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Abstract— In the field of medical endoscopy more and
more surgeons are changing over to record and store
videos of their endoscopic procedures, such as surgeries
and examinations, in long-term video archives. In order
to support surgeons in accessing these endoscopic video
archives in a content-based way, we propose a simple yet
effective signature-based approach: the Signature Matching
Distance based on adaptive-binning feature signatures. The
proposed distance-based similarity model facilitates an
adaptive representation of the visual properties of endoscopic
images and allows for matching these properties efficiently.
We conduct an extensive performance analysis with respect
to the task of linking specific endoscopic images with video
segments and show the high efficacy of our approach.
We are able to link more than 88% of the endoscopic
images to their corresponding correct video segments, which
improves the current state of the art by one order of magnitude.
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I. INTRODUCTION
In the field of medical endoscopy more and more surgeons are changing over to record and store videos of their
endoscopic procedures, such as surgeries and examinations,
in long-term video archives. The recorded endoscopic videos
are used later (i) as valuable source of information for followup procedures, (ii) to give information about the procedure to
the patients, and (iii) to train young surgeons and teaching of
new operation techniques. Sometimes these videos are also
used for manual inspection and assessment of the technical
skills of surgeons, with the ultimate goal of improving
surgery quality over time [1], [2].
Although some surgeons record the entire procedure as
video, for example in the Netherlands where it is enforced by law, many surgeons frequently record only the
most important video segments. During the course of the
procedure surgeons additionally capture static images that
show specific situations or operation phases, which may
be important for later inspection (or for showing them to
the patient). These static images are frequently insufficient
for further explanations and conclusions, thus surgeons may
need to access video files based on specific static images.
Unfortunately, this is a very awkward and time-consuming
process when performed manually by the surgeons, since in
practice there is currently no link between a static image
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and the corresponding exact position in a video. Though this
is merely an organizational issue the time to market in this
field is high due to the extensive quality assurance tests and
the prohibitive costs of medical computing equipment. We
don’t expect an implementation of a meta data scheme and
its application to solve this problem to be widely employed
in at least the next five years. In that sense all videos taken
up to now and until then need to be processed and indexed
in the proposed way.
One way to support surgeons in accessing endoscopic
video archives in a content-based way, i.e. in searching for
a specific frame in an endoscopic video, is to automatically
segment the video [3], remove irrelevant content [4], extract
diverse keyframes [5], and provide an interactive browsing
tool, e.g. with hierarchical refinement [6].
The problem of linking static images with the corresponding segments in the endoscopic videos is addressed
by Roldan Carlos et al. [7] by means of standard techniques
from content-based image retrieval. In their work, the authors
have investigated the performance with respect to local and
global image descriptors and have shown that they are able
to correctly link more than 79% of the static images by using
the local SIMPLE [8] descriptor.
In this paper, we propose to address the issue of linking
static images with endoscopic video segments by means
of adaptive-binning feature signatures [9], [10] and the
Signature Matching Distance [11]. Our approach individually
aggregates and matches the visual characteristics of static images and endoscopic video frames and is allows for different
matching strategies. By making use of a local, efficiently
computable 7-dimensional feature descriptor reflecting the
spatial color and texture distribution of the images, we
achieve an improvement in performance of up to 88.2% of
correctly linked images.
Our main contributions are summarized as follows:
•

•
•

We propose an adaptive-binning feature signature model
for the purpose of content-based access into endoscopic
video archives.
We present different variants of the Signature Matching
Distance and investigate their strengths and weaknesses.
We conduct a performance analysis on the recently
introduced endoscopic video database [7] indicating the
high efficacy of our approach.

