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Enhanced Explicit Semantic Analysis for Product
Model Retrieval in Construction Industry

Han Liu, Yu-Shen Liu, Pieter Pauwels, Hongling Guo, Ming Gu

Abstract—With the rapidly growing of online product models
in construction industry, there is an urgent need for develping
effective domain-specific information retrieval methods.Explicit
Semantic Analysis (ESA) is a method that automatically extcts
concept-based features from human knowledge repositoriefor
semantic retrieval. This avoids the requirement of constrating
and maintaining an explicitly formalized ontology. Howeve, since
domain-specific knowledge repositories are relatively sni the
available terminologies are insufficient and concepts haveoarse
granularity. In this paper, we propose an enhanced ESA methd
for product model retrieval in construction industry. The m ajor
enhancements for the original ESA method consist of two pagt
Firstly, a novel concept expansion algorithm is proposed tgolve
the problem caused by insufficient terminologies. Secondlya re-
ranking algorithm is developed to solve the problem caused \b
coarse granularity of concepts. Experimental results showthat
our method significantly improves the performance of produt
model retrieval and outperforms the state-of-the-art mettods.
Our method is also applicable to product retrieval in other
engineering domain if a specific knowledge repository is pnaded
in that domain.

Index Terms—Information Retrieval, Explicit Semantic Anal-
ysis (ESA), Domain Knowledge, Building Information Modeling
(BIM), Industry Foundation Classes (IFC).

|. INTRODUCTION

Library? and 3D Warehouse The product models are usually
directly associated with documentation, e.g. specifioatand
descriptions. This product documentation commonly costai
the textual description of product models, including their
functions, dimensions, materials, performance, sudditya
manufacturers, and so forth. The product documentation is
independent of the file formats of BIM models. Clearly, much
information about the product models is embedded in this
textual documentation.

The rapid increasing in the volume of online documented
product model libraries also increases the difficulty foicgly
finding information that is sufficiently close to the user’s
specific needs. In order to allow quick and accurate online
search and retrieval of product models usable in BIM envi-
ronments, appropriate information retrieval (IR) appiee
should be adopted. Currently prevailing IR services in the
AEC industry are mostly keyword-based, which is easy to be
implemented. However, the accuracy of traditional keyword
based IR has often been problematic because of the semantic
ambiguity of (1) the keywords used in search and of (2) the
terminologies used in the search space. This problem also
exists when applying traditional keyword-based IR methods
to BIM product model libraries. One common solution for
domain-specific retrieval is using a domain ontology. The

UILDING Information Modeling (BIM) has become the natural language statements can be mapped to domain-specifi

B central technology in the AEC (Architecture, Engineeringoncepts in a domain ontology, hence making the library and
and Construction) industry [1], which also plays an incfreaghe queries semantically unambiguous. However, building a
ingly important role in smart buildings [2], [3] and smarties  comprehensive domain ontology involves significant efford

[4]. Meanwhile, the amount of BIM product models is QTOWing:omplexity, even with the help of domain experts. The Ingust
rapidly on the web. For instance, the well-known Autodeskoyndation Classes (IFC) [6], [7] is one of the most notable
Seek [5] contains more than 68,000 commercial and resalentifforts in this regard, as it is proposed as a common neutral
building products (e.g. various windows, doors and beamgjta model for the AEC domain that has been developed over
from over 400 manufacturers, and BIMobjeptovides a large more than 20 years of ontology engineering and evaluations.
repository of building product models from 670 brands. ®@the |, this paper, we investigate the usage of Explicit Semantic

online product model libraries are like the NBS National B'MAnalysis (ESA) [8] as an alternative basis for an IR method

that successfully uses a domain-specific knowledge repgsit
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to enhance IR in the AEC domain. ESA typically makes
use of an external document corpus as a knowledge source.
This document corpus is analyzed and converted into a vector
representation of the concepts. This vector representato

be understood or interpreted as a temporary light-weight
ontology that drives and improves IR. The external large-
scale knowledge in encyclopedia (e.g., WikipéJliprovides

an excellent example of what a document corpus for ESA

2http://www.nationalbimlibrary.com
Shttps://3dwarehouse.sketchup.com/index.html
“http:/www.wikipedia.org
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could look like. In fact, ESA has initially been implementedjeneral thesauri such as WordNet. Thus the usage of a general
using articles from Wikipedia [8]. By properly interpregin thesaurus may result in poor performance for domain-spgecifi
the natural language articles and definitions in Wikipdikia- retrieval requests. In our case (i.e. product model lilesain
encyclopedia, better IR algorithms can be conceived [9],[1 the AEC field), the domain is more fixed and more specific,
[11]. hence it is possible to use such specific domain knowledge

However, the wide topic range in large encyclopedia cand improve the IR performance.
also be a disadvantage for domain-specific retrieval [12].2) Ontology-based IR in the AEC FieldResearch initia-
Namely, domain-irrelevant entries in such large encydigpe tives for IR in the AEC industry typically focus on the adop-
(like Wikipedia) may slow down the speed and cause ambigtien of domain-specific knowledge. Many of these initiative
ity. The more specific the knowledge repository matches tlhee ontology-based [16], [17], [18], [19], [20], [21]. Foan
semantics of the searched library, the better will be thaeltes ontologies such as RDF and OWL provide good tools for com-
obtained through ESA-based IR methods. In other wordsegif thuters to comprehend semantic information. However, mgld
domain of application is known (e.g. construction indugtrya comprehensive domain ontology involves significant effor
ESA-based IR methods can rely on a knowledge repositcapd complexity with the help of domain experts. Typical
that matches this domain in order to obtain higher perfomaanchallenges for using ontology-based IR methods in the AEC
[12]. domain (and for using ontologies in general) are as folldis.

