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Abstract

Signs of autism spectrum disorder (ASD) emerge in the first year of life in many children, but 

diagnosis is typically made much later, at an average age of 4 years in the United States. Early 

intervention is highly effective for young children with ASD, but is typically reserved for children 

with a formal diagnosis, making accurate identification as early as possible imperative. A 

screening tool that could identify ASD risk during infancy offers the opportunity for intervention 

before the full set of symptoms is present. In this paper, we propose two machine learning 

methods, synthetic saccade approach and image based approach, to automatically classify ASD 

given the scanpath data from children on free viewing of natural images. The first approach uses a 

generative model of synthetic saccade patterns to represent the baseline scan-path from a typical 

non-ASD individual and combines it with the input scanpath as well as other auxiliary data as 

inputs to a deep learning classifier. The second approach adopts a more holistic image based 

approach by feeding the input image and a sequence of fixation maps into a state-of-the-art 

convolutional neural network. Our experiments indicate that we can get 65.41% accuracy on the 

validation dataset.

Index Terms—

Autism Spectrum Disorders; Visual Saliency; Deep Learning

1. INTRODUCTION

Autism spectrum disorder (ASD) is defined by deficits in social and communication 

development and the presence of stereotyped behaviors. The natural course of ASD involves 

symptom onset in the first three years of life. A substantial literature demonstrates that 

differences between children who will later receive an ASD diagnosis and those who 

develop typically often emerge well before the second birthday. These differences, which 

include limited eye contact, response to name, shared affect, and joint attention, have been 

demonstrated using multiple methodologies [1, 2]. Despite this promise for early 

identification, the mean age of ASD diagnoses in the United States is still over age 4 [3], 
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with less than 25% made before age 3 [4], squandering years of potential intervention when 

the brain is most plastic. As such, there is an urgent need in developing robust and easy-to-

use ASD screening tools for infants and toddlers.

ASD has often been associated with atypical visual attention, sometimes emerged even 

before the onset of the disorder [5]. Delayed disengaging attention from a previous attended 

location in infants has been shown to correlate with ASD diagnosis in toddlerhood [6]. Other 

impairments such as the inability to spread attentional resources in visual field [7] and 

directing attention towards less socially salient stimuli [8] have also been observed in gaze-

tracking studies. These studies raise the possibility of using atypical visual attention patterns 

as a screening tool for ASD. While researchers are beginning to understand how these 

different impairments interact [9], a holistic automated diagnosis tool remain elusive.

One promising direction is to consider ASD prediction as a classification problem and use 

machine learning (ML) techniques to differentiate visual gaze patterns between individuals 

with and without ASD. As one of the grand challenges of ICME 2019, the organizers of 

“Saliency4ASD” have provided a dataset of images and the associated ground-truth saliency 

maps and gaze scan-paths of children subjects with and without ASD. A sample image along 

with both types of saliency maps are shown in Figure 1. One of the goals of the challenge is 

to propose ML models to classify ASD and typically developed (TD) viewers using gaze 

data.

Among the myriad of ML techniques, deep learning has emerged as one of the most 

successful technologies in recent history. In [10], the authors studied the use of deep neural 

networks to identify adults with ASD using their eye-tracking data in free image viewing. 

Discriminative image features were learned end-to-end to predict fixation maps from which 

features are extracted to train a SVM for ASD classification. They have reported an 

impressive results of 92% accuracy on 20 high-functioning ASD and 19 typically-developed 

adults, which may not be directly applicable to gaze patterns from children.

In this paper, we propose two types of deep learning techniques to predict ASD diagnosis 

using gaze data. The first one uses a recently proposed generative model of synthetic 

saccade patterns called STAR-FC [11] to represent the baseline TD scanpath of a given 

image and combines it with the input scanpath as well as other auxiliary data as inputs to a 

deep learning classifier. The second approach adopts a more holistic image based approach 

by feeding the input image and a sequence of fixation maps into a state-of-the-art 

convolutional neural network. The rest of the paper is organized as follows: the details of the 

two proposed approaches are provided in Sections 2 and 3. Experimental results are 

presented in Section 4 with discussions.

