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4.3 Results

We report the results in Figure 4. For the evaluation metrics, we
focused on N = 5, since our system will display 5 recycling recom-
mendations to the user. From the figure, we note that our proposed
approach using the CF weighting scheme outperforms the baseline
in both categories.
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Figure 4: Experiment results of Recall@5 and Precision@5
for the baseline (TF) and our proposed approach (CF). The
reported results are the average of Recall@5 and Precision@5 for
each user evaluated in the experiment.

CF vs. TF. In the following, we highlight the advantages our
proposed CF approach has over the TF baseline. These highlights
should give an idea of why the CF outperforms TF. A drawback of
Bag of Words is that it considers all words in the text descriptions
as equally important. To use the item in Figure 3 as an example,
it represents the item as an item containing the word ‘miu’ two
times, when—in fact—"Miu Miu’ is the brand of the item and is of
vital importance to the representation of the item. For clothing
items with brand names of common terms, such as "Jean Shop’, the
Bag of Words approach is in deep trouble. In advantage, the Bag of
Concepts approach is able to extract the 'Miu Miu’ entity (Q552230)
and able to capture the semantic context of the item. Moreover, the
Bag of Words approach will describe the item using words such as
’clean’, which does not characterize the item in any way.

5 RELATED WORK

In recent years, LOD in recommender systems has been frequently
researched and various applications have been proposed [2, 3]. The
most common application is to calculate semantic similarity of
items based on the item’s relationships found in datasets published
as LOD. Using concepts from a LOD Knowledge Base to model the
user profile have shown promising results in past work, e.g., [8].
Many of these past works use DBpedia® as a LOD Knowledge Base
and focus on recommendation in the traditional domains where
large datasets are available, such as movies, music, and books.
Our recommender system addresses a relatively unexplored do-
main and exploits a LOD Knowledge Base lacking previous research.

“http://wiki.dbpedia.org/

Anders Kolstad, Ozlem Ozgt’)bek, Jon Atle Gulla and Simon Litlehamar

To the best of our knowledge, recommending items that is no longer
of interest to the user is a quite recent idea. Moreover, with the
proposed approach built into the architecture of the Internet of
Things wardrobe, this paper’s proposed recommender system in
the fashion domain is the first of its kind.

6 CONCLUSION AND FUTURE WORK

In this paper, we describe an Internet of Things wardrobe enabled
with a proposed semantic content-based recommendation approach
to recommend clothing items for recycling. We describe a set of
context signals obtained from the wardrobe’s architecture and how
they affect the recommended list displayed to the user. Evaluation
of our approach shows that our approach outperforms a baseline in
terms of accuracy. Moreover, previous research has shown that LOD
can increase recommender system’s transparency and increase the
user’s trust in the system by computing convincing explanations
to the recommendations [7]. The proposed approach facilitates
opportunities for this and is planned for later research. Hence, the
approach poses as a promising fit for the system.

Future work will also be devoted to improving the recommen-
dation approach with a Concept Frequency - Inverse Document
Frequency weighting scheme, and to develop further steps in sys-
tem for the users to act on the recommendations.
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Chapter 7

Discussion

While conducting the work on this thesis, a lot of important insight was obtained.
Due to taking on a relatively new domain in recommender systems, acquiring
suitable data (Section 7.1) and comparable research (Section 7.3) proved to be
challenging. Moreover, due to the complexity of the system, a lot of technical
issues (Section 7.2) were experienced. In addition, some insight was also obtained
while conducting the experiments (Section 7.4) described in the papers.

7.1 Domain and Dataset

As always, acquiring a suitable dataset is challenging. For this specific project,
the offline experiment required data about a set of clothing items that were put
together in outfits and rated by users. Moreover, the user’s usage history on the
items should be included with information on which items that had been recycled
or donated.

