 5.76% 5.58%

ERFNet

Mean ± SD 72.21 ± 26.11% 87.00 ± 8.00% 74.85 ± 19.28% 36.85 ± 21.87% −14.80 ± 33.32%

±CI (95%) 17.06% 5.23% 12.60% 14.29% 21.77%
ENet, Efficient Neural Network; ERFNet, efficient residual factorized ConvNet; PPV, positive predictive value;
DSC, dice similarity coefficient; VOE, volume overlap error; VD, volumetric difference; SD, standard deviation;
CI, confidence interval.
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Figure 2 shows the training DSC and the loss function plots for one fold: a DSC > 90%
was achieved in just ~20 iterations for ENet. ERFNet always turns out to be worse than
ENet, except for the segmentation speed, as can be seen in Table 4.
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Figure 2. (a) Dice similarity coefficient and (b) loss function; Tversky loss plots for Efficient Neural
Network (ENet) in red lines and Efficient Residual Factorized ConvNet (ERFNet) in blue lines during
the training process for one fold.

Table 4. Comparison of computational complexity and performance between the two deep learning
models.

Number of Parameters Size on Disk Inference Times (s)/Sataset Training Times
(Days)/Dataset

Trainable Non-Trainable CPU GPU GPU

ENet 363,069 8354 5.8 MB 113.10 15.64 5.31

ERFNet 2,056,440 0 25.3 MB 58.08 13.49 4.16

ENet, Efficient Neural Network; ERFNet, efficient residual factorized ConvNet; MB, megabyte; CPU, central
processing unit; GPU, graphics processing unit; sec, seconds.

Specifically, using GPU hardware (NVIDIA QUADRO P4000 with 8 GB VRAM and
1792 CUDA Cores), ENet takes about 15 s for a whole segmentation versus 13 s of ERFNet.
In the case of a CPU (Intel(R) Xeon(R) W-2125 CPU 4.00GHz processor), ENet takes
about 2 min versus 1 min of ERFNet. The manual approach required an average time
of 3887 ± 1600 s (approximately one hour per segmentation). Examples of the obtained
segmentations are shown in Figure 3 for two patients with abdominal soft tissue sarcomas.
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Figure 3. Comparison of segmentation performance in three different slices for (a) patient #005, and
(b) patient #033. Manual (yellow), ENet (red), and ERFNet (green) segmentations are superimposed.
In the first study, ENET and ERFNet obtained optimal DSCs (96.69% and 93%, respectively). In
the second study, ERFNet showed poor DSC (30.55%) while ENET maintained similar performance
compared to the first study (95%).

4. Discussion
4.1. Volume Estimation of Retroperitoneal Sarcoma

Due to the nonspecific presentation of their initial symptoms, RPSs are often seen
during an initial evaluation on a CT scan as part of a general abdominal survey [31]. A
contrast- enhanced CT allows for confirmation of the site and origin of the mass, and often
the tissue composition [32], with the additional benefit of wide availability. An MRI is
reserved for patients with an allergy to iodinated contrast agents or problem-solving when
some finding is equivocal on a CT scan. It has been reported that different histotypes of RPS
can differ widely in terms of both histologic features and clinical behavior; these different
histopathologic characteristics may influence glucose metabolism and thus the 18F-FDG
uptake in PET examination [33]. Moreover, the difference observed in the maximum
standardized uptake value (SUVmax) of RPS might be explained by the distinctions in
cellularity and necrosis percentage in distinctive histotypes [34]. This different behavior
may influence segmentation results. For example, Neabauer et al. [35] reported that the
same tumor segmentation yields different results in MRI and PET scans: in an MRI scan,
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necrosis is considered part of the tumor, but it is not visible on the PET scan, as the necrosis
is no longer metabolically active.

The size of the RPS is an important prognostic criterion included in TNM staging
(AJCC). Panda et al. [36] reported that size, as measured for the greatest tumor length, was
significant in predicting an early relapse. Moreover, in Cox’s proportional hazard model,
the time-to-event analysis and large size and weight (together with other variables, such as
higher age, male sex, incomplete resection, and high grade) become significant, predicting
an early recurrence. There is also increasing evidence for the benefits of radiotherapy
for RPS to improve local relapse-free survival. Ecker et al. [37] identified size as the only
tumor-related variable associated with the use of neoadjuvant radiotherapy. However,
all previous studies based their results on tumor size, as measured for the greatest tumor
length. An RPS often has a highly irregular shape; therefore, tumors with the same axis
length may have a different volume. Further studies are necessary to evaluate whether an
overall volume greater than the maximum diameter changes the prognosis and therapy in
the era of precision medicine.

