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ABSTRACT

Content-based image retrieval requires a formal description of visual information. In medica applications, al relevant
biological objects have to be represented by this description. Although color as the primary feature has proven
successful in publicly available retrieval systems of general purpose, this description is not applicable to most medical
images. Additionally, it has been shown that global features characterizing the whole image do not lead to acceptable
resultsin the medical context or that they are only suitable for specific applications. For a genera purpose content-based
comparison of medical images, local, i.e. regional features that are collected on multiple scales must be used. A
hierarchical attributed region adjacency graph (HARAG) provides such arepresentation and transfers image comparison
to graph matching. However, building a HARAG from an image requires a restriction in size to be computationally
feasible while at the same time all visually plausible information must be preserved. For this purpose, mechanisms for
the reduction of the graph size are presented. Even with a reduced graph, the problem of graph matching remains NP-
complete. In this paper, the Similarity Flooding approach and Hopfield-style neural networks are adapted from the graph
matching community to the needs of HARAG comparison. Based on synthetic image materiad build from smple
geometric objects, all visually similar regions were matched accordingly showing the framework’s generd applicability
to content-based imageretrieval of medical images.

Keywords: Picture archiving and communication systems (PACS), Content-based image retrieval (CBIR), Graph
thinning, Graph matching, Artificia intelligence, Neural networks, Computer-aided diagnosis, Shape analysis, Multi-
scal e image representation.

1. INTRODUCTION

Methods for the content-based retrieval of images are gaining importance together with the ever-increasing size of
digital image archives. General approaches often use color as the primary source of information for the retrieval. In the
context of medical images, however, this information is most often not available. Consequently, existing medical
retrieval systems are limited to a specific application [1,2,3,4] since they are based on context-specific features. The
project "Image Retrieval in Medical Applications' (IRMA, http://irma-project.org) aims at ageneral retrieval framework
for medical images covering al imaging modalities and applications. For this purpose, in addition to global features,
local, i.e. regional, features are utilized for image segmentation, leading to a region adjacency graph (RAG). In order to
detect all visualy plausible regions of an image, a multiscale decomposition of the image is performed. Each region is
described by local features, which are stored as attributes in the graph. The graph therefore constitutes a hierarchical
attributed region adjacency graph (HARAG). The comparison of images necessary for image retrieval can now be
viewed as the problem of matching the corresponding HARAGS.

Graph matching has long been the subject of research. Asin the paper of SHAPIRO and HARALICK often the number of
consistent subgraphs has been used as a measure for the structural similarity between inexact graphs [5].Other concepts,
such asthe one described by ESHERA and Fu [6] have frequently used the edit distance as distance measure. Still another
approach, which avoids the edit distance, is to find the maxima common subgraph of two graphs such asin [7] or [8].
All of the methods mentioned above though simply consider the graph structure for matching while neglecting the
information within the nodes. In the context of IRMA, the main information if a given node (region) corresponds to
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Figure 1: Multiple scales on an image (left) and corresponding hierarchical region adjacency graph (middle) and (right).

another one lies within the nodes itself. The edit distance could be adjusted to include distances between the blob
features as well, yet does not seem appropriate simply by the sheer size of the graphs and the exponential number of
possible edits.

Existing agorithms employing graph-matching for image retrieval are often carried out on manually segmented images,
e.g. [9]. Hence, al objects relevant to the queries are directly available for the query. The objects cannot only be
described by their feature vectors containing local information, but additionally by their spatia relationship used to
create a graph [9,10]. For the purpose of a general framework for medical image retrieval, such as IRMA, however, no
“correct” segmentation for al query contexts can be given as monoscale approaches are insufficient to extract dl
visually perceivable structures. Therefore a multiscale approach is needed which is able to meet the varying
requirements of different query context. In this paper two strategies of graph matching are adapted to HARAG
comparison and evaluated based on synthetical images. Beforehand, a strategy for graph thinning is introduced.

