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Abstract

Age-related changes in visual perception alter attentional deployment, yet computational
models of visual attention have been validated almost exclusively on younger populations.
This limits both the theoretical investigation of age-specific mechanisms and practical
applications in age-inclusive design, where researchers depend on specialised eye-tracking
equipment to observe such differences. Therefore, we present the Elderly Visual Atten-
tion Estimation (EVAE) model, a computational framework that predicts early visual
attentional orienting in older adults by combining stimulus-driven image features with age-
specific top-down priors. The framework models six dimensions of elderly visual attention
from cross-age eye-tracking data: colour brightness sensitivity, centre bias, foreground–
background differentiation, depth detection, early attentional prior, and sustained-attention
spatial prior. On public datasets, EVAE achieves an AUC-Judd of 0.92, which outperforms
existing saliency models and deep learning approaches such as DeepGaze II. The frame-
work is optimised for an input resolution of 128 × 96 pixels, producing fixation probability
maps that are upsampled to match the original stimulus resolution for practical interface
evaluation. Cross-age validation confirms the model’s specificity, as EVAE predicts atten-
tional behaviour in older adults but does not generalise to younger adults. An ablation
study shows that image features and top-down spatial priors each contribute independently
to prediction accuracy, and that bottom-up saliency alone cannot account for age-related
attentional patterns. Centre bias and early attentional prior are the strongest predictors, in-
dicating that visual ageing involves greater reliance on spatial strategies and compensatory
processing. As an alternative to hardware-based eye-tracking, EVAE widens the scope of
empirical research into older adults’ visual attention and informs the design of accessible
digital interfaces.

Keywords: visual attention; older adults; visual attention prediction; visual attention
model; eye tracking

1. Introduction
Age-related changes in visual perception alter attention deployment patterns, as older

adults experience declines in visual acuity and processing speed (Figure 1) [1], alongside
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behavioural shifts including increased reliance on background information and altered
scanning strategies [2]. These perceptual changes pose challenges for human–computer
interaction, as understanding how older adults process visual information is critical for
designing accessible systems. Yet, computational methods for visual attention, for example,
tools widely used in interface evaluation, visualisation design, and graphics applications,
remain calibrated predominantly to younger populations [3], which largely limit both
theoretical understanding of age-related perceptual mechanisms and practical capacity for
age-inclusive design.

 

Figure 1. Example of visual attention distributions across younger and older adults.

Previous studies have identified age-related features affecting visual attention, e.g.,
reduced colour sensitivity [4], increased centre bias [5], and altered foreground–background
differentiation [2]; these features have been examined in isolation rather than as integrated
components of attentional behaviour. How these features collectively influence visual
attention in older adults remains poorly characterised. Existing visual attention models
rely on bottom-up and top-down processing frameworks that are optimised for younger
populations [6], which fail to account for the compensatory shift towards schema-driven
processing that characterises cognitive ageing [7]. The lack of age-specific datasets [3,8]
limits model development. Although eye-tracking provides ground truth data, it cannot
provide a scalable solution for large-scale evaluation of age-inclusive interfaces or for
integration into design workflows.

To fill the gap, we developed the Elderly Visual Attention Estimation (EVAE) model.
EVAE is a computational method for predicting visual attention patterns in older adults
from image features alone, without requiring eye-tracking equipment. The method inte-
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grates six empirically validated features of age-related visual attention: colour brightness,
centre bias, foreground–background differentiation, depth detection, early attentional prior,
and sustained-attention spatial prior. These features are integrated within a unified predic-
tive framework based on Probabilistic Gradient Boosting Machines (PGBM) combined with
SHapley Additive exPlanations (SHAP) [9], together to enable accurate attention prediction
and quantitative assessment of feature importance.

This work makes two contributions. (1) It identifies and validates the key determi-
nants of visual attention in older adults. Feature analysis reveals that centre bias and early
attentional prior exhibit the strongest influence on attention prediction. This advances
theoretical understanding of attentional priorities in ageing and challenges assumptions
embedded in models calibrated to younger adults. (2) We present a novel computational
method that is specifically designed for older adults’ visual attention. Evaluated against
public datasets, EVAE achieves an AUC-Judd score of 0.92 in predicting the spatial distri-
bution of initial fixations (see examples of predicted results in Figure 1), which consistently
surpasses state-of-the-art models across multiple performance metrics. This provides re-
searchers and designers with an efficient, scalable method for predicting visual attention in
older adults, and establishes a foundation for evidence-based development of age-inclusive
digital interfaces, visualisation systems, and interactive applications. The proposed method
is optimised for downsampled inputs (128 × 96) while remaining scalable across spatial
resolutions, with attention maps subsequently upsampled for integration into standard
design workflows.

The paper is organised as follows. Section 2 reviews literature on visual attention
mechanisms, age-related perceptual features, and computational models. Section 3 de-
scribes experimental datasets and methodology. Section 4 presents the EVAE framework,
architectural design, and evaluation procedures. Section 5 analyses estimation results and
feature importance findings. Section 6 discusses theoretical and practical implications, and
Section 7 concludes with directions for future research.

2. Related Work
Understanding how older adults allocate visual attention requires knowledge from

three domains, including the cognitive and neural mechanisms underlying age-related at-
tentional changes, the specific perceptual features that distinguish elderly visual behaviour,
and the computational approaches used to model these patterns. This section reviews each
domain, then identifies gaps that motivate our work.

2.1. Visual Attention Mechanisms and Ageing

Visual attention operates through two complementary pathways [10], namely bottom-
up processing, which is driven by stimulus salience such as colour contrast or motion, and
top-down processing, which is guided by task goals and prior knowledge. In younger
adults, these pathways interact dynamically to enable efficient visual search and scene
comprehension. In contrast, ageing disrupts this balance.

Physiological changes in the visual system reduce contrast sensitivity, narrow useful
visual fields, and slow neural transmission [1]. These sensory declines weaken bottom-up
saliency signals that guide younger adults’ attention. Concurrently, structural brain changes
compromise top-down control, as reduced connectivity between prefrontal control regions
and sensory cortices disrupts voluntary attention shifting and distractor suppression [11].
Although older adults have some capacity for stimulus-driven attention, their goal-directed
attentional control declines [12], which reduces flexibility in dynamic visual environments.

Behavioural studies using eye-tracking reveal functional consequences. Older adults
require longer viewing times to extract information from complex scenes [13,14], exhibit
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altered fixation distributions compared to younger adults [15], and show different atten-
tional responses to emotional content [14]. Cognitive training can partially slow these
declines [16], which suggests that age-related attentional changes reflect reorganisation
rather than simple deterioration.

Classical theories of visual attention [17,18] were developed using younger popula-
tions and emphasise bottom-up saliency and feature integration. These frameworks remain
foundational, but they inadequately account for compensatory strategies observed in older
adults, such as increased reliance on spatial priors and conservative exploration patterns.
Understanding elderly attention therefore requires identifying which specific features drive
these age-related behavioural shifts.

2.2. Perceptual Features Distinguishing Elderly Visual Attention

Visual attention models typically rely on hierarchical feature representations spanning
low-level image properties (e.g., colour, brightness, edges), mid-level spatial organisation
(e.g., segmentation, depth, object boundaries), and high-level semantic content (e.g., objects,
context, meaning). Age-related changes alter both the processing efficiency and relative
influence of features at each level.

At the low-level processing stage, reduced retinal sensitivity and neural efficiency
eliminate older adults’ responsiveness to colour brightness [4] and luminance contrast [19].
Texture and edge detection, which contribute to saliency computation in younger adults,
exert weaker influence on elderly attention [20]. These declines suggest that models relying
heavily on low-level saliency may poorly predict where older adults look.

At the mid-level of spatial organisation, older adults parse visual scenes differently
than younger adults. They allocate more attention to background regions relative to fore-
ground objects [2], struggle with depth perception tasks [21], and show reduced efficiency
in segmenting overlapping objects [22,23]. These findings indicate that spatial organisation
features, which structure scene representation, function differently in ageing vision.

At the semantic level, compensatory strategies emerge at higher processing levels.
Older adults exhibit pronounced centre bias, which is characterised by a preference for fixat-
ing central screen regions regardless of peripheral saliency [5], and adopt conservative view-
ing patterns with longer fixation durations and fewer exploratory saccades [24,25]. These
strategic adaptations likely compensate for reduced processing speed and attentional con-
trol, prioritising reliable central information over potentially distracting peripheral stimuli.

Individual studies have documented these features in isolation, yet how they collec-
tively shape attention allocation remains unclear. Existing models weight features based
on younger adults’ behaviour, where low-level saliency strongly predicts fixations. For
older adults, compensatory high-level strategies (centre bias, conservative exploration)
may dominate, which change optimal feature weightings. Quantifying the relative impor-
tance of age-specific features represents a critical gap bridging perceptual research and
computational modelling.

