A classification method of cooking operations based on eye movement patterns
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Abstract

We are developing a cooking support system that coaches begin-
ners. In this work, we focus on eye movement patterns while cook-
ing meals because gaze dynamics include important information for
understanding human behavior. The system first needs to classify
typical cooking operations. In this paper, we propose a gaze-based S ;
classification method and evaluate whether or not the eye move- (a) Example of “Cut” (b) Example of “Mix”
ment patterns have a potential to classify the cooking operations. _. . .

We improve the conventiona¥-gram model of eye movement pat- T 19ure 1: Example of the difference in eye movement between cook-
terns, which was designed to be applied for recognition of office N9 Operations. The red dot and the red line represent the current
work. Conventionally, only relative movement from the previous 9@2€ location and the trajectory of gaze locations, respectively.
frame was used as a feature. However, since in cooking, users pay

attention to cooking ingredients and equipments, we consider fixa-

tion as a component of th&-gram. We also consider eye blinks,  Conventional methods that recognize cooking operations are based
which is related to the cognitive state. Compared to the conven- on visual features extracted from the images taken by a camera
tional method, instead of focusing on statistical features, we con- fixed above the kitchenHayashi et al. 20lMatsumura et al.
sider the ordinal relations of fixation, blink, and the relative move- 2015. However, image-based cooking operation recognition is sig-
ment. The proposed method estimates the likelihood of the cooking nificantly affected by variations of environmental factors such as the

operations by Support Vector Regression (SVR) using frequency difference on lighting conditions and appearance of cookwares.
histograms ofV-grams as explanatory variables.

. . ) In this work, we assume that human behaviors are generated
Keywords: cooking operations, gaze analysis, eye movement pat- through the process of cognition, judgment, and actuation. Consid-
tern, fixation, blink,N-gram, SVR ering that visual attention that is closely linked to cognition while
cooking meals is important, we analyze the difference of eye move-
ments in the cooking operations as shown in Figuré&Senerally
speaking, the eye movements reflect the internal state of humans
and the field-of-view frequently includes visual information related
1 Introduction to human actionsl]i et al. 2013. Since the evolution of informa-

tion technology has produced high performance, compact, and in-

It is no doubt that cooking delicious meals enriches our daily life. expensive wearable sensors for measuring both the eye movements
In recent years, various services that support us cook meals haveand the first person view, it has become easy for ordinary people to
emerged. In particular, introducing information technologies to use them in everyday life. Understanding cooking operations based
cooking support systems is an effective approach for helping the on the analysis of eye movements, we can choose important scenes
beginners learn cooking techniques. For example, the VideoCooK- for summarizing cooking videos or thumbnail images for authoring
ing Interface Poman et al. 201Jiprovides a short video segment  cooking recipes from the first-person view. Also, it can encourage
corresponding to the procedure in a recipe by referring to a video Us to understand tips of cooking operations in terms of cognition
database indexed by the pair of a cooking operation and an ingre-and judgment by analyzing the difference between skilled users and
dient. Most existing support systems expect the user to proactively beginners. Furthermore, we can segment cooking operations by us-
request for information. However, we consider that an interactive ing eye movement which is difficult by image-based methods.
system that adaptively supports according to the user’s state is more

effective for beginners. To realize this, the system needs to under-The goal of this paper is therefore to extract eye movement patterns
stand what s/he is doing or what s/he is planning to do next. featuring cooking operations. We attempt to classify the cooking
operations based on the analysis of eye movement patterns as a pre-
liminary step for such understanding. The pattern analyzed in this
te-mail- ide@is.nagoya-u.acjp paper is the direction and the o!istance of the relative trans_ition ofthe
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Figure 2: Process flow of classification of cooking operations.
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Figure3 shows the characters used to encode the relative eye move-
ments by distance and direction. The upper and the lower case char-
acters represent the eye movements with longer and shorter dis-
tances, respectively. We assume that, for instance, long-distance
movements appear while mixing chopped ingredients to follow
them with the eyes, while short-distance movements or no move-
ment appear while cutting an ingredient to focus on it. Although
the users would often keep their attention to static ingredients, the
conventional encoding metho@illing et al. 201] does not as-

sign any character to no movement. Thus, we introduce character
“O" to the origin in Figure3, that represents no movement between
frames. We also introduce the character “Z” to represent frames
during eye blinks. We assume that eye blinks depend on cooking
operations because people blink depending on the state of cognition
and visual environmenSchleicher et al. 20Q8 Although Bulling

et al. adopted the rate and duration of fixations and blinks as fea-
tures, we include each frame during the blink, i.e. character “Z”
to the character sequence to analyze the ordinal relation among the
relative movement, no movement, and the blink. In summary, in
the proposed method, the eye movement sequence is encoded by
26 kinds of characters, two more than in the conventional method.
We will describe how to detect eye blinks later in Section 3.