4.2. Deep Learning Network and Volume Estimation

This study shows that automatic segmentations with deep learning networks and
using portal-venous CT images are reliable methods for the automatic tumor volumetric
measurements of RPS. The best performance for automatic segmentation was reached by
ENet, with the VD between the automatic and manual segmentation at 2.11% for ENet
and at −14.80% for ERFNet. Furthermore, we observed a VOE value of 16.87% for ENet
and of 36.85% for ERFNet. These results indicate a low volumetric overlap error between
the segmentation results and the manual segmentation, using ENet. To our knowledge,
no other studies investigated the role of a deep learning network for RPS segmentation.
Our results are concordant with prior investigations exploring the ENet for automatic
segmentation in other organs. In a prior study, Lieman-Sifry et al. [38] presented the
FastVentricle, an ENet variation, with skip connections for cardiac segmentation. They
compared their results to that of the DeepVentricle, the architecture previously cleared
by the FDA for clinical use. Both automatic segmentation methods had a median relative
absolute error between 5% and 7%. A study involving 103 patients imaged with a prostate
MRI [39] used ENet and UNet for the prostate gland segmentation, in comparison with
the manual segmentation, which reported a VD of 6.85% and −3.11%. Comelli et al. [40]
tested the ENet, UNet, and ERFNet for prostate gland segmentation, which reported mean
VDs of 4.53%, 3.16%, and 5.70%, respectively. They obtained the best VOE value with ENet
(16.50%), which is similar to the UNet and ERFNet (17.66% and 22.18%, respectively). The
DSC is a widely used measure for evaluating medical image segmentation algorithms. It
offers a standardized measure of segmentation accuracy, which has proven useful [41]. In
the current study, the obtained DCS was 90.52% for ENet and 74.85% for ERFNet. The
higher DSC value obtained in our dataset, using ENet, demonstrates a greater similarity to
the manual segmentation contour and high-segmentation accuracy.

4.3. Timing Delineation

Our study showed that automatic and user-independent segmentation was much
faster than manual segmentation for RPS volumetric analysis. Manual segmentation re-
quired an average time of 3887 s, while automatic segmentation required a few seconds.
This would suggest good viability for the use of automatic segmentation in clinical prac-
tice, where time constraints may restrict which methods are used. ERFNet had better
performance than ENet in terms of training times (4.16 days vs. 5.31 days) and in terms of
inference times (58.08 s vs. 113.10 s, using a dedicated GPU, and 13.49 s vs. 14.64 s, using
CPU). On the other hand, ENet had fewer order-of-magnitude parameters than ERFNet
(363,069 vs. 2,056,440, respectively), requiring lower disk space (5.8 MB vs. 25.3 MB, respec-
tively). However, in our experience, both algorithms can be used in a PC equipped with
simple hardware and in portable devices, such as a tablet or smartphone.
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4.4. Limitations of the Study

Our study has some limitations that need to be reported. We did not consider different
tissue components of lesions. RPS are often highly heterogeneous, with variable tissue
components that include cellular tumor, macroscopic fat, necrosis, and cystic change
depending on the histopathological tumor subtype. These different components have
different density values on CT images, which could influence automatic segmentation
performances. Further studies with a larger population should be proposed. Moreover,
the inter-observer variability for manual segmentation of CT images was not evaluated, as
this was beyond the purpose of the current study. Segmentation from radiologists with
different experience levels may provide different performances.

5. Conclusions

This study describes two deep learning automatic segmentation methods for RPS
volume assessment without the need for user interaction. Starting from the ANOVA test, the
results show that ENet and ERFNet obtained automatic segmentations similar to the manual
segmentations, with no significant difference found between the two automatic volume
estimations. However, ENet seems to perform much better than ERFNet considering
the correlation graph and the Bland–Altman plot (Figure 1), the performance scores in
Table 3, and the examples in Figure 3. The lack of significant difference is most likely due
to the small sample size and high variance in volume size. Furthermore, although ERFNet
was faster in the segmentation process using a CPU, ENET and ERFNet obtained similar
segmentation times using a GPU. In the future, it would be desirable for the integration
of deep learning networks with PACS systems to obtain fast and accurate RPS volume
measurements.
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