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LANDER: Visual Analysis of Activity and
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Abstract—Vision algorithms face challenges of limited visual
presentation and unreliability in pedestrian activity assessment.
We introduce LANDER, an interactive analysis system for visual
exploration of pedestrian activity and uncertainty in surveillance
videos. This visual analytics system focuses on three common
categories of uncertainties in object tracking and action recog-
nition. LANDER offers an overview visualization of activity
and uncertainty, along with spatio-temporal exploration views
closely associated with the scene. Expert evaluation and user
study indicate that LANDER outperforms traditional video ex-
ploration in data presentation and analysis workflow. Specifically,
compared to the baseline method, it excels in reducing retrieval
time (p<0.01), enhancing uncertainty identification(p<0.05), and
improving the user experience (p<0.05).

Index Terms—Visual analysis, surveillance video, spatio-
temporal activity, uncertainty.

I. INTRODUCTION

EDESTRIAN activity in surveillance videos encompass

multi-dimensional information like spatio-temporal tra-
jectories, action details, and scene context. While analyz-
ing pedestrian activity is crucial for understanding and re-
searching surveillance video, the process is typically time-
consuming [1], [2]. Recently, the application of vision technol-
ogy has significantly reduced the workload of security person-
nel in certain aspects [3]. But when it comes to surveillance
video analysis in real-world scenarios, limitations still exist:
vision algorithms mostly output image sets or video clips,
which still rely on traditional retrieval mode. Such limited
visual presentation and interaction may hinder in-depth anal-
ysis of complex pedestrian activity [4]. Also, automatic video
analysis technologies are not entirely reliable for analyzing
pedestrian activity in surveillance video [5]. Data quality and
"black box" models can lead to uncertainties in trajectory,
action, or activity recognition [6].

Experts interview reveals an interesting phenomenon: secu-
rity personnel utilize intelligent technology to quickly locate
targets from numerous cameras in real-time. Yet, for specific
video analysis tasks, they still rely on manually viewing the en-
tire video. They seek "innovative tools to reduce workload and
alleviate concerns”. The focus of visualization researchers on
"human-in-the-loop" offers novel insights into video analysis.
To alleviate limited visual representation in video retrieval,
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some studies [7]-[9] integrated trajectory and action data into
image and video using elements like points, lines, and glyphs.
In response to uncertainty, some studies [5], [6] focused
on implicit uncertainty in feature processing. However, this
implies an additional burden for security personnel, as they
need to acquire domain knowledge to interpret uncertainties.
In contrast, we focus on common uncertainties in automatic
trajectory and action recognition. This is more intuitive and
understandable for users lacking technical background, elimi-
nating the need to focus on algorithmic details. Additionally,
while data source-embedded visualizations offer useful visual
summaries, their lack of interaction limits ability to query
and explore complex activity data. We developed LANDER, a
visual analysis system. It emphasizes interactive exploration of
spatio-temporal patterns in trajectory, action, and uncertainty,
advancing beyond the basic level of just "viewing" data.

We proposed an uncertainty analysis method based on
covariance matrices and self-information. It quantifies three
abstract uncertainties in automatic trajectory and action recog-
nition. Compared to explainable AI methods focused on hid-
den features, our approach is more accessible to users without
domain-specific knowledge. Additionally, it is not limited
to specific video sources or vision models. We designed
an interactive visual analysis system LANDER. It embeds
visualization elements into the context of pedestrian activity in
video source, enabling analysts to track and explore pedestrian
activity and uncertainty during video retrieval. In addition,
LANDER utilizes a hierarchical view design, supporting the
exploration of spatio-temporal patterns from overview to de-
tail. Specifically, there is an about 58.14% improvement in user
experience. We evaluated LANDER across multiple real-world
surveillance video scenarios. Evaluation results demonstrate
that LANDER reduces video retrieval time by approximately
22.91%, lowers the uncertainty identification error rate by
about 58.20%. And most improvements achieved statistical
significance. Participants indicated that, compared to manually
searching the entire video, they preferred to use the LANDER.
In summary, the contributions of this paper are as follows:

o An explicit uncertainty quantification method based on
covariance matrix and self-information, not limited to
specific video sources and vision models.

