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Abstract The condition of urban infrastructure is an important aspect in ensuring the safety and well-being of

pedestrians. This is especially important around public health facilities, such as sidewalks surrounding hospitals.

Computational tools have already demonstrated their potential in this context, including surface material classification

and obstacle detection; however, most solutions require labeled data, which is costly and time-consuming. To

address this gap, we propose two strategies for salience prediction in videos that reduce the dependence of manual

labeling. The first leverages human visual attention, converting user clicks into attention maps. The second employs

the SAM2 model to generate labeled video data more efficiently. The outputs of this process are used to train

specialized saliency detectors to identify general cracks, surface defects, and key sections of tactile paving, such as

directional changes. Also, we apply these saliency models to video cropping in order to highlight the most relevant

areas within each frame. This approach enables content-aware video retargeting, supports object-focused attention,

and facilitates sidewalk condition analysis by emphasizing defects and potential hazards. This work presents the

following contributions: (1) development of a click-based video annotation tool, (2) development of two saliency

detection strategies for sidewalks video cropping, (3) training and evaluation of saliency models for sidewalk structure

analysis, and (4) successful application of these introduced methods for video cropping. Our experimental results

showed that saliency models were able to highlight relevant information in urban environments, achieving an AUC

of 0.582 in the best case for human-based attention and 0.914 for tactile-based attention, thereby enhancing assistive

technologies for visually impaired individuals.
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1 Introduction

With the rise of social networks, smartphone usage andmobile

video recording, there is an opportunity to leverage crowd-

collected data to enhance the decision-making process. This

is particularly relevant in Urban Informatics studies, where

image-based datasets help provide information on land use

[Miranda et al., 2020], sidewalk infrastructure [Saha et al.,

2019], pedestrian obstacles [Park et al., 2020], among others.

An important aspect of urban infrastructure is its mainte-

nance. Regular inspections are essential, as they help identify

deteriorating conditions and objects that can hinder pedestrian

movement. However, while necessary, these assessments can

be costly and time-consuming, often resulting in inadequate

maintenance and reduced walkability [Yussif et al., 2024].

In addition, deteriorated sidewalks increase the risk of falls,

leading to higher rates of hospital admission [Abreu et al.,

2018; Lee et al., 2022]. For visually impaired people, tactile

paving serves as a guide to navigating public spaces, signaling

changes in direction and the presence of curb ramps. However,

to ensure its effectiveness, it must be properly maintained

[Yussif et al., 2024].

In this context, many computational tools support the de-

scription and evaluation of the built environment [Shi et al.,

2021; Zünd and Bettencourt, 2021]. Regarding sidewalks,

studies have generated datasets that highlight obstacles for

visually impaired pedestrians and individuals with reduced

mobility [Park et al., 2020; Baba, 2021; Xia et al., 2023; Tang

et al., 2023]. Despite the existence of these datasets, there is

a lack of labeled data on ground conditions, especially based

on egocentric videos, a category of footage recorded from

the first-person point of view. A possible strategy to address

this issue, but one that requires the existence of high-quality

annotated data, is the use of visual salience models, a class

of neural networks capable of identifying what is visually

relevant to a person [Hosseini et al., 2024; Jain et al., 2021].

However, most of them lack specialization for the urban in-

frastructure context of pedestrians.

In this study, we propose two strategies for salience pre-

diction in egocentric videos. Figure 1 shows the pipeline

of the proposed method, which is organized in two main

phases: model learning and model prediction. Model learn-

ing involves multimodal data acquisition using the SideSeeing

technology [Damaceno et al., 2024] and dataset annotation.
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This paper explores two saliency map generation strategies:

human attention and tactile paving attention, which are used

to train saliency detection models. During the model pre-

diction phase, the saliency maps produced by the previous

models are employed for performing video cropping.

The first saliency generation strategy relies on human vi-

sual attention, applying post-processing techniques to trans-

form user clicks into attention maps. The second strategy

leverages the SAM2 model [Ravi et al., 2024] along with

post-processing techniques to generate labeled video data

more efficiently. In this approach, we consider the segmen-

tation model’s output as weak labels for the post-processing

techniques. The outputs of both strategies are used to train spe-

cialized saliency detectors. In the first approach, the saliency

map highlights general cracks, surface defects, or obstacles.

In the second, it identifies tactile paving and marks key sec-

tions. These models can serve as the foundation for video

cropping tools, leveraging salience maps to identify the most

significant parts of videos and adjust frames to retain only the

areas of interest.

The cropping process is a linear operation modeled as an

optimization problem, aiming to maximize attention within

a given bounding box shape. This process can be used, for

example, to remove unnecessary parts of a video, change its

orientation to suit different screen formats in images [Apos-

tolidis and Mezaris, 2021] or video [Le et al., 2024], focus

attention on specific actions in the scene [Jana et al., 2021],

among other applications. A common challenge in this pro-

cess is to determine the best cropping window in each frame,

which can be subjective or guided by techniques such as ob-

ject tracking [Taylor et al., 2016] and visual saliency [Ota

et al., 2024].