2.3. Computational Method for Visual Attention

Computational attention models predict spatial and temporal distributions of visual
fixations from image or video input. Early models used manually selected features to com-
pute saliency maps [26], combining colour, intensity, and orientation channels. Subsequent
graph-based and probabilistic approaches improved prediction accuracy but retained focus
on bottom-up saliency [27].

Deep learning architectures have advanced saliency prediction. Models such as
DeepGaze II [28] leverage convolutional neural networks pre-trained on object recogni-
tion to extract rich feature representations, achieving high accuracy on standard bench-
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marks. Transformer-based architectures [29] capture long-range dependencies through
self-attention mechanisms, enabling more sophisticated scene understanding. TranSal-
Net [30] and hierarchical vision transformers [31] demonstrate that integrating low-level
saliency with high-level semantic features improves prediction performance. These models
find applications in interface design, content optimisation, and multimedia systems [32,33].

However, standard benchmarks such as MIT1003 and SALICON contain predomi-
nantly younger participants. Models trained on these datasets learn feature weightings and
attentional biases specific to younger adults’ viewing behaviour [34]. When applied to older
adults, such models often fail because they cannot account for age-specific compensatory
strategies. Additionally, state-of-the-art deep learning models impose substantial computa-
tional costs, limiting deployment in assistive technologies where real-time performance
is necessary.

Researchers have recognised that older adults require specialised models other than
saliency prediction approaches. Models for elderly users with mobility impairments incor-
porate cognitive capacity constraints [35,36] and altered gaze dynamics [37]. Recent work
explores how cognitive load [38] and sensory impairments [39] modulate attention, em-
phasising accessibility and usability considerations [40]. Technical approaches include self-
attention frameworks for elderly saliency prediction [41], hybrid convolutional-transformer
architectures for pixel-level estimation [42,43], and gaze-tracking methods [44,45].

Furthermore, previous standard saliency models have demonstrated that integrating
dataset-derived statistical priors, such as centre bias or temporal viewing tendencies,
significantly improves prediction accuracy on novel images [46,47]. For older adults, who
exhibit distinct compensatory strategies, relying on generic image features is insufficient.
Therefore, extracting age-specific cognitive behavioural priors from a training corpus and
formulating them as spatial templates is necessary to bridge the gap between bottom-up
visual saliency and top-down cognitive ageing.

Despite these advances, elderly-specific models face two limitations. First, they ad-
dress isolated aspects of age-related attention (e.g., contrast sensitivity in specific tasks)
rather than systematically integrating the comprehensive set of perceptual and cognitive
features that distinguish elderly behaviour. Second, they do not quantify which features
most strongly influence attention in older adults. Without understanding feature im-
portance, models remain black boxes, limiting both theoretical insight into age-related
attentional mechanisms and practical guidance for interface design.

2.4. Research Gaps and Study Objectives

This preceding review highlights several research gaps. Firstly, mechanistic under-
standing remains incomplete. Although individual studies document features distinguish-
ing elderly attention, e.g., reduced colour sensitivity, increased centre bias, altered depth
processing, and conservative fixation patterns, these features have been examined in isola-
tion. How they interact to produce observed attentional behaviour, and which features exert
the strongest influence, remains implicit. Existing theories were developed for younger
populations and inadequately explain compensatory strategies that characterise elderly
visual behaviour.

Secondly, computational models lack age-specificity. Standard attention models are
trained on younger adults and embed assumptions about feature processing that do not
generalise to older populations. Elderly-specific models address narrow use cases without
systematically incorporating the full range of age-related perceptual and cognitive features.
Most critically, existing approaches treat models as black boxes, which fail to quantify which
features drive predictions. This limits both theoretical understanding (which mechanisms
matter most) and practical application (which design elements should be prioritised).
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Thirdly, methodological constraints hinder research. Elderly-specific eye-tracking
datasets are scarce [3,48], which limits model development. Eye-tracking itself, although
providing ground truth data, cannot scale to large-scale interface evaluation or integrate
into design workflows. Computational models offering efficient alternatives are needed,
but only if they accurately capture age-specific attention patterns.

This study addresses these gaps through two objectives. We identify and validate
perceptual features spanning low-level sensory processing (colour, contrast), mid-level
spatial organisation (depth, segmentation), and high-level strategic adaptation (centre
bias, sustained-attention spatial prior, early attentional prior), so as to quantify the relative
importance of these features in predicting elderly attention, which identifies which spatial
and visual factors contribute most strongly to the computational estimation of age-related
viewing patterns. We develop a computational model integrating these features within an
efficient predictive framework. This enables both a theoretical investigation, such as testing
hypotheses about feature interactions and compensatory mechanisms, and a practical
application in accessible interface design and assistive technologies.

Overall, this work integrates age-specific features and quantifies their predictive value,
thereby connecting perceptual research with computational methods. It not only offers
a clearer understanding of attention reorganisation in ageing, but also provides practical
tools for age-inclusive design.

3. Method
3.1. Feature Selection and Theoretical Foundation

Through the preceding systematic review [2,5,19,22,49,50], we identified six intrinsic
features as determinants of elderly visual attention, including colour brightness (C–B,
brightness of areas of interest of colour images), centre bias (CB, favoured fixations of central
screen regions), foreground–background differentiation (F–B D, attention distribution
between salient objects and context), depth detection (DD, processing of spatial depth cues),
early attentional prior (EAP, temporal delays in fixation initiation), and sustained-attention
spatial prior (SASP, duration and spatial clustering of fixations). Three criteria were applied
for feature selection.

• Features need to exhibit empirically documented age-related alterations with repli-
cated evidence across independent studies [51];

• Features must be measurable through computational extraction from visual stimuli
and eye-tracking data without manual annotation or subjective judgement;

• Features must remain relevant across diverse visual contexts (natural scenes, interfaces,
multimedia) rather than being task-specific or domain-limited.

These criteria ensure features capture fundamental attentional mechanisms while also
enabling automated, generalisable modelling.

We focus on intrinsic characteristics, which are properties inherent to visual stimuli
(colour, depth, spatial composition) or attentional behaviour (centre bias, temporal dy-
namics, fixation patterns), that remain consistent across viewing conditions. We excluded
extrinsic parameters such as viewing distance, display resolution, and ambient lighting. Al-
though these factors influence viewing conditions, they introduce experimental variability
unrelated to fundamental attentional mechanisms and would limit model generalisation to
diverse real-world applications requiring different viewing setups.

Furthermore, these six features are not assumed independent. For example, colour
brightness may interact with depth detection via shading cues, whilst centre bias could
correlate with the sustained-attention spatial prior if central fixations are systematically
prolonged. Disentangling these interactions is fundamental to characterising elderly vi-
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sual attention. It remains to be determined whether compensatory high-level strategies
(such as centre bias and sustained-attention spatial prior) dominate attentional alloca-
tion, or whether sensory-level features (including colour brightness and depth) preserve
their predictive utility despite age-related sensory decline. Our methodology addresses
two questions. First, which features most strongly predict elderly attention allocation?
Second, how do features interact to produce observed attention patterns?

To answer these questions, we developed computational algorithms that extract quan-
titative measurements for each feature from visual stimuli and corresponding eye-tracking
data. These feature representations are integrated into a unified gradient boosting frame-
work that enables systematic quantification of individual feature contributions and interac-
tive effects on elderly visual attention prediction.

3.2. Computational Feature Extraction

We extract quantitative measurements of six intrinsic features from visual stimuli and
eye-tracking data. Computational algorithms transform RGB images and fixation coordi-
nates into numerical representations encoding elderly-specific attentional characteristics.
Features progress from sensory processing (colour brightness) through spatial organisa-
tion (centre bias, foreground–background differentiation, depth detection) to temporal
dynamics (early attentional prior, sustained-attention spatial prior).

(1) Colour brightness

Colour constitutes a fundamental visual feature that influences both information ex-
traction and the perception of other visual attributes [52]. Age-related physiological changes
reduce colour brightness sensitivity in older adults [4]. We simulate this degradation by
converting RGB images to greyscale using luminance-weighted transformation:

Igrey = 0.299Red + 0.587Green + 0.114Blue (1)

Coefficients reflect human photopic sensitivity [4,19] with peak response in the green
spectrum. This isolates brightness from chromatic content, preserving spatial luminance
patterns critical for attention allocation.

Standard photometric coefficients are derived from young-adult photopic sensitivity
and do not explicitly account for age-related ocular changes, such as lens yellowing, which
attenuates short-wavelength light and alters perceived colour distributions [19]. While
one could theoretically introduce manual physiological filters, such rigid parameterisation
often fails to accommodate the significant inter-individual variability inherent in visual
ageing. Consequently, rather than imposing a pre-defined physiological transformation,
we utilise Equation (1) to extract scene luminance as a stable physical baseline. Under our
data-driven framework, age-specific perceptual differences are not treated as hand-crafted
corrections but are implicitly learnt through supervised training on age-stratified gaze data.
This approach ensures that the ‘age-specificity’ of the model is not a post hoc adjustment,
but an emergent property of the learnt conditional mappings between physical stimuli and
elderly fixation behaviour, resulting in a more robust and statistically grounded estimation
of attentional deployment.