The remainder of this paper is structured as follows:
Section II outlines related work with respect to medical
image retrieval. Our approach is proposed in Section III. The
results of the performance analysis are given in Section IV,
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while we conclude this paper with an outlook on future work
in Section V.
II. RELATED WORK
Visual retrieval in medical data can be applied to medical
images as well as videos. One focus in medical imaging lies
on gray scale images such as X-rays or magnetic resonance
imaging (MRI). For instance in [12], potential applications
of medical image retrieval are described and existing medical
CBIR systems are reviewed. The authors of [13] introduce
different types of medical images used in CBIR systems as
well as a large variety of techniques, potential applications
and future research directions. In [14] a more recent review
emphasizing the multi-dimensional (2D and 3D) and multimodality nature of the medical retrieval scenario is provided.
In [7], the problem of linking static images with endoscopic
video segments is solved with feature fusion of the three
global descriptors CEDD [15], [16], color correlograms, and
PHOG [17]. In addition, the authors propose to utilize the
local SIMPLE [8] descriptor, which turns out to outperform
the aforementioned global descriptors.
There is a wide variety of approaches in medical image
retrieval ranging from low-level wavelet-based visual signatures [18] to high level concept detectors [19]. Moreover,
computer vision algorithms approaches like [20] create textual descriptions and labels and use these labels to support
text-based information retrieval. Besides automatic contentbased methods, also interactive approaches have been published. In [5] the authors select frames as summary of
endoscopic videos. While this does not offer a solution to
the retrieval problem, it tries to drastically reduce the visual
information in order to allow for fast assessment by surgeons
and experts without watching the video as a whole.
Visual retrieval in medical image and video databases
still remains a challenging research area. The ImageCLEF
benchmarking initiative [21], for instance, is a platform for
comparing and discussing different approaches for retrieval
of medical images. A task for image-based retrieval in
medical scenarios was organized from 2004 to 2013. For
this task each medical case was represented by a text and
1-7 images accompanying the text. All in all in 2013 the
best textual run achieved the same performance as the best
technique using both textual and visual features [22], [23]. As
in previous years and other scenarios, visual-only approaches
achieved significantly lower results than textual and multimodal methods. However, it is worth noting that the best
visual-only approach as presented in [24] was based on
global image features. The authors employed the Color and
Edge Directivity Descriptor CEDD [16], a fuzzy color and
texture histogram and a color layout descriptor.
Currently, medical retrieval systems try to become much
more accessible on the web, typically being multi-modal
by supporting both textual and visual queries. Examples
for web-based search engines are NovaMedSearch [25] and
GoldMiner [26].
Going beyond still images and frames the authors of [27]
propose a framework that uses principal video shots for video

content representation and feature extraction. The classification is based on elementary semantic medical concepts, such
as “Traumatic surgery” or “Diagonosis”. Another example
for medical video retrieval is presented in [28]. There, a
framework to retrieve short videos in real-time by modeling
the motion content with a polynomial model is outlined.
One main issue that has not yet been adressed in visual
retrieval of endoscopic images to the best of our knowledge
is that there are primary colors in the videos taken inside
human bodies, ie. mostly tones of red and yellow for tissue
and fat and to a smaller extent tones of gray, blue and green
for medical equipment. Therefore, we deem our adaptivebinning feature signature model fit for this tasks, especially
as it adapts to this color and texture distribution peculiarties
of this use case and hypothesize that it leads to better results
than approaches not adaptive to the color characteristics, ie.
with fixed quatization tables.
III. SIGNATURE-BASED APPROACH TO
ENDOSCOPIC IMAGE RETRIEVAL
In this section, we first describe the feature signature
representation of endoscopic images and we then present our
signature-based approach in detail.
A. Representing Endoscopic Images via Feature Signatures
The visual properties of endoscopic images are frequently
described by means of features f1 , . . . , fk ∈ F in a feature
space (F, δ) that is additionally endowed with a function
δ : F × F → R for comparing two individual features.
By indicating the relevance of each feature, an endoscopic
image is mathematically modeled by a feature representation
X : F → R. Thus, a feature representation X is a function
which relates each feature f ∈ F with a weight X(f ) ∈ R,
where the weight of zero is designated for features which
are not relevant for the corresponding endoscopic image.
Features with a weight unequal to zero are denoted as
representatives and are defined for a feature representation
X by the set RX = {f ∈ F|X(f ) 6= 0} ⊆ F. Restricting
a feature representation X to a finite set of representatives
RX ⊆ F yields a feature signature, whose formal definition
is given below.
Definition 1: (Feature signature)
Let (F, δ) be a feature space. A feature signature X ∈ RF
is defined as:
X : F → R subject to |{f ∈ F|X(f ) 6= 0}| < ∞
A feature signature X defines a finite set of contributing
features, i.e. features with a weight unequal to zero, individually for each endoscopic image. Frequently, the representatives are obtained by clustering the extracted features
of an endoscopic image and taking the cluster centroids as
representatives. In this way, the feature representations of
endoscopic images comply with those of generic multimedia
objects [9] and can be further adapted to individual perceptual similarity by changing the underlying features or the
aggregation process.

