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As the number and heterogeneity of appliances in smart buildings increases, identifying and controlling them becomes
challenging. Existing methods face various challenges when deployed in large commercial buildings. For example, voice
command assistants require users to memorize many control commands. Attaching Bluetooth dongles or QR codes to
appliances introduces considerable deployment overhead. In comparison, identifying an appliance by simply pointing a
smartphone camera at it and controlling the appliance using a graphical overlay interface is more intuitive. We introduce
SnapLink, a responsive and accurate vision-based system for mobile appliance identification and interaction using image
localization. Compared to the image retrieval approaches used in previous vision-based appliance control systems, SnapLink
exploits 3D models to improve identification accuracy and reduce deployment overhead via quick video captures and a
simplified labeling process. We also introduce a feature sub-sampling mechanism to achieve low latency at the scale of a
commercial building. To evaluate SnapLink, we collected training videos from 39 rooms to represent the scale of a modern
commercial building. It achieves a 94% successful appliance identification rate among 1526 test images of 179 appliances
within 120 ms average server processing time. Furthermore, we show that SnapLink is robust to viewing angle and distance
differences, illumination changes, as well as daily changes in the environment. We believe the SnapLink use case is not limited
to appliance control: it has the potential to enable various new smart building applications.
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1 INTRODUCTION
New generations of smart Building Management Systems (BMSs) are transforming how buildings are managed.
They integrate and abstract building systems and appliances to a unified, high-level programming interface [3, 8],
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Fig. 1. Application scenario for our vision-based appliance identification and control system. Users can get a
control interface of an appliance by capturing an image from an arbitrary angle and distance, even when other
similar appliances exist in the same or di�erent rooms.

enabling numerous smart building applications, such as occupancy-based HVAC operation [4], fault detection [14],
and demand response [13]. While many building management tasks can be automated, people still need to interact
directly with many appliances like lights, projectors, and printers. Additionally, because comfort preferences
vary from one person to another, direct human control of appliance settings is still necessary [15]. However,
human-building interaction (i.e., direct control of appliances) is not convenient today, and the growing number
and heterogeneity of digitally controllable smart appliances through a BMS in large commercial buildings further
exacerbates this situation.

To make human-building interactions more convenient, we start with the intuition that it is natural for humans
to use their visual senses when interacting with appliances:�What you see is what you control.�This motivates
us to design avision-based appliance identi�cation and control system that allows users to interact with any
appliance they can see. Such a system needs to include a simple and intuitive user interface that converts human
vision (an appliance image) to a control interface. We usesmartphones, one of the most ubiquitous devices in
modern life, as the vision sensor (i.e., capture an image of an appliance within view) and appliance controller
(i.e., control the appliance in the captured image). Speci�cally, we aim to enable users to control an appliance
through a smartphone application by simply pointing at it, as depicted in Figure 1. Users of this application
should not be concerned with taking pictures from a speci�c angle or distance from the appliance. Whatever
image is taken, users should get a proper control interface of what they are pointing at (e.g., on/o� button for
projector 2 in room 465) on the smartphone screen. Furthermore, no matter how many similar appliances exist
(e.g., the same projector in various meeting rooms), users should still enjoy convenient appliance control by
receiving an accurate and fast identi�cation response when they point their smartphone at an appliance.

Even though a number of studies have investigated the problem [43, 49, 54], their proposals cannot scale
to commercial buildings containing hundreds to thousands of appliances. Some approaches require additional
infrastructure for each appliance, such as laser or infrared signal receivers [40, 54], introducing a large deployment
overhead. Some are not applicable when controlling appliances from an arbitrarily large distance and angle, such
as QR codes [9, 50]. Finally, some approaches are inconvenient for users, especially in a large building, such as
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typing textual queries [7], memorizing vocal or gesture commands [43, 49], or manually browsing and searching
on a 2D/3D map [18].

In this paper, we design and implementSnapLink , a prototype system that can quickly and accurately identify
an appliance among hundreds to thousands of (possibly similar) appliances based on a query image from an
arbitrary location and orientation. SnapLink usesimage localization[46] to identify an appliance by �nding
where a query image is located in a pre-constructed3D spacein the database. This design choice comes from two
motivations: (1) From the user perspective, image localization provides high identi�cation accuracy with arbitrary
query images. (2) From a deployment perspective, 3D-model construction (the database for image localization)
requires only capturing a video with a commercial o�-the-shelf RGB-Depth camera while walking through
a building. With a 3D model, appliance labels only need to be applied once per appliance, whereas previous
vision-based systems [9, 22, 28] require many images for every appliance and every image to be labeled. In
addition, we propose two ways to further improve the accuracy and latency of image localization-based appliance
identi�cation in commercial buildings: (1) aFeature Sub-samplingmechanism that eliminates redundant features
from query images and (2) aGeo-partitioned3D-model construction that does not build a monolithic 3D-model
but a group of small 3D-models (of each room) to represent the entire building.

