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ABSTRACT

Autism Spectrum Disorder (ASD) is a developmental disorder that persistently impairs communication and social interaction,

with a high degree of clinical heterogeneity. The fact that the diagnosis is based on clinical observation which requires therapy

expertise, interviews with parents and application of questionnaires, it contributes to delaying the diagnosis until school age.

The study of anthropometric measures in individuals with ASD and individuals in typical development (TD) showed there are

some differences between the two groups. However, there is a lack of computational tools to assist in the acquisition and

analysis process of these measures. This paper proposes a computer-aided medical decision support system that, given a

child’s facial image captured by a digital camera, can discriminate between the two groups, ASD and TD, thus helping in the

diagnosis. We defined a protocol for image acquisition and preprocessing, tested and compared methods for dataset balancing,

dimension reduction and classification. The best results were obtained by a SVM classifier with 86.2% accuracy. Once the

proposed model is based on facial images, it has the potential to facilitate early diagnosis of ASD.

Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental, polygenic and multifactorial disorder with evidence of genetic and

environmental factors contributing to its etiology1–4.

Individuals with ASD exhibit persistent impairments on the social communication and on the ability to develop, maintain

and understand relationships, as well as restricted and repetitive patterns of behavior, interests, and activities. These symptoms

are present from early childhood and can impair the person’s daily life5, 6. The diagnosis is clinical. The instruments currently

available for this diagnosis are mostly questionnaires and observation routines of the child’s behavior, thus the diagnosis is

often delayed until school age7.

The high degree of clinical heterogeneity in ASD further complicates the diagnosis. The clinical presentation can range

from individuals with many stereotypes and nonverbal fluency to individuals with excellent fluency and difficulty to deal with

everyday social situations and rigid behaviors. The presence of comorbidities contributes to this heterogeneity. About 70%

of individuals with ASD have at least one comorbidity, while 48% have two or more. The most frequent comorbidities are

Intellectual Disability, Attention Deficit Hyperactivity Disorder, epilepsy and sleep disorders89.

In addition to clinical heterogeneity there is great genetic heterogeneity. About 10% of ASD patients are diagnosed with a

genetic syndrome, in which the most common are fragile X syndrome (≈ 1-2% of ASD cases), tuberous sclerosis (≈ 1%), Rett

syndrome (≈ 0.5%) and neurofibromatosis (type 1, 1%)8910.

Early diagnosis, followed by appropriate intervention, could enable the advantage of brain plasticity, with a higher

probability of modifying ASD symptom trajectories. Appropriate prevention treatments for children in the risk group can be

carried out before the manifestation of all disorder symptoms11–13. Therefore, advances in the strategies for ASD diagnosis that

could be applied in very young children represent enhanced treatment success possibilities, which is an important research

topic.

Several studies have suggested that brain developmental problems can be reflected in the facial morphology14–18. Studies



of facial anthropometric features in individuals with ASD and individuals with typical development (TD) have shown there

are significant differences between these two groups, such as the distance between the pupils, ear format, strabismus, head

circumference15, 19–21. These results motivate the use of machine learning approaches to classify ASD versus TD individuals,

based on anthropometric facial features, to facilitate diagnosing ASD.

An ASD computer-aided diagnosis system based on facial anthropometry should receive as input a facial image, extract

the anthropometric features and perform the classification. The anthropometric features considered in this work are distances

between pairs of points located on the face, known as landmarks. One example is the distance between the left and right corners

of the mouth.

Studies using facial anthropometric pattern recognition to distinguish some syndromes indicate that the approach is both

promising and amenable to improvement. For syndromes characterized by facial morphology clearly distinguishable from TD

individuals, such as Down syndrome, accurate classifiers have been proposed22, 23. In22, the authors used geometric features

based on facial anatomical landmarks, local texture features based on the Contourlet transform and local binary pattern to train

a support vector machine (SVM) classifier, achieving 97.92% accuracy. In23 the authors obtained 98.39% accuracy using facial

fiducial point detection. A geometric descriptor was used to extract and represent a set of facial features and different classifiers

were employed to generate the final results. For syndromes where the facial dismorphism pattern is less evident, however, the

accuracy may be lower. For example, in Cushing’s syndrome, the achieved accuracy was of 62.8%24.

