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Abstract. Clinical studies have shown that skeletal muscle mass, sar-
copenia and muscle atrophy can be used as predictive indicators for mor-
bidity and mortality after various surgical procedures and in different
medical treatment methods. At the same time, the major psoas muscle
has been has been used as a tool to assess total muscle volume. From
the image processing side it has the advantage of being one of the few
muscles that are not surrounded by other muscles at all times, thereby
allowing simpler segmentation than in other muscles. The muscle is fully
visible on abdominal CT scans, which are for example performed in clin-
ical workups before surgery. Therefore, automatic analysis of the psoas
major muscle in routine CT scans would aid in the assessment of sar-
copenia without the need for additional scans or examinations. To this
end, we present a method for fully automated segmentation of the psoas
major muscle in abdominal CT scans using a combination of methods
for semantic segmentation and shape analysis. Our method outperforms
available approaches for this task, additionally we show a good corre-
lation between muscle volume and population parameters in different
clinical datasets.

1 Introduction and Previous Work

Sarcopenia, the age-related degenerative loss of skeletal muscular mass, has been
associated with a number of harmful outcomes. In the surgical scenario, several
studies have shown that sacropenia negatively impacts the outcome of a number
of surgical procedures. Therefore, assessing the level of sarcopenia before surgery
has effect on treatment decisions. The European Working Group on Sarcope-
nia (EWGSOP) demands that the diagnosis of sarcopenia should be made in
the presence of low muscle mass and either generally low muscle strength or
low physical performance. The quantification of muscle mass requires dedicated
examinations such as dual-energy X-ray absorptiometry (DEXA), bioelectrical
impedance analysis (BIA) or whole body scans using MRI or CT. The latter
two often require manual muscle segmentations or semi-automated software ap-
proaches. At the same time, abdominal CTs are commonly performed in clinical
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workups before surgery, for treatment planning or general medical assessment.
The psoas major muscle is fully visible on abdominal CTs, additionally several
studies have shown that the area of the psoas muscle in axial CT slices is corre-
lated with surgical outcome and sarcopenia. Ultimately an automated analysis
of the psoas muscle could facilitate the assessment of sarcopenia in routine CT
scans and could potentially render dedicated examinations, such as DEXA or
BIA obsolete. To this end, we introduce and evaluate a method for the fully
automated segmentation and analysis of the psoas major muscle in clinical CT
scans that quantitatively outperforms available methods previously presented for
this task. Additionally, we evaluate segmentation results by performing qualita-
tive studies on different patient cohorts, showing that muscle volume reported by
our algorithm allows performing analysis of CT data for sarcopeny assessment
in a clinical scenario.

Decicated methods for the segmentation of the psoas major muscle have
been presented in [1], where a set of shape priors built from quadratic functions
was fitted to the muscle in coronal slices after the centerline of the muscle had
been extracted. In [2], the authors also detect the centerline of the muscle and
subsequently perform a graph cut segmentation following the centerline on axial
slices. Next to those dedicated approaches, a number of abdominal multi-organ
segmentation methods that also include the psoas muscle have been presented,
namely in [3], [4] and [5]. In all approaches, the psoas muscle is not analyzed in
its entirety. Instead only the lumbar section of the muscle is assessed since this
part of the muscle that is seems relevant for clinical analysis.

2 Materials and Methods

In this section, all components that have been used to design the final algorithm
are introduced.

2.1 Materials

The data used for algorithm development consisted of 30 abdominal CT scans in
which the central part of the psoas major muscle had been manually segmented
by radiologists. Since the central part of the muscle is the most relevant for any
assessment, the lower end was not segmented consistently. Therefore, our aim
was to develop a method that can cope with incomplete manual segmentations.

2.2 Single-pass methods

The methods described here use the unprocessed input volume for muscle seg-
mentation and process it either as a whole in 3D or slice by slice in 2D. The
methods used for single-pass segmentation are a 2D and a 3D U-Net [6] [7], dif-
ferent DenseNet variants [8] and the original FCN [9]. All data was converted to
8 bit unsigned integers with a windowing of -55 to +200 HU to capture both fat
and muscle densities. The 2D approaches were trained and validated on all axial
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slices that contained a segmentation mask which was resampled to a size of 512
x 512 pixels. For the 3D segmentation, all data was resampled to a voxel size of
256 x 256 pixels and a voxel z-size of 4 mm, as this is was the dominant reso-
lution in the provided data. Since the annotations were not always covering the
whole muscle, the 3D U-Net was trained on slabs of 16 and 32 slices containing
annotations that were sampled from the input volumes.

2.3 Refining the initial segmentation

While the single-pass methods already yield a segmentation accuracy comparable
to the best published methods for segmenting the psoas muscle (See Sec. 3.1
for evaluation results), these can be further refined by additional segmentation
stages. The refined methods aim at improving segmentations produced by a
single-pass method as described in the previous section, taking advantage of the
fact that these algorithms already provide a valid prior regarding muscle position
and shape. Since the center part of the muscle is surrounded by retroperitoneal
fatty tissue it is easily detectable. The lower (kaudal) part of the muscle belly
coherents with the iliac muscle and is thus harder to differentiate. As this region
contributes to the overall psoas muscle mass to a lower degree, it was neglected
in this study.