The greyscale image (Igrey) eliminates chromatic information while preserving edge
structures necessary for attention modelling (Figure 2). We apply this transformation to all
images, which creates standardised luminance representations for subsequent extraction.
In accordance with recent studies such as [53,54], a standard optical examination image
was selected to demonstrate the computational results.
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Figure 2. Example of colour brightness computation (left: original image, right: colour brightness image).

(2) Centre bias

Centre bias refers to systematic attention towards central regions, which intensifies
with age [5]. Older adults exhibit stronger central preferences than younger populations, re-
flecting reduced peripheral acuity, narrowed useful field of view, and decreased exploratory
scanning [49].

We compute centre bias through adaptive localisation integrating geometric layout
and semantic content. Traditional methods assume uniform spatial weighting around the
geometric centre (xc, yc). Older adult observers balance central fixation strategies with
salient object locations. We identify the most salient object using pre-trained detection [51],
compute its centroid (xs, ys), and calculate the effective centre as their midpoint:

CBd =
1

σd
√

2π
e
−(P−Cd)

2

2σ2
d (2)

where CBd is the Gaussian map value at image pixel P, Cd is the centre point of centre bias,
and σd is the standard deviation of the 2D Gaussian function.

This accommodates diverse compositions. With centrally positioned salient objects,
(xeff, yeff) converges towards the geometric centre, reinforcing bias. With off-centre objects,
(xeff, yeff) shifts moderately, capturing elderly observers’ compromise between central
fixation and salient content.

We generate a 2D Gaussian centred at (xeff, yeff) with σd = 0.3 × min(width, height),
creating smooth attention weighting decreasing with distance from centre (Figure 3). This
spatial prior quantifies centre bias strength at each pixel.

 

Figure 3. Centre bias computation (left: original image, right: centre bias image).

(3) Foreground–background differentiation

Younger adults prioritise foreground objects through efficient figure-ground segre-
gation; older adults allocate increased attention to background regions [2]. This reflects
reduced contrast sensitivity impairing foreground extraction and compensatory reliance
on contextual information.

We employ hierarchical matting [55] to segment foreground and background, gen-
erating a continuous alpha matte (α) where α = 1 indicates foreground, α = 0 indicates
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background, and intermediate values capture transitions. The algorithm fuses semantic
segmentation with detail-preserving matting through adaptive weighting:

α = (1 − 2 × |U − 0.5|)× M + 2×|U − 0.5| × U (3)

where U represents unified foreground probability from semantic encoding; M represents
refined matting output. The weighting term (1 − 2 × |U − 0.5|) balances contributions.
When U ≈ 0.5 (uncertain boundaries), the model emphasises M for detail preservation;
when U ≈ 0 or 1 (confident regions), the model prioritises U for semantic consistency.

Our elderly attention model inverts this representation, weighting background regions
more heavily to reflect older adults’ disproportionate allocation to contextual content
(Figure 4). This design choice does not imply an active cognitive priority for the background,
but rather serves as a behavioural representation of the compensatory scanning strategies
resulting from age-related declines in figure-ground segregation [2].

 

Figure 4. Foreground–background differentiation computation (left: original image, right: white
area is foreground region and black area is background region).

(4) Depth detection

Depth detection enables prioritisation of proximal objects and navigation [56]. Age-
related degradation arises from reduced binocular disparity processing, diminished motion
parallax sensitivity, and impaired monocular cue extraction [22]. These deficits alter atten-
tion allocation across depth planes, increasing reliance on foreground objects and reducing
background exploration [21].

We employ transformer-based hierarchical depth estimation [57] comprising coarse
estimation through multi-scale wavelet-decomposed feature extraction, followed by adap-
tive refinement via the AdaBins architecture (v1.0–weights relsease). AdaBins dynamically
learns optimal depth bin boundaries rather than imposing fixed intervals, improving
accuracy in scenes with non-uniform depth distributions.

Final depth values are computed through probability-weighted summation over N
adaptive bins:

∼
d = ∑N

k=1 c(bk)pk (4)

where pk is the predicted probability that the pixel belongs to depth bin k, and c(bk) is the
centre value of bin k. The bin centres are determined by adaptive bin widths bi, computed

as: bi =
b′i+ϵ

∑N
j=1 b′j+ϵ

, ϵ = 10−3, c(bi) = dmin + (dmax − dmin)(
bi
2 + ∑i−1

j=1 bj). Here, b′i is the raw

bin width output from a mini-Vision Transformer (ViT) encoder followed by an MLP head,
normalised via the softmax-like operation to ensure ∑N

i=1 bi = 1. The bin centre c(bi) is
calculated as the midpoint of bin i within the depth range [dmin, dmax], with cumulative
width ∑i−1

j=1 bj positioning the bin along the depth axis. The small constant ε prevents
numerical instability during normalisation.

As illustrated in Figure 5, the resulting depth map encodes relative spatial distance for
each pixel, with darker values indicating proximity and lighter values indicating distance.
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This depth representation serves as a feature input to our elderly visual attention model,
where it interacts with other attention-guiding factors such as centre bias and foreground–
background differentiation. Empirical analysis demonstrates that incorporating depth
information significantly improves fixation prediction accuracy for elderly observers, par-
ticularly in scenes with pronounced depth structure where age-related depth processing
deficits most strongly influence attention allocation.

 

Figure 5. Depth detection computation (left: original image, right: depth detection image).

(5) Early Attentional Prior

The previous four features rely exclusively on bottom-up image properties. However,
image features alone are insufficient to model elderly attention, as age-related sensory
decline forces older adults to rely heavily on top-down, compensatory oculomotor strate-
gies [58]. To address this shift, we introduce the early attentional prior. This feature captures
the inherent spatial exploration habits that older adults apply during the initial phase of
scene observation.

Early attentional prior refers to temporal latency between stimulus onset and initial
attention deployment, which systematically increases with age, reflects slowed visual path-
way transmission, reduced parietal attention network efficiency, and diminished saccade
programming control [51]. The temporal delay is accompanied by spatial consequences.
Older adults exhibit more dispersed, less targeted initial fixations than younger adults’
rapid convergence on salient regions [59].

We model this through a spatial prior encoding the statistical distribution of early-stage
fixations from elderly observers, as elaborated in the following steps.

Training data aggregation. We isolate fixations occurring within the first two seconds
post-stimulus onset from the training data. The initial ambient phase (typically the first
1.5 to 2 s) is characterised by rapid spatial orienting driven by global layout and top-
down spatial priors [60,61]. Following this, visual behaviour shifts to focal processing
for detailed semantic extraction. Because cognitive ageing slows visual processing and
saccadic programming, this initial orienting phase is slightly extended in older adults [62].
Therefore, the two-second threshold provides a robust window to capture early attentional
orienting while excluding sustained, semantic-driven attention phases.

Spatial discretisation. We partition each image into N = 16 uniform regions (Rk) in a
4 × 4 grid. This resolution captures coarse spatial preferences (upper-centre bias, peripheral
avoidance) without overfitting to pixel-level noise, ensuring the prior generalises across
diverse compositions.

Prior generation. For each region Rk, we accumulate total fixation duration Ek (millisec-
onds) from all initial fixations (0–2 s) across the training corpus. Duration-based weighting
captures both fixation frequency and dwell time, which reflects attentional engagement
strength. Regional weights are normalised to form a probability distribution:

RTk =
Ek

∑N
j=1 Ej

(5)
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where RTk quantifies the proportion of early attentional resources elderly observers allocate
to spatial zone Rk. This spatial prior functions as a temporal feature, encoding where elderly
attention deploys during delayed initial orienting (Figure 6).

 

Figure 6. Early attentional prior computation (left: original image, right: early attentional prior image).

(6) Sustained-Attention Spatial Prior

Sustained-attention spatial prior characterises spatial distribution of sustained atten-
tion beyond initial orienting, reflecting stable viewing patterns during extended exploration.
Elderly observers exhibit reduced saccadic amplitude (constraining exploration), prolonged
fixation durations (indicating slower information extraction), and heightened central clus-
tering due to peripheral vision degradation [25,63]. These characteristics define an elderly-
specific ‘attentional footprint’ differing from younger adults’ exploratory patterns.

We construct a global fixation prior that encodes the statistical spatial preferences
exhibited by elderly observers during extended viewing. This sustained-attention spatial
prior aggregates fixations across the entire viewing duration, reflecting stable, long-term
exploration strategies. This temporal distinction is critical. Early orienting is dominated by
bottom-up stimulus capture; sustained viewing integrates top-down factors such as scene
comprehension goals and compensatory strategies [8].

