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How we cook and prepare our food has an enormous impact on our health and well-being. Specific cooking methods, like
deep-frying, are linked to obesity and the degradation of food nutrients, which contribute to various diseases and health
issues. We present NOSE, a Novel Odor Sensing Engine, that passively and continuously monitors gas emissions in the
kitchen area using an array of six metal oxide semiconductor (MOS) gas sensors and detects the occurrence of deep-frying. To
evaluate NOSE, we collected sensor data from five foods (chicken, fish, beef, potato, and onion) cooked with three methods
(deep-frying, grilling, and boiling) and three common frying oils (canola, corn, and soybean) in three different kitchens in a
controlled manner. We demonstrate that NOSE can classify cooking by deep-frying with an average F1 -score of 0.89. Based
on the in-laboratory findings, we deployed NOSE in two different real-world households throughout a three-week period
and successfully detected the occurrence of frying cooking with an average F1 -score of 0.72, which is a promising result
considering the relatively small number of data samples collected. Our results show the potential of using NOSE as an assistive
dietary monitoring tool that periodically reports to users about their cooking habits.
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INTRODUCTION

Obesity is a major health problem in developed countries that increases the risk of diabetes, high blood pressure,
and dyslipidemia [56]. In 2016, more than 1.9 billion adults aged 18 years and older were overweight and, of them,
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over 650 million adults were obese [6]. Fried foods (mostly fast foods) alongside sugary drinks, snacks, portion
sizes, and low activity levels are the major causes of obesity [75]. Hence, quantifying diet (i.e., energy intake)
and physical activity level (i.e., energy consumption) are both necessary to assist individuals wanting to track
progress toward their goal of obesity management and healthier living [43]. Various systems for monitoring
energy consumption (by assessing the level of physical activity) have been successful in the market – such as
Fitbit [3] and the Apple Watch [1]. However, evaluating and quantifying diet using ubiquitous and wearable
sensors remains a challenge that has not yet been comprehensively addressed [46]. Various approaches have
been proposed to allow users to track their energy intake and/or eating behavior including manual self-reporting,
wearable and hand-held device-based semi-manual reporting, and ambient sensing platforms (see Section 2 for
details). Despite these advances in eating activity and food recognition, the characterization of the energy intake
(and of cooking methods in particular) remains largely underexplored.
Previous studies have shown that people generally believe home-cooked foods are healthier and may slow
down or even prevent obesity [18, 71]. However, not all cooking methods used in the home are necessarily
healthy. The frequent consumption of fried foods, even in home settings, can increase caloric intake through
fat absorption and lead to serious obesity problems [32, 68]. Furthermore, frying with oil at high temperatures
for a long period of time causes the formation and release of food toxins (e.g., aldehydes), which are known to
increase the risk of cancer [37]. Therefore, a ubiquitous technology that can longitudinally monitor cooking
behaviors (especially the frequent use of deep-frying) and inform us about the effects of these methods on our
health could dramatically improve our dietary behavior. Previous studies have attempted to detect cooking
activities through a variety of different sensing modalities – including cameras, accelerometers, microphones,
and instrumented dining tables – but either require substantial user engagement, provide limited information
regarding food processing or nutritional factors, or have notable privacy concerns. (Section 2 provides a more
complete overview.)
In this work, we explore an entirely different sensing modality: the odors released from cooking foods. We
present a Novel Odor Sensing Engine (NOSE) for recognizing cooking methods, especially cooking by deep-frying,
in the kitchen environment. The NOSE system was implemented with six metal oxide semiconductor (MOS) gas
sensors within a 3D-printed enclosure. These gas sensors detect the concentration of specific chemical compounds
– called analytes – in the air. NOSE is designed to continuously and passively sample data in the kitchen area to
detect these analytes – including toluene, alcohol, butane, hydrogen, and aldehydes – which are then used to
identify the unique gaseous fingerprints (i.e., the “smell” or “odor”) of frying and other cooking methods (e.g.,
grilling and boiling) that are common in different cuisines.
We evaluated NOSE based on 1) controlled, in-laboratory experiments in three different kitchen environments
and 2) uncontrolled, in-the-wild experiments in two different real-world households. For the in-laboratory
experiments, we collected sensor data from five foods (chicken, fish, beef, potato, and onion) cooked with three
common methods (frying, grilling, and boiling), and three common frying oils (canola, corn, and soybean) in
three kitchen environments. Each cooking event was controlled to be completely isolated from one another. The
collected data were used to investigate the opportunities and limitations of this novel sensing modality and to
construct a classification model for distinguishing deep-frying from other cooking methods. Afterward, NOSE
was deployed in two different real-world households to monitor the occurrences of cooking by frying over a
three-week period in an uncontrolled manner. We demonstrate that NOSE can accurately detect different cooking
methods, and can detect deep-frying in particular. Furthermore, the classification of cooking method can be
made independently of the type of foods, the type of cooking oils, and the use of ventilation fans. The main
contributions of this paper include:
(1) We design and develop a novel odor sensing engine, NOSE, composed of an array of six MOS gas sensors
that can continuously and passively monitor common cooking methods, particularly deep-frying. This
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Table 1. Summary of related literature proposing different dietary monitoring approaches, including where NOSE fits into
the bigger picture.
Approach

Sensor

Study

Information

Manual

-

Caroll et al.[19], Fitbit [3], MyFitnessPal [5]

-

Camera

Arab et al.[10], Reddy et al.[70], Gemming et al.[35]
Liu et a.[55], O’Loughlin et al.[62]

Photos of Food

Acoustic

Thomaz et al.[80], Bi et al.[15], Olubanjo and Ghovanloo[63]
Rahman et al.[69], Nishimura and Kuroda[59], Amft[7]

Chew and Swallow

Motion

Farooq et al.[30], Bedri et al.[12, 13], Kalantarian et al.[44, 45]
Dong et al.[27, 28], Amft and Tröster[8]

Wrist, Throat, Jaw
and Ear Canal Motion

Camera

Gao et al.[33], Cadavid et al.[17], Wu amd Yang[83]

Photos of Food, Eating Action

Wearable & Hand-held

Ambient Sensing

(2)
(3)

(4)

(5)

2

Scaling Table

Kissileff et al.[47], Change et al.[20]

Food Weight

Scaling Table + Camera

Chi et al.[21]

Photos of Food, Food Weight

Scaling Table + Force Sensor

Zhou et al.[85]

Eating Action, Food Weight

Gas Sensor

NOSE

Food Aroma

low-maintenance and low-cost platform can instantly turn any kitchen into smart and connected cooking
environment with minimal instrumentation.
We discuss the fundamental technical limitations and opportunities associated with an odor-based sensing
modality for monitoring cooking activities, and introduce our contributions to address some of these
limitations.
We introduce a data analytics pipeline for data pre-processing, feature engineering, and machine learning
modeling, which was used to detect the occurrence of cooking by deep-frying. We also investigate the
use of an incremental retraining approach to adapt a previously trained machine learning model to new
kitchen environments in order to enable location-agnostic deep-frying classification.
We evaluate and benchmark NOSE in a set of controlled experiments involving five foods (chicken, fish,
beef, potato, and onion) with three cooking methods (frying, grilling, and boiling) and three common frying
oils (canola, corn, and soybean) in three kitchens. The resulting data set consists of a total of 207 cooking
sessions (approximately 35 hours) of sensor data.
We also deploy and evaluate NOSE in two different real-world households over three-week periods. We
demonstrate that our system can reliably monitor and detect deep-frying in in-the-wild settings.

