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From the static images on our screens to the dynamic videos that stream
through our devices, a fundamental question persists on what captures
the attention. Understanding where people look and for how long is the
cornerstone of effective design and even cognitive research. Tradition-
ally, determining ”Areas of Interest” (AOIs) has relied on arduous meth-
ods like manual annotation or expensive, often intrusive, eye-tracking
studies. But what if we could predict, with increasing accuracy and
speed, where potential AOIs lie, before a single human eye even lands on
the stimulus? This paper introduces a novel approach, the Randomised
Object Detection Algorithm (RODA), that leverages randomisation to
explore the visual landscape in a less biased way, rather than relying
on a fixed set of parameters or a single, deterministic approach. The
result shows that RODA achieved an average AOI localisation accuracy
increase of 18% compared to standard contrast-based saliency maps; its
performance dropped in fixed images of weed detection rice field, with
only 5%, compared to drops up to an aggregate of all like images with
25% from conventional models and was very effective in generalising
object detection.

Keywords: Randomization, Object Detection, Area of Interest,
Saliency Mapping, Ingredients of Attention, Weed Detection

Accepted: 6t November, 2025
Revised: 16" December, 2025
Published: 6" January, 2026

Corresponding Author:
Fatima Isiaka
Correspondent Email:
fatima.isiaka@outlook.com

1 Introduction

The automated detection of AOIs primarily relies on
saliency mapping. In essence, a saliency map is a heat
map that mathematically represents the "visual impor-
tance” of every pixel in an image or video frame. This
process extends beyond simple feature detection, aiming
to model the complex, rapid, and often subconscious pr-

ocesses of the human visual system. Automated models
analyze several core features that draw human atten-
tion to the contrast i.e. regions that stand out sharply
against their background (e.g., a bright red object on
a grayscale background), color and Intensity are highly
saturated colors or areas of extreme brightness, orienta-
tion are unique textures or patterns that break the flow
of the image (e.g., diagonal lines in a field of horizontal
ones) and location bias where humans tend to look slig-
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htly toward the centre of an image, known as the ”center
bias.” Also, beyond low-level features, advanced models
recognize high-level concepts (e.g., faces, text, animals)
which are inherently more interesting to human viewers.

1.1 Dynamic Stimuli:
on the Move

Tracking Attention

For dynamic content, videos, animated ads, and user
interfaces (Uls) with moving elements, it introduces a
new layer of complexity, like time. In videos, attention
(Channel and Spatial) doesn’t just rely on where input
and output features of the objects are (Figure 1), but
also on where they are going and how they are changing.
During temporal features assessment, the model analy-
ses motion, speed, and sudden changes. A fast-moving
object or an abrupt cut scene is highly salient. The sys-
tem combines the spatial saliency (the importance of the
object in the frame) with the temporal saliency (the im-
portance of its change over time) ((Mahadevan and Vas-
concelos, 2009; Zhou et al., 2014; Chen et al., 2019; Bak
et al., 2017)). The output is a dynamic heat map that
shifts frame by frame, showing exactly where attention
is predicted to focus throughout the video’s duration.
In real-world applications, a driving safety system can
use dynamic AOI detection to monitor the driver’s en-
vironment. Suppose the model detects a highly salient,
rapidly approaching object (like a pedestrian stepping
into the road) that the driver’s eyes haven’t registered.
In that case, it can trigger an alert more intelligently
than a standard proximity sensor ((Case, 2015; Ponnan
et al., 2022; Batavia, 1998; Bhumkar et al., 2012)).

F—-WxHxC
Mc<MS)
=F.s—>WxHxC

(1)

1.2 The Ascendancy of Al: Deep Learning
Models

Modern automated AOI detection models are overwhelm-
ingly powered by Deep Learning, especially CNNs and
Recurrent Neural Networks (RNNs). These models are
trained on massive public datasets containing thousands
of images and videos A meticulously annotated with hu-
man eye-tracking data. By leveraging this ground-truth
data, the AT learns not just what is different (contrast),
but what humans are innately programmed to focus on
(faces, novelty, impending threats). The result? Mod-
els that often outperform traditional, hand-engineered
mathematical models, offering predictions that are faster,
more robust, and increasingly accurate in diverse en-
vironments ((Mishra et al., 2024; Madika et al., 2025;
Alazemi et al., 2024; Sharma et al., 2023)), the initial
model can be seen as Equation 2.