Fig. 1.

Four example endoscopic images and the corresponding feature signatures.

In order to illustrate the idea of a feature signature,
we depict four examples of endoscopic images and their
corresponding feature signatures in Figure 1, where the
representatives of the feature signatures are visualized by
colored circles with diameters indicating their weights. The
underlying features are based on position, color, and texture information. As can be seen in this example, feature
signatures are able to visually approximate the content of
endoscopic images by utilizing individual representatives.
More theoretical details regarding this feature representation
model can be found for instance in [9].
B. Signature Matching Distance
Defining the similarity between two endoscopic images
based on their feature signatures is a challenging task. In
fact, there exists a rich amount of distance-based similarity measures applicable to feature signatures [9], [29],
[30], [10], [31], [32] with their individual strengths and
weaknesses. Well-known measures are the transformationbased Earth Mover’s Distance [10], the correlation-based
Signature Quadratic Form Distance [33], the matching-based
Hausdorff Distance [34] and its variants [35], [36] as well
as the Signature Matching Distance [11].
In this work, we focus on the Signature Matching Distance
for the following reasons: (i) its matching-based character
facilitates partial matching which is particular useful in the
domain of endoscopic images due to their high degree of
homogeneity, (ii) it enables an asymmetric matching-based
definition of similarity which can be used in combination
with query feature signatures differing in size and structure,
and (iii) it has been shown to outperform other signaturebased distance functions in terms of accuracy and efficiency
[11].
The idea of the Signature Matching Distance is to match
the representatives of two feature signatures with respect to
their visual characteristics which are evaluated by means of
a ground distance function δ within the feature space (F, δ).
Possible ground distance functions include for instance the
family of Minkowski Distances that is defined with respect to
parameter p ∈ R+ between two features f, g ∈ F = Rd from
a d-dimensional Euclidean feature space Rd as Lp (f, g) =

 p1
|f [i] − g[i]|p . Based on a ground distance function
δ : F × F → R, similar representatives between two feature
signatures X, Y ∈ S are matched according to the principle
of the δ-Nearest-Neighbor Matching mδ-NN
X→Y ⊆ F × F which
is defined as
P

d
i=1

mδ-NN
X→Y =
{(f, g)|X(f ) > 0 ∧ Y (g) > 0 ∧ g = argminh∈F δ(f, h)}.
The δ-Nearest-Neighbor Matching mδ-NN
X→Y between two
feature signatures X and Y matches each representative
f ∈ RX to one or more representatives g ∈ RY . The size
of the δ-Nearest-Neighbor Matching is thus restricted by the
number of representatives of both feature signatures, i.e. it
holds that |mδ-NN
X→Y | ≤ |{X(f ) > 0}f ∈F | · |{Y (g) > 0}g∈F |.
The δ-Nearest-Neighbor Matching is the most intuitive and
at the same time naive way of matching two feature signatures and provides the possibility of distance-based indexing
for instance through spatial access methods, metric access
methods or even ptolemaic access methods.
While the matching strategy determines the way of how
the representatives between two feature signatures are assigned to each other, it does not define the influence of
the matching representatives to the distance value. This is
modeled by a cost function c : 2F×F → R. In general, a
cost function takes into account the differences of matching
representatives and assigns each matching a single figure
value. In this work, we utilize the following distance-based
cost function with respect to a δ-Nearest-Neighbor Matching
mδ-NN
X→Y between two feature signatures X and Y :
X
cδ (mδ-NN
X(f ) · δ(f, g).
X→Y ) =
(f,g)∈mδ-NN
X→Y

