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ABSTRACT
Adrenal lesions include a wide variety of benign and
malignant neoplasms of the adrenal gland, and are seen in up
to 5% of computed tomography (CT) examinations of the
abdomen. Better identification of these lesions is important
for effective management and patient prognosis. Detection
on low-contrast CT images, however, even for experienced
physicians can be difficult and error-prone, because the
lesions are often problematic to be separated from the normal
surrounding structures. Existing lesion detection techniques
have problems in identifying and differentiating low-contrast
tumors, which is related to their use of low-level features
rather than high level of semantics. Hence we propose an
automated approach using fully convolutional networks
(FCNs) and multi-scale integration to detect adrenal lesion
on low-contrast CT scans. The architecture of FCNs includes
deep, coarse, semantic information and shallow, fine,
appearance information in a hierarchical manner and it
enables the encoding of image-wide location and semantics,
which are desirable characteristics for adrenal lesion
detection. We also propose a multi-scale integration with a
superpixel based random walk (MI-SRW) approach to refine
the lesion boundaries on different scales. The MI-SRW
technique enables us to constrain the spatial and appearance
consistency and then use complementary information
provided on different scales to detect adrenal lesions of
various sizes and characteristics. We used 38 adrenal lesions
detected on low-contrast CT and compared our approach to
existing ‘state-of-the-art’ methods and found that our
approach had superior detection performance.
Index Terms— Detection, Fully Convolutional
Networks (FCN), Adrenal lesions
1.

INTRODUCTION

Adrenal lesions consist of benign and malignant
neoplasms that affect the adrenal gland, and include
functional adenomas, pheochromocytomas, adrenal
carcinomas and metastases [1]. These lesions are commonly

seen on abdominal CT studies (approx. 5%) and also seen as
incidental findings on CTs [2-5]. Better identification of
these lesions is important for effective management and
patient prognosis. The detection, however, of these lesions
on non-contrast enhanced CT is problematic even for
experienced physicians. This relates to variations in size,
shape and lesion intensity. In addition, these lesions usually
exhibit similar characteristics to normal adjacent structures
including liver, bowel and kidneys (see Figure 1). Computeraided diagnosis (CAD) systems are a useful ‘2nd opinion’ tool
for physicians in image interpretation, however, to our
knowledge, CAD has not been used in detecting adrenal
lesions on low contrast CT.

Figure 1. Examples (a-c) of adrenal lesions (red arrow) on CT images.

Existing image processing techniques for tumor detection
mainly focus on detecting tumors where there is a high
lesion-to-background contrast e.g., non-small cell lung
cancers [5] or in identifying lesions within a solid organ such
as the liver [6]. These techniques also generally use low-level
features e.g., texture features extracted from a small patch
(superpixel) and a classifier such as a support vector machine
(SVM). Hence they are not suitable for adrenal lesions where
the lesion may have similar intensity to adjacent normal
structures. Recently, fully convolutional networks (FCNs)
have achieved a great success in object detection related
problems via their use of high-level semantics [7, 8]. Further,
unlike existing methods that often depend on many handengineered pre-processing steps, FCNs can be trained with
efficient inference of learning in an end-to-end fashion,
which takes an image as input and directly outputs a
probability map. The FCN architecture combines deep,
coarse, semantic information and shallow, fine, appearance
information in a hierarchical manner that enables it to encode

image-wide location and semantics, which are desirable
properties for lesion detection on low-contrast CT images.
However, FCNs have large receptive fields in the
convolutional filters and hence produce coarse outputs when
resized to probability maps. FCNs also lack smoothness
constraints to encourage label agreement among neighboring
similar pixels and therefore, it is difficult to produce a
probability map with spatial and appearance consistency.
Hence, we propose a fully automated FCN-based approach
with multi-scale integration to address these limitations. The
novelty of our approach, when compared to previous
research, is as follows: (1) our FCN-based approach takes CT
image as input and outputs the lesion probability map directly
and does not require any hand-crafted or pre-processing steps;
(2) we propose a multi-scale integration with superpixel
based random walk (MI-SRW) technique to enhance the
adrenal lesion boundaries and to integrate the detected results
on different scales. The MI-SRW technique can deal with
lesions of varying sizes, encourages label agreement among
neighboring pixels and constrains the spatial and appearance
consistency.