In this paper, we therefore propose to usedheumentation Instead of using a more widely accepted ontology for the AEC
of the IFC schema [7] (not just the IFC schema itself) dgeld, researchers build up an isolated ontology on their,own
a domain-specific knowledge repository for more efficientiywhich takes lots of effort and time. In addition, the resuti
searching through the targeted existing BIM product modehtology is a private conceptualization, as opposed to eegha
libraries. We particularly use the documentation that islenaconceptualization of an area of interest. (2) Since a domain
available for the IFC4 schema. When using ESA, the domaispecific ontology is a formal expression of domain knowledge
specific knowledge source (i.e. the IFC4 documentation) cdrmust be built with the help of domain experts, where extra
be automatically processed, without any help of domain ework is needed for communication. (3) Existing terms change
perts. Because help from domain experts is not required; quand new terms emerge over time, especially in the frequently
itative search and retrieval can be implemented more quickinlarging and changing BIM product model libraries. Static
and more easily than the case for methods that explicitly redntologies typically do not suffice, while dynamic ontolesji
on more static ontologies. can typically not keep pace with the rapid changes in product

model libraries.
3) ESA: Using an External Knowledge Repository to En-
A. Related Work hance IR: Instead of aiming at adopting domain knowledge

1) General-purpose IRTraditional IR methods for textual for IR using a static ontology, one can also consider to
information are often keyword-based. However, becauskef tadopt domain knowledge that is implicitly available in an
synonymy and polysemy of natural language, the precisionline domain-specific knowledge corpus. This can avoid the
and recall rates of keyword-based retrieval are relatil@ly requirement of constructing an explicitly formalized doty.

On the one hand, one semantic concept can be expreséadalternative method for this purpose is ESA [8], [10],
using different words (synonymy). When the words used lwhich automatically processes encyclopedia-like knogéed
the author and the query sender are not the same, applicgblg. Wikipedia) to enhance IR. Knowledge repositories lik
results will not be returned through keyword-based re#fiev Wikipedia are structured in an “entry-description” fornm |
which lowers theecall rate On the other hand, one word carESA, entries are treated as concepts, and a high-dimemsiona
have multiple semantic meanings (polysemy). Since keywongector space is built up using concepts as dimensions, i.e.
based IR cannot distinguish the meanings of a term well ihe concept space. The core of ESA is calledemantic
different contexts, some irrelevant results might be retdr interpreter [8]. Each term appearing in the query and target
which lowers theprecision rate documents can be represented as a vector of concepts (the

In order to solve the problems of synonymy and polysemgriginal entries) via the semantic interpreter. As a resutly
several statistics-based methods have been proposedh wiext fragment can be mapped into a vector in the concept space
mainly include (1) using a thesaurus such as WordNet for this way, which can be compared, indexed and retrieved in
query expansion and disambiguation [13], (2) analyzing thleat space.
whole set of documents and finding potential links between4) Limitations of ESA in Domain-specific RetrievdtSA
terms (e.g. Latent Semantic Analysis (LSA) [14]), (3) andias shown good performance in IR using Wikipedia as a
lyzing top-ranked results from an initial retrieval andngsi general-domain knowledge source [9], [11]. However, a wide
feedback information to refine the search (e.g. Local Cdnteange of topics in Wikipedia can also be a disadvantage
Analysis (LCA) [15]). Overall, such statistic-based s@uas for a narrow domain retrieval, since many irrelevant topic
are effective in general-purpose retrieval tasks. Howetber expansions will introduce noise and distortions in capiyiri
results are not satisfactory in domain-specific retrieaaks, term correlations [12], and also increase the time costdbr ¢
when more terminologies of a specific domain are useclulation. By adopting a domain-specific knowledge repogito
Terminologies that are specific to a domain may includeSA would probably offer better results in the target domain
special meanings and relations which are not available rietrieval.
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However, the domain-specific knowledge repositories ad®main-specific knowledge repository related to BIM models
usually much smaller than general-domain knowledge reposi online product model libraries.
tories like Wikipedia. For example, the domain-specificikho
edge repository used in this paper, namely the IFC4 docum( 4 14 treLamprypeEnum
tation [7], contains 0n|y 906 Concepts and 7660 terms, WHhii(l The IfcLampTypeEnum defines the range of different types of lamp available.
is very small compared with Wikipedia corpus that contair| "7 Tenbre b Fea@Addendum

1,187,839 concepts. When ESA is 5imp|y combined with su ;CO:IPI_\CT;\LUtO'I:ESCENT: A fluorescent lamp having a compact form factor produced

. .. . y shaping the tube.

a small knowledge repository, there are two limitations & <FLUORESCENT: A typically tubular discharge lamp in which most of the light is emitted

f " by one or several layers of phosphors excited by ultraviolet radiation from the discharge.
ollows. *HALOGEN: an incandescent lamp in which a tungsten filament is sealed into a compact

(1) InSUfﬁCiency Of terminologies in a Sma” domain_ transport envelope filled with an inert gas and a small amount of halogen such as iodine

or bromine.