« An interactive visual analysis tool anchors pedestrian ac-
tivity and uncertainty visualizations within scene context,
distinct from mere visual summary tools.

o An evaluation in multiple real surveillance scenarios. The
results show a 22.91% reduction in search time and
a 58.20% decrease in identification errors, with most
enhancements statistically significant.
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II. RELATED WORK
A. Vision-based Video Understanding Techniques

Research centered on Siamese Network marks a signifi-
cant breakthrough of deep learning in object tracking. Be-
ginning with [10], this series progressively enhanced the
accuracy of tracking frames [11] and the fineness of object
representation [12]. Recent studies such as RPformer [13],
Repformer [14] and EANTrack [15] have emphasized the
importance of global contextual information. These innova-
tive network structures and attention mechanisms demonstrate
significant tracking ability in complex scenarios with scale
changes, occlusions, and rapid movements. Research in multi-
object tracking focuses on enhancing tracking accuracy and
stability by modeling the spatio-temporal relationships be-
tween objects. Wojke et al. [16] followed the framework
of [17] but introduced appearance features and matching
cascade to enhance object differentiation. Recent studies [18],
[19] enhance tracking performance in non-linear motions and
extreme occlusions by improving traditional algorithms and
introducing novel motion learning mechanisms.

In video action recognition, techniques progressed from
initial Two-stream Network [20] to 3D Convolutional Neu-
ral Network [21] for better spatio-temporal feature capture.
Subsequently, the application of Long short-term memory net-
works further enhanced the handling of temporal features [22].
Recent studies [23], [24] have significantly improved action
recognition outcomes through self-supervised and contrastive
learning, even with limited annotated data. Gao et al. [25]
innovatively introduced the multitemporal scale and spatio-
temporal transformer network, effectively optimizing action
boundaries and classification.

Vision-based video techniques excel in efficiently process-
ing large volumes of video data and extracting key informa-
tion. However, their outputs are often presented as discrete
image sets and video clips. Such limited visual presentation
and interaction may hinder users’ deep analysis of complex
pedestrian activity [4]. We introduce the interactive visual
analysis approach to alleviate this shortfall. We transform
activity data into intuitive visual elements, enhancing the
recognition of pedestrian activity patterns. Interactive explo-
ration alters traditional video retrieval, offering flexible and
structured data querying and analysis approach.

B. Visualization-focused Surveillance Video Analysis

Researchers have applied visualization in various scenarios,
providing fresh insights for analyzing diverse video types.
Relevant research includes traffic monitoring, medical diag-
nosis, educational understanding, sports performance analysis,
as well as e-commerce marketing, among others [26]-[36].

Trajectory mining and summarization is a key research di-
rection in surveillance video visualization. Researchers utilized
trajectory lines and heatmaps for visualizing object movement
paths and activity intensity [5], [7], [37]-[39]. These visualiza-
tion schemes enable a more intuitive and clear understanding
of activity patterns and anomalies. Activity monitoring aims
to parse essential information from behavior and events,
offering users comprehensive visual insights. The 3D cube

visualization is an effective three-dimensional representation
technique. By combining two spatial dimensions with time
or other metrics, it effectively displays data’s dynamic spatio-
temporal distribution and interrelations [40]-[42]. Augmented
visualization embedded in data sources (image, video, 3D
space) integrates data with the scene for a realistic and
immersive visualization [5], [9], [35].