This work extends the preliminary advances described in

Costa et al. [2024]. The main contributions are summarized

as: (1) development of a click-based video annotation tool,

(2) development of two new saliency detection strategies

for sidewalks video cropping, (3) training and evaluation of

saliency models to identify sidewalk structures and associated

issues, and (4) application of the generated models in a video

cropping framework.

The paper is organized as follows. Section 2 reviews re-

cent studies on salience prediction, video cropping, and side-

walk analysis. Section 3 details the dataset used in this work,

presents the human attention and tactile paving methods for

generating saliency maps, and explains the process of video

cropping. Section 4 reports the outputs from both methods

and provides a qualitative analysis of a video cropping appli-

cation. Finally, Section 5 concludes the paper and suggests

potential future work.

2 Related works

This section presents studies on salience prediction, video

cropping, and sidewalk analysis. We focus particularly on

saliencemodels based on human visual attention and on tactile

paving detection, explaining the rationale behind the strate-

gies developed in our study.

2.1 Salience prediction and video cropping

Several studies on human visual attention have utilized

machine-learning techniques for salience prediction. For in-

stance, the models named SalEMA and SalCLSTM adapted

neural networks to incorporate temporal information, demon-

strating enhanced performance in handling video salience

prediction [Linardos et al., 2019].

Later, ViNet [Jain et al., 2021] was proposed as an architec-

ture for audio-visual and non-audio-visual saliency prediction

and was successful in the task by using a 3D fully convolu-

tional architecture design. This 3D architecture is also studied

with hierarchical learning and domain adaptation to the same

applications [Bellitto et al., 2021].

Another task related to visual human attention is movie

editing. Strong correlations have been identified between

movie editing annotations and spectators’ gaze distributions

[Bruckert et al., 2023], which could help optimize editing

based on human visual attention. Similarly, our study inves-

tigates this concept by capturing mouse clicks to track and

generate visual attention distributions. We then use this in-

formation to fine-tune models using a specific dataset related

to sidewalk footage.

Visual attention has been used to assist in video cropping,

which includes a task known as reframing (i.e., changing the

video orientation from landscape to portrait and vice versa).

For this task, a well-established model named SalCrop is

based on spatio-temporal salience [Zhang et al., 2022]. Their

proposed framework is built through four modules: video

scene detection, video salience prediction, adaptive cropping,

and video codec. The first module is responsible for splitting

the data into short sequences; the second module identifies

salient content in the frames; the third handles the cropping

task, finding the optimal strategy; and the last module man-

ages the encoding and decoding of the video content. This

pipeline is well established and used in other works [Aposto-

lidis and Mezaris, 2021; Tang et al., 2022; Ota et al., 2024].

Moreover, recent frameworks leverage the temporal com-

ponent of videos Tang et al. [2022]; Imani and Islam [2024].

In this case, one such solution is based on a mechanism that

detects jumping frames and smooths their importance, which

arguably reduces the jitter of resized videos [Tang et al., 2022].

Similarly, Zhang et al. [2022] also includes an initial stage

for scene detection to split the videos into short sequences,

followed by a salience detection module.

Unlike these studies, our work focuses on fine-tuning mod-

els for egocentric urban footage to highlight salient compo-

nents of urban environments that are most relevant to pedes-

trian experience and spatial navigation. In addition, as a case

study, we apply these models to video cropping to emphasize

important sidewalk segments for pavement analysis.

2.2 Sidewalk analysis and tactile paving

In computer vision, various methods can be used for side-

walk analysis, particularly to assess their features and condi-

tions. One group of studies focuses on using image processing

techniques or adapting deep learning models to detect tactile

paving and other elements. Another group emphasizes cre-

ating datasets to support the identification of sidewalk struc-
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Figure 1. Overview of the proposed pipeline. There are two strategies for saliency generation. Human attention is generated from user clicks while tactile

paving attention uses SAM2 segmentation masks. Models trained on these attention masks are used to detect saliency maps and applied for video cropping.

tures, including tactile paving, and objects that may hinder

walkability.

The work by Ghilardi et al. [2016], for example, explored

Canny and blur filters, followed by the application of the

Hough Line Transform to detect tactile paving. The authors’

approach achieved an accuracy of 88.48% on a set of images

captured specifically for the study. The images were taken by

users using a smartphone camera positioned 1 meter above

the ground and angled at 45 degrees.

Ito et al. [2021] presented a tactile paving detection method

based on dynamic statistical thresholding in the HSV color

space. The authors designed a device composed of a depth

camera and a microcontroller board. The images captured

by the camera are cropped by 30% on all sides. The straight

border of the tactile paving is detected using the Hough Line

Transform. The study reports an accuracy of 91.65% for

detecting tactile paving in a set of 870 images captured world-

wide.

Regarding deep learning models, the work by Chen et al.

[2023], for example, proposes a system based on MobileNet

to detect tactile paving in real time using a smartphone cam-

era, helping pedestrians navigate by providing information

through text messages. Niu and Bao [2024] proposed an archi-

tecture based on the Fast-SCNN to more effectively address

the negative impact of lighting conditions on the segmenta-

tion masks of tactile paving. The study by Li et al. [2024]

introduced the TPSegmentDiff, a diffusion-based model that

includes a voting mechanism for segmenting tactile paving.

Another part of studies focus on the creation of datasets.