Detecting the area of interest: For comparable assessment, a consistent
part of the muscle must be analyzed in all scans. In order to remain consistent
with existing literature and after consultations with radiologists it was decided
that the slices located up to 5 cm above and below the slice in which the psoas
muscle has its largest area should be analyzed, since the largest part of the
muscle mass is concentrated in this area. To define the area of interest, the total
area of left and right psoas muscle in each slice as reported by the single-pass
segmentation are computed and the slice with largest area is selected as center
slice. Subsequently, the slices with a distance of up to 5 cm from the center are
selected and forwarded to the refinement stage.

Local refinement methods with semantic segmentation networks: We
trained a set of different fully connected networks to perform local segmentations
of regions of interest (ROIs) defined by the initial segmentation. To this end, all
right muscles were mirrored to allow training a single architecture for both left
and right muscle. Subsequently, ROIs were defined as square subimages of the
input slice with their center at the center of the segmentation result reported by
the initial segmentation. Different sizes of the bounding boxes were evaluated,
with larger boxes yielding increased contextual information. We evaluated the
performance on input sizes of 128, 160 and 256 pixels that were cropped from
the original CT slices. We combined three individual slices into a multicahnnel
image to perform a 2.5D segmentation in the semantic networks, this approach
yielded slightly better results than processing single slices exclusively.
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Local refinement methods with shape contstraints: We applied a shape-
constrained segmentation method by applying patch-based feature-based active
appearance models (AAMs) [10] to the data. HOG, DSIFT and Fast DSIFT
were used as feature descriptors. To acquire the points required for point-based
registration from the segmentation masks, the boundary of the segmentation
mask in each slice was represented with 72 equidistantly arranged landmark
points. Subsequently, a total of 1898 slices from the center areas of the muscles
in the training set were selected to build the AAMs. The AAMs were initial-
ized using three different methods: by providing the bounding box of the initial
segmentation result and starting with the AAM’s mean shape as initial shape
(Box-AAM), by using the boundary of the initial segmentation result as initial
shape (Boundary-AAM) and by performing fitting on the center slice and sub-
sequently using the result of the AAM fitting and propagating it to the next
unsegmented slice above or below the current slice (Propagation-AAM). Fig. 1
shows how the methods for single-pass segmentation and local improvement are
combined into the full segmentation pipeline.

3 Experiments and Results

We evaluate the segmentation performance of the described methods and analyze
how well the segmentations provided by our algorithm can be used to perform
prediction of clinical markers.

3.1 Segmentation performance

We evaluated the semantic segmentation methods for predicting the lumbar
segment of the psoas muscle on a set of 30 CT scans and a total of 700 axial
slices showing the whole scanned area. The methods were validated using five-
fold cross validation. Segmentation results are shown in Table 1. Based on these

Fig. 1. Our proposed multi-pass algorithm. Initial segmentations on are provided by
processing uncropped axial CT slices in a fully convolutional network. The slice with
the largest psoas area is selected as center of the lumbar section and a set of slices
above and below are forwarded to the refinement stage that processes subimages and
the segmentations cropped around the initially segmented psoas muscle.
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2D U-Net 3D U-Net 16 3D U-Net 32 DenseNet 67 DenseNet 103 Graph Cut

0.607 0.881 0.889 0.851 0.850 0.87

Table 1. Dice coefficients of the implemented single-pass segmentation methods. The
best performing multi-pass method from the literature (Graph Cut) is given for com-
parison.

Box-AAM Boundary-AAM Propagation-AAM 2D DenseNet 56 2.5D DenseNet 56

0.850 0.880 0.927 0.928 0.932

Table 2. Dice coefficients of the segmentations after applying the different refinement
methods.

results, the DenseNet 2 has been chosen as the initial segmentation method for
single-pass segmentation that can be followed by further refinement steps.

The refinement results of the methods presented in Sec. 2.3 are shown in
table 2. All proposed methods additionally increase the performance. When using
shape-constrained methods, the Propagation-AAM delivers best performance,
however results show that a second pass of DenseNet on a local scale yields best
overall results. The feature extractor of the AAMs was a fast DSIFT descriptor,
the other feature descriptors yielded lower results and are not shown here due
to space constraints.

4 Discussion

Even the single-pass segmentation methods yield results that are comparable
with the best published methods presented for segmentation of the psoas major
muscle. however, it should be noted that the results could not be compared di-
rectly since the datasets used for the other methods were not publicly available.
The local refinement allows further improvement of the segmentation. While
adding a shape constraint enhances the segmentation performance, using two
passes of DenseNet segmentation on global and local scale yielded the best re-
sults. An analysis of the volumes computed from our segmentation results shows
that they are well correlated with clinical markers.

5 Conclusion

We have presented a method for fully automated segmentation of the psoas major
muscle in abdominal CT scans. Our method detects the main muscle volume with
high reliability by performing a multi-step segmentation where initial results
provided by a deep neural network are refined by a second segmentation on
local sub-images by applying a shape constraint or forwarding them to a second,
locally trained neural network. Future work will include further analysis of the
clinical relevance of automated segmentation of the psoas major muscle and also
incorporating all presented methods into a single, end-to-end trainable solution.
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