Works closely related to our research include [7] and [6].
The former introduced the VideoPerpetuoGram (VPG), an
ECG-like video stream visualization technology. This allows
for a condensed, multi-dimensional data overview within the
video sequence. The latter integrated VPG into their visual
analytics framework, effectively combining automatic video
analysis with interactive feature filters. This approach demon-
strated significant advantages in analysis efficiency for large-
scale video data. However, the VPG method constrains the
potential for in-depth data exploration and interaction. Our
approach emphasizes user-focused and interactive exploration
of pedestrian spatio-temporal activity patterns, rather than
mere "watching". Furthermore, the former utilized action
prediction plausibility to quantify uncertainty, aiding intuitive
understanding of object actions and relations. In contrast, the
latter focused on implicit uncertainties in feature extraction.
Our research focuses on summarizing and presenting three
explicit uncertainties in automatic activity assessment results.
It is not limited to specific video sources or vision models.
This is intuitive for users without domain-specific knowledge,
as it does not require attention to algorithmic details.

IIT. FORMATIVE STUDY AND USER-CENTERED DESIGN

We adopt a user-centered approach for investigation and
design. Initially, we explored research in surveillance video
visual analysis to identify limitations of current technologies
and unmet needs. Subsequently, we conducted a face-to-face
interview with experts in video surveillance field [43]. The
goal was to gain practical experience and insights, understand-
ing their daily work challenges and needs.

A. Literature Investigation

We interviewed a professor EO (male, age = 38, work =
14) with extensive experience in data analysis and visual-
ization. His expertise includes 8 years in interdisciplinary
research combining computer vision and visual analysis, which
is highly relevant to our study topic. Under EO’s guidance, we
identified three main objectives for the literature investigation:
LG1 what attributes are focused on? Surveillance videos
encompass data ranging from individual characteristics to
group relations. This objective aims to identify the attributes
commonly emphasized in research. LG2 how visualizations
are designed and presented? Appropriate visual representation
is crucial for revealing complex video data. This objective aims
to understand the visualization practices in research. LG3 how
uncertainties are considered? Uncertainty introduced by vision
processing may impact decision-making. This objective aims
to understand the discussion of uncertainty in research.

Here, we listed 19 typical studies in surveillance video
visual analysis and summarized them across six key dimen-
sions: (LG1) Attribute (LG2) Visual Design, Visual Medium
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(LG3) Vision Techniques, Uncertainty Quantification and Un-
certainty Visualization, as shown in Fig. 1. Please refer to
supplementary material Section I for details. In conclusion:
(1) Advancements in neural network-based techniques have
spurred increased focus on biometric feature research. Never-
theless, the analysis of trajectory (42.10%) and coarse-grained
activity (36.86%) continue to dominate the field. (2) Although
surveillance video data is often complex and information-
rich, our observation reveals that most research still tends
to use basic and intuitive design schemes. (3) Current re-
search often focuses on a single visualization medium, with
a high prevalence of data source embedding (52.63%). These
efforts typically emphasize visual summary and presentation
but overlook the crucial role of interactive exploration in
video surveillance analysis. (4) Current studies lack focus
on uncertainty introduced by vision processing techniques.
Undeniably, identifying, quantifying (26.32%), and effectively
visualizing (21.05%) this uncertainty is crucial for ensuring the
accuracy and reliability of analysis results.
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Fig. 1. Literature investigation statistics: concentrates on data
attributes, visual design, and uncertainty discussions.

B. Experts Interview

We invited three experts (E1, E2 and E3) for a 2-hour
face-to-face interview. E1 (male, age = 36, work = 8) is
an associate professor at a police academy. He specializes
in visual analysis of police data, and is able to provide
essential guidance for LANDER’s design. E2 (male, age = 41,
work = 16) is the head of technical department at a public
security bureau. His insights can assist us in understand-
ing the challenges of automated technology in applications,
ensuring LANDER’s technological advancement. E3 (male,
age = 32, work = 6), head of the video surveillance
team, can offer practical advice for LANDER based on his
familiarity with video surveillance tools and procedures. The
interview focused on three topics: EG1 which pedestrian
activities are generally the focus? This topic aims to identify
primary tasks for pedestrian activity retrieval, clarifying focus
data and tasks of this paper. EG2 what tools are commonly
used for retrieving surveillance video? This topic explores
the limitations of common retrieval tools and considers how
visualization techniques can help improve them. EG3 what are
the attitudes towards automatic assessment technologies? This
topic aims to understand practical shortcomings, considering
how visualization can bridge these gaps.