Specific knOW|edge repositoryjn ESA, the terms that do not| -HIGHPRESSUREMERCURY: A discharge lamp in which most of the light is emitted by

. . . exciting mercury at high pressure.
appear in the knowledge repository cannot be mapped il| <HIGHPRESSURESODIUM: A discharge lamp in which most of the light is emitted by

exciting sodium at high pressure.

the Concept Space' ThIS issue iS qUite common in our ta" *LED: a solid state lamp that uses light-emitting diodes as the source of light.
For example queries and dOCUmentS ContainS some bran( *METALHALIDE: A discharge lamp in which most of the light is emitted by exciting a

metal halide.
manufacturer names, which are C|ear|y not included in tt *OLED: a solid state lamp that uses light-emitting diodes as the source of light whose
emissive electroluminescent layer is composed of a film of organic compounds.

IFC4 dOCU mentation. In th|S Case, ESA‘based retrievalnoft‘ *TUNGSTENFILAMENT: A lamp that emits light by passing an electrical current through

returns inaccurate and incomplete results. S USERDEFINED: tnerdeten o ™
(2) Coarse granularity of concepts in a small domain- [__*NOTPEFINED: Undefined type.

specific knowledge repository.Compared with Wikipedia
which contains a large number of concepts, there are

relatively sn_"nall number of concepts in the small knowl- Each page in the IFC4 documentation follows the “entry-
edge repository. .Many of the concept; _Qe”erateo' fr,omd@scription“ format, similar to Wikipedia. An example entr

knowledge repository are category definitions. Oftentimes, o' \Fc4 documentation is given in Fig. 1. For each con-
a category includes some subcategories, but when “S'n%e‘iSt (entry), the documentation page includes the name (e.g

small knowledge repository, there may not be Sta”d'alop?cLarrpTypeEnun)G, the description, the sub-categories
concepts for the subcategories. As a result, documents EJL?_G f1uorescent, hal ogen and LED), the involved

scrib.ing Qifferer?t subcategories are likely to be indexe_yd oncept properties, relationships, and so forth. Sinceesom
one identical primary concept (with coarse granularitp)its  oated terms (e.g., “lighting”, “lamp” and “LED") co-ocein

is difficult to distinguish the subcategories if only usin§& o same entry, ESA is able to build their semantic relatgsine
For example, there are many types of lamps (€.9., "LEDne nroduct model libraries that we consider in this paper
“fluorescent lamp” and “metal-halide lamp”

\ ) are associatgdyica|ly include specificbuilding elements(e.g. windows,
with the same concepttf cLanpTypeEnumin IFC4 (se€ ,qrq heams, columns). Therefore, we will only consider th

Fig. 1). Therefore, when receiving any type of 1amps as g, chapters in the IFC4 documentation that are related to
query keyword (e.g. "LED"), all documents associated Wit} ;jing elements, namely the 6th chapter “Shared schemas”
the concept f cLanpTypeEnumwill be returned, but the ;4 the 7th chapter “Domain schemas”. These two chapters

documents about "LED” cannot be well distinguished fromy, ., e knowledge repository used throughout the remainde
the documents about other lamp types. of this paper.

5) The IFC4 Knowledge Repositoryn the AEC industry,  the semantic ambiguity in queries and product documents

there are several well-known knowledge resources (€.9.10mghy pe alleviated by using ESA concepts which are derived
Class, Uniclass and Masterformat), which have the potentigl,, the 1FC4 documentation instead of from the Wikipedia
to become domain-specific knowledge repositories. HOWeVEBrpus. For example, consider the short query “Duct Fitting

most of them are like taxonomies or classification systems, jhich specifically refers to the connection parts between
which the entries (terminologies) are lack of sufficientttex 4, segments in the AEC domain. When using the IFC4
descriptions. As a result, they are not suitable for ESA. Wjoymentation as the domain-specific knowledge repository

contrast, the documentation of the IFC4 Release (IFC4) [@]e query’s top-5 concepts generated by our enhanced ESA
contains the entries associated with rich textual desorpt ,.a. | f cDuct Si | encer TypeEnum | f cDuct Segnent

which is suitable for ESA as the reference domain-specifi¢ .o ct Fit t i ng | f cCabl eFi tting and
knowledge repository in our investigation. The IFC4 Reteas ¢ . pyct Segnent 'TypeEnum which are
consists of the IFC4 schema (specified by ISO 16739:2013), |;ser's query in the AEC domain.
[6], which can be considered as the ontology used for descr, ing Wikipedia as the domain-specific knowledge repogitor

ing BIM models, and an extensive textual documentationlof g, o query’s top-5 concepts generated by the original
concepts used in the IFC4 schema. The IFC4 Release is pglrp gre: sal i vary ducts, Interlobul ar duct

lished by buildingSMART International [22], which provisle | 1t ar cal at ed duct Maj or sublingual duct
authority and acceptance in the AEC field because of its ®le &, 4 pyct (anat ony)’ which are misinterpreted to the
an international industry-supported standardizationybdtie :omedical domain, not the AEC domain. This is because
IFC4 Release can hence be considered as a semantically rich