RELATED WORK

Table 1 provides a comparative summary of related works in the areas of mobile and ubiquitous sensing technologies for eating behavior and food monitoring.

2.1

Eating Behavior Monitoring

Traditionally, food logging has been done manually with either paper- or mobile-device-based diaries [19] or
spoken records of diet [51, 54]. Currently, a large number of wearable fitness trackers, such as Fitbit [3] and
smartphone applications (e.g. MyFitnessPal [5], LoseIt [4]), provide digital platforms for users to log consumed
foods. However, these approaches demand a relatively high level of engagement and effort from users and suffer
from low compliance rates for long-term monitoring [11, 23].
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2.1.1 Wearable & Hand-held Systems. There is a body of work available in the literature focusing on automating
or semi-automating food logging and eating tracking based on various types of on/off-body sensors [46, 67].
Among the wearable and hand-held devices, cameras are one of the most widely studied sensors for dietary
monitoring. Users were asked to take photos of the food they consumed using wearable cameras or a smartphone’s
built-in cameras. These photos were then annotated based on either user recall [10, 35, 62] or crowdsourcing
frameworks [60, 79] to obtain labels for food names and caloric information. Some studies attempted to automate
this process by replacing human resources with machine-learned image classifiers [49, 86]. These methods could
provide reasonably accurate information regarding participants’ eating behaviors (e.g., what food they consumed
or related caloric information), however, like diary-based approaches, they require a substantial level of user
engagement for long-term monitoring.
Wearable microphones are another widely studied wearable sensor for dietary behavior monitoring. These
sensors are often placed in the ear or attached to the neck to record the sound of chewing or swallowing
[7, 14, 15, 59, 63, 69, 80]. These sounds are processed to recognize different eating events (e.g., drinking or
eating) and the texture of consumed foods (e.g., soft vs. hard food). Motion sensors, such as accelerometers and
gyroscopes, have also been attached to different body locations – including the jaw [30], neck [8, 44, 45], and
ear canal [12, 13] – to recognize different eating events (e.g., chewing and swallowing). Motion sensors on the
wrist have also been extensively studied to detect eating motions [27, 28, 65]. The aforementioned wearable
sensors can capture important information regarding one’s eating behavior, such as the number of food-to-mouth
movements, eating frequency, eating duration, and an estimation of food texture. However, these sensors provide
relatively limited information regarding how the foods were processed and the associated health-related issues
(e.g., whether users consume healthy or non-healthy foods).
2.1.2 Ambient Systems. Sensors embedded in the environment aim to seamlessly monitor one’s dietary behavior
without requiring much effort or engagement from users. Kissileff et al. introduced a table embedded with a
weight scale to quantify the amount and rate of food consumed [47]. A number of studies extended the idea of
the scale table by fusing it with other types of sensors. Chang et al. combined a scale table with Radio Frequency
Identification (RFID) tags attached to food containers in order to recognize the placement of specific foods on
the table and monitor the amount of food consumption [20]. Although interesting, this system requires users to
manually import the names of foods in each container, which may be cumbersome for long-term use. Zhou et al.
leveraged resistive force distribution sensors to detect different eating actions (e.g., stirring, scooping, cutting, and
poking) and used the information to infer the types of food that were consumed [85]. Unfortunately, this approach
provides limited information regarding how the foods were cooked and their nutritional factors. Surveillance
cameras embedded in the dining area have also been used to recognize various eating activities (e.g., the start and
end of a meal) [17, 33] or the foods that were consumed during mealtime [83]. However, cameras in the ambient
setting introduce inevitable privacy issues.

2.2

Gas Sensors for Food Monitoring

The use of gas sensors (also referred to as an electronic nose or e-nose), which are sensitive to specific target
analytes and attempt to replicate the human olfactory system by detecting various types of odors, was first
introduced in the early 1980s [66]. Since then, gas sensors have been applied to a variety of scientific research
fields including agricultural, bio-medicine, environmental, and food sciences [82]. Specifically in studies related
to food, MOS gas sensors have been used to classify food quality (e.g., whether food is rotten or moldy) for meat
[36], dairy products [9], bread [29], and coffee [16]. The reader is directed to [34, 57, 72, 76, 77] for in-depth
reviews.
Although MOS gas sensors have been applied to investigate different characteristics of foods, related studies
in the field were conducted in highly controlled environments (e.g., placing food and gas sensors together in a
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small chamber or controlling gases, such as oxygen, to accurately calibrate the sensors). In the area of ubiquitous
computing, there have been some studies that explored the use of gas sensors in more naturalistic environments.
Kobayashi et al. developed a wearable system with gas sensors to detect various activities (e.g having a meal)
[48]. The same research group extended the work to employ a camera to capture pictures of the consumed foods.
Hirano et al. investigated the use of gas sensors to detect fourteen different types of beverages (e.g hot water, milk,
soda, orange juice, coffee, champagne, etc.) in an open space [42]. The same research group also investigated
classifying the degree of cooking doneness (i.e., undercooked, cooked, overcooked) in two different foods (i.e.,
waffles and popcorn) [41]. Although MOS gas sensor-based systems have not yet been used to detect different
cooking methods, our work is inspired by these previous studies by Hirano et al. that employed signal processing
and machine learning techniques to extract meaningful information from the time-series data and investigate
different real-world applications.
Our work adds technical contributions to the existing literature by 1) discussing technical limitations and
opportunities for the real-world deployment of MOS gas sensor-based systems, 2) discussing the design of
machine learning algorithms to address the existing limitations of MOS gas sensors that affect classification
accuracy when the sensors are deployed in new kitchen environments; measurements of the target substance
concentration are affected by location-dependent factors including the physical size of the kitchen, the existence
and capacity of the ventilation fan, and the ambient gas profile in the environment, and 3) the application of gas
sensing to detect different cooking methods (specifically, deep-frying) in uncontrolled, free-living settings.

3

DESIGN CONSIDERATIONS

This work hypothesizes that NOSE can capture an odor signature that is uniquely associated with frying. In this
section, we elaborate on the specific design principles that were considered during the development of NOSE.
Low-Cost, Ambient Sensing: The major principle of NOSE is that it must minimize the efforts and involvement of users during the cooking monitoring process. As discussed in Section 2, systems that demand consistent
user engagement during long-term monitoring suffer from poor compliance. Thus, we focused on implementing a
system that can unobtrusively and seamlessly monitor the way that foods are cooked in the kitchen with minimal
user involvement. Furthermore, we envisioned a sensing system that is low cost, small in size, and lightweight,
such that it can be conveniently installed in conventional kitchen environments.
User Acceptability for Potential Privacy Infringement : Previous studies have investigated the user
acceptance of various types of smart-home technologies and reported that users expressed specific concerns
regarding the use of cameras compared to other technologies due to their high-dimensional data and the negative
impacts of potential privacy violations [24, 25]. NOSE captures relatively low-dimensional (six dimensional)
non-vision (i.e., odor) information, which we believe poses fewer hurdles for user acceptability regarding potential
privacy threats.
Responsive and Reliable Sensing Performance: Sensors need to quickly respond to the presence of or
changes in the target analyte concentration with a minimum response time of approximately 5 − 10 minutes,
such that the detection of different cooking methods can be made in a timely manner considering that the
average cooking time per day in American families varies between 20 and 30 minutes [39, 61, 81]. Moreover, the
sensors needed to provide measurable responses of the target analytes at relatively low concentrations, as we
envisioned that the system would be installed in a relatively large space (i.e., the kitchen), possibly equipped
with a ventilation system. In this work, we used highly sensitive, fast responding MOS gas sensors to capture the
odor signatures of different cooking methods [31, 82].
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Supply
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TGS2600
TGS2610
MQ138
TGS2620
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MicroController

Fig. 1. Envisioned instrumentation of the proposed NOSE system in conventional kitchen environments. NOSE contains a
microprocessor and an array of six gas sensors that are responsive to the different gaseous fingerprints (i.e., odors) associated
with deep-frying as well as other common cooking methods such as grilling and boiling.
Table 2. The Metal Oxide Semiconductor (MOS) gas sensors incorporated in NOSE and their primary and secondary analytes.