Based the δ-Nearest-Neighbor Matching between two feature signatures and the cost function defined above, we
propose to utilize the following three simple yet effective
variants of the Signature Matching Distance between a query
feature signature Q ∈ RF and a database feature signature
O ∈ RF :
• bidirectional variant:
δ-NN
δ-NN
SMD↔
δ (Q, O) = cδ (mQ→O ) + cδ (mO→Q )
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Fig. 2. Recall@1 values in percentage for the bidirectional variant of the Signature Matching Distance SMD↔
δ and its asymmetric variants SMDδ and
SMD←
δ as a function of the ground distance δ ∈ {Lp }p=1,2,∞ and query signature size between 10 and 100.

•

asymmetric query variant:
SMD→
δ (Q, O)

•

=

cδ (mδ-NN
Q→O )

asymmetric database variant:
δ-NN
SMD←
δ (Q, O) = cδ (mO→Q )

While the bidirectional variant SMD↔
δ (Q, O) takes
into consideration the costs of both matching directions,
δ-NN
i.e. cδ (mδ-NN
Q→O ) and cδ (mO→Q ), the asymmetric variants
→
←
SMDδ (Q, O) and SMDδ (Q, O) are restricted to only one
of the directions. This corresponds to the idea of partially
matching representatives from feature signatures with different cardinalities and is especially useful when varying the
feature signature size on the query-side.
How the proposed approaches compete with the state of
the art provided by Roldan Carlos et al. [7] in the context
of endoscopic video retrieval is empirically evaluated in the
following section.
IV. PERFORMANCE ANALYSIS
In order to evaluate the retrieval performance of the proposed signature-based approach in the context of endoscopic
video retrieval, we have selected video content from about
33 hours of anonymized laparoscopic procedures. More
precisely, these videos were recorded from 48 procedures
(i.e., different patients) in full HD quality (1920x1080@25p).
The procedures were not entirely stored as videos, instead
each surgeon stored about 25 segments per procedure in
average, resulting in a total number of 1,276 video files and
about three millions of video frames. The video files are of
short duration; 70% of files contain video segments of less
than 120 seconds, no segment is longer than 250 seconds.
Based on these endoscopic videos, we extracted feature
signatures with a rate of five frames per second, i.e. we
gathered every fifth frame, since the videos use a frame
rate of 25 fps, resulting in an endoscopic image database of

593,446 frames. This database is the same as the one utilized
in [7]. The feature signatures were computed based on a
random sampling of 40,000 pixels by first extracting local
feature descriptors describing the relative spatial information
of a pixel, its CIELAB color value, and its coarseness and
contrast values as described in [11] and then clustering the
extracted feature descriptors by the k-means algorithm. In
this way, we obtained database feature signatures with up
to 40 representatives over a 7-dimensional feature space
F = R7 for each single frame. We implemented all signaturebased approaches in Java 1.8 and conducted the experiments
on a single-core 3.4 GHz machine equipped with 16 GB of
main memory.
As already mentioned in Section I, surgeons regularly capture additional static images of important positions/situations
in the procedures for later explanations and investigations.
We selected 600 of those captured static images (12.5 per
procedure in average) in order to form our query images and
extracted feature signatures with 10 up to 100 representatives
as mentioned above. These query images are the same as
those used in [7]. Based on the query images, the main evaluation objective consists in linking each query image with
its corresponding video segment within the 1,276 endoscopic
video files. It is worth noting that the correct frame number
is not available in the recorded data and can thus not be
used for evaluation purposes. In addition, it is actually not
important in the scope of the targeted practical scenario of
endoscopic video retrieval to find exactly the same frame but
rather a video segment that can be interactively inspected
in the surrounding area by a surgeon. Thus, we utilized
the information of the video segments as ground truth and
average Recall@1, Recall@2, and Recall@3 over all query
images. In doing so, a returned frame is considered to be
relevant with respect to a query image if both are from the
same video segment.