Shttp://www.buildingsmart-tech.org/ifc/IFC4/final/htlechema/
Shitp://www.omniclass.org ifcelectricaldomain/lexical/ifclamptypeenum.htm

Fig. 1. An example entry in the IFC4 documentation.

relevant to
In contrast, when
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Wikipedia does not cover more detailed knowledge sourcesdncument is mapped into a concept vector. Once these concept
the specific AEC domain, and many Wikipedia articles abouectors of all documents are generated, an inverted index
“Duct” in the biomedical domain are incorrectly associated created to map back from each concept to its associated
with the query “Duct Fitting”. documents.

(3) Query processing: Mapping a query into a concept
vector. In the query processing stage, a user's query is also

, . ) mapped into a concept vector by multiplying the BOW vector
Although a domain-specific knowledge repository can mal&q the query with the semantic interpreter matrix.

ESA-based retrieval more focused, the available termgiet (4) Fetching the indexed documentsThe relevant docu-

are insufficient and concepts have coarse granularity in tie.niq are fetched from the inverted index using the selected

narrow domlam C:)UF;]“S Suﬁh ashthehIFC4f documentfan ery concepts, where computing semantic relatedness be-
Experimental results have shown that the performance of Eqfiapy the query and documents is reduced to calculating the

suffers from a small-scale knowledge repository [12], [23_ osine similarity between their concept vectors.
Several methods have been developgd f‘?r Improving ESA WlthCompared with the large-scale general knowledge reposito-
large-scale general knowledge repositories like Wikipg@l, joq jike wikipedia, the domain-specific knowledge repmsit

[11], [24], [25], [25], [26]. However, the existing IMprove g g ch as the IFC4 documentation are often much smaller
ments for ESA are not specifically designed for solving the Mg incomplete. In a domain-specific retrieval task, howeve

limitations (as mentioned in Section I-Ad), which are calisg g fing that the document collection to be retrieved is much
by the small domain-specific knowledge repositories. Taiobt larger than the associated knowledge repository. In order t
better retrieval results, we present an enhanced ESA metfm ze the large document collection for improving the foer

for retrieving (_)nline BIM product model I_ibraries using Mmance of ESA-based retrieval, we present an enhanced ESA
external domain-specific knowledge repository (the IFC@-dop, o4 for retrieving online product model libraries. lineg

umentation [7]). Our main contributions are summarized ?ﬁ/the idea of pseudo-relevance feedback [27], we make use of
follows. the top-ranked results from an initial keyword retrievahtgp
- To solve the problem caused by insufficient terminolqmproving the performance of semantic retrieval. The tieps
gies in a small domain-specific knowledge repository, énhancements to the original ESA are as follows.

novel concept expansion algorithm is proposed. - Concept expansion In the query processing stage, we

" coneepts i a small domain.sptifs knoniedge repos. 71005 & new concept expansion algorifim so thal the
P . : -SP ge rep queried terms are less likely to be missed in this step
tory, a re-ranking algorithm is developed. (see Section II-B)

) The_ prlesented fretr(ljeval meth_od 'i mtt_algratedd mftro a . Re-ranking. After fetching the indexed documents, the
retrieval system for demonstrating the utility and effec- retrieval results are re-ranked so that the documents

tiveness of our mgth_o_d. The_experlmental results show most-related to the query are ranked to the top (see
that our method significantly improves the performance Section II-C)

of BIM product model retrieval and outperforms the
state-of-the-art methods.

B. Contributions

B. Concept Expansion

[I. ENHANCED ESAFORDOMAIN SPECIFICRETRIEVAL In the original ESA method, the query is mapped into a con-
First, we briefly overview ESA-based retrieval [10], [9]C€Pt vector by multiplying the BOW vector of a user's query

[11]. Then we present the two-step enhancements to ¥yith the semantic interpreter matrix. However, becausenof i
original ESA in Section I1-B and Section II-C, respectively sufficient terminologies in a small domain-specific knovged
repository, the semantic interpreter of ESA often fails tapm

some terms that do not appear in the knowledge repositasy int

A. The Overview of ESA-based Retrieval the concept space. This issue has been discussed in Section
Upon receiving a query, the original ESA-based retriev&lA4. To solve this problem, we proposecancept expansion
mainly consists of four steps as follows. algorithm to generate the meaningful concept vectors fifwen t