This spatial prior is generated as follows.
Global data aggregation. We extract fixation data spanning complete viewing duration

from all training images with no temporal truncation. This window captures cumulative
attentional deployment, including exploratory scanning and revisitation patterns (repeated
returns to central regions compensating for working memory limitations).

Regional weighting. Using the same 4 × 4 spatial discretisation (N = 16 regions Rk),
we compute total dwell time Tk by summing fixation durations across training samples.
Duration-based weighting ensures the prior reflects attentional engagement intensity:
prolonged cumulative dwell indicates sustained processing resource allocation, consistent
with characteristically longer elderly fixation durations.

Prior normalisation. Regional dwell times are normalised to yield spatial density of
sustained elderly attention:

FBk =
Tk

∑N
j=1 Tj

(6)

FBk quantifies the proportion of total attentional resources elderly observers allocate
to spatial zone Rk during sustained viewing. Higher FBk values identify regions attract-
ing prolonged attention across diverse content, revealing population-level spatial biases
independent of scene semantics (Figure 7). The resulting map reveals sustained attention
distribution, which exhibits strong central concentration and reduced peripheral weighting.
This pattern reflects combined influence of reduced saccadic exploration and peripheral
vision decline. The fixation prior functions as a spatial template modulating predictions. Re-
gions with high FBk receive elevated attention weights, which reflects that elderly observers
systematically allocate disproportionate sustained attention to specific zones.
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Figure 7. Sustained-attention spatial prior computation (left: original image, right: sustained-
attention spatial prior image).

3.3. Feature Fusion

After extracting six complementary feature representations capturing distinct dimen-
sions of elderly visual perception, we integrate these components into a unified computa-
tional framework to predict spatial attention allocation. The integration needs to model
complex, non-linear interactions among features. Elderly visual attention does not simply
sum individual contributions but emerges from synergistic interplay. Depth detection may
amplify centre bias in scenes with foreground–background ambiguity; prolonged early
attentional prior may modulate colour brightness influence on initial fixations. To capture
these dependencies whilst maintaining interpretability, which are critical for understand-
ing which perceptual factors govern elderly attention, we adopt a two-stage architecture
comprising feature-level fusion followed by probabilistic ensemble learning.

The feature extraction pipeline processes each input image (normalised to 128 × 96 pixels
for computational efficiency whilst preserving spatial structure) through six parallel path-
ways, which generate pixel-aligned feature maps: colour brightness (Gcr), centre bias (Gcb),
foreground–background differentiation (G f d), depth detection (Gdd), early attentional prior
(Geap), and sustained-attention spatial prior (Gsasp). Each map Gi ∈ R(128×96) encodes the
contribution of feature i to attention at every spatial location.

These maps are fused into a composite feature vector at each pixel location (x, y),
yielding a six-dimensional representation:

g(x, y) =
[

Gcr(x, y), Gcb(x, y), G f d(x, y), Gdd(x, y), Geap(x, y), Gsasp(x, y)]T (7)

A naive linear combination would assume additive independence:

G(x, y) = α1Gcr(x, y) + α2Gcb(x, y) + α3G f d(x, y) + α4Gdd(x, y) + α5Geap(x, y) + α6Gsasp(x, y) (8)

where αi represents the weight of feature i. This combination assumes additive indepen-
dence among features, implying that each perceptual factor contributes to visual attention
in an isolated and proportional manner. However, this assumption does not hold for elderly
visual perception, where attention emerges from complex and context-dependent interac-
tions among multiple factors. For example, the contribution of centre bias may vary with
scene structure, and the effect of colour or luminance contrast may be moderated by depth
layout or foreground clarity. These interaction effects are inherently non-linear and cannot
be adequately captured by a linear formulation. Therefore, relying on linear aggregation is
insufficient for modelling the underlying mechanisms of elderly visual attention.

4. Model Development
To address the limitations of linear aggregation, the mapping from the multi-

dimensional feature representation g(x, y) to fixation probability Pfix(x, y) is formulated as
a non-linear supervised learning problem. The model aims to capture complex interactions
and higher-order dependencies among heterogeneous perceptual features, whilst main-
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taining interpretability for analysing the contribution of each factor in elderly attention
mechanisms. Therefore, we adopt a probabilistic gradient boosting machine (PGBM) [64],
an ensemble learning approach that models non-linear relationships through an additive
sequence of decision trees. The final prediction is computed as:

Pfix(x, y) = σ(∑T
t=1 η · ht(g(x, y))). (9)

where T represents the number of boosting iterations, η represents the learning rate con-
trolling ensemble convergence, and σ denotes the logistic sigmoid function mapping raw
scores to fixation probabilities in [0, 1].

4.1. Model Structure

The EVAE model integrates six elderly-specific perceptual features into a unified
framework designed for both accurate prediction and interpretable feature attribution.
The architecture, illustrated in Figure 8, comprises four sequential modules that trans-
form raw images into spatial attention predictions whilst maintaining transparency in
feature contribution:

Figure 8. Overall structure of EVAE model.

• Module 1: Feature Extraction

This module generates the six complementary feature representations through par-
allel processing pipelines. Each feature employs specialised computational methods.
Transformer-based networks extract depth information; adaptive segmentation isolates
foreground–background regions; Gaussian kernels model centre bias tendencies; and statis-
tical aggregation derives the early attentional and sustained-attention spatial priors from
training fixation data. The module outputs six spatially registered feature maps, which
capture both low-level visual properties (colour brightness, spatial structure) and high-level
cognitive factors (attentional biases, temporal dynamics).
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• Module 2: Feature Vector Composition

This module fuses heterogeneous feature maps into unified representations. It applies
min–max normalisation to align all features to a [0, 1] scale, which preserves their relative
spatial patterns. For each location (x, y), the normalised maps are combined as a six-
dimensional vector

[
Gcr(x, y), Gcb(x, y), G f d(x, y), Gdd(x, y), Geap(x, y), Gsasp(x, y)]T . This

representation preserves both feature semantics and spatial context for subsequent learning.

• Module 3: Probabilistic Ensemble Learning

PGBM learns the non-linear mapping from feature vectors to fixation probabilities
through iterative ensemble refinement. PGBM was selected for three critical properties. It
naturally captures feature interactions, such as depth-amplifying centre bias in peripheral
regions and early attentional prior modulating colour sensitivity, without requiring manual
interaction term specification. It also handles heterogeneous feature types robustly; tree-
based splits operate on raw feature orderings rather than Euclidean distances, eliminating
sensitivity to scale variations. It provides feature importance quantification through per-
mutation testing (measuring accuracy degradation when feature i is shuffled) and SHAP
values (decomposing predictions into per-feature contributions with theoretical guarantees
of local accuracy, missingness, and consistency). This interpretability directly addresses
our research objective—quantifying which perceptual dimensions most strongly influence
elderly attention allocation.

• Module 4: Attention Map Generation

This module transforms PGBM raw scores into normalised spatial attention maps.
First, logistic transformation converts unbounded scores to probabilities [0, 1]. Second,
divisive normalisation ensures valid probability distributions yielding pixel-wise fixa-
tion probabilities. The greyscale output format directly corresponds to empirical fixation
density maps, which enables evaluation via standard saliency metrics (AUC-Judd, NSS,
KL-divergence) and supports practical interface design applications where attention pre-
dictions guide visual element placement.

The four-module pipeline balances predictive accuracy through ensemble learning
with scientific interpretability through feature attribution. It also maintains modularity for
future methodological refinements. This architecture directly addresses the dual challenges
of elderly visual attention modelling, namely, achieving high prediction performance
on heterogeneous visual stimuli whilst providing actionable insights into the perceptual
mechanisms governing attention allocation in ageing populations.

4.2. Model Procedure

(1) Feature extraction and ground truth generation

For each input image, we generated paired feature-target samples through parallel
processing of visual content and empirical fixation data.

Feature Map Generation. Each source image was resized to 128 × 96 pixels using
bicubic interpolation to maintain visual quality whilst standardising spatial dimensions.
The resized images were then processed through the six feature extraction pipelines de-
scribed in Section 3.2 to generate spatially aligned feature maps: Gcr (colour brightness), Gcb

(centre bias), G f d (foreground-background differentiation), Gdd (depth distribution), Geap

(early attentional prior distribution), and Gsasp (sustained-attention spatial prior). Each
feature map represents a distinct perceptual or cognitive dimension relevant to elderly
visual attention.

Ground Truth Derivation. The corresponding attention targets were derived from
the eye-tracking dataset by Acik et al. [62], which recorded gaze data from 17 older adults
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(Mage = 80.6 years) viewing 255 colour images (original resolution 1280 × 960 pixels). To
specifically capture early attentional orienting, which is the pre-semantic phase where
bottom-up salience and top-down biases interact, we aggregated fixation coordinates
exclusively from the first two fixations of each trial, corresponding to approximately
1–2 initial saccades per image. Raw fixation points were convolved with a two-dimensional
Gaussian kernel with standard deviation σ = 1◦ visual angle to produce continuous fixation
density maps.

