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Abstract. People with autism spectrum disorder (ASD) are known to
show difficulties in the interpretation of human conversational facial expressions. With the recent advent of artificial intelligence, and more
specifically, deep learning techniques, new possibilities arise in this context to support people with autism in the recognition of such expressions. This work aims at developing a deep neural network model capable of recognizing conversational facial expressions which are prone
to misinterpretation in ASD. To that end, a publicly available dataset
of conversational facial expressions is used to train various CNN-LSTM
architectures. Training results are promising; however, the model shows
limited generalization. Therefore, better conversational facial expressions
datasets are required before attempting to build a full-fledged ASDoriented support system.
Keywords: Autism · AI · Deep learning · Emotions · Facial expression.
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Introduction

The last decade has witnessed an explosive growth in the field of deep learning in
AI. Since the presentation of AlexNet [1] in 2012, a convolutional neural network
(CNN) developed for image recognition, deep learning has achieved an impressive
record in cognitive tasks. One such task is human facial expression recognition,
with a prominent relevance in the affective computing area. In other application
areas of deep learning, such as natural language processing, automatic translation, or speech recognition, recurrent neural networks (RNN) have been proven
to learn how to solve complex problems requiring sequences of data over time.
Soon enough it was envisioned that the combination of these architectures, i.e.,
CNN-RNN architectures, such as convolutional neural network - long-short term
memory (CNN-LSTM) can learn from video sequences, for example to remove
commercials or detect human activity.
The success in applying such AI techniques in complex cognitive tasks poses
the question of whether AI can also assist people with ASD to improve their quality of life. One main challenge for people with autism is to be able to interpret
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social cues that humans normally use in their daily nonverbal communication.
More specifically, facial expressions most often convey essential information to
interlocutors which is usually misinterpreted by people with autism. Hence, having the capacity of decoding such information for them is found of much relevance
to facilitate the communication among people with and without autism.
In the light of this issue, this work aims to develop a deep neural network
model, namely a CNN-LSTM, to classify conversational facial expressions in order to support people with ASD. As it is usual in AI research, data must be
collected and preprocessed before it is fed to AI algorithms for learning. Searching a suitable dataset was therefore the first step. Before feature extraction, a
preprocessing of the dataset was required. For the facial feature extraction, some
pretrained CNNs were used. In the final step of classification, a LSTM was used.
After ten trials with different CNN-LSTM settings, it was found that available
publicly datasets seem to be insufficient to solve the problem at hand. Lack of
enough data for training and testing results in difficulties in finding appropriate
settings to improve the proposed deep learning models.

2

State of the art

There exist some previous works that have applied AI techniques to detect human facial expressions in ASD. At least two projects are active by the time
this document is written. The first project is a commercial one, known as Brain
Power™ [2]. Among other provided applications, this project offers Emotion Charades™ [3], which uses deep learning for human emotion recognition. The mobile
app is designed to run on Google Smart Glasses as an augmented reality game
where children with ASD try to guess the emotion on faces of surrounding people.
If the child interprets emotions correctly, she is awarded with points or encouraged to try again otherwise. This system can only recognize six basic human
emotions: sadness, happiness, fear, anger, surprise and disgust.
The second project is driven by the University of Stanford in California. The
solution, known as The Autism Glass Project [5], consists of an Android app
that works with a pair of Google Smart Glasses™which in turn feeds the video to
the mobile app for deep learning emotion recognition. In response, the detected
emotion is sent to the glasses, which informs the child of the detected emotion.
Additionally, the child is encouraged to interpret captured faces in the app with
an emotion. Several papers [6–10] have been published about this project in
which the improvements experienced by children using the smart glasses and the
app are reported. This system can only recognize seven basic human emotions:
happiness, surprise, anger, disgust, sadness, fear and indifference.
There exist commercial cognitive systems designed to recognize human facial
emotions not necessarily related to ASD. Table 1 presents a non-comprehensive
list of the available systems, where the common denominator is that all these
systems can recognize a few human basic emotions. Apart from that, several
image datasets are publicly available that can be used for model training in
order to recognize human facial emotions in pictures. As it is observed with

Facial expression interpretation in ASD using Deep Learning

3

available commercial cognitive systems, these datasets are restricted to a few
human emotions. In [11] three potential datasets for basic emotion recognition
training can be found: JAFFE, UMD and Cohn-Kanade. JAFFE and UMD
datasets provide pictures for basic emotions (happiness, surprise, disgust, anger,
sadness and fear). Cohn-Kanade, instead, provides combinations of facial action
units [12] of those basic emotions to build some complex facial expressions.