tuning the deep convolutional neural networks (DCNNs) can
alleviate the problem of insufficient medical training data [9].
Therefore, we used the off-the-shelf MatConvNet [11]
version of FCN trained on the PASCAL VOC 2011 dataset.
We used data augmentation techniques including random
crops and contrast variations to provide extra material for
training. We fine-tuned a stride-8 FCN architecture (FCN-8s)
on the adrenal lesion images for more precise details of pixel
predication. We fine-tuned the network for 150 epochs with
a batch size of 20. The FCN converged at approximately 100
epochs.
2.2. Multi-Scale Integration with Superpixel based
Random Walk (MI-SRW)

2. METHODS
2.1. Fully Convolutional Networks (FCNs) for Lesion
Detection

Figure 2. A FCN for lesion detection: (a) input transaxial CT; (b) FCN
results; and (c) the ground truth of input CT image (image (a)).

The FCN architecture contains downsampling and
upsampling parts [7]. The downsampling part has
convolutional and max-pooling layers to extract high level
abstract information and has been widely used in
convolutional neural networks (CNN) for image
classification task [10]. The upsampling part has
convolutional and deconvolutional layers that upsample the
feature maps and output the score masks. The FCN, by
combining downsampling and upsampling parts, can extract
the high-level semantic information while predicting the
pixel-wise score mask. Currently, there is a relative scarcity
of medical image training data with annotations due to cost
and complicated acquisition procedures [9]. Consequently,
without sufficient training data to cover all the adrenal
lesions with various contrast and size variations, FCN cannot
provide accurate detection and tumor boundary definitions.
There are, however, extensive research shows that fine-

Figure 3. Superpixel based random walk: (a) input transaxial CT; (b) FCN
results; (c-g) refined results of (b) at different scales with random walk (from
200 to 1000 superpixels with an increment of 200 per image); and (h) ground
truth.

From the FCN, we can roughly estimate the location of
the adrenal lesions. These detected lesions, however, are
usually coarse and display large semantic differences to the
actual ground truth (Figure 3b); this is due to the large
receptive fields and lack of constraint on neighboring pixel
agreement. So we introduce the multi-scale integration with
superpixel based random walk (MI-SRW) to refine the lesion
delineation. Given a list of superpixels, the idea of superpixel
based random walk is to minimize the Dirichlet integral [12],
defined as:
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Where 𝑝𝑘 = [𝑝1𝑘 , … , 𝑝𝑁𝑘 ] denote the probability vector of the
superpixels for the background label (𝑘 = 1) and foreground
label (lesions) (𝑘 = 2). The probability was based on the
FCN results and then averaged to the superpixels. The seeded
superpixel is 𝑝𝑠𝑘 and 𝑝𝑢𝑘 is the unseeded superpixel. The
foreground and background seeds were set to:
{

𝑝𝑠𝑘 < 𝑚𝑒𝑎𝑛(𝑝𝑘 ), 𝑘 = 1
𝑝𝑠𝑘 >

𝑚𝑒𝑎𝑛(𝑝𝑘 )+max(𝑝𝑘 )
2

, 𝑘 = 2
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𝐵 is a partitioned matrix and 𝐿 is a Laplacian matrix. While

minimizing the Dirichlet function, we can find the critical
point of the unseeded superpixels. We used 5 different scales