These maps were then normalised to [0, 1] range and downsampled to 128 × 96 resolution
using bicubic interpolation, yielding greyscale heatmaps (Figure 9) that serve as prediction
targets. Each pixel’s intensity quantifies the empirical probability of fixation at that location,
reflecting the actual spatial distribution of elderly visual attention across the image.

Figure 9. Procedure of ground truth preparation.

(2) Feature vector composition

This module fuses the six heterogeneous feature maps into a unified tabular repre-
sentation suitable for supervised learning. To prevent scale imbalances between features
with disparate value ranges, for instance, normalised depth values in [0, 1] vs. early
attentional prior distributions in milliseconds, we first applied per-feature min–max nor-
malisation ensuring all features occupy the [0, 1] range whilst preserving relative spatial
patterns. For each spatial location, the normalised feature values were concatenated into a
six-dimensional vector paired with the corresponding ground truth value from the fixation
density map as its target label. This pixel-wise operation yields 12,288 training samples per
image (128 × 96), each representing a specific spatial location with its associated feature
characteristics and empirical fixation probability.

Applying this procedure across the training images produces a structured tabular
dataset in CSV format with N × 12,288 rows. Each row contains a six-dimensional feature
vector g(x, y) and its associated fixation probability.

This tabular structure enables efficient batch processing during PGBM training
(Figure 10) whilst maintaining explicit spatial correspondence for subsequent attention
map reconstruction. The dataset size scales linearly with the number of training images.

(3) Probabilistic gradient boosting training

The data fitting module employs PGBM to learn the non-linear mapping from feature
vectors to fixation probabilities.

Tree splits are optimised by maximising probabilistic gain. This criterion balances loss
reduction with prediction confidence, which enhances robustness when handling diverse
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features. For instance, it effectively accommodates depth maps with smooth gradients and
early attentional prior distributions with sparse high-value regions (Figure 11).

 

Figure 10. Procedure of feature fusion (CB: centre bias, EAP: early attentional prior, SASP: sustained-
attention spatial prior, F–B D: foreground–background differentiation, DD: depth detection, C–B:
colour brightness. The pink circle indicates that the same pixel position across all six feature maps is
used to form a feature vector).

 

Figure 11. Procedure of model configuration.

4.3. Attention Map Generation and Visualisation

The final module applies the trained PGBM model to generate attention predictions
for unseen test images. For each test image, the model processes all 12,288 feature vec-
tors g(x, y) through the ensemble, producing pixel-wise fixation probability estimates
(Figure 12), where σ denotes the logistic function mapping unbounded PGBM scores to
probabilities in [0, 1].

 

Figure 12. Procedure of attention estimation module.

The predicted heatmap can be upsampled to the original image resolution
(1280 × 960 pixels) using bicubic interpolation and overlaid with semi-transparency
(α = 0.6) to visualise estimated elderly attention distribution. This enables direct qualitative
comparison with empirical fixation patterns for model validation, supports quantitative
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evaluation via standard saliency metrics (AUC-Judd, NSS, KL-divergence), and facilitates
practical applications in age-inclusive interface design, for instance, guiding placement
of critical information within predicted high-attention regions or avoiding distractors in
peripheral low-attention zones.

4.4. Model Evaluation

To assess the effectiveness of the proposed EVAE model, we conducted comprehensive
evaluation using both qualitative and quantitative methods. The evaluation compared
model predictions against ground truth fixation data across multiple image resolutions to
provide robust assessment of prediction accuracy and computational scalability.

(1) Dataset preparation

We utilised a public age-stratified eye-tracking dataset validated by Wilming et al. [65]
and originally collected by Acik et al. [62]. The dataset comprises gaze recordings from 58
participants across three age groups: children (n = 18, age 7–9, M = 7.6 years), young adults
(n = 23, age 19–27, M = 22.1 years), and older adults (n = 17, age 72–88, M = 80.6 years).
Participants viewed a subset of the stimulus pool (total 255 colour images) following a
split-viewing protocol (e.g., each participant viewed approximately 128 images) across
four categories: 64 naturals, 64 fractals, 64 manmades, and 63 pinks (Figure 13). Gaze data
were recorded using an EyeLink 1000 eye-tracker (SR Research Ltd., Ottawa, ON, Canada)
with 1000 Hz sampling rate. Following standard quality control during data preprocessing,
valid trials were retained for subsequent analysis across all age cohorts.

 

Figure 13. Sample images in four categories.

Given our model’s focus on elderly visual attention, we exclusively analysed data
from the older adult cohort (n = 17). For each image category, we randomly partitioned
the dataset using an image-wise split into training (80%) and testing (20%) sets using
stratified sampling to maintain category balance, which results in 204 training images and
51 testing images.

(2) Evaluation pipeline

Feature extraction. The six feature maps were extracted using the methods described in
Section 3.3, then standardised to consistent spatial resolution through bicubic interpolation
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and normalised to [0, 1] range via per-feature min–max scaling. For visualisation purposes,
normalised values were mapped to eight-bit greyscale intensities (0–255) as shown in
Figure 14.

Figure 14. Feature extraction in evaluation.

To construct the dataset, feature vectors were extracted from all valid viewing trials
in the training set. Aggregating pixel-level samples across all valid observer–image pairs
yielded a total of approximately 26 million training samples (Figure 15). Each row in
the constructed CSV file contains a six-dimensional feature vector g(x, y) paired with the
corresponding fixation probability derived from the specific trial data.

Figure 15. Feature vector construction.

Model Training. The model was implemented using the open-source pgbm Python
library (version 2.3.0), using Mean Squared Error (MSE) as the loss function. To determine
the optimal hyperparameter configuration, we performed a systematic grid search on the
validation set over a constrained parameter space: learning rate η ∈ {0.01, 0.05, 0.1, 0.2},
maximum tree depth dmax ∈ {2, 4, 6, 8}, and L2 regularisation term λ ∈ {0, 0.01, 0.1}.
The final configuration (η = 0.1, dmax = 6, λ = 0.01) was selected as it provided a stable
trade-off between prediction accuracy and model complexity, with no significant perfor-
mance gains observed beyond this range. We monitored the validation loss during training.
Therefore, the number of boosting iterations was capped at 100 to prevent overfitting.
For computational efficiency, training was conducted in batches of six million pixel-level
samples on an NVIDIA A800 GPU (NVIDIA Corporation, Santa Clara, United States). To
evaluate robustness across spatial scales, we trained separate models at eight resolution
levels by systematically downsampling source images using bicubic interpolation: 8 × 6,
16 × 12, 32 × 24, 64 × 48, 128 × 96, 256 × 192, 512 × 384, and 1280 × 960 pixels.

Model Testing. The trained EVAE model was deployed on an NVIDIA A800 GPU
for accelerated inference. For each of the 51 test images, the model generated pixel-wise
fixation probability predictions following the pipeline. Predictions were upsampled to the
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original resolution (1280 × 960 pixels) using bicubic interpolation and compared against
ground truth fixation heatmaps using the metrics described below.

(3) Evaluation metrics

We employed a comprehensive metric suite [66,67] to evaluate complementary aspects
of prediction quality.

Spatial Accuracy and Discrimination. AUC-Judd measures discrimination between
fixated and non-fixated regions via area under the Receiver Operating Characteristic (ROC)
curve, quantifying the model’s ability to rank true fixation locations higher than non-fixated
positions [64]. Values range from 0.5 (chance) to 1.0 (perfect discrimination). Normalised
Scanpath Saliency (NSS) evaluates prediction strength at actual fixation points by measuring
their z-score relative to mean saliency, where higher values indicate stronger alignment
with empirical gaze patterns [28].

Distributional Similarity. Pearson Correlation Coefficient (CC) quantifies linear spatial
correspondence between predicted and ground truth saliency maps, ranging from −1 to +1.
Histogram Intersection (SIM) measures overlap in saliency value distributions, assessing
probability mass similarity. Kullback–Leibler Divergence (KLD) quantifies distributional
discrepancy via relative entropy, where lower values indicate closer alignment. Earth
Mover’s Distance (EMD) calculates the minimum ‘work’ required to transform one distri-
bution into another, which captures spatial dissimilarity with units of pixel displacement.

These metrics collectively assess model performance across spatial accuracy (AUC-
Judd, NSS), linear correspondence (CC), distributional fidelity (KLD, SIM), and geometric
alignment (EMD), providing comprehensive characterisation of prediction quality.

5. Data Analysis and Results
5.1. Feature Influence

To reveal the contribution of each feature to attention prediction, we conducted feature
importance analysis (SHAP values) using the SHAP Python library (version 0.47.0). SHAP
provides an interpretation method that is not restricted to a specific model by computing
each feature’s marginal contribution to predictions [64,68,69], which enables transparent
assessment of how visual features influence model outcomes (Figure 16).

Figure 16. Analysis workflow of SHAP.