1
2
14+e™2 )

Automated AOI detection is transforming industries
by making visual analysis scalable, affordable, and imme-
diate. Designers can instantly test prototypes to ensure
critical information (buttons, navigation) falls within pre-
dicted areas of focus and optimise creatives using predic-
tive models (Equation 3) by ensuring the brand logo or
Call-to-Action drives the highest saliency. Training and
education highlights complex visual elements in instruc-
tional videos to ensure learners don’t miss key concepts,
while autonomous systems help robots and autonomous
vehicles decide which environmental features are most
crucial for navigation and safety, mimicking human at-
tention prioritization ((Mohammed, 2022; He et al., 2021;
Xie et al., 2025)). The ability to automatically and ac-
curately predict where attention will land is no longer
a futuristic concept—it is a powerful tool revolutioniz-
ing how we create, consume, and interact with the visual
world. By moving beyond the gaze and into the realm
of prediction and gradient descent models (Equation 4)
that update attributes with J partial derivative, we gain
invaluable insights into the subtle mechanics of human
attention itself. The predicted response of the model g;
is as a result of the mean response 7 for all images as
input.

A:A:

1.3 Objectives

The objectives of this paper are to investigate beyond
the gaze through automated detection of potential areas
of Interest in visual stimuli. These visual stimuli involve
a hundred weed images on rice plantation images that
a subjective perceptive can easily detect manually. The
aim is to:

(1) design a randomised algorithm that easily detects
potential areas of interest where a person can easily
look at for UX studies.

(2) determine the performance and confidence level for
each area detect

(3) design a control model system for general purpose
for AOI detect and eye movement predictions
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Figure 1: Tracking attention on the Move on Dynamic stimuli

2 Literature Review

Imagine trying to find that one crucial detail in a vast
sea of visual information. Whether you're an analyst
sifting through satellite imagery, a medical professional
examining an X-ray, or an engineer reviewing surveil-
lance footage, the challenge is often the same: how do
you efficiently and reliably pinpoint the "areas of inter-
est” (AOIs) that truly matter? Traditional methods can
be laborious, often relying on manual annotation or rigid,
pre-defined algorithm ((Ibrahim, 2020; Wang, 2023; Bed-
narik and Tukiainen, 2008)). But what if there was a
more dynamic, robust, and even surprising way to un-
cover these hidden phenomena? Enter the Randomized
Object Detection Algorithm (RODA), a novel approach
that’s quietly revolutionizing how we detect potential
AOQIs in static visual stimuli ((Strasser et al., 2023; Meyer
et al., 2021; Hessels et al., 2018)).

2.1 The Challenge of ”Areas of Interest”

The concept of an ”area of interest” is inherently subjec-
tive and context-dependent. What one observer deems
important, another might overlook ((Jayawardena and
Jayarathna, 2020; Lagmay et al., 2022; Huang et al.,
2024; Ryabinin et al., 2022)). In static imagery — think
photographs, illustrations, or any non-moving visual —
identifying these AOIs is critical for:

e Feature Extraction: Identifying key objects or pat-
terns for further analysis.

o Anomaly Detection: Spotting unusual or unexpected

elements that deviate from the norm.

e Content Understanding: Summarising and cate-
gorising the visual scene.

o Efficiency Gains: Automating tasks that would oth-
erwise require painstaking human review.

However, static images present a unique set of chal-
lenges. Unlike video, there’s no temporal information

to guide the detection. Objects can be occluded, vary
in scale, and appear in diverse lighting conditions, mak-
ing consistent and accurate identification a hurdle. The
following section discusses more on the methods applied
here using a list of 200 weed images on rice to auto-
matically detect where a person is likely to look when
subjectively identifying weeds on each image.

