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Abstract. Recognizing the transitions of intensity of facial expressions
in daily life is crucial to monitoring the individual’s mental state. We
have investigated a two-input facial expression recognizer specialized
for individuals to evaluate facial expressions in detail with personalized
scales. Although this recognizer can accurately recognize facial expres-
sions based on comparisons, it has the limitation of requiring the manual
provision of supervised data for each individual to train the recognizer.
The goal of this study is to automatically generate the datasets required
for training the two-input facial expression recognizer for smiles from
videos that capture an individual’s facial changes. To achieve this goal,
we propose a method for extracting facial image pairs with explicit ex-
pression differences using a conventional facial expression recognizer. Ad-
ditionally, we introduce a three-input facial expression change recognizer
to extract facial image pairs with subtle expression differences. Exper-
imental results showed that our proposed framework could successfully
generate a dataset for training the two-input facial expression recognizer.

Keywords: Automatic dataset generation · Facial expression · smile
intensity.

1 Introduction

Facial expressions and their temporal changes provide valuable insights into a
person’s internal state, making them a foundational technique for state moni-
toring. For example, measuring facial expressions over time is particularly useful
for individuals such as dementia patients, who may have difficulty recalling or
accurately expressing their conditions.

While a much amount of research has been conducted on facial expression
recognition and has developed generalized classifiers for broad applicability, most
studies focus on significant expressions, aiming to identify which facial expression
is being represented. To capture changes in facial expression intensity in daily
life, however, it is necessary to recognize not only significant expressions but also
intermediate or subtle ones, such as a slight smile. Capturing such subtle facial
expression changes has been reported to result in low accuracy and sensitivity,
even with current state-of-the-art facial expression recognizers [11]. Moreover,
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facial expression patterns vary between individuals, and specifically, in cases of
mental disorders such as depression, expressions tend not to appear. Therefore,
it is essential to develop methods that can detect subtle changes and evaluate
expressions on a personalized scale.

To address these challenges, our research group has developed a two-input
facial expression recognizer [6] for evaluating facial expressions, which adapt to
individual characteristics using a comparative approach. Although this recog-
nizer achieved high recognition accuracy for changes in the facial expressions of
specific individuals, this method has practical limitations that require collecting
extensive facial expression samples from specific individuals for training.

In this study, we introduce a novel framework that automatically generates
the necessary training data for our previously proposed two-input facial expres-
sion recognizer from videos capturing an individual’s facial expressions. This
framework utilizes existing facial expression recognition models to detect dis-
tinct expressions and create pairs of images: one with a pronounced expression
and another with a less pronounced expression. Additionally, we introduce a
novel three-input facial expression change recognition network to identify small
differences in expression intensity and augment the dataset with such subtle
variations.

2 Related Work

2.1 Facial Expression Recognition Using FACS

Facial expression recognition methods have traditionally focused on features de-
fined by facial muscle movements, such as in the Facial Action Coding System
(FACS) [4, 7]. These methods mainly classify expressions with prominently ex-
pressed emotions, making it challenging to apply them to general expressions
that appear in everyday life. In our daily lives, not only prominent expressions
but also subtle or ambiguous expressions are frequently represented. When facial
expressions are subtle, changes caused by factors other than expression, such as
head orientation and lighting, become dominant, making it difficult to detect
landmark transitions solely due to expression changes. In fact, Hamm et al. [5],
revealed that the detection error of facial landmarks used in FACS becomes
significant when identifying subtle expressions in schizophrenia patients.

2.2 Facial Expression Recognition Using CNNs

Convolutional neural networks (CNNs) have been increasingly used for facial
expression recognition and have demonstrated superior performance compared to
landmark-based recognition methods. For example, Neagoe et al. trained a CNN
to recognize seven categories of emotions (six basic emotions plus neutral) [8].
Even with a small dataset of 210 facial expression images from Japanese women,
their CNN model, which consisted of three convolutional layers and three pooling
layers, achieved a high recognition accuracy.
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While these studies demonstrate the effectiveness of CNNs for facial expres-
sion recognition, the expressions studied are mostly prominent, and little re-
search has examined subtle expressions in daily life, which is the focus of our
purpose. In fact, as described in Section 1, accuracy and sensitivity are still in-
sufficient for subtle facial expressions even with state-of-the-art facial expression
recognition methods.