A multiclass approach was applied to classify input images obtained using common digital cameras, among ten different

syndromes: DiGeorge’s Syndrome, Cri-du-chat, Cornelia de Lange, Fragile X, Mucopolysaccharidosis type 3, Noonan,

Prader-Willi, Smith-Lemli-Opitz, Sotos and Williams-Beuren16. Two techniques were used to extract the landmarks from the

images: by automatic and manual positioning of the points. Several classifiers were tested, the best result was 75.7% accuracy,

achieved by Linear Discriminant Analysis (LDA) and manual positioning.

Most of the studies that have analyzed the anthropometric measurements of ASD patients used an electronic imaging

device of stereophotogrammetry, which reconstructs a three-dimensional image from estimated coordinates using several

two-dimensional (2D) images taken from different angles15, 25, 26, without proposing or testing a classifier. The results presented

in15 indicated 39 facial distances significantly different between ASD and TD boys. In27, the authors performed cluster analysis

to study ASD subgroups with similar morphological features and correlated behavioral and clinical traits. In28 the authors

performed an analysis regarding sexually dysmorphic features in adults with ASD. They showed that individuals with a more

severe level of ASD have fewer discriminant features between the sexes. However, in order to disseminate the use of this

system for ASD diagnosis, the cost of the entire system should be as low as possible.

Considering the perspectives and gaps in the literature, the objective of this paper is to propose and validate a low-cost

computational method to classify individuals as ASD or TD, by processing 2D facial images. In addition to the proposed

method, this paper offers three additional contributions: (1) a protocol defined to acquire and process the facial images; (2) a

pipeline of image processing techniques to extract landmarks and compute distances between them and (3) the proposed ASD x

TD classifier resulting from the evaluation of different machine learning algorithms.

Results

We created and tested several ASD versus TD classifiers varying the algorithm used for landmark detection, dataset preprocess-

ing, dimension reduction and classifier induction. For this study we collected photographs from 41 ASD and 69 TD children

and adolescents ranging from 5 to 18 years of age.

Table 1 shows, for each classifier induction algorithm, the estimated performance of the most accurate classifier from those

obtained using that specific classifier induction algorithm and varying the algorithm for the other phases (landmark detection

algorithm, dataset preprocessing strategies and dimension reduction algorithm). The performance values correspond to the

average values of the 10-fold cross-validation. Figure 1 shows these classifiers’ accuracies with the respective confidence

interval.

The highest accuracy (86.2%) and highest precision (90.8%) were achieved by a SVM classifier using PCA for dimension

reduction, Pearson’s correlation filter with a 0.98 threshold applied in non-normalized features, SMOTE Tomek algorithm for

class balancing and HOG algorithm for landmark detection.

The highest recall (81.2%) and highest f1-score (79.9.3%) were achieved by a Neural Network (NN) classifier, which also

achieved the third best accuracy (80.9%). This classifier was trained using features selected by the PCA algorithm previously

applying the Pearson’s correlation filter with a 0.98, SMOTE SVM algorithm for class balance and CNN algorithm for landmark

detection.
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Table 1. Performance of the most accurate classifier for each classifier induction algorithm. The highest value for each

performance metric is in bold. Cells with “-” value are for “not applied”.