This is the case of the work by Theodosiou et al. [2020],

which developed a dataset of egocentric images focused on

pedestrian walking barriers, such as cracks, potholes, tree,

mail box, broken pavement, among others. Using this dataset,

the authors trained and evaluated several deep neural net-

works, achieving an overall accuracy of 88.4% with the best-

performing architecture.

Saha et al. [2019] created Project Sidewalk, a web-based

initiative that enables users to label images fromGoogle Street

View while virtually exploring streetscapes. The available

labels include: curb ramps, missing curb ramps, obstacles, no

sidewalk, and surface problems. Users are invited to navigate

the tool and click to mark where these issues occur.

The WOTR dataset, an acronym for Walk On The Road,

was created by Xia et al. [2023]. The authors adapted YOLO-

based models to classify 15 categories of objects related to

pedestrians with visual impairments. One of these categories

is tactile paving, which, depending on the sidewalk, may be

inaccessible due to the presence of other objects that can act

as obstacles, such as parked vehicles or roadblocks.

In addition, Tenji10K, introduced in Takano et al. [2024],

is a dataset containing 10,000 path images organized into 20

sequences of first-person videos featuring tactile paving in

Japan. The videos were recorded at a resolution of 640×480

pixels and 30 frames per second, using smart glasses posi-

tioned 1.7 meters above the ground. Each image in a sequence

is accompanied by a mask representing the tactile paving, an-

notated using two boundary lines. This approach is possible

because, in the first-person view with the user walking on the

tactile paving, it appears as a region extending vertically from

the bottom to the top of the image, making it representable

by two lines.

Our study focuses on proposing robust methods for pro-

cessing challenging egocentric videos captured by cameras

mounted on pedestrian bodies to analyze pavement condi-

tions. We identify the most relevant parts of the video using

user clicks and segmentation models.

3 Materials and methods

We propose techniques to detect prominence in videos, whose

results can be used in video cropping tools. Our work falls

within urban informatics and utilizes a dataset of sidewalk

footage recorded by pedestrians, focusing on ground-level

features. Section 3.1 describes the dataset used in this study.
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To gather saliency data, we developed two strategies, both

initiated by user clicks, to identify regions of interest within

the video. The first strategy is based on human visual atten-

tion, focusing on the subjectivity of users as they determine

which elements in the video frames may pose obstacles or hin-

der pedestrian safety. Participants were instructed to watch

the videos and click on elements that met these criteria. Sec-

tion 3.2 describes this method in detail.

In the second strategy, described in Section 3.3, we com-

bined segmentation models with pseudo-labeling techniques

to enhance the identification of relevant areas in the scene.

The goal is to detect specific structures and potentially iden-

tify ground irregularities. In this approach, participants were

instructed to click exclusively on the tactile paving.

We apply our saliency maps to a cropping algorithm that

selects the most informative region in each frame. By maxi-

mizing attention within fixed crop dimensions, the method

ensures key elements – such as obstacles or tactile paving –

remain visible, supporting safety-focused video tools. This

new approach is described in Section 3.4.

3.1 Dataset

The data utilized in this research is part of the SideSeeing

project[Damaceno et al., 2024], which aims to facilitate the

collection and analysis of multimodal content related to side-

walks. The SideSeeing collection framework employs smart-

phones mounted on chest supports to capture video, audio,

and sensor data (e.g., accelerometer, magnetometer) while

walking through various environments. This approach allows

for the detailed documentation of ground-level features and

sidewalk conditions. The most recent dataset, in particular,

focuses on video recordings taken during walks near hospi-

tals and transportation hubs, providing valuable insights into

diverse, real-world settings.

This dataset is compelling for several reasons: (1) it

presents samples with real challenging conditions, such as

motion blur and abrupt motions, caused by the pedestrian

walking; (2) the ground-facing camera conditions make it

ideal to capture and analyze paving conditions. Figure 2 dis-

plays some sample frames from this dataset to better illustrate

the characteristics of the scene.

Moreover, this strategy differs from the traditional method

of acquiring urban data, which is often collected from a car-

centric perspective [Park et al., 2020]. By using video footage

recorded by pedestrians, we obtain a more detailed view of

pedestrian pathways, enabling an in-depth analysis of ground

and sidewalk features.

The subset used in this study consists of nine video files

recorded in three Brazilian cities. As shown in Table 1, the

dataset includes a total of 65,000 frames (36 minutes of video)

for the human visual attention-based method, and 32,000

frames (13.5 minutes of video) for the tactile paving-based

method. The videos were recorded at 30 frames per second

with a resolution of 1280 × 720 pixels. Seven videos were

used in the human attention-based method, and five in the tac-

tile paving-based method. Three videos overlap between the

two approaches; in these cases, only the segments containing

tactile paving were included in the tactile paving method.

Table 1. Dataset Summary Table - Total duration in seconds and

total number of frames for each video sample extracted from the

dataset, annotated using human attention and tactile paving methods.