Table 1. Commercial Human Emotion Recognition Systems.
Provider
Eyesee

Web Site
https://eyesee-research.com/facial-coding/

Emotion
Research
Lab
iMotions

https://emotionresearchlab.com/onlineplatform/

Kairos

https://www.kairos.com/

Microsoft
Azure

https://azure.microsoft.com/enus/services/cognitive-services/face/

MoodMe

https://www.mood-me.com/insights/

Noldus

https://www.noldus.com/facereader

NVISO

https://www.nviso.ai/en

Realeyes
RefineAI

https://www.realeyesit.com/technology/
emotion-recognition/
https://www.refineai.com/

Sightcorp

https://sightcorp.com/

https://imotions.com/biosensor/fea-facialexpression-analysis/

Emotions
Happiness, surprise, confusion, disgust, fear, sadness,
neutral.
Happiness, surprise, anger,
disgust, fear, sadness, neutral.
Happiness, anger, fear, disgust, contempt, sadness,
surprise.
Anger, disgust, fear, happiness, sadness, surprise.
Anger, contempt, disgust,
fear, happiness, neutral,
sadness, surprise.
Happiness, surprise, sadness, anger, fear, disgust.
Happiness, sadness, anger,
surprise, fear, disgust.
Happiness, surprise, sadness, disgust, fear, anger,
neutral.
Happiness, surprise, confusion, sadness, disgust, fear.
Happiness, surprise, sadness, fear, anger, disgust,
contempt.
Happiness, surprise, sadness, disgust, anger, fear.

Since datasets like JAFFE and Cohn-Kanade, where emotions are posed by
actors in laboratory-controlled environments, the AffectNet dataset has been
collected from internet with 1,000,000 images [13]. Again, this dataset only tags
basic human emotions: happiness, sadness, surprise, fear, contempt and uncertainty. FER-2013 [14] is a very well-known dataset for facial analysis but, like the
others, is limited to the basic emotions: anger, disgust, fear, happiness, sadness
and surprise. Regarding video datasets, the AFEW [15] has been collected from
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movies with near real conditions but only for six basic human emotions: anger,
disgust, fear, happiness, sadness and surprise.
Conversely to the above datasets, the Large MPI Facial Expression dataset [16]
comprises 51 facial expressions commonly used by people in conversations. This
dataset consists of 510 videos (10 videos per facial expression) posed by ten
non-professional actors and actresses and delivered as tagged and numbered image sequences totaling 88823 photographs. The large array of facial expressions
covered in this dataset makes it particularly representative of potential affective social situations that people with ASD may encounter regularly. Yet, as for
most datasets, it is important to account for bias. The MPI dataset is posed
by German males and females in their 20’s. According to [17] facial expressions
are subject to cultural differences even for the most basic and universal human
emotions. The MPI dataset is hence biased, thus the systems developed out of
this data might not be applied in a context different than German. Nevertheless,
this type of bias can be a good characteristic since it may be expected that a
person with ASD normally lives in a homogeneous cultural environment.
In regard to AI techniques for recognizing human facial expressions, the classic approximation is based on the facial action coding system (FACS) [12]. This
system describes the human expression in terms of actions units (AU) in which
the “geometry” of the face can be represented according to the relative position
of the face muscles. Since the 80s, statistical analysis-based AI algorithms such
as Gabor filters were used along with FACS to extract facial features from pictures. Statistical machine learning algorithms such as support vector machines,
bayesian networks, or Markov hidden models were used to learn how to classify human emotions. By the year 2012, with the introduction of AlexNet [1],
CNNs proved to excel in extracting features from images so efficiently that in the
ICML 2013 [14] one workshop was dedicated to facial emotion interpretation.
The top three teams, out of 56, attained accuracy scores of 71.162%, 69.256% and
68.821% using CNNs for classification of emotions in static pictures of human
facial expressions.
Training a CNN is a costly process, so the transfer learning technique provides an excellent approach to transfer what a neural network has learned to
solve a specific problem to a new, potentially unrelated domain. Several CNNs
are pretrained with the ImageNet3 dataset and are available for transfer learning
in popular frameworks such as Keras4 . Three of them (MobileNet, MobileNetV2
and NasNetMobile) will be used in this work applying the transfer learning technique in attempt to resolve the problem at hand. These CNNs are specifically
designed for the limited resources of the mobile devices, hence the main reason
for selecting them, as we intend to deploy the neural network on such devices.
Although these CNNs have relatively few training parameters, for instance MobileNetV2 which only has 3504872, it can achieve an accuracy of 90.1 % in object
classification [24].
3
4