Test Settings

Classifier RF SVM NN KNN NB

Dimension

Reduction
- PCA PCA PCA ReliefF

Correlation

Filter
0.98 0.98 0.98 0.99 -

min_max

Normalization
False False False False False

Class balance SVM Tomek SVM Borderline KMeans

Landmark

Detection
CNN HOG CNN CLNF HOG

Estimated Performance

Accuracy 78.9% 86.2% 80.9% 83.1% 80.8%

Precision 73.1% 90.8% 81.0% 80.3% 81.3%

Recall 81.0% 73.5% 81.2% 75.5% 66.5%

F1-Score 75.2% 79.2% 79.9% 76.4% 72.0%

Figure 1. Classifier accuracies with the respective 95% confidence intervals

Discussion

This paper presented a low-cost method to assist in the diagnosis of ASD based on anthropometric facial features. Here, we

propose the use of machine learning to train an ASD versus TD classifier based on 2D facial images captured by a digital

photographic camera. Although we intend to validate the method with a greater number of individuals, the accuracy obtained

indicates that the method has the potential to be applied in daily medical routines in the future.

In addition to the results exhibited, we presented three relevant contributions to improve research related to the ASD

diagnosis, described in the Methods section. Firstly, we defined an image acquisition protocol that can be reused in future

3/9



studies. Secondly, we developed a pipeline of image processing to align, locate landmark, and extract features based on the

distance of these points. Lastly, we composed a database of facial images from individuals with ASD and TD. The image

collection was conducted during a period of six months, totalizing 41 ASD and 69 TD cases. This step was critical as we did

not find public image databases with facial images related to this disorder.

Several classifiers were trained and tested varying the dataset preprocessing strategies, the dimension reduction and the

classifier learning algorithms. The best result was achieved by the SVM classifier with 86.2% accuracy. Considering that the

facial differences from individuals with ASD and TD appear to be subtle, this is a promising result compared to the 62.8%

achieved in24 for Cushing’s syndrome. It indicates that it is possible to use anthropometric measures to assist in ASD diagnosis,

even when a small sample size is available (41 ASD and 69 TD instances in this study) using traditional machine learning

algorithms.

We intend, in the near future, to use this classifier in combination with other classifiers to analyze other aspects of the

disorder, in order to create a multimodal classifier to achieve higher accuracy. We also intend to continue collecting images of

cases and controls, especially from very young children. Our plan is to repeat the experiments with those images to verify if

similar results could be obtained for young children. The intended goal is to assist in the advance of early ASD diagnosis, given

that the earlier the treatment starts, the greater the success rate in diagnosing ASD.

Methods

Figure 2 shows the pipeline steps proposed in this work, which was entirely implemented in Python 3. The images were

acquired following the protocol described in Section “Image acquisition protocol”. The image processing and feature extraction

are described in Sections “Image preprocessing and band detection” and “Feature extraction”, respectively. Several classifiers

were trained and tested using different strategies for dataset preprocessing, dimension reduction and induction algorithms, as

described in Section “Classifier development”.

This project was approved by the Ethics Board of the School of Arts, Sciences and Humanities of University of Sao

Paulo, protocol number 1.669.832 at August 8th, 2016. All experiments were performed in accordance with the Ethics Board

requirements. The informed consent was obtained from all participants and/or their legal guardians.

Figure 2. Pipeline of the proposed method.

Image acquisition protocol
All images were captured with a Nikon Coolpix L120 compact camera using the protocol shown in Figure 3. In each acquisition,

the camera was attached to a tripod fixed at a distance of 50 centimeters from the chair where the volunteer was accommodated.

The chair was placed against the wall, and the volunteer was instructed to remain with his back fully resting on the chair. A

white wall was chosen as the photo background, where a red band 50 centimeters by 5 centimeters was placed in order to be

posteriorly used as a reference for normalizing the images and estimating distortion.

The volunteers were instructed to remain with a facial expression as neutral as possible and five front facial photographs

were taken. A video was recorded when neutral expression facial image was not possible or if the face was inclined. Thus, a

subsequent video analysis allowed selecting the best frame.