2. METHODS

2.1 Graph generation

Causal multiscale techniques alow the organization of image regions on different scales in a tree-like hierarchica
structure. A well-explored approach builds such structures by a pixel-based region merging algorithm [11]. Here, all
pixels are viewed as initial regions and two regions are merged with respect to their similarity in feature space. The
merge process has to implement a transitive closure in order to avoid unbalanced clustering of adjacent regions. In
addition, the non-linear filtering technique of Nagao and Matsuyama is applied as a pre-processing step to smooth
homogeneous areas but simultaneously emphasize the contrast between adjacent regions [12]. Image regions are
represented by a best-fitting ellipse (blob, [13]) and their mean feature vector. The hierarchical data structure originates
from a protocol of the merging process. In addition to the hierarchy relation and the feature vector as node attributes, the
adjacency relation between regions is stored in the graph yidding a HARAG. Figure 1 (middle) exemplifies such a
HARAG generation.

The resulting tree has a worst-case size of P[(P+1)/2 nodes if the underlying image consists of P pixels. Since for
medical images sizes of 1024x1024 pixels and above are not uncommon, this congtitutes far too many nodes to be
handled efficiently by a matching algorithm. Hence, areduction of the graph sizeis essential.

2.2 Graph thinning

In Figure 1, the first graph directly corresponds to the merging process depicted on the left. The nodes 1, 2, 4, and 6 are
present multiple timesin the graph, namely in each scale from their creation until the represented region ismerged into a
larger one. This does not only lead to redundancy, as the feature vectors are aways stored with the node, but aso
complicates a lookup of aregion’s adjacent regions as all scales have to parsed. By only inserting a node once into the
graph, the worst-case graph size for an image of P pixels can be reduced from P[(P+1)/2 to 2[P nodes. On the other
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Figure 2: Ambiguous scale-information (middle, right) obtained from a graph of unique nodes (l€eft).

hand, this may lead to ambiguities for the definition of the scales. Figure 2 illustrates this effect: Node 2 could have
been created on the same scale as node 3 or as node 5. Therefore, the creation level of each node is stored as an
additional node attribute.

Visually similar regions of separate images may be represented by nodes on different levelsin their respective generated
graphs. Therefore, a search for a likely matching node cannot be limited to the same level. If an algorithm matches
nodes between two given graphs, a comparison of each node of the first graph with each node of the second graph leads
to a runtime-complexity of O(NIM) when the graphs have N and M nodes, respectively. Obvioudly, the ledfs, i.e. the
regions consisting of only single pixels, can be pruned since a pixel-wise comparison of two images can be performed
faster without graphs. Furthermore, in the first merging steps mostly small homogeneous regions are devel oped which
do not contain important visual information. Therefore, these merging steps can be omitted in the graph structure and
only the result of several of such merges is recorded as a single node. The number of omitted steps depends on the
image class, which isdetermined in a prior processing step of the IRMA system.

2.3 Graph matching

After generating and thinning the graphs, the problem of matching nodes between the graphs has to be coped with.
Mathematically, this problem constitutes the NP-hard search for an (inexact) subgraph-isomorphism. On account of the
high resolution of today’ s medical images and considering that large databases with several thousand images have to be
processed, thisleaves heuristic solutions rather than exact algorithms as the only applicable approach.

Although graph matching has been common in various research fields for quite a while, the requirements for the
application to image retrieval are somewhat different. In other research areas, the matching is computed solely by the
analyzing the graph structure while disregarding any possible content in the nodes itself. Yet graphs for the
representation of images such as the HARAGs used in this project store the information about the image regionsitself in
the attributes attached to each node. The graph edges provide supplementary information about the relations between the
nodes, e.g. inclusion over different scales, adjacencies, relative positions, and several more. Depending on the user, the
similarity of images relies primarily on the similarity of the depicted regions and only secondary on the relaions
between them or vice versa. Therefore, any graph matcher for image retrieval must be able to include information
possibly contained in the nodes. For this purpose, two graph matching strategies which are able to exploit node contents
and relational information have been adapted for their application to image retrieval :

1. Similarity Flooding [15],
2. Hopfied-style Neural Networks [16]

Both agorithms use an additional graph (“Pairwise Connectivity Graph”, PCG, in [15], “Extended Compatibility
Graph”, ECG, in [16]) as data structure for the similarity computation. For simplicity, this graph will be referenced as
Mapping Graph (MG) throughout the remainder of thistext, if the general approach common to both agorithmsis being
referred to. Each node of the MG corresponds to one mapping hypothesis, i.e. a mapping of one node of the first graph
(query graph), to one node of the second one (range graph). For any node g of a query graph Q and any node r of a
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range graph R, the node mapping q on r is expressed by a node (g, r) in MG. The MG-generation, the type of edges, and
the iterative processes to calculate the quality of matches differ in both approaches and need separate explanation.