http://www.image-net.org
https://keras.io/
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Despite CNNs are the way to go for classification of static images, this project
requires to analyze the temporal dimension of image sequences to find the pattern
that composes a conversational facial expression. RNN are called to solve this
type of problems. Specifically, the LSTM type of RNN is defined to remember
start and end of a sequence. A combination of both is therefore quite practical
for facial expression recognition problems. Some work has been done in this
direction [20], where the authors achieved an accuracy of 88.02% in classifying six
basic emotions (anger, disgust, fear, happy, sad and surprise) from the extended
Cohn-Kanade dataset [21]. Also, in [18] the authors proposed the use of CNNLSTM neural networks, attaining an accuracy of 41.67% while classifying six
basic emotions (happy, sadness, anger, fear, surprise, disgust) available in the
AFEW dataset [15].

3

Methodology

The overall objective of this work is to develop a classifier for the 51 facial expressions available in the MPI dataset, commonly used in conversations, as a base
for a support cognitive artificial system for people with ASD. Ten different trials
are performed in order to obtain the best neural network architecture. The first
three trials are designed to find the most appropriate training mini-batch size,
video sequence size and dataset using MobileNetV2 (the Keras mobile CNN with
the fewest parameters). Trial four tries training MobileNetV2 without transfer
learning. Trial five attempts to train MobileNet (the Keras mobile CNN with the
fewest layers) while trial six attempts to train NasNetMobile (the Keras mobile
CNN with the most layers). At this point, some conclusions are drawn to guide
the last four trials. Trials seven, eight and nine test some RNN configurations
based on LSTM using the best CNN model found in earlier trials. These first
nine trials are conducted on models trained with just three (bored, confused,
contempt) of the 51 classes available in the MPI dataset. This approach reduces
the training time required while searching the best hyper-parameters for minibatch size, sequence size, neural network deepness and LSTM units. Based on
the conclusions of the first nine trials, the final CNN-RNN neural network to
classify the 51 facial expressions is trained in Trial 10.
Since MPI dataset is relatively small, just 10 videos for each expression, a
sliding window technique is used to generate multiple sequences from each video.
Such a technique is shown in Fig. 1, where a given 11 frames video turns out in
three sequences of three frames each. The sliding window algorithm receives as
parameters the video itself and the desired sequence size. In response it generates
all possible sequences of the given size from the video. This technique is applied
across all neural networks trained in the ten trials to increase the quantity of
videos sequences available.
Trial 1. A MobileNetV2 CNN is instantiated without the classification layer.
The last convolutional layer is trained again, while all remaining layers are configured for non-training in order to apply the transfer learning technique. One
LSTM layer is added, just before the new classification layer with 3 outputs. The
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Fig. 1. Sliding window algorithm.

training data is not preprocessed, simply 30 videos are created from the photograph frames provided with the MPI dataset for the three selected classes. MPI
dataset pictures are at a resolution of 768x576 so this will be the final resolution for the videos. Despite that, Keras pretrained networks receive a 224x224x3
tensor as input so each video is resized in runtime to match that requirement.
Fifteen models are trained by combining a mini-batch size from (2, 4, 8, 16,
32) and sequences size from (6, 12, 24). An early stopping technique is used
to stop the training when validation loss completes ten epochs of continuous
increasing. In order to establish the best model a linear regression is calculated
for validation accuracy and loss. The slope of the line is used as an indicator
of how fast the precision increases and the loss decreases. The model with the
biggest slope for precision (0.0099) and the smallest slope for loss (0.0126) is
considered the best model. This model is trained with a mini-batch size of 8 and
a sequence size of 12. The model fails to converge consistently and is over-fitted
as it is trained with just 312 sequences and validated with 78 sequences. So, next
trial tries a Data Augmentation technique to increase the number of sequences
for training.
Trial 2: This trial focus on Data Augmentation by preprocessing the same
30 videos of trial 1. The objective is to create 20 videos from each original video
totaling 600 videos for training. No more changes are made from trial 1. For
augmentation, 600 random transformations are generated making each video
slightly different from the previous one. One transformation is created from nine
parameters (rotation, displacement x and y, shear, x and y zoom, horizontal
flip, brightness and grayscale) with values randomly selected from a given range.
Once the transformation is instantiated it is applied to each frame of the original
video and saved as a new video. Fig. 2 shows an example of some transformations
applied to a video frame.
Fifteen models are trained by combining a mini-batch size from (2, 4, 8, 16,
32) and sequences size from (6, 12, 24). The model trained with a mini-batch
size of 32 and a sequence size of 12 turns out to be the best model for this trial
as the linear regression slope is 0.0169 for accuracy and it is 0.0056 for loss.
The model converges consistently on the validation accuracy chart achieving
more than 91.73% by the ninth epoch, but the model is over-fitted since loss
starts to increase consistently starting at 0.5 from epoch seven. Anyway, the
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Fig. 2. Example of image transformations applied to a video frame.