2.3 Comparison-Based Facial Expression Recognition

To capture subtle expression changes, our research group has investigated a two-
input facial expression recognizer to estimate the relative intensity of expressions
within an individual by comparing two expressions of the individual [6]. Using
this recognizer, if we have multiple typical facial images of an individual, the
intensity of a facial expression can be evaluated within a personalized scale by
comparing the facial image with a group of reference images [9]. However, as
noted in Section 1, this approach requires manually annotated data for each in-
dividual for training. In particular, annotations for small changes in the training
data are necessary to capture subtle facial expression changes, and that causes
limitations for practical uses due to the considerable effort involved.

3 Automatic training for facial expression recognition
network

This study aims to automatically train a recognizer capable of capturing facial
expression changes in everyday life. The proposed framework is a fully automatic
learning of a two-input facial expression recognizer developed by our group,
which will be described in detail below. The recognizer is trained to recognize
the differences in expressions of a specific individual. In this paper, we specifically
focus on recognizing smiles, which are mainly related to the feeling of pleasure.

3.1 Comparison-based facial expression recognition network

It is difficult to give absolute values for the intensity of facial expressions even
by hand. In contrast, relatively evaluating which of two images represents more
smilies by comparing two images is much easier. Based on this concept, our
group has developed a two-input facial expression recognizer [6].

Fig.1 shows the overview of the network structure. This network is based on
a Siamese network architecture [2], which acquires two inputs and returns one
value. The two feature extraction layers share weights and extract features from
their respective facial images. Those two extracted features are then concate-
nated and passed through the fully connected layer to determine the relative in-
tensity of the expressions. We here employed the CNN component of VGG16 [10]
to extract features from facial images.

Note that training data consists of two facial images and a label indicating
which of the two images represents the expression with greater intensity (Fig.2).
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Fig. 1. A comparison-based smile intensity recognition network
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Fig. 2. Examples of paired data

In short, the question to answer in this paper is, “How can we automatically
select pairs of facial images and assign appropriate labels indicating the relative
intensity of facial expression between them, given a sequence of facial images of
a specific individual?”

3.2 Framework of automatic training for facial expression
recognition network

The specific steps of the automated training process are as follows and consist
of the following three steps:

1. A sequence of facial images of an individual facing a camera is extracted
using the BlazeFace [1], one of the face detectors, from a video capturing the
individual’s facial expression changes.

2. A dataset consisting of paired data is created from the sequence of facial
images using the proposed algorithm, which will be described in the next
section.

3. The recognizer is trained by the created dataset.

4 Automatic dataset generation

As introduced in the previous section, the training data for our two-input fa-
cial expression recognizer consists of two facial images and a label indicating
which represents the expression with greater intensity. These three elements are
collectively referred to as “paired data” hereinafter.



Automatic dataset generation for smiling intensity recognition 5

Here, we assume that a sequence of facial expression data for a specific in-
dividual has been obtained from the video, and we introduce a method for gen-
erating paired data from the sequence of facial expression images. This paper
specifically focuses on smiling as a target facial expression.

The proposed algorithm for automatically generating a dataset consists of
three main methods:

Baseline Method Significant smiles and neutral expressions are identified us-
ing a conventional single-input facial expression recognizer that can detect
prominent facial expressions. Then, the image pair is assigned a label, “smile
> neutral,” and these images and the corresponding label construct one
paired data.

Beam Method Similar to the baseline method, a conventional single-input fa-
cial expression recognizer is used to detect significant smiles and a variety
of other expressions besides smiles. For each image pair, a label of “smiling
> otherwise” is assigned, and the paired data is constructed along with the
corresponding label.