2. SYNTHETIC SACCADE APPROACH

One of the commonalities reported in literature among people on the autism spectrum is that 

their gaze pattern when looking at different objects differs from that of neurotypical 

individuals. This is the main motivation behind the present approach where a deep neural 

network has been jointly trained on real scan path in conjunction with synthetic scan path 
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generated by STAR-FC. Since STAR-FC is trained on general population, it is assumed that 

it models the scan path of TD subjects.

2.1. STAR-FC

Proposed in [11], STAR-FC is a multi-saccade generator which produces temporally ordered 

human-like sequences of fixation locations for a given image. The input image is first 

centrally fixated, followed by a retinal transform that provides anisotropic blurring centered 

at the current fixation point. A conspicuity map is then calculated by combining a peripheral 

stream dominated by low-level features and a central stream based on high-level features 

identified by deep networks. To identify the next fixation, a priority map is formed by 

combining the conspicuity map and an inhibition of return mechanism based on all previous 

fixations. The next fixation point is finally selected by maximing the priority map and the 

whole process repeats. An example of the synthetic scanpath alongside with scanpaths from 

both ASD and TD subjects are shown in Fig. 2.

2.2. Feature generation

The dataset used in the challenge [12] consists of scan paths based on location coordinates 

of all the fixation points and their duration. These real scan-paths are individually aligned 

with the corresponding synthetic scan points from STAR-FC using dynamic time warping so 

that the overall distance between the two paths is minimized while the order is respected. 

For the present model, ten points from the real as well as synthetic scan-path are used as 

feature. Before the alignment, the first fixation of the synthetic scan is removed as it is 

always at the center of the image. Since the dimensions of the example images are not the 

same, all the features are scaled according to the image dimensions and normalized.

Some other statistics from the real scan-path data were also used as features. These include 

total duration of viewing, the total number of fixation points, the mean and variance of the 

duration of the fixation points. The inclusion of the duration information is to reflect the 

possible delay effect in attention shifting among ASDs. Additionally, three different distance 

measures namely Dynamic Time Warping (DTW), Hausdorff distance and Frechett distance 

are computed between the normalized real and synthetic scan-path pair. These are common 

trajectory based distance measurements used in comparing scanpaths [11].

2.3. Architecture and Implementation Details

Two independent, fully connected dense networks (FCN) have been trained as separate 

models.

The first model has a reduced set of high level features as input namely the duration and the 

total number of fixation points by a single user, the mean and variance of fixation points and 

the three distance measures (DTW, Hausdorff and Frechett). The dimension of the input 

feature vector is 7. There are eight fully connected layers with seven neurons in each layer. 

The output layer is one-hot encoded. Batch normalization has been applied at the input layer. 

Selu activation has been applied on all intermediate layers. The model is trained for 200 

epochs using binary cross-entropy loss with L2 regularization and Adam optimizer for with 

a batch size of 128. The resulting model has 492 trainable parameters.
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The second model is a deeper network with 10 layers that takes as input all available 

information. The length of the 1D feature vector is 47 with 20 points from a real scan-path 

and 20 points from synthetic scan path consisting of x- and y-coordinates of fixations, in 

addition to the 7 high level features that are used by the previously described model. This 

feature vector is passed to a dense fully-connected networks having dimensions of the 

subsequent layers increasing to 128, 256, 512, 1024 neurons and then decreasing to 512, 

256, 128, 64, 16. The output is one-hot encoded. Batch normalization and dropout of 0.3 has 

been applied at all the hidden layers which are activated with selu activation. The model is 

trained for 300 epochs on binary cross-entropy loss with Adam optimizer having learning 

rate of 0.001 with a batch size of 32. The resulting model has 1,402,560 trainable 

parameters.

3. IMAGE BASED APPROACH

ASD and TD subjects may have different behaviors when looking at the same image. In the 

second approach, our ASD prediction is based on the image they look at and the gaze data D 
= {(x, y, d)} where (x, y) denotes the location of each data point and d denotes the time 

duration that the subject looks at that point.

In order to take these two sources into account, we use a network with two branches to 

perform this task. One branch is used to extract features of image, and the other one is to 

process the data points. We then fuse these two features and do prediction. Fig. 3 illustrates 

our model architecture. Details will be explained in the following subsections.

3.1. Data Format

Each data point consists of information on location and duration. To improve the 

exploitation of data points by the neural network, we convert data points to image format 

which is similar as the format in the human keypoint prediction task.