We assume that local patterns in the character sequence depend on
the cooking operations. In this work, we put windows with short
time length on the character sequence so that each window should
include one operation to create training and test sets; windows with
a length of 900 frames (15 sec.) following the conventional method
[Bulling et al. 201] are put at 60 frames interval. If the operation
changes to another operation within 60 frames following a window,

Figure 3: Characters used to encode relative eye movements bywe expand the window to include the frames while the operation

direction and distance.

2 Classification method for cooking opera-
tions

continues. Next, frequency histogramsfgrams (V = 1, 2,...,

n) of the characters are created in each window. Bulling et al. ex-
tracted statistical features such as mean, variance, and maximum
of the frequency from the histogramBulling et al. 2011 Instead

of such features, we generate a feature vector by combining all the
histograms ofN-grams to analyze the eye movement patterns to

Figure2is a flowchart of the proposed method that first converts eye extract the behavioristic characteristics sufficiently. Since the di-
movement data to character sequences in a pre-processing phaseension of feature vector will become very high, we apply PCA

and then calculates histograms fravirgrams of the character se-

(Principle Component Analysis) to reduce it.

guence. The histograms are combined to a feature vector to classify

the cooking operations. Figugéa) shows the detailed procedure in

We finally construct an SVR(Support Vector RegressionLl-

the pre-processing phase. Since the measured eye movement dat@bert and Bengio 20QImodel that maximizes the likelihood of

include noise, we apply a median filter independently to the hori- the feature vectors extracted from the training data for a class of
zontal ) and the verticalyf) components of the data sequence. We €ooking operation and minimizes that for the other classes. We re-
then apply CWT-SD (Continuous Wavelet Transform for Saccade gard this model as a one-against-all classifier that outputs a score
Detection) to the filtered data in the same manner as in the conven-t0 estimate whether or not the test data belongs to the class in the

tional method Bulling et al. 2011 in order to quantize the relative
eye movement between frames@ = {C. s, Cy.s}i_,. Here,
Cy.p is the quantized relative movementotoordinate from frame
b — 1tob. The scale parameterof the transformation depends on
the sampling interval” of the eye movement datd’(= 100 ms
setsa to 6 in the following experiment).

1 t—>b
Cop = ﬁ/w(T)mt dt 1)
w(mz{ll 0y @

This process is also applied to thecoordinate. After quantizing
the data to 5 bits by thresholding- and +L), we encode the
eye movement data to a character sequence by integi@tipgnd
Cyb-

range of—1 to 1. In the classification phase shown in Figarg),

when the score is 0 or higher, the test data is classified as the target
operation. Here, since the number of negative samples is larger than
that of positive samples, the trained classifier might give the nega-
tive class an advantage. Therefore, we thin out the negative samples
by applying thek-medoids clustering\finod 1969 depending on

the ratio of positive samples to negative samples. The valéeof
determined as the number of positive samples. We adopt the nearest
training data from each centroid as a negative sample.

3 Experiments

We conducted an experiment to classify cooking operations in
seven first-person view videos including two cooking recipes by
four subjects to verify the effectiveness and robustness of the pro-
posed method. In four of them, four subjects cooked a hamburger
steak that included three kinds of cooking operations: “Cut,” “Mix,"
and “Wait”. The other three subjects cooked a potato salad that in-

1We used epsilon-SVR in “lib-SVM.”
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1X

08 1 Wait other hand, thresholH was determined experimentally because no

Crush hypothesis exists to set an appropriate value. As a result of exper-

L= _ peel iment in which we used all the datasets, the maximum F-score of
classification was obtained whéh = 5 pixels.