(1) Building a semantic interpreter. The semantic inter- top-ranked documents obtained in an initial keyword re#iie
preter can be regarded as a term-concept matrix, where eaclfhe semantic interpreter in ESA can be regarded as a term-
column corresponds to a concept and each row denotes a teoncept matrix. Assume that this matrix is denoted as>an
that occurs in the external corpus of knowledge repositomatrix M, wherem is the number of terms and is the
Each element in the matrix corresponds to the valuglef number of concepts (all articles in the IFC4 documentation)
IDF (short for Term Frequency-Inverse Document Frequencyllext fragments can be mapped into the concept space by

(2) Document indexing: Mapping documents into con- multiplying their BOW vectors with the semantic interprete
cept vectors and creating the inverted index In the doc- matrix M.
ument indexing stage, each document in the document coldn the document indexing stage, each document is indexed
lection is first represented by a Bag-of-Words (BOW) vectday the concepts. LelV be the number of all the documents to
weighted with its Term Frequency (TF) [11]. By multiplyingbe retrieved, and therefore the whole document collectén c
the BOW vector with the matrix of semantic interpreter, eadbe represented asmax N matrix D, in which each column is
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Algorithm 1 Concept Expansion Algorithm 2 Re-ranking
Input: the BOW vector of the query, the document collec- Input: the queryq, the results in ESA-based retrievdgsa,
tion D, the semantic interpret®&l, and the conceptindex  the top-ranked documents in the keyword retriedgky ;
of documentsC; Output: the re-ranked documentizg;
Output: the merged concept vecter, and the top-ranked 1: for each terme in the document sedkw, do
documents in an initial retrievalikw ; 2:  calculate the relatednessirr(c, q);
1: get the mapped concept vectoy using the semantic 3: end for
interpretericq = MTq; 4: choose the top-weighted terms
2: get the top-ranked documents from an initial keyword w. = topK ({relrr(c,q)});

retrieval: dgw = topK (DTq); 5: for each document; € dgsa, do

3. get the expanded concept vectrin the concept index: 6:  calculate the document score using Eq. (7);
ce = Cdkw; 7: end for

4: normalize and merge the two concept vectors: 8: sort the documents by the document score:
cm = topK (normalize(cq) + normalize(ce)); drEg = dgsa.sortBy(score(d;));

the BOW vector of a document. By mapping all the documenits the domain-specific retrieval, the number of terms agpgar
into the same concept space, a concept index matrix forell fim the document collection is much larger than the number
documents can be built, which is denoted as a N matrix of terms appearing in the small domain-specific knowledge
C: repository. This results in less zero rows in the mabdixhan
Cc=MTD, (1) in M. Therefore, the query can be mapped into the concept

where each column i€ is the concept vector of a document>Pace even if some of the terms do not appear in the small

In a similar way, letq be them-dimensional BOW vector of domain-specific knowledge repository.

a query in the query stage, and the mapped concept ve‘gtort In our metthod,twe use Eq' (2) and tI_Eq.I (4)Iffor ge_neratmg
can be calculated as Wwo concept vectorey and ce, respectively. Ifcq misses

some terms that do not appear in the semantic interpreter,
Cq = MTq. (2) the retrieval can in any case still go on using Next, cq
It is worth noting that if one term in the query doe?”d ce are normalized and combined into a unified concept

not appear in the domain-specific knowledge repository, t§Ctor denoted byy,. Finally, only the top-weighted concepts

corresponding row in the semantic interpreter mabwould " €m are kept, which indicates that certain concepts are
become zero. This leads to that this term would be missE@Sely related to both the initial query and the top-ranked
when using the semantic interpreter for mapping the que‘# cuments. Algorithm 1 shows the detailed algorithm of

into the concept space. This problem significantly affees t CONCEPt expansion.
accuracy of ESA retrieval, since the short queries are lysual .
with only a few terms. C. Re-ranking

To solve this problem, we propose a novel concept expan-The coarse granularity of concepts is another limitation
sion algorithm to get an expanded concept vector from tiehen using ESA in a small domain-specific knowledge repos-
document collection related to the query. Our idea is imgpiritory, as mentioned in Section 1-A4. To solve this problem,
by pseudo-relevance feedback [27] which assumes thatphe tave propose a re-ranking approach which is based on Local
ranked results in an initial keyword retrieval are more ljke Context Analysis (LCA) [15]. LCA aims to calculate the
to be relevant. Different from textual query expansion,ahhi relatedness between each term in a document and an input
generates new query terms, our concept expansion metlgoery, which was initially introduced for query expansion
solves the problem of “insufficient terminologies” by ditlgc applications. Instead, we use LCA in this paper for re-ragki
generating an expanded concept vector. In our method, sotie retrieval results to match the initial query well.
potentially relevant concepts can be obtained inversaynfr  The top-ranked documents in the initial keyword retrieval
the result of an initial keyword retrieval. The result of aitial  results are assumed most likely to be relevant to the given
keyword retrieval is represented asvadimensional vectod, query. For each terna in the top-ranked documents, LCA

d=DTq. 3) calculates the relatedness betweerand the queryq by

TechA(C, q):

In practice, only the top-ranked documents are kept.