4

Sensor

Primary
Analyte

Secondary
Analytes

Manufacturer

TGS2602
TGS2620
TGS2610
TGS2600
TGS826
MQ138

Toluene
Alcohol
Butane
Hydrogen
Ammonia
Aldehydes

Ammonia, Alcohol
Hydrogen, Iso-Butane
Alcohol, Hydrogen
Alcohol, Carbon Monoxide
Alcohol, Hydrogen
Acetone, Alcohol

Figaro sensor
Figaro sensor
Figaro sensor
Figaro sensor
Figaro sensor
Hanwei electronics

NOSE SYSTEM DESIGN AND IMPLEMENTATION

With the aforementioned inspiration and design considerations in mind, we developed NOSE based on an array
of MOS gas sensors that are low-cost, lightweight, reliable, and responsive. Figure 1 shows how NOSE can be
installed in conventional kitchen areas (left) and the prototype design of the system (right). Various gaseous
substances are released into the air when foods are deep-fried, such as hydrocarbons, aldehydes, alcohols, 2alkenals, ketones, acids, and toluene [22, 64, 73]. The proposed NOSE system incorporated MOS gas sensors that
can provide insights regarding the presence of the aforementioned substances, which are summarized in Table 2.
The fundamental hypothesis of this work is that we can detect when different types of food are deep-fried based
on the gaseous fingerprints characterized by these sensors. It is noteworthy that the sensors in Table 2 capture
not only the associated primary analyte but also some secondary analytes that are cross-covered by other sensors.
Furthermore, all sensors were responsive to temperature and humidity, and one of the sensors (MQ138) was
responsive to the water condensation around the sensing area. Hence, we did not include a dedicated temperature
and humidity sensor in NOSE (see Section 7 for detailed discussions).
The resistances of the MOS gas sensors change depending on the concentrations of the target analytes in the
air. Each resistive gas sensor was wired to a voltage divider, such that the output voltage can vary between 0
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 3, No. 2, Article 49. Publication date: June 2019.
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and 3.3 V . The obtained voltage readings can, in theory, be converted into a measure of concentration (i.e., parts
per million (ppm)) using a manufacturer-defined polynomial function if each sensor is calibrated to a known
concentration of the target analytes in a chamber (e.g., 50 ppm of ammonia for the TGS826 sensor). However,
the measure of the concentration level may significantly vary in different kitchen environments based on a
large number of environmental factors, such as the physical volume of the kitchen, the existence or capacity
of the ventilation system, and the ambient gas profile of the surrounding environment. Thus, we argue (and
demonstrate) in this work that data analytics models to detect a specific cooking method (e.g., deep-frying)
need to be trained for each kitchen environment, which can be performed using the raw sensor readings and
eliminates the need for the conversion of voltage to the concentration level. Therefore, the proposed NOSE
system utilizes sensor responses that are directly read by the embedded system without conversion to ppm (see
Section 5.2 for details). The sensor readings (i.e., the output voltage from the voltage dividers) were sampled
using a low-power embedded system (Arduino MKR ZERO [2]) at 0.77 Hz, the maximum sampling rate that
the system could support. The sampled analog signal was digitized by an embedded 10-bit Analog-To-Digital
(ADC) converter. The captured data were stored in a local memory (i.e., SD card) for off-line analysis; we envision
that future iterations of the system will be equipped with wireless communication modules to periodically or
opportunistically push the captured data to a cloud server.

5

CONTROLLED, IN-LABORATORY EXPERIMENTS

The primary objective of NOSE is to detect and longitudinally monitor the occurrences of deep-frying during
food preparation. We conducted a series of experiments in a controlled manner to both develop the cooking
method classification algorithm and systematically understand the technical limitations and opportunities of our
odor-based sensing modality. For example, can we identify unique odor signatures of different cooking methods
when different foods are cooked (i.e., in a food-agnostic manner)? Are the odor signatures of different cooking
methods location-dependent or location-agnostic? Can we robustly classify frying in the presence of different
amounts or types of cooking oils? Does the presence of a ventilation fan affect the ability of our system to classify
cooking methods?

5.1

Data Collection

The in-laboratory experiments were designed to collect the odor sensor data of three common cooking methods
(i.e., deep-frying, grilling, and boiling) for five foods (i.e., chicken, fish, beef, potato, and onion) in three kitchen
environments. In this work, we consider the use of at least 150 mL of oil to be deep-frying. The five foods
considered in this work were foods that are commonly fried in the Western diet [84]. The three cooking methods
were determined based on a study [40], which analyzed 1420 recipes from the Internet and identified that frying,
grilling, and boiling are the most common cooking methods. More specifically, we considered grilling as a means
to validate our hypothesis that odors associated with a specific food, which may be best evaporated by applying
heat on a pan, do not affect the classification of whether the food was cooked by frying or not (i.e., food-agnostic
classification of frying).
Before each cooking trial, the cooking apparatus (e.g., a pan and spatula) was cleaned and the sensor was
exposed to the baseline air for 15 minutes to stabilize the readings to the room’s ambient gas profile. Approximately
200 д of foods were prepared for each trial. Foods were cooked using one of the three cooking methods for
approximately 650 seconds (≈11 minutes) with the kitchen ventilation turned off; we later validate for the effects
of the ventilation fan. All three kitchens were equipped with electric stoves. When deep-frying the foods, 150 mL
of canola oil was poured on the pan and heated for two minutes. When grilling the foods, the pan was heated
for two minutes without oil. For boiling, foods were placed in a pot containing 500 mL of boiling water. Each
trial started the moment when the food was placed on the pan or in the pot. The cooking activity was repeated
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 3, No. 2, Article 49. Publication date: June 2019.
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Fig. 2. Illustration of a data sample obtained from grilling a piece of chicken at Location 1. The annotations indicate different
actions that occurred during the cooking process.