2.3.1 Similarity Flooding

For SF, amapping isinserted into MG only for node-pairs within the graphs, i.e. nodes ¢, and g, of the query graph are
mapped onto nodes r; and r, of the range graph, only if g, and g, share the same relational edge e between them asr;
and r. If thisis the case, then the nodes (qy, r1) and (g, r) are inserted into MG and connected bidirectionally by edge
e. The philosophy behind this procedure expresses that regions of the query and the range graph are more likely to be
similar, if they are connected to other regions in the same way, e.g. in the inclusion-hierarchy, adjacency or other
relations.

The direct comparison of the nodes, i.e. regions, which are mapped onto each other by the MG-nodes is computed by a
distance function over the nodes' feature vectors. Therefore, each MG-node is assigned an initial distance value a®. In a
fixpoint operation, theseinitial distance values are "flooded" aong the edges to neighboring nodes. Equation (1) shows
how the distance value of anode (g, r) is obtained for the next iteration i+1:

d"@n=o'@n+  Yo'@bm.@rn)
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#incident edgesto(q,r)

Here, the next distance value 6'*(q, r) of anode (q, r) in MG is assigned the sum of its current distance value 6'(q, r),
and the cumulated weighted distance values of al its adjacent nodes. The values of the nelghboring nodes are weighted
by ., i.e. dependant on the type of relation e, and normalized by the number of incident nodes. This way, the user can
express which relation should be considered more ore less important, i.e. the adjacency may be regarded more important

than the inclusion over scales. The iteration is repeated until the Euclidean length of the residua vector A(c®,_d*™)

k+1 k+1

becomes less than a threshold € for some k > 1, and where ¢® and o®** are the normalized versions of o* and o**%,
respectively. If no fixpoint isreached, the iteration is stopped after a user-specified number of maximum iterations. This
stopping criterion can also be used to limit the influence of the neighboring nodes as after k iterations, all neighbors
within a path length smaller than or equal to k have influenced the distance value of anode.

After the iteration process, distance values for the nodes of Q and R have been computed. These provide a mean to
compare single image regions, but the global distance of the represented images needs to be evaluated. For this purpose,
the global distance gwa Of equation (2) compares images independent of the number of iterations and number of

mappings.
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In equation (2), k denotes the number of iterations, 6¥(q,r) the final distance value of a node (q,r), and N the number of
nodes of MG.

The following modifications of the original approach [15] were necessary in order to adapt the method for its

application to image retrieval.

« In order to avoid unlikely mappings and to keep the MG small in the first place, the initial distance ¢® is computed
even before the generation of a MG-node. Only mappings leading to distance val ues above a user-selected threshold
f are inserted into the MG. By indexing of the features used in the feature vectors, this leads to a rapid narrowing
down on likely match partners. Otherwise, the method would not be applicable to large image databases.

» Equation (1) is an adjusted version of the original version, to account for the differing importance for the various
relations. Additionally, the equal influence of all neighboring nodes (apart from the relational weight) is guaranteed.
In the original approach, nodes with more neighbors gained more distance.

» The origina approach calculates similarities or distances on a node-to-node basis. In order to compare the whole
images, the global distance of equation (2) has been added.
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Figure 3: Arbitrary images used for the graph thinning.

2.3.2 Neural Network Graph Matching

The second strategy for graph matching uses a Hopfield-style neural network which incorporates structural matching as
well as constraint relaxation by spreading activation in a neura network [16]. In contrast to the Similarity Flooding
approach, where only positive impact to the similarity values is spread, the neural network is able to express negative
(inhibitive) influences as well. Instead of similarity values, potentials are assigned to the mapping nodes, while the
edges between them are used to denote the consistency or inconsistency of the mappings, depending on the sign of their
weights. During the construction of the network, edges with negative weights are inserted between nodes which would
lead to ambiguous mappings, e.g. between a node (qy,r;) and (qy,r2). After the smulation process, the network extracts
all stable potentials asthe final mappings. In contrast to Similarity Flooding, the network is guaranteed to converge.