Human attention Tactile paving

ID Duration Frames Duration Frames

J-HSV-B01 241.94 7,259 241.94 7,259

J-HSV-R01 - - 139.82 4,195

J-HSV-R02 - - 69.66 2,090

S-CHE-B01 330.32 9,910 - -

S-HM-B01 321.43 9,644 321.43 9,644

SP-HC-R01 239.77 7,194 - -

SP-HC-R02 689.88 20,680 40 1,200

SP-HU-R01 190.71 5,722 - -

SP-HU-R02 151.08 4,533 - -

All 2,165.13 64,942 812.85 23,388

3.2 Saliency based on human attention

In everyday situations, many elements can capture human

attention, and most studies explore this in generic videos and

contexts [Jiang et al., 2015; Gitman et al., 2014]. But what

specifically draws a person’s attention while walking? We

address this question by identifying attention points through

saliency maps.

The goal is to develop a method based on human attention

that can be applied more broadly, allowing the results to be

used for extracting key information from egocentric videos.

The following sections present details on the participants and

labeling protocol, as well as salience map generation, model

selection, and evaluation metrics.

Participants and labeling protocol

We developed an application to annotate videos by clicking

on points of interest while following the video walkthrough.

Eight participants annotated seven video files, generating a

total of 10,685 clicks across different frames. We chose to

register at least one click for every 60 video frames, inspired

by previous studies on salience detection [Jiang et al., 2015;

Kim et al., 2017]. The goal was for all annotators to label

the same videos, expecting that their clicks converged and

demonstrated consistency in attention patterns.

Each click produces a coordinate pair (x, y), representing
the mouse position within the video frame at the time of

the click. This position indicates the location identified as

significant by the annotator. Our methodology is informed

by studies exploring the relationship between mouse clicks

and eye gaze in visual attention research [Chen et al., 2001;

Zhu et al., 2023], as well as research suggesting that discrete

clicks provide a clearer record of points of interest [Kim et al.,

2017].

We adopted the following instructions for labeling the

videos. “While viewing the videos, identify objects or ar-

eas that may impede the safe movement of pedestrians. To do

this, click on these objects or areas on the screen. Consider

diverse pedestrian profiles, including people with disabilities,

the elderly, and children. At least one click must be made

every 60 frames, a task that is automatically enforced by the

tool, which pauses the video to prompt a click. Examples

of obstacles include: a) Temporary objects: boxes, garbage

bags, traffic cones, and similar items; b) Improperly placed
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Figure 2. Eight frames showing the ground of sidewalks near hospitals in three Brazilian cities.

fixed elements: poorly positioned poles, signs, trash bins,

and others; c) Holes and uneven surfaces, which are also

classified as obstacles; and d) Other obstacles: bicycles on

sidewalks, debris, or any object that forces pedestrians to alter

their path.”

These labeling instructions ensure that the annotations re-

flect a comprehensive view of pedestrian accessibility, ac-

knowledging that the concept of an obstacle is not limited to

just one category of object but encompasses a broader range

of real-world challenges.

Salience map generation, model selection, and evaluation

metrics

Our annotation protocol generates clicks, which are insuffi-

cient for training salience prediction models. Therefore, we

adopt a strategy to convert these clicks into salience maps,

which serve as ground truth for each frame in the dataset’s

videos [Jiang et al., 2015; Zhang et al., 2019].

First, we applied two-dimensional cubic interpolation to

propagate each coordinate pair (x, y) across the video frames,
ensuring a smoother spatial distribution of annotations. Next,

we removed outlier points using a z-score filter, excluding

points beyond 1.2 standard deviations from the mean. Finally,

we generated the final saliencemaps using a GaussianMixture

Model with a standard deviation of 6% of the video width,

based on themethodology outlined in Gitman et al. [2014] and

Lyudvichenko and Vatolin [2019]. Specifically, the salience

map at each frame is computed as a sum of Gaussian functions

centered at the annotated points, as formulated in Equations

(1) and (2):

G(x, y) = 1
2πσ2 exp

(
− (x − x0)2 + (y − y0)2

2σ2

)
(1)

I(x, y) =
∑

i Gi(x, y)
max (

∑
i Gi(x, y)) (2)

where (x0, y0) is the center of a Gaussian, σ is the standard de-

viation, (x, y) are pixel coordinates in the frame grid,Gi(x, y)
represents the Gaussian function for the i-th center and I(x, y)
is the sum of the Gaussians – this sum is scaled to be in the

range [0, 1]. This approach refines the raw annotations into

continuous salience representations, effectively capturing the

distribution of human attention. Figure 3 illustrates sample

frames along with their corresponding salience maps.

Figure 3. Examples of annotated frames from our dataset. The first column

displays the original video frame, the second column shows the click positions

recorded by each annotator, and the third column presents the corresponding

ground truth salience map.

To predict salience maps from a video, we adopted well-

established model architectures from the literature, specif-

ically leveraging encoder-decoder convolutional networks.

We experimented with three top-performing saliency models:

1) ViNet [Jain et al., 2021] uses a simple encoder for feature

extraction and the decoder infers a saliency map via trilinear

interpolation and 3D convolutions, combining features from

multiple hierarchies. 2) TMFI-Net [Zhou et al., 2023] uses

transformer-based multi-scale spatiotemporal features. Its

semantic-guided encoder enriches features with high-level

context, while the hierarchical decoder refines predictions

using multi-dimensional attention, and 3) STSANet [Wang

et al., 2023] uses Spatio-Temporal Self-Attention 3D blocks

at multiple levels to extract long-range relations in video.