C. Experts Feedback and Task Analysis

We synthesized interview feedback with literature review,
identifying key tasks in this paper from three levels:

Supporting visual exploration of spatio-temporal activ-
ity. Activity-level tasks focus on enhancing visual representa-
tion of pedestrian activity, reducing the workload of security
personnel in handling long videos.

T1 Presenting the spatio-temporal evolution of pedestrian
activity is a critical task. Experts hope to quickly grasp
activity’s context through an overview view (how). When
discussing video retrieval tools, E3 expressed the desire for
visualization: "I usually operate with a video player, but often
forget the content. I would like visualization to assist, particu-
larly with complex trajectories and frequent actions change."
E2 added, "Especially when longer video need to be retrieved."
Visualization researchers also focus on summarizing trajecto-
ries visually and are dedicated to supporting pattern analysis
in trajectory and action details [7], [37], [40].

T2 Identifying pedestrian activity in specific locations and
times is an important focus task. This enables security per-
sonnel to swiftly pinpoint activities from temporal and spatial
dimensions (when and where). E2 mentioned the frequent
need to search specific activity:"Operators usually focus on
key places or specific times in a case, rather than everything."
Visualization tools are often designed for exploring specific
location and time information to reveal finer-grained activity
patterns of individuals or groups [49], [51].

Supporting the recognition and visual exploration
of uncertainty in spatio-temporal pedestrian activity.
Uncertainty-level tasks focus on guiding security personnel
to identify potential uncertainties in automated activity assess-
ments, aiming to reduce misinformation.

T3 Revealing potential uncertainties to boost security per-
sonnel’s confidence in using intelligent algorithms for auxil-
iary review tasks (which). When discussing automatic vision
techniques, both E2 and E3 mentioned unexpected recognition
scenarios that were often not communicated in advance. The
frequently mentioned issues are "problems with tracking a per-
son" and "either incorrect or missed detections in actions". As
stated in Section III-A, most video visualization efforts have
not focused on potential impacts, nor have they emphasized
using visualization to fill this gap.

T4 Modeling the abstract uncertainty, enabling security
personnel lacking domain knowledge to understand uncer-
tainty degree through numbers and visual designs (what).
E1 suggested: "Intuitive numbers and visualizations instead of
vision technicians to alert security personnel to the presence
and degree of uncertainty.”" E3 added, "I particularly don’t
want to focus on vision technology details; perhaps numbers,
colors, and graphics would be more helpful for me."

TS Presenting the spatio-temporal changes of uncertainty
along with pedestrian activity is also necessary (how). El
mentioned, "If uncertainty information is visualized and com-
bined with pedestrian activity, it may be more intuitive!" E2
expressed agreement with this viewpoint.

Supporting scene verification. Scene-level tasks aim to en-
hance factual validation for security personnel in the decision-
making process.
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T6 Associating data with scene context. The visualization
of pedestrian activities and their uncertainties should be closely
integrated with the video scenes (how). This allows security
personnel to observe the factual context while exploring the
visualizations. E1 mentioned, "Based on my observations,
security personnel often prefer immersive analysis without
disconnecting from the video." E2 noted, "Visualization is an
auxiliary tool, and I will ultimately make decisions based on
the video itself. This is my professional habit and integrity."
Most visual research related to surveillance activities considers
associating visual design with scenes, especially when it
involves pedestrian trajectory analysis [7], [9], [38].