We have built a SnapLink prototype system including an Android smartphone application and integrated it
with BOSS [8], a representative modern BMS. To evaluate it, we construct a database with 3D models by collecting
67 minutes of video footage from 39 di�erent rooms from 5 di�erent buildings, which is equal to the size of a
small commercial building [11]. We also label an arbitrarily selected subset containing 179 appliances in these
rooms. To our knowledge, this dataset size has one order of magnitude more modeling images and covers a much
larger space than those featured in prior vision-based object identi�cation work [9, 22, 28]. For 1526 test query
images of these appliances from various angles and distances, our SnapLink system achieves94%identi�cation
accuracy and120 msserver processing time per query image, whereas our image retrieval-based baseline system
takes 177 ms to achieve only 66% accuracy.

Our contributions are as follows:

� We introduce a novel and useful application,arbitrary image-based appliance identi�cation and control
with ubiquitoussmartphones. We describe several technical requirements in designing a system to support
this application.

� With the application requirements and technical challenges as the basis, we present a set of key approaches
in order to maintain low latency and deployment overhead in large buildings:image localizationin 3D
models, Feature Sub-sampling, andGeo-partitioning.

� We build an end-to-end system that integrates SnapLink with a modern BMS (i.e., BOSS [8]) and provides
an Android smartphone application as a user interface.1

� We validate the performance of SnapLink at the scale of a commercial building that has 39 rooms and 179
appliances, which is an order of magnitude larger than in prior work [9, 22, 28]. In this real-world scenario,
SnapLink achieves 94% identi�cation accuracy and 120 ms server processing time.

While this paper focuses on appliance identi�cation and control, we believe that it is only one example of
a new generation of smart building applications enabled by SnapLink, including location-based authorization,
augmented information display, indoor navigation, and building diagnosis and re-commissioning. The rest of
this paper is organized as follows: In Section 2 we introduce our application scenario and its requirements. We
also discuss candidate vision-based identi�cation methods for our application. Next, we introduce details on
SnapLink's design in Section 3 and its implementation in Section 4. We present deployment results of SnapLink
in Section 5. We position SnapLink among prior work in Section 6, and conclude with a discussion and summary
in Sections 7 and 8.

1https://github.com/SoftwareDe�nedBuildings/SnapLink
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2 TARGET APPLICATION: VISION-BASED APPLIANCE IDENTIFICATION AND CONTROL
Recent work on smart buildings has investigated how to unify various vertically integrated, isolated BMSs and
Internet of Things (IoT) devices into a common set of abstractions. For example, BOSS (Building Operating
System Services) develops a building operating system on which various applications can run to improve building
performance and occupant comfort [8]. Applications identify the underlying heterogeneous appliances by
standardized metadata and unique identi�ers [3]. Such identi�cation models work well for centralized building
applications, but fail when occupants want to directly interact with appliances. Our hypothesis is that most
humans want to control appliances within their sight. Thus, user-centric, cyber-physical applications should
leverage visual identi�cation.

2.1 Application Scenario and System Architecture

Fig. 2. Application scenario for our vision-based appliance identification and control system, consisting of con-
trollable appliance, user smartphone, vision-based appliance identification system, and BMS.

Our work aims to design a vision-based appliance identi�cation and control system that provides an intuitive
mobile user interface and can be applied in an environment as complex as a commercial building. Consider the
following application scenario. While walking through a building, Alice encounters a networked printer in a
conference room and wishes to use it to print out a document from her smartphone. She turns on the SnapLink
app and takes anarbitrary picture of the printer (as in Figure 1). The app then processes the picture and quickly
recognizes it as the speci�c printer in the conference room. The app overlays the printer's control interface on
the smartphone screen so she can interact with the printer. Alice clicks on the �Upload and Print� button to
upload the document, which is then printed out by the printer.