The theoretical framework of the original approach [16] did not need adaptations to be applied to image retrieval. For
the context of the HARAGs used in the IRMA project, the similarity of relations, which is used for the global distance
function, is set to 1, if the relations are the same, otherwise to 0. If, for future evaluations, other spatia relationships,
such as “above’, “left of”, etc. are desirable, then this similarity measure can provide quantitative measures for these
relations. At the current stage, however, thisisnot necessary. Therefore the main effort went into a new implementation
capable of handling large graphs. While the origina implementation rejects simulation runs with more than 300,000
connections based on performance reasons, the re-implemented version is able to handle networks of 15 million
connectionsin twelve minutes on sandard PC-hardware running at 1 GHz. The performance benefit is achieved through
a partitioning of the network into clusters which exchange their results and missing information in cycles. The cluster-
size can be adjusted to the executing PC’'s memory and workload and, therefore lead to little swapping even with large
graphs. The division into clusters also is the basis for computations in a distributed environment. However, currently, no
protocol for the necessary communication between the participating computers has been designed, as the system has not
been fully evaluated on single computers, yet.

3. EXPERIMENTS

3.1 Graph thinning

Firg experiments were conducted to evaluate the effectiveness of the graph thinning and to show the genera
applicability of the graph matching algorithms. Figure 3 shows five images, which were selected arbitrarily for a graph
reduction. All images were segmented using the algorithm from [11] and reduced in size as described in Section 2.2.

3.2 Graph matching

For the evaluation of the graph matching algorithms, synthetic images containing simple objects were generated to
allow the controlled validation of the found matches. Figure 4 depicts examples of the images used for testing. The
synthetical images lead to small hierarchy graphs of less than 15 nodes. This limits the size of the MG to below 225
nodes and leaves manual checks on the produced graphs feasible. Further, the regions are simple enough to guarantee a
sufficient description by features. Therefore, the quality of the computed matches can be easily verified. The
experiments are used to evaluate the general applicability of the graph matching agorithms. If they do not lead to
acceptable results under these controlled circumstances, a further use under real world conditions, where the sizes of the
matching graphs are not human-manageable and where the features are not guaranteed to lead to perfect distinctions
does not make sense. The features used for the synthetic images are their mean gray-value and the region-size in pixels.
All images consist of 256x256 pixels. For an example of the matching results, the images depicted in Figure 5, top and
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Figure 4: Examples of artificia test images for the graph matching strategies.

middle row are matched. For an easier validation of the given results, the different scales are also shown in the figures.
The corresponding HARAGs are depicted in Figure 5, bottom line.

4. RESULTS

4.1 Graph thinning

The firg results on graph thinning indicate that the reduction of graphs is possible without significant loss of
information. An image of P pixels leads to a graph of O(2P) nodes, if the nodes are inserted only once into the graph.
The thinning reduces the graph size well below O(P). Examples of the thinning obtained on the graphs obtained from
the images of Figure 3 are provided in Table 1. In all examples, reduction of about 98% is achieved regardless of initial
image size, imaging modality, and body region examined.

Image | Modality | Dimensions (pixels) | # Nodes| # Nodes of thinned graph | Reduction in %
1 MRI 200x200 43783 751 98.28
2 MRI 276x262 72316 1268 98.24
3 MRI 256x228 58368 798 98.63
4 X-ray 177x212 40753 564 98.62
5 X-ray 500x256 128000 1414 98.89

Table 1: Sample graph sizes corresponding to theimages of Figure 4.

4.2 Graph matching by Similarity Flooding:

All results were obtained with the threshold 6 = 10 for the maximum distance before insertion into the MG and € = 0.1
for the fixpoint-determination. The flooding process took between 5 and 10 iterations until a fixpoint was reached. The
computations took less than 2 seconds for all examples on a standard PC operating at 1 GHz. All regions were matched
to visually similar regionsin the other graphs. In some cases, multiple possible matchings for regions were computed.