Since the concept index matr in Eq. (1) is the mapping relrcale,q) = H(O'l +colt,c)), ®)
between concepts and documents, we can get a new wgctor tea
including some “expanded” concepts, as calculated by wheret is a term in the query, aneb(t, ¢) is the co-occurrence

B AT T rate of termec and termt in the top-ranked documents [15].
ce =Cd=M"DD"q. @ The value ofrel (¢, q) indicates that how a term in the

Since the expanded concepts are related to the top-rankagtranked documents is related to the query. To increase th
documents, more documents similar to the top-ranked doaffect of the terms in the query, we define a new relatedness
ments can also be retrieved through these expanded concdptection asrelgr(c, q):
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BIMSeek
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Search time: 0:00:00.027000 Expanded concepts Relevant docs
1. Waza™ Vessel L avatory, Fired Pottery Clay. Burnished Goid/Autumnal Red Color Options

IfeBoiler 450
TYPES | SPECIFICATIONS Basin Size 9-7/8" Color Burnished Gold, Autumnal Red Country United States Depth 14-1/8" IfcTank 344
Height 6-1/4" Manufacturer Product Line Waza™ Material Fired Pottery Clay Mounting Vessel Mount Region North SanitaryTerminalTypeSink 257

America Sink Configuration Single Sink Sink Type Lavatory Width 17-3/4" The essence of Japan is captured in these
Zen-insnired masterpieces from TOTO. Potterv. known as Shigaraki-vaki. comes from Shicaraki Town and its

nalTypeWashHandBasin 209
rence 716
ypelnspectionPit 1121

More.

- _ DistributionChamberEle:
2. Waza™ Vessel Lavatory, Fired Pottery Clay. Pacific Blue/Dappled Sunlight Color Options

DistributionChamberElementTypeTre 998
TYPES | SPECIFICATIONS ADA Compliant Yes Basin Size 14-3/4" Color Pacific Blue, Dappled Sunlight Country United DuctFittingOceurrence 458
States Diameter 15-3/4" Height 7-1/8" Industry Standards ANSI A117.1 Manufacturer Product Line Waza™ Material ValveTypeFaucet 741
Fired Pattery Clay Mounting Vessel Mount Region North America Sink Configuration Single Sink Sink Type Lavatory FurnitureTypeChair 1850
The essence of Janan is cantured in these Zen-insnired masterpieces from TOTO. Potterv. known as Shigaraki-vaki DistributionChamberElementTypeSump 464

More,

3. Waza™ Vessel Lavatory, Fired Pottery Clay. Burnished Gold/Woodland Green Color Options
TYPES | SPECIFICATIONS ADA Compliant Yes Basin Size 14-3/4" Color Bumished Gold, Waodland Green Country
United States Diameter 15-3/4" Height 6-7/8" Industry Standards ANSI A117.1 Manufacturer Product Line Waza™
Material Fired Pottery Clay Mounting Vessel Mount Region North America Shipping Weight 22 Ib Sink Configuration
Sinale Sink Sink Tvoe Lavatorv The essence of Jaban is captured in these Zen-inspired masternieces fram TOTO.
More.

Terms selected for re-ranking

color

4. Luminist™ Rectangle Vessel Lavatory, 17-7/8"W x 10-13/16"D Basin, Epoxy Resin, Angelic White Finish

TYPES | SPECIFICATIONS ADA Compliant Yes Basin Size 10-13/16" x 19-11/16" Color Angelic White Country United lavatori
States Height 4-5/8" Industry Standards Manufacturer Product Line Luminist™ Material Epoxy Resin Mounting Wall basin

Mount Region North America Shipping Weight 14 |b Sink Configuration Single Sink Sink Type Lavatory Width 19- -

11/16" The TOTO® Luminist™ Rectanale Vessel Lavatorv is an epoxv resin luminist vessel lavatorv. The semi-clear

toto

More

5. Luminist™ Round Vessel Lavatory, 14-7/8" Inner Diameter Basin, Epoxy Resin, Angelic White Finish natur

TYPES | SPECIFICATIONS ADA Compliant Yes Basin Size 14-7/8" Dia Color Angelic White Country United States sink
Diameter 15-3/4" Height 4-5/16" Industry Standards Manufacturer Product Line Luminist™ Material Epoxy Resin
Mounting Surface Mount Region North America Shipping Weight 12 Ib Sink Configuration Single Sink Sink Type
Lavatorv The TOTO® Luminist™ Round Vessel Lavatorv is an epoxv resin luminist vessel lavatorv. The semi-clear
More

product

Fig. 2. The user’s interface of the retrieval system for malproduct model libraries.