3.3 Saliency based on tactile paving

Motivated by the idea of focusing more attention on specific

objects, we proposed a second approach. In this case, the

attention is specifically directed toward urban accessibility,

targeting tactile paving. Unlike the previous method, which

relied on general human attention, this new one focuses on

the recognition of tactile paving features, such as curves and

irregularities, which are critical for safe navigation. This re-

duces subjectivity and leverages the SAM2 [Ravi et al., 2024]

segmentation model to locate tactile surfaces with minimum

human intervention. The next sections provide details on the

labeling protocol and pseudo-label generation, as well as on

model selection and evaluation metrics.



Salience prediction methods for video cropping in sidewalk footage Costa et al. 2026

SAM2

This section provides a brief explanation about the SAM2

[Ravi et al., 2024], a transformer architecture with streaming

memory designed for real-time video processing. Its zero-

shot generalization capability for new data, combined with

its high-performance on the Promptable Visual Segmentation

(PVS) task, made it suitable for use in this work. PVS allows

to prompt the place of objects through mask, points, or boxes.

This information is encoded and passed to a mask decoder,

which generates the corresponding segmentation masks. In

the context of this work, we aim to generate prompts using

our click tool along with the tactile input video and perform

segmentation based on these prompts.

Labeling protocol and pseudo-label generation

The first stage uses the same tool developed and described

in Section 3.2 to collect mouse clicks while watching videos.

The tool plays a video and prompts the user to click on a

region of the screen every 60 frames. Unlike the previous

approach, the clicked region must contain tactile paving. The

output is a collection of (x, y) positions to be used as a prompt
to SAM2.

In the second stage, the collected clicks from the previous

step guide the generation of attention maps that represent

tactile surfaces. Attention maps assist in identifying the most

relevant objects in an image by generating a density map.

However, creating these maps involves a labor-intensive pro-

cess of highlighting key objects. To make this faster, we

leverage the segmentation masks generated by SAM2, which,

with minimal input, efficiently isolate the tactile paving.

The segmentation masks indicate the location of the tac-

tile paving in the images, as illustrated in Figure 4. In the

next stage, we use those masks to generate density maps that

highlight specific regions of the tactile paving – we focus on

identifying curves and irregularities.

Tactile paving saliency identification

To generate attention points, we propose two approaches.

The first approach uses only the segmentation mask of the

tactile paving, resulting in attention points at the borders of

the tactile area. The second approach uses the skeleton of the

mask, which centers the point of analysis on the center of the

tactile paving.

For the first, we apply the Hough Line Transform to the

mask to detect straight lines. Following this, we identify in-

tersections on the detected lines, which represent points of

curvature or irregularities in the border of the mask. If no

intersection is found, we use the center of mass of the seg-

mentation mask as the attention point. Finally, we employ

the DBSCAN1 algorithm to remove outlier points, retain-

ing only dense point clouds. The resulting intersections are

used to generate a Gaussian centered at each point, and the

mean of these Gaussians is computed to create the final image

corresponding to the pseudo labels.

1https://scikit-learn.org/stable/modules/clustering.html#dbscan,

accessed on March 31, 2025.

A second variation of this approach was to use the skele-

tons from the tactile mask instead of the mask itself. We

then followed the same steps in extracting straight lines with

Hough Transform, finding the line intersections, and filtering

outliers points. The advantage of this approach is that it cen-

ters the density map on the tactile area, reducing emphasis on

the borders.

As illustrated in Figure 5, the first row uses the segmen-

tation mask to determine the attention points, it results in a

greater variance in the attention points and, consequently,

more variance in the final attention maps. The second row

represents the second approach, where the skeleton is used

instead. This results in the points of interest being more

centered within the mask, reducing variance in the attention

maps.

3.4 Cropping application

Video cropping trims video frames to highlight key areas. It

is used in many applications, including removing unwanted

regions [Quang Minh Khiem et al., 2010] and adjusting ori-

entation for different screens (video retargeting) [Apostolidis

and Mezaris, 2021; Imani and Islam, 2024]. The cropping

process is formulated as a linear optimization problem that

seeks to maximize the amount of saliency captured within

a fixed-size bounding box. Given a salience map for each

frame, the algorithm identifies the region with the highest

accumulated attention values, ensuring that the cropped area

retains the most informative content. The problem can be

formulated as follows:

• A saliency map S ∈ RH×W , where S(x, y) represents
the saliency value at pixel (x, y).

• Desired crop dimensions w (width) and h (height).

• R as the set of all possible w × h rectan-

gular regions within the frame, that is R =
{[x, y, x + w, y + h]|x, y ≥ 0, x + w ≤ W, y + h ≤ H}.

We want to find the optimal crop region R∗ ∈ R that

maximizes the total saliency:

R∗ = arg max
R∈R

∑
(x,y)∈R

S(x, y) (3)

4 Results and discussion

This section presents the performance of models for saliency

prediction strategies in human attention and tactile paving.

Additionally, we provide visual examples to illustrate the

models’ effectiveness in saliency prediction and cropping.

A video demo of the proposed approach is available in the

project Github.