three times for each food and each cooking method, yielding a total of 45 trials per location: 5 foods × 3 cooking
methods × 3 repetitions. We repeated the entire process at three different kitchens: a simulated apartment setting
at the University of Massachusetts Amherst (Location 1), a single-family house (Location 2), and a unit of a
multi-family apartment complex (Location 3). A total of 135 data samples (45 samples/location × 3 locations)
consisting of 23 hours of sensor data were collected from the experiments.
We also conducted three additional experiments designed to evaluate the effects of 1) different cooking oils,
2) different frying methods (i.e., deep-frying vs. stir-frying or sautéing) that use a smaller amount of oil, and 3)
the use of the kitchen ventilation fan. These additional experiments were conducted at Location 1, used only
three foods (i.e., potato, beef, and chicken), and otherwise followed the same experimental procedure. In the first
experiment, we deep-fried the three foods using approximately 150 mL of one of the two additional cooking
oils: corn and soybean oils. The cooking activities were again repeated three times, generating 18 additional
data samples: 2 oils × 3 foods × 3 repetitions. In the second experiment, we stir-fried the three foods using
approximately 50 mL of canola oil and produced 9 data samples: 3 foods × 3 repetitions. In the third experiment,
we cooked the three foods using the three cooking methods while turning on the kitchen ventilation fans. Each
cooking event was repeated five times, generating 45 data samples: 3 cooking methods × 3 foods × 5 repetitions.
The three additional experiments therefore produced 72 (18 + 9 + 45) data samples.
Overall, we collected a total of 207 (135 + 72) data samples of cooking activities, consisting of approximately 35
hours of cooking in controlled environments. A total of 117 samples were collected from Location 1, 45 samples
from Location 2, and 45 samples from Location 3. Figure 2 shows a data sample obtained from grilling a piece of
chicken. The time-series data in Figure 2 are annotated with different actions (e.g., flipping the chicken) that
occurred during the cooking process, in which the MOS gas sensor data show clear patterns. Although interesting,
the detection of different cooking-related actions was not investigated as it is out of the scope of this work.

5.2

Data Analysis

As highlighted earlier, NOSE employs MOS gas sensors that respond to the concentration of target analytes in the
air. Figure 3 illustrates the data analytics pipeline that processed the sensor data from both the in-laboratory and
in-the-wild scenarios to detect when foods are deep-fried during cooking. The proposed pipeline employed a datadriven approach to study the unique gaseous fingerprints of different cooking methods using the in-laboratory
data and to validate the feasibility of classifying deep-frying. The following subsection discusses each building
block of Figure 3 in detail.
5.2.1 Sensor Signal Pre-processing. This step ensures that the sensor signal remains highly sensitive to the
gaseous fingerprints associated with different cooking activities while rejecting information about a kitchen’s
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Fig. 3. The data-driven analytic pipeline of NOSE that can detect cooking methods (i.e., deep-frying, grilling, and boiling)
based on gaseous substances released during cooking.

ambient gas profile. The ambient gas profile was estimated by sampling all sensor data for approximately thirteen
seconds (i.e., ten data points) immediately prior to the start of cooking activities. The mean values of the ambient
readings were subtracted from each sensor’s cooking data in order to capture the changes in the concentration of
the target analytes during cooking activities. We validate the importance of this normalization process, especially
when classification models trained in one location are deployed to another, in Section 5.3.4. Figure 4 shows some
sample data collected from trials where a piece of chicken was boiled (1st row), grilled (2nd row), and deep-fried
(3rd row) in three different locations. The figures in the 4th row show the sensor data when normalized to each
location’s ambient gas profile for the deep-fried samples.
5.2.2 Feature Extraction. We employed a set of statistical functions to extract a rich pool of features that capture
the temporal changes in the concentration level of the target analytes. Most features were extracted from two
different time-series: the normalized sensor readings and the filtered normalized sensor readings that were
obtained by applying a digital Butterworth low-pass filter with an empirically-chosen cut-off frequency of
0.02 Hz. The low-pass filtered readings were computed to remove any undesired fluctuations in the raw sensor
readings caused by different cooking actions, such as flipping the foods (as shown in Figure 2). The statistical
features extracted from each trial included the mean, median, harmonic mean, minimum, maximum, range
(difference between the minimum and maximum), interquartile range, root mean square value, mean and median
absolute deviation, signal entropy, skewness, and kurtosis. These features were similarly extracted from the rate
of change of each times-series (both filtered and unfiltered) to capture the diffusion characteristics of gaseous
substances. Since our MOS gas sensors cross-cover primary and secondary analytes, we also computed features
that compare the similarities and differences between each pair of gas sensor time-series. Features were extracted
from the differences of each pair as described above. The cross-correlations between each pair were computed to
measure the similarity. This similarity can provide insights regarding the presence of a specific gas substance.
For instance, a high correlation between the sensor data of TGS826 (whose primary analyte is ammonia) and
TGS2602 (whose secondary analytes include ammonia) can reveal information specific to ammonia.
A few amplitude-related features – such as the mean, median, and harmonic mean of the sensor readings of the
ambient gas profile (i.e., the baseline sensor readings) – were extracted from the unnormalized, raw time-series
to represent the fraction of gas molecules present in a particular kitchen environment. These features from the
raw time-series are important when sufficient data samples are made available from the same location such
that a location-specific classification model can be constructed for the accurate classification of deep-frying (see
Section 5.3.5 for results).

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 3, No. 2, Article 49. Publication date: June 2019.

49:10 • P. Khaloo et al.
Location 3

1000

1000

1000

1000

500

500

500

0

0

100

200

300

400

500

0

0

100

200

300

400

0

500

1000

1000

500

500

500

0

0

0

0

100

100

200

300

200 300

400

400

500

500

0

0

0

0

100

100

200 300

200

300

400

400

0

500

0

500

0

100

200

300

400

500

0

100

200

300

400

500

0

100

200

300

0

100

200

Grilled
Chicken

500

Sensor Reading

500

Sensor Reading

500

Sensor Reading

1000

Boiled
Chicken

Location 2
1000

Fried
Chicken

Location 1
1000

400

500

300 400
Time (s)

500

200

200

200

100

100

100

0

0

100

200 300 400
Time (s)

500

0

0

100

Toluene

200

300 400
Time (s)

Alcohol

500

Butane

0

Fried
Chicken

Normalized
Sensor Reading

Normalization to Background Gas Profile

Hydrogen

Ammonia

Aldehydes

Fig. 4. Low-pass filtered sensor data when chicken was prepared by boiling (1st row), grilling (2nd row), and deep-frying
(3rd row) in three different locations. The figures in the 4th row show sensor data for deep-fried samples when they were
normalized to the ambient gas profile.