Ill. EXPERIMENTS
relgr(c,q) { a TF(c,q) relpcalc,q) ¢ € q (6) A The Retrieval System and Benchmark

relioa(e,a) ¢ ¢ a The presented method has been integrated into a retrieval
whereq is a constant which is chosen as a number larger thgj?stem for demonstrating the utility and effectiveness wf o
the length of the query (we typically select 10), @ifl'(c,q) method. In this system, the retrieval service is deployesttba
counts the term frequency efin q. The terms with highest on Django and MongoDB. Scrapy crawlds used to collect
relrr(c,q) values are selected as a term et To re-rank online product model documents. In the retrieval system, th
the retrieval results, the score for each documénin the keyword-based IR service is provided by Apache Luégne
retrieval results is calculated by: which is used for pseudo-relevance feedback, and it is also a
baseline of performance in our experiments. In this secttin
score(d;) = c g:w relrr(c, q)TF(c,d;). ) the experiml?ants were run on a 3.EOGHZ processor with 16GB

. . . ) memory on Windows 10.
Algorithm 2 shows the detailed algorithm of re-ranking. The user's interface of the retrieval system is shown in

_Finally, we demonstrate our two-step enhancemerif > The user first specifies a search query, and the system
(ie. Algorithm 1 and Algorithm 2) compared with thererms the ranked results of online product models related
original ESA through a retrleval_ ap_pllcatlon.. Considefy the user’s query. In Fig. 2, the top-right panel shows the

the user's query “TOTO lavatory” in Fig. 2, wh|ch refersexpanded concepts (i.e,,) computed by Algorithm 1, and

to a lavatory of the manufacturer TOTO or its subgge pottom-right panel shows the terms (i.e. the termvedt

brand. Since both the terms “TOTO” and “lavatory” argna; are automatically selected for re-ranking using Altjon
not included in the IFC4 documentation, the originaj

ESA cannot generate the concept vector for this queryr, eyajuate the performance of various IR methods, we
when ‘using the IFC4 documentation as the knowledggeq 1o generate a set of test queries. Currently, the dotume
repository. In contrast, using Algorithm 1, the top-4 cuise ¢|ection used in the retrieval system contains a total ipem

generated for this query are the followingf cBoi I er, ¢ 17 903 product model documents acquired from Autodesk
| T cTank, , Sani taryTer m nal TypeSi nk,  geek website[5]. In the document collection, each product
Sani taryTerm nal TypeWashHandBasin, so  that o0 ment is associated with two types of labels: product
potentially relevant documents can be fetched succe;zsfugategory and product manufacturer. In our test, these two
Among the fetched documents, the most-related documegjSes of japels are used as “ground truth” for generating our
are mixed up with some weakly-related ones. In ordglg; qyeries. By combing different category and manufactur

to re-rank the documents, several terms are selected es, a set of candidate queries is first generated in the for

"o "o "o

Algorithm 2, including “lavatory”, “toto”, “basin”, “sink and
so on. In the re-ranked list, the top-ranking documents matc 7https://scrapy.org
the user’s query intent well, as shown in Fig. 2. 8http://lucene.apache.org
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keyword-based IR original ESA our method TABLE |
| COMPARISON BETWEEN OUR METHOD AND SOME EXISTINGR METHODS.
Rank . . <&
1
C Control: Prudential Lighting Cooper Lighting f
Greeng:tzefiigz:ircz zontrol . EnPIZlSI " In‘:/ﬁei:ElNC IiIéD MeanAP Recall P@lo Failure rate
KW 0.493 0.736  0.690 1/63
ESA [8] 0.149 0.526 0.143 11/63
Rank ESA+CE 0.221  0.907 0.189 0/63
Cooper Lighting Prudential Lighting Cooper Lighting ESA+RR 0.342 0.526 0.546 11/63
Streetworks™ LED P-40 Invue™ ENT LED ESA+CE+RR 0.544 0.907 0.671 0/63
ESA+FS [11] 0.153 0.524 0.141 12/63
Rank ESA+NO [24] 0.097 0.821 0.071 5/63
3 —— o v ESA+QE [26] 0.142 0.687 0.121 9/63
C Lighti Prudential Light C Light
i ENT LED e inve™ ENV LED IFCQE [16] 0447 0745 0.598 2/63
IFCCA [17] 0.277 0.631  0.308 11/63

Fig. 3. Comparison of the retrieval results for the same yyu€ooper
lighting” using three methods (from left to right: Keywobdsed IR, the

original ESA method and our method). The top 3 results atedisvith the resylts. Failure rate is an indicator about the number ofsas
thumbnail, manufacturer name and product name. among the 63 queries, when there is no relevant documents in
the results.

of “manufacturer name + category name”, such as “TOTO In.the experiments, thg performance of.keyvv.ord-based IR
lavatory” and “Cooper lighting”. In order to obtain a morProvided by Lucene W) is used as a baseline. First, the two-
reliable evaluation standard, the queries which covertlems SteP enhancements proposed in this paper, including “gnce
50 product documents in the document collection are remov&Pansion” ESA+CE), “re-ranking” ESA+RR) and their
from the generated candidate queries. Finally, 63 testigmercOmPination ESA+CE+RR), are tested and compared with
are kept as the benchmark queries of our experiments. "€ original ESA methodHSA). Then the state-of-the-art
If some of the terms (e.g. manufacturer names) are rgEthods for improving ESA on general-purpose knowledge

included in the IFC4 documentation, the original ESA methd@Positories are compared. In these methods, the first one