Triplet Method We introduce a novel three-input facial expression change
recognizer to recognize subtle differences in facial expressions. This recog-
nizer identifies the consistency of expression change directions and generates
paired data containing subtle differences in expressions.

These methods are based on the assumption that conventional facial expres-
sion recognizers can successfully detect prominent facial expressions. Further-
more, these three methods are combined and utilized, given the necessity of
diverse training data and the inclusion of subtle differences in facial expressions.
Each method is described in detail in the following sections.

4.1 Paired Data Generation Using the Baseline Method

For the facial images extracted from a video, the smile intensity of each image
is estimated using a conventional single-input smile recognizer, Smilenet [3].
Smilenet is a network that outputs whether a facial image represents a smile (1)
or a neutral expression (0) using activation from the sigmoid function in the final
layer. In this study, the pre-activation value is regarded as the smile intensity
estimated by the network.

As mentioned in Section 1, recognizers trained for binary classification have
limitations in reliably estimating smile intensity for intermediate expressions.
However, expressions with strong or weak intensity are likely significant smiles
or neutral expressions similar to those in the training data. In other words, by
setting an appropriate threshold for the estimated smile intensity and ignoring
facial images within the threshold, i.e., estimated as intermediate expressions,
we expect the smile intensity to be somewhat trusted.

Fig.3 shows an example of smile intensity transitions estimated by Smilenet.
Here, we set appropriate thresholds for the smile intensity values and classified
the facial images into three categories: “smile,” “neutral,” and “unknown.” Based



6 K. Shimonishi et al.

Smile

Neutral

Unknown

Es
ti

m
at

ed
 s

m
ili

n
g 

in
te

n
si

ty

time

A sequence of facial images

Fig. 3. An example of the transition of smiling intensity estimated by the Smilenet
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Fig. 4. Paired data generated by the Baseline method

on this classification and the estimation results, a time segment in which the
state transitions sequentially from neutral to unknown and then to a smile, or
conversely, from a smile to unknown and then to neutral, is defined as a slope. If
the transition involves multiple cycles, such as (smile, unknown, smile, unknown,
neutral), the minimum segment, i.e., (smile, unknown, neutral) is considered the
slope.

From these slopes, image pairs are extracted from the smile-side and neutral-
side peaks within each slope as shown in Fig.4 Then, the image pair is assigned
a label, “smile > neutral.”

4.2 Paired Data Generation Using the Beam Method

The Baseline method allows for creating paired data consisting of smiles and neu-
tral expressions. However, this method is limited in that the number of detected
slopes constrains the number of generated pairs. Additionally, while Smilenet can
achieve a certain level of accuracy in determining whether an input facial image
represents a significant smile, it frequently produces false positives when identi-
fying neutral expressions. This may be because the network is trained primarily
to recognize smiles, with less emphasis on distinguishing neutral expressions.
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Fig. 5. Paired data generated by the Beam method

To tackle these limitations, we introduce the Beam method (see Fig.5). In this
approach, for each slope, the peak facial image on the smile side (indicated by
the red circle in the Fig.5) is paired with a group of temporally adjacent facial
images that are estimated to be neutral expressions. These pairs are labeled
“smile > otherwise.” This allows us to make a large amount of paired data
with a significant smile and multiple images that are considered to be close to a
neutral face.

4.3 Paired Data Generation Using the Triplet Method

Two proposed methods described in the previous sections enable the creation of
paired data consisting of significant smiles and neutral expressions. In addition,
to account for capturing subtle changes in facial expressions in daily life, the
training data should include image pairs with such subtle differences in intensity.
However, intensity values estimated by Smilenet are unreliable, especially for
expressions of intermediate intensity, as discussed above. Therefore, using such
values to generate paired data that includes subtle facial expression differences
is undesirable.