Each data point p = (x, y, d) is represented as one image channel. The size is the same as the 

size of input image in the first branch. All values in this channel are zero but the value at 

location (x, y) is d. Instead of directly reading the coordinates of the location, our neural 

network could easily recognize the location. Since the max number of data points for each 

subject in the data set is 33, we set the number of channels of input as 33. The channel 

number corresponds to the order of data points. If number of data is smaller than 33, all 

values in the rest channel would be zeros by default.

After converting, each channel only contains one nonzero value, which is very sparse. To 

avoid this problem, we apply Gaussian Filter to each channel, or replicate the duration value 

to a radius of 5 pixles around its original location.

3.2. Architecture

In both branches, Resnet[13] is used as our backbone. For the first branch, we use a 

pretrained resnet18 and fix its parameters since it was already able to extract good features 

for natural images. Each image will be mapped to a 512-dimension vector. For the second 

branch, another pretrained resnet18 is used but the first convolution layer is replaced with a 
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new one with 33 input channels. Each series of data points are also transformed to a 512-

dimension vector. The concatenated 1024-dimension vector, is fed into a classifier to 

identify whether a subject has ASD. The total number of trainable parameters is around 11.3 

million.

3.3. Implementation Details

The data provided contains 300 images. There are 6050 samples from TD and ASD subjects. 

We split them into training and validation dataset (80% vs 20%). Due to the limited GPU 

memory, input for both branches are resized to 224 × 224.

Since dataset is small, we apply some data argumentation methods to alleviate the overfitting 

problem. We jitter the color for the input image. We also add random noise to the location of 

data points, shifting them by 20 pixels at most, and onto the duration values by multiplying 

them with a random coefficient from the range [0.75, 1.25]. When applying the Gaussian 

filter, we also use different sigma values. In each iteration, the sigma value is randomly 

selected from range [0.1, 2]. We also horizontally flip the images. However, we do not 

include any affine transformations as they may cause some data points to be out of the image 

range. Binary cross entropy is used as the loss function.

The model is trained by using Adam optimizer with β1 = 0.9 and β2 = 0.999. The initial 

learning rate is 2e-4. Batch size is set to 128. We train the whole network for 30 epochs. Our 

model is implemented by Pytorch and ran on Titan XP GPU.

4. EXPERIMENTS

The dataset[12] consists of scanpath data, including location and duration, from children 

with both ASD and TD when they look at images. 300 different images are used in the 

experiment. Each image is viewed by 14 ASD children and 14 TD children. Each children 

view one image with original full resolution for 3 seconds. The age of children with ASD 

lies in the range from 5 to 12 years old (8 years old on average). The scanpath data is 

collected by Tobii T120 eye tracker with 17-inch monitor. In order to compare the 

performances of the three models, we have separated all the images and the associated 

scanpaths into two groups: the training group has 240 images and the associated 5542 

scanpaths while the testing group has 60 images with 1411 scanpaths. The models are 

trained on the samples from the training group and the results in Table 1 are based on testing 

these models on the testing samples.

During the inference, 100 images and their scanpath data are provided by the organizer, but 

without groundtruth label. Table. 2 shows our performance on this test dataset. The 

performance gap may be caused by the imbalanced distribution of training and test dataset 

and lacking of training images.
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Fig. 1: 
Sample image and corresponding saliency maps
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Fig. 2: 
TD (red), ASD (yellow) and synthetic (cyan) fixation plot on an image
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Fig. 3: 
An overview of our model architecture. It consists of two branches. One of them is using 

Resnet to extract features of images. The second one is for data point. These two features are 

concatenated and then fed into classifier.
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Table 1:

Results of our methods on validation dataset

Method Accuracy Sensitivity Specificity AUC

Synthetic Saccade (small) 65.41% 0.66 0.65 0.69

Synthetic Saccade (full) 63% 0.69 0.66 0.66

Image-based 61.62% 0.60 0.64 0.63
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Table 2:

Results of our methods on the test dataset

Method Accuracy Sensitivity Specificity AUC

Synthetic Saccade (small) 54.15% 0.741 0.351 0.546

Synthetic Saccade (full) 53.88% 0.807 0.282 0.545

Image-based 55.13% 0.635 0.471 0.553
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