TABLE I
C OMPARISON TO THE STATE OF THE ART. T HE R ECALL VALUES ARE
AVERAGED OVER 600 QUERIES AND REPORTED IN PERCENTAGE . T HE
QUERY SIGNATURE SIZE IS GIVEN WHERE APPROPRIATE .

Approach
(CEDD, col.c., PHOG) [7]
(SIMPLE) [7]
SMD↔
L1
SMD↔
L2
SMD↔
L∞

Recall@1
78.3%
79.8%
88.0% (70)
87.3% (70)
84.7% (90)

Recall@2
81.8%
83.3%
89.5% (70)
88.7% (70)
87.0% (70)

Recall@3
84.2%
84.7%
90.5% (50)
89.7% (70)
88.3% (70)

SMD→
L1
SMD→
L2
SMD→
L∞

88.2% (50)
87.3% (50)
85.3% (80)

89.5% (70)
89.3% (80)
87.3% (60)

90.0% (70)
89.7% (80)
88.0% (70)

SMD←
L1
SMD←
L2
SMD←
L∞

79.7% (70)
78.7% (70)
71.7% (80)

82.5% (70)
81.8% (70)
75.8% (60)

84.2% (80)
83.7% (70)
78.8% (70)

A. Results
The resulting Recall@1 values in percentage for the
proposed bidirectional variant of the Signature Matching
→
Distance SMD↔
δ and its asymmetric variants SMDδ and
←
SMDδ are summarized in Figure 2 as a function of the
ground distance δ ∈ {Lp }p=1,2,∞ and the query signature
size between 10 and 100 over the 600 aforementioned
queries. As can be seen in the figure, the asymmetric
database variant SMD←
δ on average shows the lowest performance regardless of the query signature size. For a small
query signature size below 40, the asymmetric query variant
SMD→
shows better performance than the bidirectional
δ
variant SMD↔
δ . The highest Recall@1 value of 88.2% is
achieved by means of the asymmetric query variant SMD→
δ
based on the Manhattan Distance L1 and a query signature
size of 50. With these parameters, our approach is able to
obtain a Recall@2 value of 89% and a Recall@3 value of
89.5%. The highest Recall@2 value of 89.5% and Recall@3
value of 90.5% are obtained when utilizing the bidirectional
variant SMD↔
δ with the Manhattan Distance L1 and a query
signature size of 70 and 50, respectively.
We finally compare the results of our approach with the
state of the art as proposed in [7] in Table I. As can be seen
in the table, the Signature Matching Distance achieves the
highest performance values across all three recall levels. We
thus conclude, that our proposal improves the state of the art
in endoscopic video retrieval.
V. CONCLUSIONS AND FUTURE WORK
In this paper, we have proposed a signature-based approach for the purpose of content-based access to endoscopic
video archives. To this end, we have shown how to model and
compare endoscopic images by means of adaptive-binning
feature signatures and the Signature Matching Distance. We
investigated a bidirectional and two asymmetric variants of
the latter and evaluated their performance with respect to
the task of linking endoscopic images to video segments.
The performance analysis reveals that our approach is able

to outperform the state of the art and achieves more than
88% of correctly linked images.
As future work, we intend to develop and investigate indexing and query processing approaches in order to increase
the efficiency of our proposal.
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