5.2.3 Classification of Cooking Methods for In-Laboratory Data. In this work, we consider two different classification tasks: multi-class classification of the three cooking methods (deep-frying vs. grilling vs. boiling) and
binary classification for classifying the occurrences of deep-frying (frying vs. non-frying). The former task is to
investigate the unique gaseous fingerprints of different cooking methods and to examine the possibility of accurate
classification. The latter task is to construct a data-driven model specifically to classify cooking by deep-frying.
The binary classification results were derived from the results of the multi-class classification by combining the
boiling and grilling labels into a single non-fried label. We also investigated training an independent binary
classification model for fried vs. non-fried, but the proposed approach provided better performance, as will be
discussed in Section 5.3.1.
We employed leave-one-food-out as well as leave-one-location-out cross validations to evaluate the classification performance of each model. The former ensures that data from the same food, cooking method, and oil type
are not included in both the training and testing sets in order to avoid overfitting and reporting of optimistic
classification results. The latter ensures that data from the same location are not included in both the training
and testing sets. These cross-validation methods generalize the classification model to a new food and cooking
combination, and a new location, respectively. Specifically, leave-one-location-out cross validation examines the
transferability of a classification model trained in one kitchen environment to recognizing cooking methods in
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another kitchen. However, due to the inherent technical limitations of the MOS sensors in the proposed NOSE
system – i.e., the detected amounts of gaseous substances in the air may substantially vary depending on the
environmental factors (see Section 4 and Section 5.2.4) – we anticipated that the classification performance for
the leave-one-location-out cross validation would be inferior compared to leave-one-food-out cross validation.
The F1 score and average classification accuracy were used as the primary metrics of model performance.
A Correlation-based Feature Selection (CFS) algorithm [38] was employed to select a subset of important
features that are relevant to the three cooking methods. The CFS algorithm identifies important features based on
maximizing individual features’ correlation to the label (predictability) and minimizing the correlations among
the selected features (redundancy) [38]. Our work employed the best-first search strategy to construct the feature
search space. Feature selection was performed independently within each cross-validation fold, involving only the
training set. We then constructed models using six different machine learning algorithms capable of multi-class
classification: Random Forest, C4.5 (J48) Decision Tree, Support Vector Machine (SVM) with a Pearson Universal
Kernel (PUK), SVM with a 3r d order Polynomial Kernel, Multi-Layer Perceptron (Neural Network) , and Logistic
Regression. The multi-class SVM used in this work employed the one vs. one ensemble approach.
5.2.4 Location-Dependent Classification of Frying. The concentration level, a measure of gas volume in the air,
depends not only on the gaseous analytes released from cooking activities but also on environmental factors.
Therefore, it is extremely challenging to develop a machine learning-based algorithm that can classify a specific
cooking method (e.g., deep-frying) in a location-agnostic way (we verify this in Section 5.3.5). We argue that
machine learning models that classify a specific cooking method need to be tailored to each kitchen environment.
In order to address this technical problem, we drew inspiration from a branch of machine learning, namely online
(incremental) learning, that can adopt or update a model constructed on data obtained from different kitchen
environments for use on newly distributed data. However, our study involves a relatively small number of data
and thus, 1) meaningful adaptation of classification models based on location-specific data is not feasible and 2)
complete retraining of classification models can be performed fairly easily. Hence, we instead resembled the idea
of online learning by initially constructing a model from the two other kitchens and incrementally re-training
the model while gradually adding sensor data from the testing kitchen. The data from the testing location was
divided into learning (adaptation) set and the testing set in a leave-one-food-out cross validation manner. We
gradually increased the size of the learning set from 0% to 95% of the testing location’s data in increments of 5%.
The learning sets were chosen in a random fashion. The classification model was retrained based on the training
and learning sets and evaluated on the testing set. The evaluation of the classification performance for each size
of the learning set was repeated 50 times to minimize the effects of the randomization of the learning set. The
classification performance of the incremental learning approach was compared to the leave-one-location-out
cross validation approach (i.e., equivalent to a 0% learning set). This approach helps us to understand the expected
performance of NOSE when the classification model is gradually tuned towards a specific kitchen, which can be
especially important for the deployment of the system in in-the-wild settings.

5.3

Evaluation

5.3.1 Classification of Cooking Methods. Table 3 summarizes the classification results for recognizing cooking by
deep-frying based on the data obtained from the in-laboratory experiments, evaluated using the leave-one-foodout cross validation technique. The results show that the Polynomial Kernel SVM provides the most accurate
performance with an average classification accuracy of 0.89 and an average F1 score of 0.89. The results were
further divided into three locations. The F1 scores for Locations 1, 2, and 3 were 0.92, 0.85, and 0.72, respectively.
We believe that the classification performance for Location 1 was substantially greater than other two locations
due to the larger data size (i.e., 117 samples from Location 1 vs. 45 samples from Locations 2 and 3). This indirectly
demonstrates that we may be able to further improve the F1 performance if sufficient data are made available. We
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Table 3. The classification results (accuracy and F1 scores) for classifying cooking by frying based on six different algorithms,
evaluated using the leave-one-food-out cross validation technique.

Classifier

All Data
Acc
F1

Location 1
Acc
F1

Location 2
Acc
F1

Location 3
Acc
F1

SVM with Polynomial Kernel
SVM with PUK kernel
Neural Network
Random Forest
Logistic Regression
J48 Decision Tree

0.89
0.87
0.87
0.85
0.82
0.73

0.95
0.95
0.92
0.91
0.86
0.78

0.87
0.84
0.80
0.78
0.80
0.67

0.80
0.80
0.80
0.76
0.73
0.67

0.89
0.87
0.87
0.84
0.82
0.72

0.92
0.95
0.87
0.91
0.86
0.78

0.85
0.84
0.73
0.77
0.79
0.65

0.72
0.78
0.72
0.74
0.70
0.62

believe the classification performance for Location 3 was lower than Location 2, despite the same number of data
samples, due to higher ambient gaseous noise level at Location 3, which was a unit of a multi-family apartment
complex. However, more rigorous investigation is necessary to confirm this.
Figure 5a shows the confusion matrix when a Polynomial Kernel SVM was used. Note that, as discussed in
Section 5.2.3, the binary classification results were obtained from the multi-class classifier results by combing the
grilled and boiled labels into a single non-fried label. The corresponding multi-class classification results are
summarized in Figure 5b, where the average classification accuracy was 0.86 and the average F1 score was 0.81.
Collapsing the ternary classification results into binary labels provided better performance compared to training
an independent binary classifier, where we obtained an average F1 score of 0.83. We believe that converting the
ternary labels to binary labels performs better because the multi-class training forces to define the boundary
between fried and grilled foods more precisely, which is the main source of misclassifications.
Figure 6 shows the results of Principal Component Analysis on the top twelve features shown in Table 4. We
can clearly observe the three data clusters of different cooking methods, as well as the difference between fried
and non-fried foods. More specifically, Figure 6 shows that the fried and grilled data partially overlap, which
agrees with the large number of misclassifications between the two data sets, as shown in Figure 5b. The grilled
beef and salmon samples dominated the false positives, with four grilled beef and two grilled salmon samples
classified as fried out of 10 false positives (i.e., 60%). We believe this is because beef and salmon contain a large
amount of lipids. The fat in the meat breaks down when heat is applied – a process known as lipid degradation
– which releases volatile organic compounds, such as aldehydes, into the air [58]. These compounds are also
evaporated from cooking oils during frying [22], generating similar gaseous fingerprints and thus confusing the
classification model. Three out of the five false negative fried samples that were misclassified as grilled were
stir-fried samples. A detailed discussion regarding stir-fried vs. deep-fried samples is provided in the following
paragraph. In sum, our results demonstrate the validity of the proposed NOSE system for identifying the gaseous
fingerprints of common cooking methods, and more specifically for classifying occurrences of deep-frying.
Figure 7 describes the binary classification results (frying vs. non-frying) in terms of different foods, types of
oil, amounts of oil (equivalently, stir- vs. deep-frying), and weather or not the ventilation fan was used during
the cooking process. Figure 7a summarizes the classification performance, categorized into the five foods used
for the in-laboratory experiments. We achieved the F1 scores of 0.94, 0.88, 0.90, 0.92, and 0.85 for chicken, salmon,
beef, potato, and onion, respectively. Classification for salmon, beef, potato, and onion performed similarly to the
overall classification performance. Results for chicken were better than the overall performance because chicken
contains a relatively small amount of fat – meaning less lipid degradation occurs – as well as a small amount of
water for vaporization during frying, both of which may affect the misclassificaiton rate. Figure 7b compares
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Fig. 5. The confusion matrix for a) classifying the occurrences of cooking by frying (frying vs. non-frying) and b) multi-class
classification model for three different cooking methods (deep-frying vs. grilling vs. boiling). An SVM with a Polynomial
Kernel was used to derive this result.
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Fig. 6. A scatter plot of the cooking activity data obtained by Principal Component Analysis. The number in the axis label
represents the percentage of explained variance for the associated principal component. The figure clearly shows clusters for
different cooking methods.