(from 200 to 1000 superpixels per slice with an increment of
200) of superpixels to address the issue of lesions of varying
sizes. We used linear spectral clustering (LSC) to generate
superpixels; LSC allows the superpixels to account for
image-wide properties e.g., intensity variability [13].
We assumed for the multi-scale integration that the
results produced on different scales were complementary to
each other. Therefore, we applied cellular automata (CA)
[14-16] with the synchronous updating rule to produce the
final map (Figure 4g) and to take advantage of the superiority
of each result on different scales. We treat the pixels that
having the same coordinates on different scales of SRW
results as the neighborhood pixels and we assume that these
neighborhood pixels will have the same influence to
determine the pixels’ future status and this can be calculated
as:
𝐴(𝑠𝑐, 𝑡 + 1) = 𝐴(𝑠𝑐, 𝑡) +
∑𝑠𝑖∈𝑀/𝑠𝑐 𝛾 ∙ 𝑠𝑖𝑔𝑛(𝐴(𝑠𝑖, 𝑡) − 𝜑𝑠𝑖 ∙ [1, … ,1]T )

(3)

Where 𝐴(𝑠𝑐, 𝑡) represents the probability at scale 𝑠𝑐 at the
time stamp 𝑡; 𝑀 represents all different scales; 𝛾 is a constant
weight and was set to 0.15 empirically; 𝜑𝑠𝑖 represents a
threshold value that could binarize the original probability
and the Otsu threshold was used for simplicity. When 𝑡 = 0,
we used the five different scales of SRW results. We used 𝑡 =
5 iterations for convergence and averaged the different scales
of CA to produce the final probability map.

lesion for the ground truth; then all the annotated lesions
were checked by a senior expert. We carried out our
experiments on transaxial slices and excluded slices that did
not contain lesions. We analyzed 553 slices and we randomly
separated the CT slices into 2 roughly equally sized groups.
We used the first group as the training and tested on the
second group and then reversed the roles of the groups. We
ensured that no patient CT slices were in both training and
test groups.
We compared our approach to the state-of-the-art
methods. The comparison methods included: (i) A SP-CNNSVM technique. It is a superpixel based detection technique,
which is similar to the works proposed in [17, 18]. We
replaced the texture features with a new features set derived
from a domain transferred deep CNN features (VGGNet) and
classified via a support vector machine (SVM). Transfer
learned CNN features have consistently shown benefits in the
medical domain [9]; (ii) A SP-CNN-RF technique. This
technique is similar to (i), we replaced SVM with a random
forest (RF) classifier; (iii) The FCN technique [7]. This is a
fully convolutional network and fine-tuned with a stride size
of 8 (FCN-8s); (iv) A FCN-RW technique where we used
FCN-8s with a superpixel based random walk. The
evaluation was based on the overlap ratio between the
detected lesion and the ground truth [5]. A detected tumor
with >40% overlap with the ground truth was considered as
true positive (TP). An additional detected lesion was
considered as false positive (FP). We regarded an annotated
lesion that was not detected, or an overlap, smaller than 40%,
between the detected tumor and the annotated region as false
negative (FN). We measured the overall precision (P), recall
(R), f-score (F) and the precision, recall performance at
different overlap ratios for all methods.
3.2. Results

Figure 4. Multi-scale cellular automata based integration: (a) input image;
(b-f) are the superpixel based RW probabilistic maps on different scales; (g)
final integrated segmentation result, and (h) ground truth of the input image.

Table 1: All detection results; numbers in bold indicate the best results
R (%)
P (%)
F (%)
TP
FP
FN
51.80
18.32
27.07
288
1284
268
SP-CNN-SVM
52.63
27.46
36.09
290
766
261
SP-CNN-RF
46.62
53.58
49.86
262
227
300
FCN
60.68
56.74
58.64
341
260
221
FCN-RW
Our approach
76.29
69.82
72.91
428
185
133

3. RESULTS AND DISCUSSIONS
3.1. Materials and Experimental Setup
Our dataset consisted of 38 low contrast whole-body CT
studies with 38 adrenal lesion patients provided by the
Department of Endocrinology and Metabolism, Ruijin
Hospital affiliated to the Shanghai Jiao Tong University,
Shanghai, China. All studies were acquired on a GE
Discovery STE PET-CT scanner (General Electric
Healthcare, Milwaukee, WI, USA) with a CT resolution of
512×512 pixels at 0.98mm2 and slice thickness of 3.75mm.
An experienced operator manually annotated each adrenal

Figure 5. Recall performance (y-axis) at different overlap ratios (x-axis) for
all approaches.
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