The results are calculated using four metrics to compare

the predictions with the Gaussian ground truth: a) Similarity

(SIM), which measures the overlap between the predicted

and ground truth salience maps; b) Linear Correlation Coef-

ficient (CC), which assesses the linear relationship between

the predicted and ground truth maps; c) Kullback-Leibler Di-

vergence (KLDiv), which quantifies the difference between

the predicted probability distribution and the ground truth

https://github.com/suayder/VideoClickCapture
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Figure 4. For each row, three images are presented: the original image, the segmented tactile paving mask generated by SAM2, and the corresponding

attention map. In the first row, the attention maps highlight curves. In the second and third rows, there are no curves in the scene, but ground irregularities are

visible, especially in the second row.

Figure 5. Comparison of two label generation approaches applied to the

same frame. The first row uses the segmentation mask to determine the

attention points, while the second row uses the skeleton instead.

distribution; and d) AUC, which measures the ability of the

model to distinguish between relevant and irrelevant attention

regions. These metrics are widely used in salience prediction

studies [Zhang et al., 2022; Jain et al., 2021; Bellitto et al.,

2021].

4.1 Dataset annotation assessment

We initially evaluate the annotation reliability and inter-

annotator agreement. As shown in Table 1, two annotated

datasets are considered in this paper, the human attention

dataset and the tactile paving dataset. The latter has been

annotated by a single participant since it only required a sin-

gle clicked seed for SAM 2 segmentation. Therefore, we

analyze the human attention dataset annotations. In order to

evaluate annotator agreement, we evaluate the dispersion of

the clicked positions by different participants in each frame.

Figure 6 shows the results of this assessment carried out on

the annotated dataset. Figure 6(a) shows the clicked positions

by different users on some sample frames. In order to quantify

the dispersion, the scatter measure 2 of each annotated frame

has been defined as

S = 1
N

∑
dE(xi, µ) (4)

where xi denotes the coordinates of the i-th click in a given

annotated frame, N is the number of annotated clicks in the

frame, µ is the average point of xi, i.e. the average value of

xi, and dE is the Euclidean distance. The histogram of S of

all frames in the dataset is shown in Figure 6(b). As can be

seen, the histogram is concentrated around S = 160, thus
showing good inter-annotator agreement in our dataset.

4.2 Saliency-based on human attention

Table 2 presents the quantitative results obtained from testing

two model variants: (1) fine-tuned version by initializing the

model with weights pre-trained on DHF1K3 [Wang et al.,

2018] and (2) model trained from scratch using our dataset.

In general, fine-tuning the models in DHF1K benefit the

results, except for STSANet, which suffered a higher drop in

performance, with CC falling to 0.27, SIM to 0.26 andKLD in-

creasing to 2.87. TMFI-Net with fine-tuning achieves the best

overall performance, obtaining the highest CC (0.584) and

SIM (0.532) scores, along with a competitive AUC (0.538).

ViNet also improves with fine-tuning, showing gains in CC

2Inspired by the intraclass scatter matrix of Equation 8.14 of da Fon-

toura Costa and Jr. [2018].
3DHF1K is a video saliency dataset totaling 1,000 videos with diverse

content and lengths, 700 of which are annotated with eye-tracking data from

17 observers.
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(a) Dataset annotation click positions

(b) Histogram of annotation dispersion

Figure 6. Results show high coherence among the annotations provided by the different users. It is worth noting that the histogram of S (Equation 4)

concentrates in the lower part of possible distances between pixels in the image, whose diameter is ≈ 1400.

Table 2. Results for saliency-based on human attention. In bold, the

best results for each training approach, while underline is the best

overall.

Model Pre-

trained

CC ↑ SIM ↑ KLD ↓ AUC ↑

ViNet No 0.37 0.40 1.41 0.36

TMFI-Net No 0.349 0.395 1.47 0.582

STSANet No 0.39 0.45 1.01 0.44

ViNet Yes 0.47 0.43 1.14 0.51

TMFI-Net Yes 0.584 0.532 1.60 0.538

STSANet Yes 0.27 0.26 2.87 0.48

(+0.10) and AUC (+0.15) compared to training from scratch,

while maintaining a relatively low KLD (1.14). These results

highlight TMFI-Net as themost robust model, benefiting from

both training strategies, while ViNet does not stand out among

the models and STSANet is more sensitive to fine-tuning.

Figures 7 and 8 provide some qualitative samples with

and without fine-tuning, respectively. The first row in these

figures present the ground-truth maps followed by the pre-

dictions in the subsequent rows. It is possible to see that the

salient regions in the ground-truth correspond to important

urban structures in sidewalks such as poles and curb ramps.

In the case of the results shown in Figure 7, the model pre-

dictions also identify salient objects but, since no semantics

is included in the model training, such salient regions may

correspond to other objects such as pedestrians and motorcy-

cles. This limitation suggests a possible direction for future

work. In general, fine-tuning achieves better convergence

and alignment to the ground truth, with more precise and

concentrated attention maps.

Consider now the results produced by the method with-

out fine-tuning, shown in Figure 8. In contrast with those in

Figure 7, results without fine-tuning show more dispersed
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attention maps, which explains the lower performance pre-

sented for the corresponding models. A possible hypothesis

is that the model initialization used for pre-training allows a

more focused and selective prediction response.