At a higher level, the entire work�ow of this application and the system architecture are depicted in Figure 2,
which includes both user actions and the underlying system's behavior. It consists of a controllable appliance, the
user's smartphone, a vision-based appliance identi�cation system, and the BMS. After Alice takes a picture of the
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target appliance, her smartphone sends the image to a vision-based appliance identi�cation system. Using the
query image, the identi�cation system selects the most likely appliance from those in its database and sends the
appliance ID to Alice's smartphone. The smartphone sends the appliance ID to the metadata server of the BMS
and receives the control interface for the target appliance.2 Finally, Alice can now see the control interface on her
smartphone screen and control it as needed. When she touches a command button, the smartphone generates
and delivers the control command to the BMS's control server, which �nally controls the target appliance by
sending it the proper actuation command. Note that, during the whole appliance identi�cation process, all Alice
needs to do is touch her smartphone screen once to take a picture before she can interact with the appliance.

2.2 Technical Requirements
Our system needs to meet the following requirements to enable the target application, which motivate our
subsequent design of SnapLink detailed in Section 3.

Identi�cation Accuracy. High appliance identi�cation accuracy is our �rst goal. Our system needs to ac-
curately identify a target appliance from an arbitrary image and distinguish it from other similar appliances.
However, even a single incorrect result will be frustrating. Therefore, while achieving high identi�cation ac-
curacy, our system should also allow manual appliance selection as a fail-over. Identi�cation accuracy should
be high under changing environments. We assume most appliances are not moved frequently (e.g., printers,
projectors, lights), but the environment they sit in can always have daily occupant activities and changes in
lighting conditions.

Low Latency. As an interactive system, our system needs to be responsive so that users do not perceive a
considerable delay between an action and its response. We aim to achieve no larger than 100 ms latency, which
is the time requirement to create the impression of an instantaneous reaction [38]. However, since the most
important performance metric is identi�cation accuracy, minimizing latency should not sacri�ce accuracy.

Scalability. Given that our system targets large commercial buildings with thousands of appliances, the
database of our appliance identi�cation system should hold a large number of appliance labels. Since �nding the
most relevant appliance among a large number of candidates creates a computational burden, our system should
provide scalability in terms of database size to achieve both high accuracy and low latency when applied to large
commercial buildings.

Low Deployment Overhead.To enable the application, system managers/sta� need to construct a database
with the information on all controllable appliances in a large commercial building. This involves nontrivial
deployment overhead. Our system should be user-friendly but also deployment/management-friendly. To this end,
we need to carefully consider what method to use for vision-based identi�cation since it signi�cantly impacts
deployment overhead (e.g., image retrieval requires taking a large number of pictures in the deployment phase).

2.3 Design Options for Vision-based Appliance Identification
We now discuss how to enable vision-based appliance identi�cation, the most important function of our system,
and present our core design choices for SnapLink. A modern commercial building has hundreds to thousands of
appliances, but most fall into a limited set of categories (e.g., thermostats, projectors, lights). This means that
many appliance instances fall into the same category. To enable users to control a single target appliance, we
need to recognize an applianceinstance(i.e., a speci�c physical object) rather than itscategory.

2Alternatively, the same server could identify the appliance, use its ID to retrieve the proper handler from the BMS, and send a control
interface back to Alice's phone. However, this is an implementation detail that does not a�ect the core functionality of the system, and the
round trip time between the phone and a local BMS server is likely to be small.
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(a) Image Retrieval

(b) Convolutional Neural Networks

(c) Image Localization

Fig. 3. Comparison between three design options for vision-based instance identification: image retrieval, Con-
volutional Neural Networks, and image localization.

There are several representative ways to perform instance recognition:image retrieval, Convolutional Neural
Networks (CNNs), andimage localization, as depicted in Figure 3. An image retrieval-based instance identi�cation
system (Figure 3a) needs to construct a database of labeled appliance images. When receiving a query image as
an input, it searches for the most similar labeled image among the database based on the number of common
salient visual features (e.g., SURF (Speeded Up Robust Features) [5]). To our knowledge, image retrieval is used by
all previous vision-based instance identi�cation systems for appliance control, such as [9, 22, 28, 35]. However, it
has several drawbacks that preclude its deployment at the scale of a large commercial building. First, existing
techniques require every database image to contain only one appliance and each image must be individually
labeled. Second, recognition succeeds when the query image is taken from a similar angle and distance as the
corresponding labeled image in the database. In a commercial building with hundreds to thousands of appliances,
this results in signi�cant deployment overhead for building managers/sta�3 to take pictures of all appliances from
various angles and distances and to label each of them (i.e., number of labels = appliances� angles� distances).
The accuracy and deployment overhead would not be an issue when it comes to a well-constructed huge database,

3Given that each label of the vision-based identi�cation system must be translated to its appliance ID in the BMS (metadata server), the labels
must be added by professional building managers/sta� who have knowledge of the BMS instead of crowdsourced from building occupants.
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