To address this issue, we introduce a new network that recognizes the con-
sistency of directional changes between three input facial images. Suppose the
three images are arranged in ascending or descending order regarding facial ex-
pression intensity; the two magnitude relations are in agreement when compared
two by two, as shown in Fig.6 (a). Conversely, suppose the order of intensities in
the three images is inconsistent, i.e., the middle image has a stronger or weaker
smile than the images at either end; the two magnitude relations do not match
as shown in Fig.6 (b). The network makes it possible to determine whether the
smile intensity of a new facial image lies between the smile intensities of the two
images in the existing paired data. Based on this idea, by repeatedly selecting
facial images with intermediate smile intensities for the existing paired data, it
becomes possible to gradually add pairs containing subtle changes as training
data, starting from those with more significant changes.
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Fig. 6. Examples of the direction of facial expression change
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Fig. 7. A network structure of the three-input facial expression changes recognition
network

A three-input facial expression change recognition network Fig.7 shows
the structure of the proposed three-input facial expression change recognition
network. At first, feature vectors (x1,x2,x3) are extracted from each facial im-
age (I1, I2, I3), respectively, using a shared weighted feature extraction layer as
shown in the green block in the figure. Here, we employed the CNN component
of VGG16 for the feature extraction layers in the same way as the proposed two-
input facial expression recognizer. Then, the feature differences d12 = x1 − x2

and d23 = x2 − x3 for each pair of images are calculated. Finally, the cosine
similarity between the two calculated feature difference vectors d12,d23 is calcu-
lated. With this similarity, the model is trained using the MSE loss to output 1
if the facial expression changes in (I1, I2) and in (I2, I3) are in the same direction
(Fig.6 (a)) and −1 if they are in opposite directions (Fig.6 (b)). This training
approach is expected to enable the model to learn feature extraction capabilities
for recognizing individual facial expression changes.

Training the three-input facial expression change recognition network
The newly introduced three-input facial expression change recognition network
should also be trained automatically to achieve a fully automated generation of
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Fig. 8. Training data for the three-input facial expression changes recognition network
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Fig. 9. A concept of adding novel paired data by triplet network

training data for the two-input facial expression recognizer. The basic idea to
realize this is similar to the Baseline method: One image is selected from each of
{smile, unknown, neutral} estimated by Smilinet and used as a triplet. Although
the Smilinet estimates themselves are considered to be unreliable, the smile
intensity in the face images evaluated as neither smiling nor neutral expressions
is expected to come somewhere between the images predicted as smiling and the
images predicted as neutral. This is because these images are likely to reflect a
level of expression intensity that is neither as strong as those predicted as smiles
nor as minimal as those predicted as neutral.

In particular, facial images are selected for each of the slopes detected by
Smilenet, as follows: We select the smile peak image PP , the neutral peak image
PN , along with an image Pa near the smile-side threshold and an image Pb near
the neutral-side threshold as shown in Fig.8. Since all facial images between Pa

and Pb lie within the “unknown” images, the smile intensity of the facial image
at temporal midpoint PM between Pa, Pb is expected to fall between those of
PP and PN . Three-image triplets (PP , PM , PN ) from the descending slope and
(PN , PM , PP ) from the ascending slope for each slope are extracted to construct
training data for the three-input expression change recognition network.

Paired Data Generation Using the Three-Input Facial Expression Change
Recognition Network The basic concept of paired data generation using the
three-input expression change recognition network is as previously described. For
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each existing paired data, the network evaluates whether the smile intensity of a
facial image obtained from the same slope as the paired data lies in between the
intensities of the two images, as illustrated in Fig.9. If this relationship holds,
the new facial image, the two images in the paired data, and their corresponding
labels are used to generate new paired data.

This process is repeated until either the frame interval between the paired
data becomes less than a certain threshold or an image with a direction of
change inconsistent with the pair is encountered. Through this iterative pro-
cedure, paired data incorporating finer differences in facial expressions can be
generated.

5 Experiment

We conducted an experiment to confirm that the proposed methods can success-
fully generate appropriate training datasets for the two-input facial expression
recognizer. In this experiment, we compared the recognition accuracy of the rec-
ognizer between two training conditions: A manually prepared dataset and an
automatically generated dataset using the proposed method. Additionally, we
confirmed that combining the three methods described in the previous section
improved recognition accuracy.