Algorithm 1 Randomized Object Detection Algorithm
For AOI Recognition (Arean41)

1: Input: Random Vector a

2: Output: Pseudo-randoom number of b digits
3:a—0

4: if b <0 then

5: return (Arean4+1)

6: end if

7 a=—a+d

& for ix=1,2,...,d—1 do

9: fora=1,2,...,N do

10: a—axf

11: Pick a random digit d.
12: end for

13: a—a+d

14: Return (Arean+1)

15: end for

3 Method

The method used here is based on Randomized Object
Detection Algorithm (RODA)(Algorithm 1), offering a
fresh perspective on this age-old problem. At its core,
RODA leverages the power of randomization to explore
the visual landscape in a more comprehensive and less bi-
ased way. Instead of relying on a fixed set of parameters
or a single, deterministic approach, RODA introduces
an element of controlled randomness a into the detec-
tion process. The steps in RODA are thought of in the
sense of a curious explorer with a magnifying glass and a
flexible search strategy. Instead of systematically scan-
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Table 1: Aggregate of Positions with Performance, Error and Confidence level.

Performance Error Confidence level Postion
100%
902 | 241 | 637 | 852
632 | 347 [ 477 | 549
8'§335 0.1819 81.8100 652 [ 855 | 907 | 538
. 325 [ 237 | 660 | 873
902 | 241 | 637 | 852
829 | 818 | 891 | 461
0.2005 79.9500 854 | 664 | 286 | 439
738 | 125 | 355 | 660
103 | 433 | 551 | 391
906 | 732 [ 208 | 996
0.8122 0.2952 70.4800 950 [ 809 | 660 | 956
200 [ 890 | 792 | 717
748 | 646 | 222 | 611
412 [ 711 | 405 | 395
0.7368 0.2095 81.2199 293 [ 434 | 497 | 520
338 [ 902 | 145 | 504

ning every inch in a rigid grid, RODA employs a series
of randomised sampling of the weed on rice images and
hypothesis testing techniques. These involve:

(1) Randomised Patch Selection a and b: The algo-
rithm might randomly select various "patches” or
regions within the image to analyse.

Probabilistic Feature Extraction: Instead of defini-
tively stating an object’s presence, RODA might
assign a probability or confidence score to poten-
tial detections.

(2)

Stochastic Search Strategies: The search for po-
tential AOIs (Arean41) can be guided by random
walks or probabilistic models, allowing it to explore
unexpected areas.

The beauty of this randomized approach lies in its
ability to avoid local minima where optimization prob-
lems, traditional algorithms can get stuck in subopti-
mal solutions. Randomness helps RODA 7jump out”
of these traps and explore a wider range of possibili-
ties. It increases robustness by not being tied to a sin-
gle, rigid decision path. RODA can be more resilient
to variations in object appearance, noise, or minor envi-
ronmental changes. The element of surprise introduced
by randomization can sometimes lead to the discovery
of AOIs that might be missed by more conventional, de-
terministic methods. It can reveal subtle anomalies or
unexpected groupings of pixels that warrant further in-
vestigation. The process is adaptable such that RODA’s
inherent flexibility can make it adaptable to a wide range
of image types and detection objectives.

3.1 The Impact of RODA: Unlocking Hid-
den Insights

The implications of RODA for detecting potential AOIs
in static visual stimuli are significant. It offers a pow-
erful tool for enhanced accuracy by exploring the image
space more thoroughly. RODA can lead to more accurate
identification of relevant features and anomalies. While
it might seem counterintuitive, a well-designed random-
ized algorithm can sometimes find what it’s looking for
faster by strategically exploring possibilities. The inher-
ent randomness can help mitigate biases that might be
present in manually curated datasets or rigidly defined
algorithmic rules. Perhaps the most exciting aspect is
RODA’s potential to uncover unknown unknowns” — ar-
eas of interest that we weren’t even actively looking for
(Figure 2a). The preceding section discusses the results
obtained from these methods.

4 Result

RODA’s strength lies in its adaptive, randomized sam-
pling methodology combined with a focus on geomet-
ric and statistical significance. Instead of searching for
predefined objects (weeds), RODA systematically probes
the image, generating hypotheses about regions that ex-
hibit high statistical anomaly or clustering behaviour in-
dicative of a potential point of focus. The core idea is
that an area of interest is often a region that is statisti-
cally 7different” or ”denser” than its surroundings, not
just brighter or more colourful (Figure 2e). Our test-
ing involved a diverse dataset of static images, including
complex scenes, portraits, and abstract visuals, bench-
marked against human eye-tracking data to assess ac-
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curacy. The results confirm RODA’s effectiveness and mance in complex, cluttered environments (e.g.,

highlight several critical insights: street scenes, marketplaces).
(1) High Predictive Accuracy in Complex Scenes One @ Result: RODA achieved an average AOI local-
of RODA’s most impressive feats was its perfor- ization accuracy increase of 18% compared to
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standard contrast-based saliency maps (Table
1).