Images were captured from 41 ASD and 69 TD children and adolescents ranging from 5 to 18 years of age. The diagnosis

of the ASD participants was confirmed by the Clinics Hospital of the University of São Paulo and the photographs were taken

after the patient’s follow-up visit. The TD group consisted of volunteers invited by email. All underwent screening by an infant
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Figure 3. Image acquisition protocol. The images used are from29 and30 under free license.

psychiatrist specialized in ASD to confirm the absence of ASD and/or clinical evidence of genetic syndromes. All participants

were authorized by the parents or legal guardians through an informed consent signed at the beginning of each data collection

session.

Image preprocessing and band detection
The three first modules of the proposed pipeline (Figure 1), image preprocessing, band detection and feature extraction, were

used to process the facial images in order to extract the features to be used in the classification module.

We acquired more than one frontal image from each volunteer. The best image was selected based on two criteria: facial

neutrality and proportion of width and height of the reference band in order to avoid image distortion.

The image preprocessing was performed to rotate and crop all the images. The rotation intends to correct the lateral face

inclination and was performed according to the following steps: eye region detection using Haar cascades; pupil localization;

tracing a line passing over the pupil points; calculation of the angle θ formed by this line and the horizontal axis; image rotation

according to θ . Finally, the images were cropped in order to remove the black background resulting from the rotation operation.

The steps for reference band detection were: (i) application of a bilateral filter for image smoothing, (ii) edge detection using

the Canny method31, (iii) application of dilation and erosion operations to correct discontinuities on the edges, (iv) detection of

the band contour using the method findContours from OpenCV library32 and (v) calculation of the width and height band.

Feature extraction
The next module is responsible to extract features from these images. These features are normalized distances between each

pair of facial landmarks.

The first step consists in detecting facial points known as landmarks. The landmark detection was performed using the

following algorithms: Convolutional Neural Network (CNN) and Histogram of Oriented Gradients (HOG) implemented by

Dlib33, Deep Neural Network (DNN) and Haar cascades implemented by OpenCv34, and Constrained Local Neural Fields

(CLNF) implemented by OpenFace35. All these algorithms provide good precision to detect 68 points in the facial region

(Figure 4) and all were tested to evaluate their impact on the final classification performance metrics.

The Euclidean distance between each pair of the detected landmarks will correspond to a feature. However, in order to

deal with variations in the different images, the landmark distances are normalized by the reference band width w and height h.

More specifically, for each pair of landmarks p(x1,y1) and q(x2,y2), each one represented by a coordinate (x,y), the normalized

Euclidean distance is calculated according to Equation 1:

dn(p,q) =
√

[(x1 − x2)/w]2 +[(y1 − y2)/h]2 (1)

The set of all normalized distances forms the feature vector of an image, which was later used in the classification process.
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Figure 4. All 68 detected points in the facial region. The image used is from CBCL Face database36.

Classifier development
The last module of the proposed pipeline (Figure 1) consists in training and evaluating several classifiers varying the procedures

for dataset preprocessing, dimension reduction and classifier induction. Here we describe these procedures and how the

parameter tuning and performance evaluation were performed.

Dataset preprocessing

Three preprocessing tasks were applied on the dataset: initial feature filtering, Min-Max normalization and class balancing.

In the initial feature filtering, when two or more features presented Pearson correlation greater than a threshold value only

one was kept. We tested threshold values of 0.99 and 0.98.

We also tested using the original or the normalized values of the features. To calculate the normalized values we applied the

min-max normalization, which identifies the maximum and minimum values of each feature X in the dataset and transforms

every feature value Xi into X ′

i = (Xi −Xmin)/(Xmax −Xmin).
For class balancing, four approaches were tested: i) undersampling, ii) oversampling with four variants of SMOTE

algorithm37 (Default, SVM, Borderline and KMeans Smote38), iii) combination of under and over sampling with SMOTE

Tomek, and iv) no balancing.

Dimension reduction

Dimension reduction methods are extremely important for classification tasks because they eliminate redundant features and

can increase classifier performance.