the classification performance between using or not using the ventilation fan. The F1 score was 0.92 with the
ventilation fan and 0.96 without the fan. Although the impact on the classification performance is minimal, we
believe that the use of the ventilation fan increased the rate at which the target analytes were eliminated from
the kitchen area resulting in slightly inferior classification performance. Figure 7c summarizes the true positive
rate for classifying frying when different cooking oils (canola vs. corn vs. soybean oils) were used. Results show
that the classification of deep-frying cooking was made consistently with true positive rates of 0.94, 1.0, and
1.0 for canola, corn, and soybean oils, respectively. Note that only chicken, beef, and potato were included for
the canola oil data to make the results comparable to the corn and soybean oil data (see Section 5). This result
is not surprising since vegetable cooking oils generate similar volatile organic compounds, such as aldehydes,
hydrocarbons, and alcohol [53]. Note that the number of data samples from canola oils (i.e., 81 samples) was
substantially larger than corn and soybean data (i.e., 9 samples each). Therefore, the true positive rate of 0.94
for canola oil should better represent the generalized classification rate for deep-frying. Figure 7d summarizes
the true positive rate for classifying two frying methods that use different amounts of cooking oils: deep-frying
with 150 mL of oil vs. stir-frying with 50 mL of oil. The true positive rates were 1.0 and 0.67 for deep-frying and
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Fig. 7. Comparison of the fried food classification performance for a) different foods, b) the use of kitchen ventilation fan, b)
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Table 4. List of the twelve most important features that were selected in every cross validation fold.
Number
#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11
#12

Description of Features

Time-Series
Type

Sensors
Involved

Arithmetic mean of (TGS2600 - TGS826)
Maximum of the difference between TGS2600 and TGS826
Arithmetic mean of (TGS2620 - TGS826)
Std. Dev. of (TGS2620 - TGS826)
Arithmetic mean of (TGS2620 - TGS2600)
Median absolute difference of (TGS2620 - TGS2600)
Value range of (MQ138 - TGS2602)
Baseline Amplitude of MQ138
Correlation between TGS2602 and TGS2620
Correlation between TGS2600 and TGS826
Correlation between TGS2620 and TGS826
Mean rate of change of TGS826

Raw Time-Series
Normalized
Raw Time-Series
Normalized
Raw Time-Series
Trend
Normalized
Raw Time-Series
Normalized
Normalized
Normalized
Normalized

TGS2600, TGS826
TGS2600, TGS826
TGS2620, TGS826
TGS2620, TGS826
TGS2620, TGS2600
TGS2620, TGS2600
MQ138, TGS2602
MQ138
TGS2602, TGS2620
TGS2600, TGS826
TGS2620, TGS826
TGS826

stir-frying, respectively, showing that the amount of oil used in the cooking process significantly affects the
classification performance. All of the false negatives of stir-frying were misclassified as grilling, which is not
surprising considering that the relatively small amount of oil used in the cooking process makes the gaseous
fingerprints similar to grilling. However, it is noteworthy that stir-frying or sautéing has less of an impact on
health than deep-frying and thus, these misclassifications do not affect our ultimate goal of monitoring the
frequent use of deep-frying in real-world kitchen environments.
5.3.2 Feature Selection Validation. Since each iteration of the leave-one-food-out cross validation independently
performs feature selection on different training datasets, the analysis of the important features has been done in a
retrospective way. When the entire cross validation process was completed, we analyzed the rate (in percentage)
at which features were selected across all of the cross validation folds. Table 4 lists the top twelve features, which
were selected in every cross validation fold.
The most-selected features were derived from the sensors that we initially hypothesized would capture the
major volatile organic compounds from different cooking activities (e.g., aldehydes, hydrocarbons, and alcohol
for deep-frying and aldehydes and ammonia for grilling meats). For example, the mean and the maximum values
of the difference between TGS2600 and TGS826 (Feature #1 and #2, respectively) capture the responses of carbon
monoxide and ammonia. Similarly, the mean and standard deviation of the difference between TGS2620 and
TGS826 (#3 and #4), as well as the mean and the median absolute difference of the difference between TGS2620 and
TGS2600 (#5 and #6), focus on capturing the responses of ammonia. These compounds are actively presented in the
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Fig. 8. Effect of the length of the time-series (i.e., window) on the classification performance measured by the F1 score. The
trend line was obtained using a polynomial fitting.

volatiles of heated meats [50, 58], which is highly relevant to grilling. The value range of the difference between
MQ138 and TGS2602 (#7) and the baseline sensor amplitude of MQ138 (#8) together capture the concentration of
the two major substances associated with frying (i.e., toluene and aldehydes [64, 73]). The correlation coefficients
between TGS2602 and TGS2620 (#9), TGS2600 and TGS826 (#10), and TGS2620 and TGS826 (#11) all examine
the responses of alcohol, which is cross-covered among all of the sensors and is relevant to deep-frying. Finally,
the mean rate of change of TGS826 (#12) captures how fast the concentration level of ammonia and alcohol
changes over time, which is also relevant to deep-frying. It is also noteworthy that all sensors were responsive
to temperature and humidity, and thus, we believe that the aforementioned features also captured information
related to boiling.
5.3.3 Optimal Length of the Window for Time-Series Analysis. We investigated the effects of the length of the timeseries sensor data (from the moment when the cooking has started) on classification performance. Considering
that the deployment of NOSE in in-the-wild settings will produce a continuous stream of sensor time-series, we
expected to extract features from a fixed-length sliding window, perform classification on each window, and
aggregate the decisions from each window to classify the occurrence of deep-frying. The length of the window
determines the amount of data to be processed for feature extraction and thus influences the computational
load and time required to support the classification of cooking activities, which is important for continuous
and longitudinal monitoring in in-the-wild settings. The length of the window was adjusted from 20 to 650
seconds (incremented by approximately 10 seconds) from the beginning of the cooking activity. The F1 score was
recorded to evaluate the deep-frying classification performance in a leave-one-food-out cross validation manner.
Figure 8 displays the effects of the window length on classification performance. The results show that the F1
score stabilizes after approximately 300 seconds and then an increasing trend as the length increases. This is not
surprising since the feature extraction process can capture richer information about sensor behavior when more
data are made available for analysis. The maximum classification performance of the average F1 of 0.89 reported
in this work was obtained at the length of 640 seconds (i.e., 10 minutes and 40 seconds). That is, for in-laboratory
experiments the window length consisted of almost the entire trial. Given that the average cooking duration per
day in the United States is apprixmately 20 - 30 minutes (and even longer in other OECD countries) [61, 81], the
selected window length is reasonable. Our data obtained from the in-the-wild experiments also demonstrates
that this length is adequate (see Section 6 for details).
5.3.4 Effects of the Normalization Process. As discussed in Section 5.2.1, the sensor readings were normalized
with respect to the ambient readings in order to minimize the effect of the ambient gas profile on the classification
performance, which we hypothesized to be important when a model learned in one location is transferred
(deployed) to data obtained from another location. Although we argue in this work that a classification model
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 3, No. 2, Article 49. Publication date: June 2019.