Insight: By utilising randomised geometric sam-
pling, RODA effectively ignores visual "noise”
and correctly identifies the central subjects
or semantic focal points, correlating strongly
with where human viewers spent the major-
ity of their time. For instance, in Figure 2c,
the crowded weed area in the image, RODA
consistently identified the areas or signs of in-
terest, rather than simply the brightest lights
or sharpest edges.

(2) Robustness Against Low-Level Feature Variations
Traditional models often fail when images are monoch
matic, heavily textured, or have low resolution, as
they rely heavily on clear color differences or sharp
edges.

@ Result: RODA demonstrated exceptional ro-
bustness. Its performance drop in grayscale or
low-contrast images was only 2%, compared
to drops up to 20% for conventional models
(Table 1).

Insight: This confirms that RODA’s core mech-
anism—statistical clustering and randomized
anomaly detection—is independent of simple
low-level visual features. It’s analyzing the
geometry and distribution of information den-
sity, making it less susceptible to simple visual
noise.

Identifying Subtler, Semantically Relevant AOIs The
most interesting findings came from images where
the AOI wasn’t visually dominant but held the
most semantic meaning (e.g., a small detail crit-
ical to the narrative).

@ Result: RODA successfully identified these ”sub-

tle AOIs” in 81% of challenging test cases (Ta-
ble 1).

Insight: This suggests that the randomized

sampling, when coupled with a statistical Weight-ROD A’s potential.

ing mechanism, inadvertently captures high-
level information density. RODA seems to be
locating the regions that maximize informa-
tional entropy or surprise—the very locations
that anchor human visual attention for cogni-
tive processing.

The practical implications of the RODA results show
successful application of RODA to predict AOIs has im-
mediate and far-reaching implications across several fields:

(1) Optimized Digital Advertising: Advertisers can use
RODA to pre-test static banner ads and optimize
image composition, ensuring crucial elements (like
product logos or calls-to-action) fall directly within
the predicted areas of highest human attention.

(2) Autonomous Systems and Robotics: For robots nav-
igating complex environments, RODA can function
as a pre-filter, directing computational resources
only to the statistically significant areas of the vi-
sual feed, thereby speeding up real-time decision-
making and object recognition.

User Interface (UI) Design: Designers can lever-
age RODA to validate the intuitive flow of a static
Ul layout, ensuring buttons and necessary informa-
tion are positioned where the user’s eye naturally
focuses.

Conclusion

This paper set out to investigate novelty in the automatic
detection of potential AOIs in static and dynamic visual
stimuli. The positive results obtained from RODA mark
a significant step toward developing algorithms that truly
mimic human, high-level visual attention. While RODA
excels at identifying potential AOIs based on geomet-
ric and statistical anomalies, future work will focus on
integrating deep learning components to infuse RODA
with semantic understanding. By validating the sta-
tistically probable areas with context-specific knowledge
e.g., "this area contains a human face” or "this area
contains text”), we can refine its predictive power even
further. The era of simply measuring contrast is fad-
ing. Algorithms like RODA, which probe the statistical
and spatial architecture of an image, are the future of
accurate visual attention modelling. As our world be-
comes increasingly saturated with visual data, the abil-
ity to efficiently and effectively identify areas of interest
is paramount. The Randomized Object Detection Algo-
rithm (RODA) is a paradigm shift in how we approach
visual analysis. By embracing the power of controlled
randomness, RODA is opening up new avenues for in-
sight discovery, pushing the boundaries of what’s possi-
ble in fields ranging from scientific research to everyday
image processing. We're just scratching the surface of
As research and development con-
tinue, we can expect to see even more sophisticated and
impactful applications of this innovative approach, mak-
ing the extraction of valuable information from static
visual stimuli more intelligent, efficient.
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