4.3 Saliency-based on tactile paving

This section presents the models’ performance concerning the

two segmentation-based strategies discussed in Section 3.3:

positioning the attention point at the edge or centering it on

the tactile paving. Table 3 summarizes the performance met-

rics for each configuration. Figures 9 and 10 provide visual

representations of the model inferences for each approach.

Table 3. Results for attention maps at the border and the center of

the tactile paving. In bold, the best results for each training approach,

while underline is the best overall.

Name Click CC ↑ SIM ↑ KLD ↓ AUC ↑
TMFI-Net Border 0.452 0.347 9.45 0.914

ViNet Border 0.280 0.43 4.65 0.601

STSANet Border 0.723 0.1018 7.9365 0.5343

TMFI-Net Center 0.579 0.472 7.582 0.907

ViNet Center 0.125 0.145 9.03 0.684

STSANet Center 0.392 0.2053 2.83 0.73

In the border configuration, STSANet achieves the highest

correlation with the ground truth (CC = 0.723), indicating

that its predictions closely follow the spatial distribution of

salient regions. However, its low SIM score (0.1018) and

AUC (0.5343) suggest weak structural similarity and poor

discriminative ability in ranking salient versus non-salient

areas. The last row of Figure 9 highlights this behavior, where

attention maps form a near-circular shape that aligns with

the ground truth, but fails to accurately distinguish attention

regions.

In contrast, TMFI-Net exhibits the highest AUC (0.914),

demonstrating better ability in identifying important regions,

though its high KDL (9.45) indicates a significant mismatch in

probability distribution. The second row of Figure 9 shows the

inferences more focused on the tactile. ViNet performs best in

terms of structural similarity (SIM = 0.43) and distributional

alignment (lowest KDL = 4.65), suggesting that it generates

the most globally consistent attention maps. However, its

lower CC (0.280) and moderate AUC (0.601) imply that its

attention maps do not correlate as strongly with the actual

spatial locations of salient regions; it can be observed in the

third row of the Figure 9, where most of the time ViNet is

wrong in the place of the attention map.

On the other hand, when the attention point is centered on

the tactile, the behavior of the results changes. This configu-

ration reduces the standard deviation of the attention maps,

leading them to be more concentrated, as depicted in Figure

10. As expected, the generated attention points cluster around

the center, enhancing the overall consistency and effective-

ness of the model predictions.

Specifically, when the attention point is at the center of

the tactile paving, TMFI-Net continues to demonstrate strong

discriminative ability with the highest AUC (0.907) and an

improved CC (0.579), suggesting a better correlation with

salient regions. Additionally, its SIM score (0.472) is the

highest among the models. Also, its KDL value (7.582) has

been reduced. STSANet exhibits a lower correlation coef-

ficient (CC = 0.392) but a reduction in divergence (KDL =

2.83), indicating more stable attention patterns. Additionally,

its AUC improves to 0.73, suggesting better alignment with

real salient regions. This behavior is evident in the last row

of Figure 10, where the attention is more concentrated on

the tactile and the distribution shows a lower standard de-

viation. ViNet, on the other hand, performs worse in this

configuration, with the lowest CC (0.125) and SIM (0.145).

Overall, the results show TMFI-Net is the most stable

method, maintaining relatively high performance across both

configurations. ViNet experiences a drop in performance,

with no major visual changes except for the attention maps

being less spread out. STSANet experiences a trade-off, with

lower CC but better KDL and AUC, indicating more stable

and concentrated attention patterns. In general, centering

attention points refines focus and tends to favor the overall

performance across the models.

4.4 Cropping

After applying the process described in Section 3.4 to reframe

videos, we conducted a qualitative analysis using both strate-

gies (human-based attention and tactile-based attention) to

better showcase the model’s capability to detect and crop

interesting objects in scenes as well as its limitations. Figures

11 and 12 demonstrate the cropping and reframing opera-

tions applied to a video using human-based (Section 3.2) and

tactile-based (Section 3.3) saliency maps, respectively. The

predicted saliency maps are generated using TMFI-Net, se-

lected as the best trained model by the criteria of best overall

metrics and its consistent results across different methods.

The human-based attention method captures a broad range

of objects in the predicted saliency maps. This is expected,

given that the annotation guidelines did not impose restric-

tions on which objects participants could select, allowing for

a more diverse representation of attention. The first row of

Figure 11 shows the predicted saliency map overlaid on the

frames. The attention is directed to elements that may inter-

fere with pedestrian walking, such as sidewalk boundaries

(columns 2 and 4), poorly positioned posts (columns 1 and

3), other pedestrians on the sidewalk (column 3), or step on

the lowered sidewalk (column 4).

When the saliency maps are specialized for tactile paving,

the cropping process can effectively focus on regions that

are most informative for tactile navigation. The second row

of Figure 12 shows the final cropped frames, highlighting

regions with issues in the tactile, such as irregular elevations at

the borders or intersections (columns 1 and 4), broken tactile

surfaces (column 3 and 4) or changes in direction (column 2).