Since the proposed method uses the combined histogram- of
grams (V =1, 2, ...,n) as a feature vector, we also need to de-
termine the maximum value appropriately. Figuré shows the
relationship between F-score andgrams used for each cooking
N-grams operation. Asn increases, F-score improved. However, F-score
. . . was hardly improved for, more than 4 even though the classifi-
Figure 5: Relationship between accuracy and uséeyrams. cation used a higher dimensional feature vector, and thus required
higher computational cost. We therefore used the combined his-
cluded five kinds of cooking operations: “Peel” “Cut,” “Crush,” togram of N-grams up to 3-gram in the following experiments.
“Mix,” and “Wait". The definition of each cooking operation fol-
lows the common taxonomyHayashi et al. 203 The subjects 3.2 Comparison with the conventional method
cooked according to the procedure in each recipe. Fidsteows
the sequence of cooking operations in each recipe. Regarding theWWe employ a baseline method based onNagram model of the
flexibility of the experimental setup, we allowed the subjects to eye movement patterB[illing et al. 2011 which works well for
change the layout of cookwares. We employed EMR-9 manufac- recognizing operations performed at an office desk. In this method,
tured by nac Image Technology, Inc. to measure gaze location onan N-gram wordbook consists of 24 types of characters without

0.5 . T
1-gram 1 and 1,2 and 1,2,3 and
2-grams 3-grams 4-grams

the first-person-view video as eye movement daiaQ |. Its mea- “O” that represents no movement and “Z” that represents blink,
surable view angle was-40° in horizontal andd-20° in vertical and the following five statistical features are extracted from the
directions, and its sampling frequency was 60 Hz. The resolution wordbook: (1) max-count, (2) average-count, (3) wordbook size,
of gaze location wa8.1° in horizontal and).1° in vertical direc- (4) variance of counts, and (5) difference between maximum and
tions, and the resolution of the video was 640 (%80 (V) pix- minimum counts. In fact, the features are extracted from each of

els. Regarding the calibration, nine markers were placed on a planefour wordbooks up to 4-gram.

including the chopping board and the subjects were asked to turn _ . )
their gaze at each marker in order. We converted the gaze loca-Figure6 shows the F-score of classification yielded from the pro-

tion data into the character sequence as described in Section 2. A90S€d and the baseline methods for each cooking behavior. We
a result, we obtained 7,880 samples (character sequences). EacfRonfirmed that the proposed _method was superior to the baseline
sample corresponded to one of the five kinds of cooking operations. méthod for all cooking operations. The proposed method marked
We applied leave-one-video-out cross-validation for the evaluation. & higher average F-score of 0.854. We confirmed whether or not
We regard frames where EMR-9 failed to measure gaze location there were individual differences in accuracy. The result suggests
as blinks and assign the character “Z” to each of them. To apply that eye movement depends on basic operations but not on subjects.
CWT-SD to the whole gaze location sequence in the preprocessing -

phase, we applied linear interpolation to the unmeasured frames. 3.3 Effects of two additional eye movement characters

3.1 Pre-experiment We conducted an experiment to verify the effectiveness of the ad-
ditional characters “O” and “Z”. Figur@ shows the F-score for (1)
The encoding process of the gaze location data to the character sethe baseline methodLlling et al. 2011, (2) adopting the com-
guence involves two undefined thresholdsand H. We attempt bined histogram ofV-grams with 24 conventional characters as
to set them appropriately to distinguish between short and long- a feature vector instead of statistical features, (3) adding “O,” (4)
distance eye movements, in other words, the lower and upper caseadding “Z,” and (5) adding “O” and “Z,” to (2). (5) is the pro-
characters in Figur8, so that we have the potential for classify- posed method. As we can see from the average the F-score, each
ing the cooking operations based on the eye movement patterns additional character contributed to achieve better classification. Es-
ThresholdL was determined to detect frames during fixation de- pecially in “Cut,” “Crush”, and “Peel,” “O” and “Z” contributed
fined as stable gaze within one degree over 100 Imsr| 2004. to the improvement of the F-score. However, F-score of the pro-
Here, one degree angle of view equals to 12 pixels on the image posed method for “Mix” and “Wait” was not the highest. We cite
coordinate of EMR-9 and 100 ms equals to 6 frames in the video as a reason that the number of training data for obtaining distinctive
taken by EMR-9. Therefore, threshaldwas set to 2 pixels. Onthe  patterns was not sufficient, due to increasing feature dimensions.
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Target cooking operation
) N trooculographyProc. IEEE Trans. on Pattern Analysis and Ma-
Figure 7: Effects of the additional eye movement characters on  chine Intelligence 33 (February), 741-751.

classification of cooking operations.
COLLOBERT, R., AND BENGIO, S. 2001. Support vector ma-

. e chines for large-scale regression problethsviachine Learning
3.4 Multi-class classification Research IFebruary), 143—160.