In a domain with already very little available data suitable for recommender
systems evaluations, a complete dataset as described above turned out to be
impossible to automatically extract. At the system’s current stage of being an
early prototype, the system was too immature to be used for retrieving data
from a set of test subjects. Ultimately, some social media sites posed as good
candidates for extracting some data that could be used in a dataset for offline
experiments. This data did not cover usage history or recycling information but
was extensive enough for complete accuracy evaluations in Paper II and with
some preliminary accuracy evaluations in Paper III.
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66 CHAPTER 7. DISCUSSION

7.2 Technical Issues

The first IoT demonstrator developed as part of the prototype from the summer
internship was not made available for this research project. Because of this, a
new loT demonstrator had to be built for this project. With little experience
in hardware development, this turned out to be quite of a technical challenge.
First, the acquisition of the same type of RFID reader used in the first demon-
strator, was not possible. This resulted in that the source code for the computer
embedded in the closet was useless for the new demonstrator—requiring that the
TIoT demonstrator had to be built from scratch. Secondly, with little available
documentation on connecting the acquired RFID reader to a Raspberry PI, this
whole process became more time consuming than initially expected.

The source code developed during the internship was made available for this
research project. The codebase provided basic functionality, such as inventory
overview. In order to extend the existing architecture with recommender and
semantic web technology, a lot of changes in the original codebase had to be
made. This included fixing bugs originating from the internship (a lot of the
bugs were to be blamed on the thesis author). Moreover, the codebase’s many
frameworks, libraries, and tools had been deprecated and the process of migrating
to newer versions were time consuming and posed technical difficulties.

However, due to the system’s use of new and innovating technology (especially
the microservices), further extension of the architecture with recommender and
semantic web technology, was a quite painless process. The collection of avail-
able machine learning libraries, natural language processing tools, and knowledge
bases available, has become quite extensive in recent years. All providing good
documentation and allows for simple integration methods. This aided the system
in using state-of-the-art algorithms and techniques.

7.3 Related Research

The low number of related previous studies also contributed to the challenge of
data collection. Moreover, the previous studies lacked extensive descriptions of
how to recommend clothes from smart closets and was often not developed or
evaluated in any way. This proved it difficult to compare the results of this work
to similar works in the literature. On the other hand, this also proves that the
work of this thesis is unique and will hopefully encourage future research and
innovation of similar systems.
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7.4 Experiments

While conducting the experiment reported in Paper II, it was expected that the
AdaBoost algorithm and the Gradient Boosting algorithm would outperform the
much simpler Naive Bayes algorithm. Ultimately, AdaBoost was selected for the
system because it yielded the best result on the collected dataset. However, Gra-
dient Boosting’s performance was pretty close to AdaBoost, and it is possible that
Gradient Boosting might perform better on a different dataset. Moreover, from
the ROC curves, it shown from the Naive Bayes algorithm’s more choppy line,
that it is generating much fewer recommendations than AdaBoost and Gradient
Boosting. Due to time constraints and Naive Bayes’ much weaker performance,
the reason for this was left unexplored.

An interesting fact in the same experiment is that closet size did not affect
the accuracy of the recommendations. However, the only other closet size than
'full’ that was tested was a 50% reduction of all clothing items. In hindsight, it
is possible that the accuracy can be affected by different distributions of clothing
types, for example, twice as many tops as bottoms.

The experiment performed in Paper III showed that the proposed Bag of Con-
cepts approach outperformed the baseline using Bag of Words. The improvement
was expected to be much larger, but with the proposed approach’s use of semantic
web technology, it is still considered as a promising fit for the system. It should
also be mentioned that both approaches were pretty naive implementations, and
with more tuning and optimization, the improvement could possibly be greater.






Chapter 8

Conclusion

To conclude the thesis, this final chapter summarizes the contributions (Sec-
tion 8.1) of the thesis and gives concluding remarks to the research questions and
the goals (Section 8.2). Moreover, a discussion of future work (Section 8.3) is

given.