Each saliency strategy offers distinct advantages. The

human-based attention method tends to highlight a wide vari-

ety of elements—such as pedestrians, vehicles, surface dis-

continuities, and obstacles—reflecting the natural variability

of human perception and judgment. While this results in a

broader coverage of potentially relevant areas, it also intro-

duces higher variability in what is considered salient. On

the other hand, the tactile-based saliency maps demonstrate a

more targeted focus on features for tactile navigation, such as
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Figure 7. Predictions with the fine-tuned models for human-based attention. The first row is the ground truth, followed by TMFI-Net, ViNet, and STSANet.

Figure 8. Predictions with the models trained from scratch for human-based attention. The first row is the ground truth, followed by TMFI-Net, ViNet, and

STSANet.

continuity and condition of tactile paving. This focus allows

for more precise cropping around structural issues. Overall,

while human-based approach offers a generalist perspective

for scene understanding, the tactile-based approach provides a

domain-specialized saliency that is particularly advantageous

for accessibility analysis and infrastructure assessment.

In order to quantify the cropping quality, we computed the

Intersection over Union (IoU) between the bounding boxes

generated using the ground-truth saliency maps and those pro-

duced from the predicted saliencymaps (Section 3.4, Equation

3). In addition, we adapted the cropping framework proposed

by Apostolidis andMezaris [2021] by integrating our saliency

model. The framework provides a more robust pipeline by

incorporating a clustering step to filter out noisy saliency re-

sponses and select the best region and smoothing methods

to do a better temporal transition of the areas. Our method
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resulted in an IoU of 0.71 compared to an IoU of 0.72 for the

Apostolidis and Mezaris [2021] framework, which represents

a marginal improvement when considering the simplicity of

our approach.

4.5 Computational performance

In order to assess the computational performance of our ap-

proach, we conducted experiments on an NVIDIA A5000

GPU with 24 GB VRAM and CUDA 12.4. The reported

metrics represent average inference results for a 15-second

video, providing an overview of each model’s computational

efficiency under identical hardware conditions. Table 4 high-

lights the performance trade-offs among the evaluated mod-

els. TMFI-Net achieves the highest throughput (16.57 FPS)

but requires the most resources, with 358.4 GFlops and a

peak VRAM usage of 8662.1 MB. ViNet offers a balanced

profile—comparable speed (16.83 FPS) with the lowest com-

putational cost (114.1 GFlops) and moderate memory use.

STSANet is the most memory-efficient (3349.56 MB peak

VRAM) but delivers the slowest frame rate (10.38 FPS).

Given these characteristics, ViNet appears best suited for

real-time or edge deployment, balancing speed and efficiency.

TMFI-Net may excel in high-performance server environ-

ments, while STSANet could be preferable for lightweight

applications where memory constraints are critical. However,

none are currently optimized for deployment on resource-

constrained devices. Further improvements, such as model

pruning, quantization, or knowledge distillation, could re-

duce memory footprint and computational load signifi-

cantly [Im Choi and Tian, 2023; Ramanathan et al., 2020],

Figure 9. Predictions from models trained with attention focused on the

side of the tactile paving. The first row is the ground truth, followed by

TMFI-Net, ViNet, and STSANet.

Figure 10. Predictions from models trained with attention maps focused on

the center of the tactile paving. The first row is the ground truth, followed

by TMFI-Net, ViNet, and STSANet.

enabling more efficient real-time applications across diverse

hardware platforms.

Table 4. Performance comparison between ViNet, TMFI-Net, and

STSANet for inference time.

Metric ViNet TMFI-Net STSANet

model_load (s) 3.60 4.76 5.828

model_vram (MB) 120.47 240.45 619.53

frames_per_second 16.83 16.567 10.38

model_gpu (GFlops) 114.1 358.4 210.9

vram_peak (MB) 3255.8 8662.1 3349.5

vram_reserved (MB) 4510 8900 3406

5 Conclusion

In this study, we proposed two new strategies for salience

prediction in urban context videos, addressing the challenge

of identifying and labeling crucial features, such as cracks and

surface defects. By leveraging both human visual attention

and the SAM2 model, our methods generated rich labeled

video data with minimal user interaction, which was then

used to train saliency detectors. These detectors, in turn, con-

tributed to the development of video cropping tools capable

of improving the analysis of urban environments.

Our evaluation of saliency prediction models for human

attention and tactile paving demonstrated that TMFI-Net con-

sistently outperformed ViNet and STSANet in most metrics.

For human attention, pre-training improved performance in

most cases. In tactile paving detection, centering attention

points on the segmentation masks yielded more stable predic-

tions. We also experimented with using the saliency predicted

by our models to crop the recorded sidewalk videos and keep

only the most relevant segments. The cropping application

effectively highlighted critical regions, focusing on relevant

obstacles and tactile paving. This information could be used

to provide curated information to aid mobility-impaired pedes-

trians to navigate more safely.

Research directions for future works include (1) refining

weak-labeling strategies for tactile paving to expand the range

of detectable elements, (2) developing hybrid models that

combine human and tactile saliency for more robust envi-

ronmental understanding—even when specialized in tactile

cues, and (3) optimizing the framework for real-time deploy-

ment via lightweight and quantized models, enabling practical

applications on smartphone devices for accessibility and in-

frastructure assessment.
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