Data Augmentation technique shows better results on training as this model
was trained with 12000 sequences and validated with 3000 sequences. Next trial
focuses in making a close-up of the face in each video.
Trial 3: This trial focuses in preprocessing the 30 videos from trial 1 creating
600 videos with a close-up of the face in the video. The same 600 transformations
from trial 2 are applied to videos after the face close-up is preprocessed. No more
changes are made from trial 2. Each video is scanned twice, the first scan gets
the area where the face is located and the second one, cuts the face in all frames
saving a new video. Fig. 3 shows an example resulting of a face frame close-up.

Fig. 3. Frame close-up.

Fifteen models are trained by combining a mini-batch size from (2, 4, 8, 16,
32) and sequences size from (6, 12, 24). The model trained with a mini-batch
size of 32 and a sequence size of 6 turns out as the best model for this trial
as the linear regression slope is 0.0247 for accuracy and it is 0.0391 for loss.
This model failed to converge consistently on the validation accuracy despite it
seems to show an upward trend without exceeding 80%. Anyway, the model is
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highly over-fitted. What these results seems to show is that a high-resolution
picture of face close-up turns out in over-fitting the neural network. In this
regard, Goodfellow et al. [14] have found that a 48x48 resolution is just enough
for facial expression recognition on FER-2013 dataset. Same way, Cunningham
et al. [19] have found that conversational facial expressions from MPI dataset are
recognizable by humans at resolutions as lower as 64x48. Based in these studies
and obtained results, the closed-up face dataset is abandoned in this work as
well as the best model for this trial. As trial 3 is abandoned, the best model
from trial 2 is by far the best model. So, for the following trials, the mini-batch
size will be 32, sequence size will be 12 and the preprocessed augmented video
dataset from trial 2 will be used for training. The MobileNetV2 was used in all
these trials.
Trial 4: This trial focuses on fully training the CNN used in the first three
trials (MobileNetV2). Same neural network architecture from trials 1, 2, and 3
are used. The mini-batch size and sequence size hyper-parameters are 32 and
12 respectively. The same 600 preprocessed videos from trial 2 are used to fully
train the CNN, but they are resized in runtime to 48x48 (see [14] and [19]) since
emotion recognition can be successfully made at this lower resolution. The model
virtually learns nothing since the validation accuracy stays constantly at around
33%. The conclusion is that transfer learning is very useful for this project as
there is not enough data to fully train the CNN portion of the neural network.
Trial 5: This trial focuses in training a neural network with a CNN portion
deeper than MobileNetV2 which is 157 layers deep. The NasNetMobile is selected
as it is the deepest mobile CNN available in Keras. Neural network architecture is
the same from trial 4, but MobileNetV2 was switched for NasNetMobile. Hyperparameters are the same as trial 4. Training dataset is the same from trial 2. It
is observed that the validation accuracy hardly reaches 67% while loss indicates
that the model is very over-tuned as it increases in value rapidly from 1.0 since
epoch 1. The best model from trial 2 seems to be better than this one. So, the
conclusion is that a deeper CNN network does not improve the training results
for the problem at hand.
Trial 6: This trial, focuses on trying a less deep CNN portion. The selected
CNN is MobileNet as this CNN is the less deep mobile network. This trial is
conducted with same hyper-parameters and network architecture from trial 5
but NasNetMobile is switched to MobileNet. By far, the best model is from this
trial as it is the only one with a negative slope for loss at -0.1491, while it has
the highest value for the slope of accuracy 0.0352. The conclusion is that a less
deep CNN is the most appropriate for the problem at hand. So, MobileNet is
selected as the final CNN portion for the neural network.
Trial 7: Now that a CNN portion has been selected, this trial focuses on
the RNN portion. The RNN is made deeper by adding three additional LSTM
layers of 64 units. In order to control the over-fitting of the neural network, each
LSTM layer is added between dropouts at 50%. Remaining architecture is the
same as the trial 6 as well as hyper-parameters and training data. The model of
this trial start to converge to a validation accuracy around 90% while loss shows
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a similar pattern of convergence below 1. The over-fitting of the network has
been controlled and the model looks appropriate to solve the problem at hand.
Trial 8: This trial aims to evaluate if an RNN with more LSTM units outperforms the model from trial 7. The only change from trial 7 is that the four
LSTM layers are expanded to 128 units. Expanding the LSTM layers with more
units makes the neural network to lose its ability to converge and to start overfitting as accuracy varies widely from 37% and 94% over 33 training epochs. The
loss behaves in a similar way varying between 0.2452 and 4.7848.
Trial 9: This trial focuses on training a bidirectional RNN. From trial 7
architecture, each LSTM 64 units layer is embedded into a bidirectional RNN.
No more changes are performed. The neural network loose even more its ability
to converge as accuracy varies widely from 50% and 95% over 43 training epochs
and the loss behaves in a similar way varying between 0.2872 and 3.4150. So,
trials 8 and 9 are abandoned and the architecture from the trial 7 is taken for
the final trial.
Trial 10: In the first three trials it is found that the hyper-parameters of
mini-batch size and sequence with the best results are 32 and 12 respectively, so
is the augmented and preprocessed video dataset from trial two. From trial four,
it is observed that transfer learning is more than appropriate for this project.
From trials five and six, it is concluded that a network with fewer layers may
be more effective, so the MobileNet CNN is selected. From trials seven, eight,
and nine, it is found that the neural network from trial seven presents the best
accuracy and loss curves, compared to experiment eight and nine, so the RNN
portion from trial seven is selected.
This trial is intended to train the final neural network to classify the 51
classes from the MPI dataset. 51 videos (all from one actor) are held apart for
testing. From each video of the remaining 459 videos, 20 videos are generated
using the augmentation procedure from trial 2. Thus, the training dataset for
this trial is composed of 9180 preprocessed and augmented videos. The sliding
window algorithm finally produces 119340 sequences for training. The neural
network architecture trained is the same as for trial 7.