Figure 17 presents the mean absolute SHAP values across the six features. Centre bias
and early attentional prior emerge as dominant contributors, with centre bias exhibiting
the highest importance (SHAP = 4.28). This confirms the model’s capacity to capture
age-specific viewing behaviours, particularly the temporal dynamics characteristic of el-
derly fixation deployment. In contrast, spatial features, including foreground–background
differentiation and depth detection, demonstrate relatively weaker impact and suggest that
they are not primary determinants of elderly fixation patterns.
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Figure 17. SHAP value of feature (CB: centre bias, EAP: early attentional prior, SASP: sustained-
attention spatial prior, F–B D: foreground–background differentiation, DD: depth detection, C–B:
colour brightness).

To examine spatial distribution of feature influence, we performed pixel-level SHAP
analysis on images at 128 × 96 resolution. Figure 18 displays a SHAP heatmap for
1000 sampled pixels, where colour intensity represents feature impact magnitude. The
heatmap reveals concentrated influence of centre bias and early attentional prior in
central regions, which aligns with the documented centre-biased fixation patterns in
elderly observers.

Figure 18. Heatmap result of spatial distribution of feature influence (CB: centre bias, EAP: early at-
tentional prior, SASP: sustained-attention spatial prior, F–B D: foreground-background differentiation,
DD: depth detection, C–B: colour brightness).

Figure 19 presents a scatter plot of SHAP values colour-coded by magnitude, which
further reinforces the dominance of centre bias and early attentional prior through their
concentration at high-saliency pixels. Sustained-attention spatial prior also exhibits no-
table contribution, which confirms the importance of spatial-temporal factors in elderly
visual attention.

Figure 19. Scatter plot result of features’ SHAP value distribution (CB: centre bias, EAP: early atten-
tional prior, SASP: sustained-attention spatial prior, F–B D: foreground–background differentiation,
DD: depth detection, C–B: colour brightness).
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5.2. Qualitative Evaluation

Model effectiveness was assessed through alignment between predicted saliency maps
and ground truth fixation distributions across scene categories and spatial resolutions.
Figures 20 and 21 demonstrate that predictions consistently preserve high-density fixation
regions, with minor deviations confined to low-saliency peripheral areas.

Figure 20. Comparison of ground truth and model-estimated saliency maps at different resolutions.

Figure 21. Comparative result of saliency map across image category model performance (GT:
ground truth).

Qualitative analysis reveals robust category-specific adaptation.

• Naturals: Predictions align closely with ground truth at high-contrast regions such
as textured foliage, object boundaries, and depth discontinuities, which indicates
effective integration of colour, depth, and foreground–background.

• Manmades: Attention hotspots coincide with foreground structures, such as vehicles,
roadways, and architectural elements, which demonstrates successful capture of
spatial organisation and foreground–background separation through combined depth
and centre bias signals.

• Fractals: The model accurately reproduces dispersed fixation patterns and density gra-
dients characteristic of self-similar structures, which confirms robustness to statistical
regularities absent in natural imagery.
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• Pinks: Predictions exhibit pronounced centre concentration despite the absence of local
salient features, which validates the centre bias module’s effectiveness in encoding
oculomotor preferences independent of bottom-up saliency.

This cross-category spatial pattern fidelity, which encompasses concentrated clusters
(naturals), structured layouts (manmades), diffuse spreads (fractals), and centre-driven
distributions (pinks), demonstrates effective integration of the six complementary attention
factors. The qualitative observations are consistent with superior quantitative performance
across all evaluation metrics.

5.3. Model Effectiveness

We evaluated the EVAE model using six established metrics: AUC-Judd (Area Under
the Curve-Judd), NSS (Normalised Scanpath Saliency), CC (Correlation Coefficient), KLD
(Kullback–Leibler Divergence), SIM (Similarity), EMD (Earth Mover’s Distance), to compare
its performance across resolutions and image categories. All evaluation metrics were
calculated by comparing the model’s pixel-wise predictions against the ground truth
fixation maps. The quantitative results represent the mean performance scores averaged
across all test images in each respective condition.

AUC-Judd. Table 1 shows consistently high scores (0.93) across most resolutions, with
a slight decline at maximum resolution (1280 × 960). Pinks achieved highest performance
(0.95) due to notable centre bias, while manmades showed marginally lower scores at fine
scales, likely reflecting urban scene complexity. Results confirm strong fixation detection
ability, particularly for structured attentional focus.

Table 1. Result of AUC-Judd analysis.

Resolution All Naturals Manmades Fractals Pinks

8 × 6 0.93 0.94 0.93 0.94 0.95
16 × 12 0.93 0.93 0.92 0.93 0.95
32 × 24 0.93 0.93 0.92 0.93 0.94
64 × 48 0.90 0.90 0.89 0.88 0.92

128 × 96 0.92 0.92 0.90 0.91 0.94
256 × 192 0.91 0.91 0.90 0.90 0.93
512 × 384 0.91 0.91 0.89 0.90 0.93

1280 × 960 0.72 0.75 0.67 0.69 0.76

NSS. Table 2 demonstrates stable high scores at mid-range resolutions, peaking for
pinks (2.93 at 512 × 384). Naturals and fractals maintained strong values, while manmades
decreased at higher resolutions. Results indicate high sensitivity to fixation locations,
especially in centre-focused content.

Table 2. Result of NSS analysis.

Resolution All Naturals Manmades Fractals Pinks

8 × 6 1.87 1.97 1.75 1.93 2.11
16 × 12 2.25 2.17 1.96 2.21 2.65
32 × 24 2.33 2.21 1.95 2.24 2.88
64 × 48 2.18 2.10 1.79 2.12 2.71

128 × 96 2.33 2.19 1.96 2.26 2.90
256 × 192 2.31 2.18 1.95 2.24 2.89
512 × 384 2.32 2.18 1.94 2.25 2.93

1280 × 960 1.22 1.31 1.02 1.14 1.38
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CC. Table 3 shows stable scores (0.44–0.54), peaking for pinks (0.60) and naturals (0.53)
at coarse resolutions. Lower manmades scores suggest difficulty with structured artificial
environments. Patterns confirm consistent spatial alignment with human fixations.

Table 3. Result of CC analysis.

Resolution All Naturals Manmades Fractals Pinks

8 × 6 0.54 0.53 0.49 0.53 0.60
16 × 12 0.49 0.48 0.44 0.48 0.55
32 × 24 0.46 0.45 0.41 0.45 0.53
64 × 48 0.44 0.42 0.38 0.42 0.52

128 × 96 0.45 0.43 0.40 0.44 0.53
256 × 192 0.45 0.43 0.40 0.44 0.53
512 × 384 0.45 0.43 0.40 0.44 0.53

1280 × 960 0.25 0.25 0.21 0.23 0.29

KLD. Table 4 reveals minimal divergence for pinks (1.14 at 1280 × 960) with gener-
ally small values across resolutions. Occasional spikes in fractals and naturals at coarse
scales reflect broader saliency spread. Results confirm high statistical similarity to human
gaze data.

Table 4. Result of KLD analysis.

Resolution All Naturals Manmades Fractals Pinks

8 × 6 5.59 5.37 5.72 5.87 5.43
16 × 12 2.45 2.31 2.18 2.23 3.05
32 × 24 2.43 2.36 2.23 2.30 2.84
64 × 48 8.95 8.81 9.07 9.33 8.64

128 × 96 2.16 2.06 2.14 1.90 2.51
256 × 192 2.13 1.97 2.07 1.93 2.54
512 × 384 1.98 1.82 1.98 1.83 2.29

1280 × 960 1.22 1.22 1.28 1.24 1.14

SIM. Table 5 shows highest overlap in pinks (0.48) and naturals (0.44) at low resolu-
tions, reflecting strong spatial matching. Manmades and fractals show lower overlap at
high resolution, indicating greater variation. Results support content-dependent spatial
match quality.

Table 5. Result of SIM analysis.

Resolution All Naturals Manmades Fractals Pinks

8 × 6 0.44 0.44 0.41 0.44 0.48
16 × 12 0.38 0.38 0.35 0.37 0.42
32 × 24 0.36 0.35 0.33 0.35 0.40
64 × 48 0.37 0.36 0.33 0.36 0.41

128 × 96 0.35 0.34 0.32 0.34 0.39
256 × 192 0.35 0.34 0.32 0.34 0.40
512 × 384 0.35 0.34 0.31 0.33 0.39

1280 × 960 0.18 0.19 0.17 0.18 0.19

EMD. Table 6 demonstrates lowest values for pinks (1.63 at 512 × 384), with higher val-
ues for fractals at high resolution. Mid-range resolutions maintained low EMD (1.77–1.98),
indicating minimal spatial transformation required. Results confirm spatial accuracy across
viewing conditions.

https://doi.org/10.3390/mti10060063

https://doi.org/10.3390/mti10060063


Multimodal Technol. Interact. 2026, 10, 63 24 of 33

Table 6. Result of EMD analysis.