cannot generate the correct query interpretation. For pkam usesfeature selectiorto remove redundant dimensions from
considering a user's query “Cooper lighting”, where “Cogpe & CONCept VEctorHSA+FS) [11]. The second one considers
Ep non-orthogonalitypetween concept&SA+NO) [24]. The

is the manufacturer name. Fig. 3 shows the top-3 retrievk : ) hich .
results returned by the traditional keyword-based IR methdrd one performs @uery expansionwhich uses semantic

the original ESA method and our method, respectively. We firfgiPreter to generate the expanded query striel§A+QE)
that many irrelevant results are returned when using the fité6l- In addition, two ontology-based methods for domain-
two methods. When using the keyword-based IR, the top-onRecific retrieval are also compared, includingjaery ex-
result is a product about the “Cooper controls”, which dod@nsionmethod using an IFC ontologyHCQE) [16] and a
not reflect the user's query intent well. The reason is that tfONCEPt annotatiomethod using an IFC ontologyRCCA)

webpage of “Cooper controls” contains many individual tem{ﬂ]' The experirr_]ent_al resglts are listed in Table |, whéwe t
“lighting” and “Cooper”. When using the original ESA, thebest values are highlighted in bold black. The results shat t

products from a different manufacturer “Prudential” asteld our method achieves the best results for BIM product model

in the top-3 retrieved results. Although the top-3 retribve €lrieval in the state-of-the-art methods.
results are all about “lighting”, the manufacturer named6g- ) ) _ )
er’) is ignored by ESA. This is because the manufacturer naffre Experimental Analysis and Discussion
does not appear in the IFC4 documentation when using ESAAccording to the experimental results, the original ESA
In contrast, when using our method, the top-3 results are dibes not work well when using IFC4 documentation as the
about “Cooper lighting”, which match the user’s query iriterknowledge repository. The semantic interpreter of ESA does
well. not generate the correct query interpretation in many ¢ases
and consequently the 11 ones of 63 queries do not fetch any
) ) relevant documents. The state-of-the-art methods forampr
B. Comparison with Other Related Methods ing ESA on general-purpose knowledge repositories cannot
To compare the performances between our method witteld good performance for the domain-specific retrieviaces
other related methods, we adopt several standard evaigatithey are not specifically designed for solving the problerns o
of IR, including mean average precision (meanAP), recéd,raESA-based retrieval on a small-scale knowledge repository
P@10 and failure rate. Recall rate is an indicator about hdw Table |, the methodESA+FS) only slightly improves the
many relevant documents are found in the retrieval taskhHigmeanAP value, but it is not helpful in finding more related
er recall rate means that more relevant results are returngdcuments. The metho®SA+NO) and ESA+QE) are both
MeanAP stands for the averaged precision on each positionatile to improve the recall rate by returning more potentiall
the sequence of retrieved documents. Higher meanAP meaglated documents, but meanwhile they suffers the loss of
that more relevant documents are ranked to the front of thecuracy.
results. P@10 is the precision of the top-10 results, whichIn contrast to the performance of the original ESA, the
indicates how many results are relevant on the first page efhancements of “concept expansion” and “re-ranking” are
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both effective in improving the performance of domain-[2] S. N. Han, G. M. Lee, and N. Crespi, “Semantic context«@service

SpeCifiC IR. By comparing the experimental result€ESA and composition for building automation systemlEEE Transactions on
ESA+CE in Table. I. th | h h h Industrial Informatics vol. 10, no. 1, pp. 752-761, 2014.
In Table. |, the results suggest that the enhanceme J. B. Kim, W. Jeong, M. J. Clayton, J. S. Haberl, and W. Yddevel-

of “concept expansion” can handle the cases that the query oping a physical BIM library for building thermal energy sitation,”
terms are not included in the knowledge repository. A queré‘rg Automation in constructignval. 50, pp. 16-28, 2015.

. . M. V. Moreno, F. Terroso-Saenz, A. Gonzalez, M. Valdeday A. F.
can be interpreted into a better concept vector that matches gyameta, M. A. Zamora-lzquierdo, and V. Chang, “Applitiabiof

more relevant documents, which increases the recall rate fr big data techniques to smart cities deploymenSEE Transactions on
0.526 to 0.907 and decreases the failure rate from 11/63 }g] K‘J’tgztg;l '[)L‘Lrtfggggz é%le?(-" 2016, available from: Htgsek autodesk
0/63. In addition, by comparing the results ESA+CE and com. ’ ’ ' ' '
ESA+CE+RR, the results show that the enhancement of “ref6] International Organization for Standardization (IS@BO 16739:2013

ranking” increases the meanAP value from 0.221 to 0.544, —Indusyr'y Foundation Cla_sses (I_FC?’ for data sharing in trestuction
hich indicates that it is effective in ranking most-rethte and facility management industries,” 2013, 1ISO 16739, @Gane
which Indicates itis ve | Ing S [7] buildingSMART International, “Industry Foundation &ises IFC4 offi-

documents to the top positions. cial release,” 2013, available from: http:/iwww.buildamart-tech.org/
Our final solution is the combination of “concept expan-__ ifc/lFC4/final/html/index.htm.
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