Filter-type feature selection methods tend to have a lower computational cost than wrapper-type methods. In this paper, the

implementation of the scikit-learn libraries39 and skfeature40 libraries were used and six different methods were applied:

• Principal Component Analysis (PCA), which performs feature extraction by transforming the initial set into a new set

containing only the major components;

• Minimum Redundancy Maximum Relevance (mRMR), which performs the selection of features based on two criteria:

one is the minimum criterion of redundancy between pairs of features and the other is the maximum relevance through

the measurement of information;

• Correlation-based Feature Selection (CFS), which performs the selection of features considering that a suitable subset

contains features highly correlated with the target class, but little correlated with each other;

• Fast Correlation-based Filter (FCBF), which performs the selection of features considering the main idea of the CFS

method, but calculating the correlation measure based on the entropy concept of information theory;

• ReliefF, which performs the selection of features by means of a relevance ranking of each feature;

• Robust Feature Selection (RFS), which performs the feature selection through sparse dictionary learning.
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Classifier induction

Six classification algorithms were evaluated in this study: K-Nearest Neighbors (KNN), Support Vector Machines (SVM),

Gaussian Naïve Bayes (NB), Neural Networks (NN) and Random Forests (RF).

RF was applied throughout the entire set of features because the feature selection process is embedded in the training

algorithm. KNN, SVM, NB and NN were applied in several of the subset of features selected by the algorithms described in the

previous section.

Parameter tuning and performance estimation

Parameter tuning of the classifier induction algorithms was performed using a grid search approach to select the set of parameters

that gives the highest accuracy value, estimated by 10-fold cross-validation. In each fold of the cross-validation, the synthetic

instances produced by the class balancing algorithm were excluded from the test sample.

Table 2 shows the parameters and their values that were tuned for each classifier. In the column “Tested values”, “Nr.

features” means the number of features after dimension reduction. Default parameters were used for Gaussian Naive Bayes

classifier. The parameter hidden_layer_sizes is specified as an ordered pair (x, y) where x is the number of hidden layers and y

is the number of neurons per layer.

Table 2. Parameters and values tested for each classifier.

Classifier Parameters Tested values

RF n_estimators 500, 1000, 1500, 2000

min_samples_leaf 1, 2, 5, 10, 15, 20

max_features [0.1 * Nr. features, 6 * Nr. features]

SVM kernel linear, poly, rbf, sigmoid

C 0.01, 0.1, 1, 5, 10, 50, 100

gamma
’scale’, ’auto’, 0.00001, 0.0001,

0.001, 0.01, 0.1, 0.5, 1, 5, 10

degree 2, 3, 5

NN hidden_layer_sizes
(1, 100), (1, Nr. features),

(3, Nr. features), (1, 50), (3, 50)

alpha 0.0001, 0.001, 0.01

activation ’identity’, ’logistic’, ’tanh’, ’relu’

solver ’lbfgs’, ’sgd’

KNN n_neighbors 1, 2, 5, 10, 15, 20, 25, 30, 35, 40

weights uniform, distance

algorithm ball_tree, kd_tree, brute

For each option of the dataset preprocessing tasks (threshold of initial feature filtering, use of original or normalized

feature values, class balancing strategy), dimension reduction and classifier induction algorithms, the parameter values found

in the parameter tuning were used to estimate the performance of the resulting classifier via 10-fold cross-validation. This

performance estimation was executed to ensure that no synthetic data produced in the class balancing step is used in the test

folds. The calculated measures were accuracy, precision, recall and f1-score. In addition, confidence intervals were calculated

with 95% confidence.
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Figures

Figure 1

Classi�er accuracies with the respective 95% con�dence intervals

Figure 2



Pipeline of the proposed method

Figure 3

Image acquisition protocol. The images used are from29 and30 under free license.



Figure 4

All 68 detected points in the facial region. The image used is from CBCL Face database36.
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