Resolution All Naturals Manmades Fractals Pinks

8 × 6 1.78 1.76 1.76 1.76 1.76
16 × 12 1.77 1.76 1.87 1.80 1.64
32 × 24 1.78 1.78 1.88 1.82 1.64
64 × 48 1.98 1.98 2.08 2.04 1.80

128 × 96 1.78 1.77 1.90 1.80 1.64
256 × 192 1.78 1.78 1.89 1.83 1.65
512 × 384 1.77 1.76 1.89 1.81 1.63

1280 × 960 3.37 3.29 3.48 3.35 3.36

Age-Specificity Validation
To validate age-specificity, we applied the model to children (n = 18) and young adults

(n = 23) at 128 × 96 resolution (Table 7). Results reveal substantial performance gaps. Older
adults achieved AUC-J of 0.92 vs. 0.83 (children) and 0.81 (young adults). NSS for older
adults (2.33) exceeded children (1.48) and young adults (1.28), indicating effective capture of
characteristic high-intensity fixation clusters in elderly behaviour vs. exploratory scanning
in younger groups. CC for older adults (0.45) showed stronger linear correspondence than
other groups (0.36, 0.32). EMD was lowest for older adults (1.78), requiring minimal spatial
transformation to align with ground truth. While KLD remained comparable across groups,
consistent superiority in spatial accuracy metrics confirms intrinsic alignment with elderly
physiological and cognitive visual mechanisms.

Table 7. Comparative performance of the EVAE model across different age groups (128 × 96).

Metric AUC-J NSS CC KLD SIM EMD

Children 0.83 1.48 0.36 2.13 0.30 2.03
Young Adults 0.81 1.28 0.32 2.24 0.28 2.16
Older Adults 0.92 2.33 0.45 2.16 0.35 1.78

Comparative Analysis
Table 8 compares EVAE against established saliency models and DeepGaze II, with

sample predictions in Figure 22. Traditional bottom-up models (Itti, GBVS, Patch) yielded
AUC-J scores of 0.54–0.57 with NSS near zero, demonstrating inadequacy of low-level visual
features alone for elderly attention prediction. DeepGaze II showed poor performance
(AUC-J = 0.41, NSS = −0.26) when applied at low resolution. This can be attributed to
two factors. First, the resolution mismatch compromised its feature extraction capabilities;
second, and more importantly, a fundamental domain shift exists between DeepGaze II’s
training target and our testing ground truth. Even when evaluated at native resolution
(1280 × 960), DeepGaze II achieved an AUC-J of only 0.68, which confirms that generic
saliency models do not generalise well to the specific spatial biases of the ageing population.

Table 8. Comparison result of EVAE and state-of-the-art saliency models (Older Adults, 128 × 96).

Model AUC-J NSS CC KLD SIM EMD

Itti [26] 0.57 0.21 0.05 1.46 0.14 3.02
GBVS [27] 0.54 0.13 0.03 1.59 0.13 3.08
Judd [46] 0.74 0.80 0.19 1.22 0.17 2.76
Patch [70] 0.57 0.19 0.05 1.58 0.14 3.06

DeepGaze II [28] 0.41 −0.26 −0.06 1.83 0.11 3.59
DeepGaze II (1280 × 960) 0.68 0.43 0.12 1.45 0.34 0.12

Ours 0.92 2.33 0.45 2.16 0.35 1.78

https://doi.org/10.3390/mti10060063

https://doi.org/10.3390/mti10060063


Multimodal Technol. Interact. 2026, 10, 63 25 of 33

 

Figure 22. Comparison of saliency maps estimated by the EVAE model and the state-of-the-art models.

Ablation Study
To assess the relative contributions of top-down cognitive priors and bottom-up visual

features, we performed an ablation analysis. To ensure a fair comparison, the PGBM model
was retrained from scratch for each configuration using identical hyperparameters and the
same train-test dataset splits. Each variant was then evaluated on the test set using the
previously defined metrics. We compared five distinct feature configurations:

• Image-derived features only (colour brightness, foreground–background differentia-
tion, depth detection);

• Image-derived features + centre bias;
• Image-derived features + gaze priors (early attentional prior and sustained-attention

spatial prior);
• Gaze priors only (early attentional prior and sustained-attention spatial prior);
• Centre bias only.

As shown in Table 9, the image-derived-features-only configuration yielded the lowest
performance, which confirms that purely bottom-up saliency is insufficient for modelling
elderly attention. To evaluate whether the model’s performance stems from a trivial
overfitting to the centre bias, we introduced a centre-bias-only baseline. While this spatial
prior achieves an AUC-J of 0.83, confirming the prevalence of central fixation in the elderly
cohort, it fails to capture the precise distribution of attention, as evidenced by its high
KLD (7.05) and lower NSS (1.65). The full EVAE model outperforms this baseline across
all metrics, achieving an AUC-J of 0.92. The gaze priors only configuration established
a strong baseline, which confirms the robust influence of top-down spatial strategies in
ageing vision. The combinations of image-derived features with either centre bias or gaze
priors yielded progressive improvements, while the full EVAE model (integrating all six
features) achieved the highest overall accuracy. These results support our observation that
optimal prediction of elderly visual attention requires combining both scene-specific visual
structures and population-level cognitive priors.

Table 9 shows that the full model yields a higher KLD value than certain partial
configurations, notably ‘Image + Centre bias’ (2.16 vs. 1.11). This does not indicate a
failure of the model. KLD is sensitive to differences in distributional entropy, and penalises
predictions that are more spatially concentrated than the ground truth fixation density. By
integrating discretised spatial priors (EAP and SASP) through non-linear PGBM fusion, the
full model produces sharper and more confident predictions. This directly contributes to
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improved AUC-Judd and NSS, as well as the lowest EMD (1.78), indicating accurate spatial
alignment of attention. The increased KLD therefore reflects a mismatch in distributional
smoothness rather than an error in attentional localisation. This trade-off between spatial
precision and distributional smoothness is a recognised characteristic of saliency models
incorporating strong spatial or top-down priors and does not imply redundancy or conflict
between the integrated features.

Table 9. Quantitative evaluation of ablation experiments (older adults, 128 × 96).

Model Configuration AUC-J NSS CC KLD SIM EMD

Image-derived features only 0.62 0.42 0.10 1.66 0.14 2.94
Image-derived features + centre bias 0.85 1.75 0.42 1.11 0.33 1.96
Image-derived features + gaze priors 0.87 1.51 0.37 1.15 0.29 1.89

Gaze priors only 0.86 1.43 0.35 1.19 0.30 1.92
Centre bias only 0.83 1.65 0.40 7.05 0.36 2.34

EVAE model (All six features) 0.92 2.33 0.45 2.16 0.35 1.78

6. Discussion
This study advances understanding of older adults’ visual attention through system-

atic feature analysis and computational modelling. Our SHAP-based feature importance
analysis identified centre bias and early attentional prior as dominant contributors to older
adults’ fixation patterns, with centre bias exhibiting the highest marginal contribution
(SHAP = 4.28, Figure 17). Based on these insights, we developed the EVAE model, which
achieves 92% prediction accuracy (AUC-Judd = 0.92, Table 1), establishing a specialised
computational framework for elderly early visual attention estimation that combines age-
specific behavioural priors with model interpretation analysis in ergonomics and human–
computer interaction research. This approach provides a scalable, cost-effective alternative
to labour-intensive eye-tracking studies and supports further research in age-inclusive
interface design.

Our findings build upon existing research identifying colour brightness, foreground–
background differentiation, depth detection, and sustained-attention spatial prior as rel-
evant features [2,50]. Our contribution lies in systematic integration rather than isolated
investigation. By modelling these features as an ensemble within a unified predictive frame-
work, we empirically quantified their relative contributions and identified centre bias and
early attentional prior as consistently dominant across diverse visual contexts (Figure 17).
Our approach therefore moves beyond identifying relevant features to quantifying their
relative contributions in a hierarchical manner.

The dominance of the early attentional prior and sustained-attention spatial prior in
our SHAP analysis warrants careful interpretation. A critical concern might be whether
the model simply learns a static ‘elderly fixation template’ rather than predicting attention
based on image content. However, from a cognitive ageing perspective, this high reliance
on global spatial templates is theoretically sound. Due to reduced peripheral acuity and
slower processing speeds, older adults systematically rely more on top-down, conservative
spatial strategies to compensate for weakened bottom-up sensory processing [49,62]. The
global priors in our model effectively capture this physiological baseline.

The prominence of centre bias and early attentional prior provides insight into age-
related shifts in attentional control. Existing human factors research documents older adults’
visual attention variability stemming from physiological decline [71]. The model’s per-
formance reflects existing theories of compensatory mechanisms. As bottom-up, salience-
driven processing weakens with age, both human observers and our predictive model
increasingly rely on top-down, conservative spatial strategies. This interpretation is sup-
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ported by cross-age validation (Table 7), where EVAE performance degraded substantially
for younger adults (AUC-Judd 0.81–0.83 vs. 0.92 for older adults), indicating that older
adults’ attention operates under distinct mechanisms inadequately captured by generic
saliency models.