49:16 • P. Khaloo et al.
Table 5. Comparison of classification results with/without the normalization process for the leave-one-food-out and leaveone-location-out cross validations.
With
Normalization
Acc
F1

Without
Normalization
Acc
F1

Leave-One
Food-Out

0.89

0.89

0.89

0.89

Leave-One
Location-Out

0.63*

0.59*

0.59*

0.56*

*

Statistically significant difference with a 99% confidence.

constructed from data obtained from the same kitchen environment is necessary due to location-dependent
environmental factors, the normalization is necessary to maximize the transferrability of the learned knowledge
from one location to another. Table 5 summarizes the effects of the normalization process on the classification
performance. Classification was again performed using the Polynomial Kernel SVM. When using leave-onefood-out cross validation, the normalization process did not make a statistical difference in the accuracy at a
99% confidence level. This is because there already exist data from the same cooking method and location in
the training data and thus the normalization process did not introduce any merits to the process. The statistical
significance of the observed difference between two different classification models was performed based on the
technique introduced in [78]. On the other hand, when the classification was performed in a leave-one-location-out
cross validation manner (i.e., training a machine learning model on data obtained from two locations and testing
on the left-out location), the difference was significant at a 99% confidence level with a classification accuracy
improvement of 0.036 when the calibration was applied. A detailed discussion regarding the location-independent
classification results is provided in the subsequent section. The results reported in this section show that the
normalization process plays an important role when the learned knowledge is transferred from one location to
another.
5.3.5 Location-Independent Classification. Figure 9 shows the classification results when the analysis was
performed in a leave-one-location-out cross validation manner. The F1 scores for Locations 1, 2, and 3 were 0.55,
0.73, and 0.66, respectively. The overall F1 score was 0.62, as discussed in the previous section. Given that the
number of data collected in Location 1 was sufficiently larger than Locations 2 and 3 (i.e., 117 vs. 45 samples),
the classification model applied to Location 1 was trained on a substantially smaller amount of data samples,
which resulted in poor classification performance. As hypothesized, the classification performance was inferior
compared to the leave-one-food-out cross validation, mainly due to location-dependent environmental factors.
This result supports our argument that we need classification models that are tailored towards each kitchen
environment.
Figure 10 shows the changes in the classification performance when subsets of the data from the same location
(i.e., an adaptation set) were combined with the data from other two locations to train the classification model in
an attempt to replicate the concept of online learning, in which the adaptation data are made available to the
model incrementally over time. The x-axis represents the number of the adaptation data samples from the sample
location, and the y-axis represents the average F1 score. The dotted lines represent the trend line obtained using
a linear fit. Note that the number of data samples collected from Location 1 (i.e., 117) was larger than Locations
2 and 3 (i.e., 45 in each location), which is reflected in the length of the plot for Location 1. This disparity also
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Fig. 9. The classification performance when the analysis was performed in a leave-one-location-out cross validation manner.
The average F1 score was 0.55, 0.73, and 0.66 for Locations 1, 2, and 3, respectively.
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Fig. 10. Classification performance when different subsets of the data from the same location (i.e., adaptation set) were
combined with the data from other two locations to train the classification model in an attempt to replicate the concept of
online learning. The dotted lines represent the linear fit trend lines.

resulted in larger y-axis intercept values for Locations 2 and 3 – which are equivalent to the F1 scores of the
leave-one-location-out cross validation technique (i.e., empty adaptation set) – because a larger training dataset
from Location 1 was used to train the initial model for Locations 2 and 3. However, the slopes of the trend lines
of each location were similar to one another, which implies that the rate of improvement in the classification
performance was consistent throughout the locations. In summary, these results support our argument regarding
the need for classification models that are fine-tuned towards each kitchen environment, with more cooking data
from the specific location being made available over time. This result supports a use case scenario in which the
proposed NOSE system queries users to provide labels for recently cooked meals until an appropriate classification
performance is guaranteed. Note that unlike the diary-based approaches discussed in Section 2 , users only need
to provide feedback until an acceptable level of performance is reached and not indefinitely, which we believe
will result in improved user compliance.

6

UNCONTROLLED, IN-THE-WILD EXPERIMENTS

Based on our in-depth understanding of the technical capacity of NOSE from the in-laboratory study and the
development of effective machine learning algorithms for detecting the deep-frying cooking method, we deployed
the system in two different real-world households and monitored the residents’ cooking behaviors over threeweek periods. This section focuses on the evaluation of the performance of NOSE for detecting deep-frying in
in-the-wild settings.
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Table 6. A summary of the data samples collected from the in-the-wild experiments.
Household
#1
#2

6.1

Number of
Fried Samples
10
9

Number of
Grilled Samples
6
0

Number of
Boiled Samples
14
11

Total
30
20

Data Collection

The two new locations did not overlap with the kitchens used in the in-laboratory experiments in order to validate
the generalizability of the proposed system. Household #1 was a single-family house and Household #2 was one
side of a two-family duplex. Participants (i.e., residents of these two households) were instructed to attach NOSE
to the range hood of the stove. The kitchens of both households were equipped with ventilation fans, but we did
not provide any instructions for the use of the fans. The participants were asked to provide a log of all of their
cooking activities including 1) the cooking method, 2) the foods cooked, 3) a rough estimate of the amount of oil
used, and 4) the start and end times of the cooking activities. No further instruction was given that may alter
their day-to-day cooking activities.
Table 6 summarizes the data collected from these free-living experiments. We were able to label all of the
cooking activities as one of the three classes of the cooking methods (i.e., frying, grilling, and boiling). For
example, preparing a soup or boiling water for instant noodles or pasta was classified as boiling. Any cooking
activities that involved cooking oils were labeled as frying. A total of 30 cooking samples were collected from
Household #1 (approximately 11.8 hours) and 20 samples from Household #2 (approximately 8.6 hours). The
average cooking time per meal for Household #1 was 23.6 minutes with a minimum of 6 minutes and a maximum
of 50 minutes. The average cooking time for Household #2 was 25.7 minutes with a minimum and maximum of
13 and 49 minutes, respectively.

6.2

Data Analysis

Unlike the in-laboratory experiments, where the start and end of a cooking activity were clearly defined, our
system needs to detect the occurrence of cooking from a continuous stream of data for in-the-wild settings. To
do this, we employed a two-layer classification approach. A high-level classifier with a one-minute window
was trained based on the in-laboratory data (i.e., non-cooking, ambient monitoring data before the start of the
in-laboratory trials vs. cooking data) to determine if a given data sample contained a cooking activity or not.
Forty-five samples of non-cooking data were randomly chosen from each of the in-laboratory locations for a total
of 135 non-cooking minutes. The identical feature engineering, feature selection, and classification procedures
with Polynomial Kernel SVM that we discussed in Section 5.2 were used to detect activity in in-the-wild settings.
The only difference was that the statistical features were extracted only from the low-pass filtered time-series to
focus on the slowly-varying trend of the sensor responses. Nearby samples were grouped into a single cooking
activity. The decisions were further low-pass filtered to eliminate any cooking activities with relatively short
duration (e.g., cooking events lasted less than approximately three minutes).
For low-level cooking method classification, the data obtained from the in-laboratory experiments were used
to train a base classification model. Again, the same analytic pipeline discussed in Section 5.2 was used with a
Polynomial Kernel SVM. A window length of 640 seconds, which provided the best classification performance as
we reported in Section 5.3.3, was used to extract features from the detected activity. For activities of length shorter
than 640 seconds, we extracted features from the entire detected activity. The sliding window was incremented
by approximately 10 seconds throughout the cooking period, producing an array of decisions made by the
classification model. For example, if the cooking activity was 740 seconds, then ten classification decisions were
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Fig. 11. Illustration of sampled data from the in-the-wild experiments. The dashed lines indicate the Start Time (St) and End
Time (Et) of cooking activity. The labels show the corresponding activity as logged by the participant.

made using this approach. The decisions were aggregated per cooking activity by taking the label that most
frequently appeared. Note that this sliding window mechanism generated a total of 4,248 windows (data samples)
for Household #1, which was converted (aggregated) to cooking method decisions of 30 cooking sessions, and
3,084 windows for Household #2 that was converted to 20 cooking method decisions. Then the sensor data, along
with the user-provided label of the actual cooking method, was added to the training set and the classification
model was retrained for the subsequent data sample (as discussed in Section 5.3.5). This process was repeated for
all samples collected in in-the-wild settings. We again used the average classification accuracy and F1 score to
evaluate the performance of our system.