5.1 Dataset

Two video categories, A and B, were prepared, with three videos in each category:
A1, A2, and A3 in category A and B1, B2, and B3 in category B. The first
category (Category A) consisted of videos captured participants playing a game
alone, and contained multiple smiling with a significant intensity. In contrast, the
second category (Category B) consisted of videos captured participants watching
various short clips, during which their facial expressions were recorded. The facial
expression changes in this category were generally subtle.

Each video lasted approximately 20 to 30 minutes. We manually annotated
paired data from the sequence of facial images obtained from each video by
BlazeFace. In this experiment, we manually annotated the expression change
slopes and used the images at the start and end of the slope and the labels for
the two points as paired data.

Adding the Beam method to the Baseline method is expected that the recog-
nition accuracy with large expression differences (i.e., Category A) will improve.
Furthermore, adding the Triplet method is expected to improve recognition ac-
curacy with small expression differences (i.e., Category B).

5.2 Recognition Accuracy Evaluation for Expression Changes

The results for each case are shown in Tables 1 and 2. Because the data for
validation consisted of manually annotated paired data, 5-fold cross-validation
was applied for accuracy evaluation by manual annotation.
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Table 1. Recognition accuracies for video category A

Dataset A1 A2 A3

Baseline 78.6 87.0 72.2

Baseline + Beam 85.7 93.5 90.6

Baseline + Triplet 83.9 93.5 86.7

All 90.2 93.5 89.8

Manual annotation 94.6 95.2 98.4

Table 2. Recognition accuracies for video category B

Dataset B1 B2 B3

Baseline 61.7 69.2 69.5

Baseline + Beam 69.7 72.8 79.7

Baseline + Triplet 76.7 82.9 75.7

All 82.4 84.1 81.4

Manual annotation 80.9 73.9 63.8

These results indicated that for the dataset containing only large expression
differences (category A), the increase in the number of paired data generated by
the Beam method mainly contributes to improving accuracy, as we expected. For
the dataset that also includes smaller expression differences (category B), the
addition of paired data with small differences using the Triplet method mainly
contributes to improved accuracy for two of three datasets (videos B1 and B2).
Regarding Video B3, the effect of the Beam method was more significant than
that of data augmentation using the Triplet method. However, even for this data,
further accuracy improvement was observed when the Triplet method was also
applied in addition to the Beam method.

For the dataset containing only large expression differences, the training data
automatically generated by the proposed method could not achieve the same
level of recognition accuracy as the manually annotated data. This may be be-
cause the effect of false positives in the automatically generated dataset was more
significant for datasets that can be annotated relatively easily by human oper-
ators. On the other hand, for datasets containing small expression differences,
the proposed method achieved higher recognition accuracy than the manually
annotated results. This suggests that human annotation is limited to datasets
containing small differences, and the ability to acquire subtle expression changes
through automatic recognition is expected to be useful.

6 Conclusion

In this paper, we proposed a method for automatically generating a dataset to
train a two-input facial expression recognizer that evaluates smiling intensity
based on individual-specific comparisons. The proposed method applies the con-
ventional network for recognizing salient facial expressions that can accurately
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detect “significant smiles,” and automatically generate training data consisting
of smiling and non-smiling faces. In addition, we introduced a new network that
recognizes the identity of the direction of change in smiles and added a dataset
that includes detailed changes in facial expressions.

The experimental results showed that the recognizer trained on the dataset
automatically generated by the proposed method achieved high recognition ac-
curacy, although it was not as good as the recognizer trained on the manually
labeled dataset that consisted only of large facial expression differences. Further-
more, when evaluated on a dataset containing subtle facial expression differences,
the automatically trained recognizer outperformed the manually trained one.

Future works include investigating the robustness of the proposed method
under various conditions within videos and exploring possible extensions to en-
able automatic training of facial expression recognizers from more general video
content.
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