Asan example for atypical outcome, the fina results of matching the graph of Figure 5, top row to the one of Figure 5,
middle row, are provided in Table 2. Here, obvioudy the regions with the same color and size were matched onto each
other correctly (mapping-pairs (2,3), (3,4), (4,5), (5,6), (6,8), (7,7), (10,10), and (11,9)). Of these matches, also the
neighboring aspects are accounted for, e.g. neighboring nodes 7 and 11 of rectl are mapped to neighboring nodes 7 and
9 of rect2. The same holds for nodes 6 and 10 which are mapped to nodes 8 and 10, respectively. The mapping (1,2)
seems remarkable, as for a human observer, the identical shapes of both the top-level regions 1 would suggest a
mapping (1,1). However, the shape-information was not included for the matching vector. The mapping can be
explained by the fact, that if only the graph structure is concerned, the graph of rectl is an exact subgraph of the graph
rect2, if node 1 of the first graph is assigned node 2 of the second one. Further, both regions “1” are not of identical
color, but by the merging process which calculates the mean for all merged pixels, region 1 of rect2 is darker than
region 1 of rectl. Hence, the assignment (1,2) can also be seen as successful. In summary, all regions were matched to
regions which are smilar according to the used features and relations.

4.3 M atching by Hopfield-style neural network
All results were obtained using the same parameters derived from a calibration run on the matching of the graph of
image rectl to itself. The number of mapping nodes ranged between 57 and 132, which were reduced to fina 9 and 13,
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Figure5: Images rect1 (top row) and rect2 (middle row) with their resulting scales from left to right and the corresponding hierarchy
graphs,(bottom). The numbers shown are region labels. The adjacencies have been omitted.

respectively, corresponding to the number of query-graph nodes. It took between 129 to 531 iterations until a

convergence was achieved. The runtimes were below one second on the same machine that was used for Similarity

Flooding. The global distances are relatively high for the matching of identical graphs to each other, yet all distances

express the expected relations, i.e.

 distances between identical graphs are lower than between other matchings,

» distances between an image and its mirrored version are smaller than between non-identical, non-mirrored images,
and

» distances are identical if query and range graph are swapped, i.e. it is independent of which graph is used as the
query graph.

The results for the example matching of rectl and rect2 are summarized in Table 2. The mappings are identical to the
ones obtained by Similarity Flooding except for the matchings (8, 11) and (9,12). The two differing mappings are
acceptable since the colors of the mapped regions match, even though the size is not the same. The fact that the matches
are of less quality is well expressed by the fact, that their finally activity is well below the values of visually more
similar regions.

5. DISCUSSION

The presented methodology allows the comparison of medical images by means of hierarchical attributed region
adjacency graphs (HARAGs). With the presented thinning, the sizes of the HARAGSs are diminished while preserving
the possibility to exploit the local features necessary for medical applications. The two graph matching strategies of [15]
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Similarity Flooding Neural Network
Querynode| Rangenodd Distancel Querynodel Rangenode Activity
1 2l 2939 1 2| 7.437
2 3] 2348 2 3] 7.151
3 4 1742 3 4 6.737
4 5 1.454 4 5 7.235
5 6 1.457 5 6| 6.421
6 8 2032 6 8 4.896
7 71 2032 7 71 4.921
8 12 2.705 8 11 1.057
9 120 2712 9 12 1.055
10 100 2.668 10 100 5.736
11 9 2.668 11 9| 5.686

Table2: Final results for matching rect1 and rect2 by Similarity Flooding and Hopfield-style neural network.

and [16] have been adapted for image retrieval and first encouraging experiments on synthetical data have been
conducted. The experiments show the generally applicability of both techniques for image retrieval. The
implementations allow an easy integration of suitable global and regional features and offer a weighting of the influence
of the graph structure versus the node contents. As evaluated by synthetic images, the image retrieval task can be
fulfilled, provided that the node and edge attributes are suitable descriptions of the regions and their relations. Further
experiments can therefore use the implemented algorithms to discover adequate feature sets and distance measures for
desired contexts. The testbed for a full-scale evaluation on the complete database of approximately 10,000 medical
images has been created and is ready to be used for exhaustive assessment. Overall, a flexible system for content-based
image retrieval is formed which isnot limited to a specific application or medical context, but which is general enough
to cover all imaging modalities and body regions examined.
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