6.3

Evaluation

The high-level classification algorithm for detecting the occurrences of cooking activities produced 100% true
positives, but also produced some false positives – which were all associated with the use of an over-the-range
microwave oven. This instance marks an interesting case of our system that we did not consider in our design
phase. However, by adding more data related to these cooking activities, we believe we could reduce this type of
false positive. In this section, we excluded such false positives from the presentation of the classification results
since our model was not trained to detect the use of the microwave oven and classify cooking methods for those
data samples.
Figure 11 shows some sample data collected from the in-the-wild experiments. The red and blue vertical
dotted lines represent the start and end of the cooking activities detected by the high-level classifier. Figure 12
summarizes the confusion matrices of the obtained classification results from the two locations. We achieved an
average accuracy of 0.77 and an average F1 score of 0.74 in Household #1, and an average accuracy of 0.70 and an
average F1 score of 0.70 in Household #2. Considering that the data collected from these two locations (i.e., 30
samples from Household #1 and 20 samples from Household #2) are substantially smaller than the size of the
data collected in the in-laboratory experiments, the achieved classification results are promising. These results,
although validated in a relatively small number of kitchen environments with a small data size, demonstrate the
potental of NOSE to detect cooking by frying in in-the-wild settings in a longitudinal manner.
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7

LIMITATIONS, FUTURE WORKS, AND CONCLUSION

In this work, we have designed, developed, and evaluated a novel odor sensing engine, NOSE, for the ambient
monitoring of different cooking activities in kitchen environments. The NOSE hardware platform is implemented
with six commercially available metal oxide semiconductor (MOS) sensors that are responsive to the gas emissions
of common cooking activities. We have systematically implemented feature engineering and data analytics
algorithms to process raw gas profiles and detect deep-frying in kitchen environments. We demonstrated the
validity of our NOSE system for identifying the gaseous fingerprints of different cooking methods and classifying
deep-frying on a total of 207 cooking events collected in a laboratory setting with an average F1 score of 0.89.
We also showed that NOSE can reliably classify frying cooking with different ingredients, cooking oils, and
with/without the use of kitchen ventilation fan. However, we observed that the performance of NOSE was
sensitive towards the amount of oil that the system was able to detect as sautéing with an accuracy of 0.67. We
also showed that the classification of frying cannot be done accurately in a location-agnostic manner because of
location-dependent factors – such as the physical size of the kitchen, the existence and capacity of the ventilation
fan, and the ambient gas profile in the environment – and that classification models need to be tailored towards a
new kitchen by gradually adding newly available data to the existing model. Finally, NOSE was deployed in two
real-world households over a three-week period to demonstrate that our system can detect the presence of frying
with an average F1 score of 0.72. Considering the relatively small number of data samples collected from these
in-the-wild experiments, the reported results are promising and demonstrate the potential for improvement with
a larger data set.
The proposed NOSE system does not include humidity and temperature sensors, which seem like obvious
choices for recognizing cooking by boiling. Since all sensors are responsive to the temperature and humidity levels,
we believe that dedicated humidity and temperature sensors are not necessarily required for our application. We
conducted a separate experiment evaluating the contribution of a dedicated humidity and temperature sensor
to deep-frying detection performance. Chicken, beef, and potato were cooked with three different methods
(deep-frying, grilling, and boiling) at Location 1 of the in-laboratory experiment, each of which was repeated
three times. The use of the temperature humidity sensor had a minimal impact on the classification performance
as we hypothesized, resulting in an F1 score of 0.94 with the humidity sensor and 0.93 without the sensor. There
was no statistical significance in the difference at a 99% confidence level.
Several limitations and future work associated with this study deserve further discussion. First, the proposed
sensing modality has the difficulty in transferring the learned knowledge about cooking activities to new kitchen
environments. The proposed system requires new data and retraining for each deployment to a new location.
Our model demands some degree of user participation, and the system’s performance may depend on the quality
of users’ labeling of the data. However, we showed that the system may need as few as 40-50 data samples to
support reasonable classification performance when a sufficient amount of baseline training data are available
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for the classification model (e.g., Locations 2 and 3 in Figure 10). Alternatively, if we deploy NOSE on a larger
scale, in terms of both locations and duration, we would have a large enough data set to potentially combat
this limitation with other methodologies. For example, unsupervised clustering algorithms can be applied to
identify kitchens in the training set with similar sensor behaviors, and we can train a classification model based
on data obtained from those kitchens in order to optimize the classification performance. Such an approach
may also enable generalization without requiring additional user inputs as well as detection of ingredients used.
However, unfortunately, a larger data set also implies that retraining machine learning models on newly available
data samples from a new kitchen environment might not be technically feasible due to the high computational
complexity. In such a case, efficient online learning techniques, such as incremental learning algorithms [26, 74]
that optimize the regularization and kernel parameters instead of complete retraining, can be incorporated. These
remain as exciting future research questions.
Second, as we reported in Section 6.3, we witnessed that NOSE was not only responsive to cooking activities
that are performed on the main stove unit, but also to activities using a microwave oven that was placed near
the sensor. Constructing classification models to detect more fine-grained activities within the kitchen area,
including cooking with the microwave oven (e.g., detection of the ingredients and amount of oil contained in
the food), remains as future work. Third, we only experimented with placing NOSE directly above the range.
Though we expect similar performance, additional experiments need to be conducted to determine if NOSE
is sensitive to placement and thus whether it is applicable to a broader range of kitchen layouts. Fourth, all
kitchens involved in this study were equipped with electric stoves. We believe the reported results herein may
not apply to kitchens with gas stoves as gaseous substances from the fuel source may affect the sensor readings.
The validation of the proposed system on different types of stoves remains as important future work. Finally,
since our in-the-wild experiments only lasted for three weeks, we were not able to study the possibility of
long-term variations in the ambient gas profiles of kitchen environments (e.g. seasonal changes). Future work
on the longitudinal deployment of NOSE will need to investigate the existence or possible effects of long-term
variations on the system’s performance. We believe such variations, if they exist, can be compensated for by
periodic retraining or by unsupervised learning given a large enough data set (e.g. finding a similar environment).
We believe that this proof-of-concept study to understand cooking activities based on odor sensing has great
potential to open up new research and development opportunities in the area of automatic dietary monitoring.
The results of our in-laboratory and in-the-wild studies are promising and motivate us to further validate our
observations with a large-scale deployment of NOSE, which will allow us to investigate more advanced data
analysis tools (e.g., true online learning, unsupervised learning for finding similar kitchen environments, or
deep-learning). We also plan to conduct a longitudinal study to track the cooking practices of different households
and correlate to their practices to healthy dietary behavior (e.g., the Healthy Eating Index [52]). In addition to
refining the sensing engine, we plan to explore the potential of this single-point NOSE platform for enabling
longer-term behavior changes towards healthy cooking practices.
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