To estimate the cooking operation for each window, we need to poman, K., KUAI, C., TAKAHASHI, T., IDE, |., AND MURASE,
choose a class with the maximum classification score by applying  H. 2011. Video CooKing: Towards the synthesis of multimedia
all the one-against-all classifiers to the feature vector. This means cooking recipes. IfProc. 17th Int. Conf. on Multimedia Model-

multi-class classification. Figu&shows the confusion matrix nor- ing, 135-145.

malized across ground-truth rows, precision and recall of the clas-

sification result. The proposed method could estimate the correctHAYASHI, Y., DOMAN, K., IDE, I., DEGUCHI, D., AND
class for more than 50% for “Cut,” “Mix,” and “Wait” classes. The MURASE, H. 2013. Automatic authoring of domestic cook-
proposed method obtained high precision except for “Mix” class. ~ Ing video based on the description of cooking instructions. In

The recall for “Mix” class was very high, while the precision was Pro.c.l 5th Int. Workshop on Multimedia for Cooking and Eating
low. This is probably because the eye movement patterns while ~ Activities 21-26.

mlxmg IIS comm?tn to r?ther (cj)pe_radtlonsé), toc_).dMort\a/\cl)ver, tze esti- | rwin, D. 2004. Fixation location and fixation duration as indices
mated classes often changed window by window. We need to con- ¢ ,qnitive processing. Ifhe Interface of Language, Vision,
sider the temporal consistency of cooking operation across a longer and Action: Eye Movements and the Visual WoBlsychological
interval. Press, 105-134.

LAND, M., AND HAYHOE, M. 2001. In what ways do eye move-
ments contribute to everyday activitiedfsion Research 4125
(November), 3559—-3565.

4 Conclusion

In this paper, we proposed a cooking operation classification

method based on the analysis of eye movement patterns. We ob-L1, Y., FATHI, A., AND REHG, J. 2013. Learning to predict gaze
tained higher accuracy through the one-against-all classification ex-  in egocentric video. IfProc. 2013 IEEE Int. Conf. on Computer
periment. However, the proposed method could not achieve accu- Vision 3216-3223.

rate multi-class classification. In future work, we need to compare MATSUMURA, Y., HASHIMOTO, A.. MORI, S.. MUKUNOKI, M.,
and combine the proposed method with an image-based method AND MINOH. M. 2015. Clustering scenes in cooking video
that extracts visual features from the first-person-view video. Also, uided b ob"ect' accesé Rroc. 7th I?n Workshob on ML?Itime-
we are planning to apply feature selection methods such as Ran- g f rCy ki]n nd E tih A iiviti a—'s P

dom Forests for classification instead of SVR, in order to analyze lafor ooking a ating Ac € ’
the relation between the selected useful features and psychologicaNAC. http://www.nacinc.com/datasheets/archive/EMR9-Data-
knowledge as inlfand and Hayhoe 2001 To conduct a more de- Sheet-June-09.pdAccessed Jan. 2016.

tailed and comprehensive analysis of the eye movement patterns, .
we are planning to apply Latent Dirichlet Allocation (LDA) to a  OGAKI, K., KITANI, K., AND SUGANO, Y. 2012. Coupling eye-
larger scale dataset, which is useful for classifying usual activities ~ Motion and ego-motion features for first-person activity recogni-
in daily life [Steil and Bulling 2015 The patterns extracted by tion. In Proc. IEEE Workshop on Egocentric Vision in Conjunc-

LDA will encourage us to analyze the difference in cooking opera-  tion with CVPR20121-7.

tions between skilled users and beginners. SCHLEICHER, R., GALLEY, N., BRIEST, S., AND GALLEY, L.
2008. Blinks and saccades as indicators of fatigue in sleepiness
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