Regarding the foreground–background feature, the foreground–background compo-
nent should be interpreted with caution. Increased fixation on background regions in
older adults may arise from compensatory scanning caused by less efficient foreground
extraction, rather than from an active preference for contextual information. EVAE does
not separate these mechanisms in this stage. Its purpose is to model the resulting spatial
distribution of fixations, not to identify the causal perceptual process that generated them.
By assigning relatively higher weights to background regions, the model reflects the more
diffuse fixation patterns observed in ageing vision, which improves estimation accuracy
without modelling the underlying failure recovery processes of the visual system.

Our use of SHAP analysis in addition to traditional ablation studies has methodologi-
cal justification grounded in three principles of interpretable machine learning [72,73]. First,
our feature set exhibits inherent spatial correlations, where centre bias and fixation density
naturally co-vary due to shared spatial structure [5]. Ablation studies yield misleading
importance estimates under multicollinearity, as models compensate for removed features
through correlated proxies [69]. SHAP addresses this through Shapley value computation,
which equitably distributes credit across correlated features [74]. Second, our objective is to
explain the trained EVAE model’s decision mechanism. Ablation requires retraining after
feature removal, introducing distributional shifts that generate fundamentally different
model instances, known as the “Rashomon effect” [75]. SHAP interprets existing model
parameters without retraining confounds. Third, SHAP provides pixel-level granularity
(Figures 18 and 19), enabling spatial visualisation of feature influence that is unattainable
through global ablation metrics.

Our data reveal a pattern requiring careful interpretation. SHAP analysis identified
strong centre bias influence (Figure 17), yet empirical fixation distributions for older partici-
pants showed greater spatial dispersion than younger adults across image categories. This
apparent contradiction reflects the interaction between cognitive strategy and physiological
constraint. While older observers exhibit stronger tendency towards central fixation, which
is likely a compensatory strategy to reduce peripheral processing demands amid declining
acuity [12], their realised attention patterns show greater instability and scatter.

Centre bias represents a top-down strategic preference, but age-related visual decline
(reduced acuity, slower processing) disrupts execution, yielding dispersed fixation patterns.
The model captures both phenomena, with centre bias representing a predictive feature
(strategic component) and dispersed distributions as outcome (execution component).
Future work could test this dual mechanism directly by manipulating scene complexity
while independently controlling peripheral visual demands.

Centre bias persisted even in abstract fractal images lacking semantic content, which
suggests that spatial preference constitutes a fundamental visual strategy rather than
content-driven guidance. Whether this represents cognitive load reduction or default
neural tendency in ageing visual systems requires further investigation.

Increased fixation duration variability in complex scenes indicates attentional in-
stability, yet simplified stimuli (e.g., pink noise) elicited concentrated central fixations,
which suggests that scene complexity modulates the balance between strategic bias and
execution stability.

The superior performance of EVAE over DeepGaze II (Table 8) provides insight into
model design for specialised populations. However, this comparison highlights the sig-
nificant domain bias inherent in general-purpose models. DeepGaze II exhibits poor
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performance (AUC-J = 0.41, NSS = −0.26) on the elderly dataset primarily because its
internal representations are optimised for the visual behaviours of younger adults. This
gap underscores the necessity of our age-specific approach. The superiority of EVAE in
this context is attributed to its architectural suitability for the task. Unlike black-box deep
models that require vast amounts of data to learn implicit features, EVAE leverages PGBM
to fuse six features. Given our specialised dataset scale, PGBM provides a robust balance
between predictive power and scientific interpretability. It demonstrates that even highly
sophisticated deep learning architectures fail to generalise to the ageing population without
explicit adaptation to age-related features.

While EVAE demonstrates robust performance across standard benchmarks, the results
reveal certain boundary conditions where its predictive power may be constrained. One
primary limitation manifests in scenarios with high semantic conflict, such as images
containing small but critically important targets in peripheral regions. The model may
under-predict fixations when a user’s attention is captured by high-level meaning that
overrides the stimulus-driven saliency.

The model exhibits sensitivity to extreme visual clutter. In environments with high
visual entropy and dense textures, the foreground–background differentiation may provide
less diagnostic gain, leading to more dispersed saliency maps. Furthermore, the current
model is optimised for static images. In real-world interactive interfaces where dynamic
elements (e.g., animations or pop-ups) are present, the features may limit its applicability.

Beyond its predictive capabilities, the EVAE model holds significant potential as a
foundational component for generative design and adaptive user interfaces. By integrating
EVAE’s attention maps into automated design pipelines, the model can function as a spatial
constraint or a fitness function in optimisation algorithms. Such a system could auto-
matically rearrange interface elements positioning critical navigation cues or emergency
notifications within the predicted high-attention regions. This transition would enable the
creation of self-adjusting, age-inclusive digital environments that dynamically align with
the physiological baselines of older users.

This study has limitations that should be acknowledged. First, reliance on a single
public dataset limits generalisability across elderly cognitive and visual diversity. The
current analysis primarily represents relatively healthy ageing; however, neurodegenera-
tive conditions such as Alzheimer’s disease (AD) are known to further impair oculomotor
control, potentially leading to even more pronounced central fixation or reduced peripheral
awareness. Future research should explore whether EVAE can be adapted as a non-invasive
screening tool by identifying deviations in the attentional priors of AD patients. Further-
more, considering that visual scanning patterns are influenced by cultural cognitive styles,
validating the model across diverse cultural backgrounds is an essential next step. Inte-
grating these exploratory directions would ensure that age-inclusive design tools remain
equitable and effective for a global, heterogeneous ageing population. Second, Gaus-
sian modelling of fixation density, while standard, may inadequately represent elderly
attention’s increased spatial dispersion. Alternative probabilistic models (e.g., mixture
distributions, kernel density estimation with adaptive bandwidths) warrant investigation.
Additionally, a limitation of the current implementation is that age-related optical changes
are not explicitly modelled at the image-transformation stage. Future work could combine
EVAE with calibrated models of ageing-related colour appearance or with participant-
level measures of visual acuity, contrast sensitivity, and lens density. Third, our focus
on static images excludes dynamic stimuli prevalent in real-world interfaces. Extending
EVAE to video and interactive content requires incorporating temporal prediction and
action–attention coupling.
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The choice of 128 × 96 as the internal processing resolution reflects a deliberate
alignment between architectural design and behavioural scope. The EVAE model targets
the early attentional orienting phase of interface viewing, during which fixation behaviour
is predominantly governed by global scene structure, luminance salience, and spatial prior
knowledge rather than fine-grained semantic content. At this temporal scale, a coarse
spatial representation is empirically appropriate. However, this design introduces a clear
constraint on applicability. Interactive elements with small spatial extent, including icons,
form controls, and peripheral indicators, may be insufficiently represented at this resolution.
This is consistent with our observation that the model systematically underpredicts fixations
on small, peripherally located targets.

Accordingly, the practical contribution of EVAE should be precisely scoped. The
model is best understood as a scalable tool for structural accessibility auditing, specifically
for evaluating whether primary organisational regions of an interface align with the spatial
attention characteristics of older adult users. It is not a substitute for hardware-based eye-
tracking in tasks requiring element-level fixation precision. For design decisions involving
fine spatial granularity, complementary approaches, including empirical user studies or
high-resolution saliency models, remain necessary. Future work will investigate multi-
scale architectures capable of integrating global structure with local detail, with the aim
of extending predictive reliability to smaller interface elements without compromising
computational efficiency in early-stage design evaluation.

7. Conclusions
We introduced the EVAE model, a computational method that integrates six empir-

ically validated perceptual features to predict visual attention in older adults. Unlike
generic saliency models, EVAE explicitly incorporates age-specific mechanisms, including
reduced colour sensitivity and compensatory spatial strategies. Our key findings demon-
strate that elderly visual attention is not only a degraded version of younger attention,
but also a distinct process affected by compensatory strategies. Through SHAP-based
interpretability analysis, the results indicate that centre bias and early attentional prior
(representing early orienting spatial priors) are the dominant predictors of elderly fixation
patterns. This confirms our hypothesis that as bottom-up sensory processing declines, older
adults rely increasingly on top-down, conservative spatial strategies. The proposed method
achieves strong performance (AUC-Judd = 0.92) on elderly datasets, which significantly
outperforms deep learning baselines trained on younger populations. The implications of
this work extend to both theoretical research and practical application. Theoretically, we
provide computational evidence for the ‘processing speed–accuracy trade-off’ in ageing vi-
sion, quantifying how physiological constraints shape attentional deployment. In practice,
EVAE offers designers and ergonomists a scalable, cost-effective tool to evaluate interface
accessibility without requiring specialised eye-tracking equipment.
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CC Correlation Coefficient
KLD Kullback–Leibler Divergence
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