8.1

Summary of Contributions

Chapter 1 stated the main contributions of this thesis. This section sheds light
on how each of these contributions are provided in the papers.

C1

C2

C3

The architecture and design of a smart closet.

Paper I describes the whole architecture of the system. It gives detailed
descriptions of the task for each of the components in the architecture.
Figure 1, Figure 3, and Figure 5 are the most important figures in the
paper that summarize this contribution.

A nowel collaborative filtering approach for daily outfit recommendations.

The novel collaborative filtering approach is best summarized by Figure 4
and Figure 5 in Paper II. The novelty of the approach is the transformation
of the utility matrix into an outfit-item matrix.

A novel semantic content-based approach for garment recycling recommen-
dations.

The novel semantic content-based approach is best summarized by Figure
2 and Figure 3 in Paper III. The novelty lies in recommendation of items
that are no longer of interest to the user.
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C4 Thorough evaluations of the approaches using a real-world dataset.

A thorough evaluation of the novel collaborative filtering approach is given
in Paper II — Section 7. The semantic content-based approach is evaluated
in Paper III — Section 4.

8.2 Concluding Remarks

To summarize the key findings of this thesis, this section gives answers to the
research questions. The answers are concise and meant to emphasize the extensive
descriptions from the papers. Moreover, for each goal, a brief summary is given,
meant as a measure of how the goals were fulfilled.

8.2.1 Research Questions

RQ1 What are the core components and the functionality of a smart closet and
how can this be supported by recommendation technology?

Paper I describes the system of a smart closet where clothing items en-
abled with RFID tags can be manually scanned in and out of the closet
using a tiny computer embedded in the user’s physical closet. In a mobile
application, the user is displayed the closet inventory. Moreover, the mobile
application provides daily outfit recommendations using an approach that
is based on collaborative filtering leveraging machine learning algorithms.
Paper III describes how the mobile application can receive recycling rec-
ommendations by a content-based recommender system leveraging Linked
Open Data. A detailed architectural view is available in Appendix A.

RQ2 How can we automatically extract datasets that help us build and evaluate
content-based recommendation and collaborative filtering for smart closets?

Paper IT and Paper III describes a social media site called Polyvore that
mirrors some of the same functionality as the smart closet’s mobile appli-
cation. Paper IT describes how this site can be scraped in order to extract
a dataset of fashion outfits that is rated by a set of users.

Figure 8.1 illustrates an excerpt of some items in the collected dataset. Pa-
per I1I includes a figure describing how each of these items are semantically
enriched for the content-based approach.

RQ3 To what extent (accuracy) can a recommender system help users choose
clothes from a smart closet?

Paper IT and Paper III conducts experiments on the collected dataset with
accuracy evaluation using traditional evaluation metrics from information
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retrieval. The results (Paper II — Section 7.4) from Paper II supported
the selection of the best performing machine learning algorithm that rec-
ommended outfits most accurately. Moreover, it shows how a conventional
approach is inferior to the novel approach. Paper I1I showed that a content-
based recommender system leveraging Linked Open Data for recycling rec-
ommendations, outperformed a baseline without Linked Open Data, in
terms of accuracy.

Figure 8.1: Excerpt of the dataset as stored in the system’s graph
database. The nodes represent the clothing items while the edge between two
nodes represent the outfit of the two nodes. The edge stores a weight correspond-
ing to the number of outfit likes from the users.
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8.2.2 Goals

G1

G2

G3

The 'New IT’ strategy

Paper I described the system’s architecture and the set of microservices
implemented using the most suitable platform for their designated tasks.
Improving the modularity of the system. The microservices and databases
were implemented using container-based virtualization with Docker. This
enabled automation of testing, building, and deployment—ensuring that
the system’s software is able to go into production at continuous delivery.

The paper showed how a tiny computer could be integrated with the archi-
tecture, using the lightweight communication protocol MQTT, and how the
Fog Computing architecture handles the IoT device’s substantial amount
of data created by the device’s sensors.