4

Results and Discussion

The final neural network to classify the 51 classes from the MPI dataset obtained
in Trial 10 is validated and tested. The results from training this model are show
in Fig. 4. As seen in the figure, the neural network converges consistently and by
the epoch 33 hits an 88.6% of accuracy with a loss of 0.954. Trained is stopped
by epoch 40 since no improvement is shown for accuracy neither loss. Kaulard et
al. [16], performed a validation of the MPI dataset with three human evaluators
for each facial expression in the dataset. They obtained an accuracy of 60% when
the three evaluators classify a video with same class. The neural network seems
to be as good as humans to classify the MPI facial expressions.
Testing a neural network requires independent data that has not been used to
train the model. The 51 videos held apart are used to perform this test. The
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Fig. 4. Evaluation charts for the generated model (trial 10).

sliding window algorithm is used to generate the required sequences of size 12
frames. Finally, 663 test sequences are generated from the 51 videos. Once the
network is evaluated just an accuracy of 7.97% is achieved with a loss greater
than 10. These results suggest that the neural network is over-fitted despite the
efforts made to avoid such a situation. It seems to be memorizing the faces of
the actors/actresses of the MPI dataset. The results are not entirely unexpected
as MPI dataset provides only 10 different faces and 51 classes. However, it is
important to note that the final neural network achieves an accuracy of 7.97%
which is slightly over four times the accuracy of 1.96% of a given random classifier
for 51 classes.
Either way, the low accuracy achieved may be due, in part, to the inclusion of
the neutral facial expression frames in the videos. In the same way, another issue
may be that the data augmentation preprocessing produced some frames with
the face displaced such that a slightly part of the face is missing. Another set
of trials addressing these issues should be run in a future work to see if greater
accuracy is achieved. Anyway, it seems that the main issue is the MPI dataset
itself as this dataset has a limited number of people posing in videos. There is
not enough data for the models to start generalizing, despite the augmentation
of the videos and the sliding window technique.
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Conclusions

The final CNN-LSTM neural network model developed in this project has the
potential to develop an artificial cognitive system aimed to provide people with
ASD with a tool that can improve their lives. The main issue to achieve such an
artificial cognitive system is found in the lack of enough training data. There is
plenty of room in this area to develop such datasets before to attempt to build
this kind of systems.
Facial expression recognition is a complex cognitive task that even humans
find difficult, and people with ASD may found impossible to perform. AI in general and artificial cognitive deep learning models have the potential to develop
applications that somehow can improve the quality of life for this people. Beyond applications for people with ASD, further research in this field may find
application in areas like human-robot interactions or facial sentiment analysis.
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