Paper IT and Paper IIT showed how to build ’intelligent applications’ using
recommender systems, machine learning, and semantic web.

IoT demonstrator

Figure 2 in Paper I depicts the IoT demonstrator built as a small open
closet. It was built using a Raspberry PI connected to an RFID reader.
Some pictures of clothing items were printed and attached to RFID tags.
With the system’s mobile application, this provided an apt little demonstra-
tor of the whole system that was easy to set up and to transport. Paper 11
included a short video (https://goo.gl/rZBZqo) of the IoT demonstrator
in action.

Show off at conferences

During the work on this thesis, the IoT demonstrator was showcased at
itDAGENE! and JavaZone Academy?. itDAGENE is an annual career fair
where businesses get to meet I'T students at NTNU. The IoT demonstrator
was displayed at Accenture’s booth at the event venue. JavaZone Academy
is a miniature version of Scandinavia’s largest IT conference JavaZone3.
JavaZone Academy brings the best from JavaZone and present it to stu-
dents. Accenture participated with a booth in the conference’s exhibition
area where the IoT demonstrator was displayed.

Moreover, with a paper acceptance in the 13th International Conference
on Web Information Systems and Technologies (WEBIST 2017), the paper
authors were awarded a presentation slot at the conference where the work
was presented as an oral presentation.

Ihttps://www.itdagene.no/
2https://2017. javazone.no/academy
Shttps://www. javazone.no
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G4 Publicity

Together with the thesis author and some Accenture representatives, the
project was promoted with the IoT demonstrator on display at the confer-
ences and events mentioned above. Moreover, Paper I was published in the
proceedings of the 13th International Conference on Web Information Sys-
tems and Technologies (WEBIST 2017). In addition, Paper II and Paper
IIT are awaiting author’s notifications in high-profile conferences.

8.3 Future Work

The system described in this thesis should be considered as an early prototype and
a lot of development and research remains before a possible full scale production
of smart closets. The future work that is directly related to the scope of this
thesis, is the improvement and the additional applications regarding the daily
outfit recommendations and the recycling recommendations.

8.3.1 Daily Outfit Recommendations
Granularity

Since outfits can also comprise of more clothing items than what is researched
in this thesis (one top and one bottom), further research should be devoted to
how to add additional accessories to the recommended outfits computed using
the outfit-item matrix approach proposed in Paper II.

Occassion-based recommendations

Different occasions require different dress codes, e.g., business meeting vs. dinner
party. This could be addressed by integrating the user’s calendar with the system,
and the recommendations could be achieved, for example, by using an inclusion
criteria similar to the one proposed in Paper I and Paper II.

Retail recommendations

The number one benefiting factor a fashion retailer could achieve from a system as
described in this thesis, is targeted advertisement. Paper II briefly mentions that
the outfit-item matrix approach can be used to generate targeted advertisement
of clothing items that match clothing items already owned by the users.
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8.3.2 Recycling Recommendations
Feedback

In the current version of the system, recycling recommendations are just displayed
to the user. In case of recycling, the next user steps, such as removal from the
user’s inventory and registration at a recycling checkpoint, needs to be developed.
Moreover, if the user does not want to recycle the recommended item, the user
should be able to give the system feedback on this, so that the item will not be
recommended again.

Explanations

Utilization of Linked Open Data in the recycling recommendations facilitates for
a computational model for generating convincing explanations to the recommen-
dations. Explanations to the recycling recommendations should be considered as
a highly important feature. For a user to recycle a clothing item, it is safe to as-
sume that the user requires a pretty sound justification for the recommendation.

Additional incentives

A recommendation for recycling with a good justification for the recommenda-
tion, provides some incentives for people to recycle their clothes. This could be
improved with applications such as gamification [68]. A measure of the user’s car-
bon footprint [69] or some awarding of discounts at clothing retailers, are some
things that could strengthen the incentives for recycling.
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