Additionally, E2 expressed a desire for the tool to save
important video segments for easier reporting and collab-
oration. We also take this request into consideration. It is
worth noting that other design considerations were involved in
the discussions with experts. Please refer to supplementary
material Section Il for details.

D. Pipeline

As shown in Fig. 2, we construct the pipeline for visual
exploration of uncertainty-based spatio-temporal activity: (A)
Activity data processing module includes spatio-temporal ac-
tivity data acquisition based on computer vision algorithms.
(B) Uncertainty analysis module includes pedestrian activity
uncertainty definition and mathematical modeling. (C) Visual
design module mainly includes visual design and concise
interaction based on information fusion, detailed information
focus and scene context awareness.
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Fig. 2. Visual analysis pipeline for pedestrian activity and three
categories of uncertainty.

IV. UNCERTAINTY CONCEPT AND ANALYSIS

We focus on activity analysis in two key dimensions:
trajectory and action, along with their uncertainty analysis and
modeling. For details on vision model deployments, apparatus,
and the general structure of activity data, please refer to
supplementary material Section III.

However, automation algorithms may introduce uncertain-
ties in trajectory, action, or activity recognition. Next, we will
discuss certain categories of uncertainties and their model-
ing process, aiming to quantitatively express uncertainties in
spatio-temporal activity data.

A. Uncertainty Category

Activity uncertainties introduced by automation algorithms
are complex, multidimensional, and abstract. We reached con-
sensus with domain experts, focusing on three main uncertain-
ties in the aforementioned two vision tasks. These categories
represent common challenges faced by experts, reflecting the
general limitations of vision algorithms in applications (T3).

Category A: Misidentification Uncertainty.
il Due to limitations in object identification and
tracking, the algorithm may incorrectly rec-
ognize Pedestrian A as a new Pedestrian B.
This can affect understanding of the object’s
complete activities.

Category B: Tracking Missing Uncertainty.

=t Jpstabilities in the tracking algorithm can result
2 | || in incomplete tracking of Pedestrian A, leading
w w W to temporary loss of tracking. This can im-
—> pact awareness of the object’s activities during
these intervals.
Category C: Action Recognition Uncer-
tainty. With algorithms’ limited capability or
_ sensitivity to subtle actions, predicted actions
may not align with Pedestrian A’s actual state.

This can lead to potential misinterpretations of
the object’s actions.

B. Covariance Matrix-based Tracking Uncertainty Modeling

The aforementioned categories of uncertainties present chal-
lenges in activity analysis. To mitigate this, we conduct
mathematical modeling to facilitate subsequent analysis and
visualization efforts (T4).

Category A primarily arises from the tracking algorithm’s
limited capability to consistently recognize the same pedes-
trian. The degree of this category can be assessed based on
the similarity of pedestrians’ characteristics. In this paper,
however, we do not include this module. Instead, we explore
preliminary the visualization-based solution in Section V-A.
For Category B, uncertainty primarily arises from unknown
pedestrian trajectories and actions during temporary tracking
missing, i.e. missing data.

Justification: In statistics, fixed values or summary statistics
(such as mean, median, mode) are commonly used to fill miss-
ing data. Or, incomplete data entries are discarded. However,
these methods are unsuitable for video contexts emphasizing
dynamism and temporality, potentially leading to contextual
errors or loss. Therefore, we consider a method capable of
estimating pedestrian states and assessing their uncertainties.
The Kalman filter [52], suitable for dynamic systems and
widely used in object tracking, reliably estimates current states
based on previous ones. It iteratively refines estimates and
covariance matrices for uncertainty assessment. We do not
focus on optimal state estimation using a Kalman filter. Rather,
our emphasis is on quantifying Category B through estimation
errors. This involves three stages:

Stage 1: Estimation Assume that the tracking missing period
is [ti,t;]. trajectory;, , and trajectorys;, , represent the
trajectories at ¢;_; and t;4q, respectively. We formulate a
state equation and construct a filter (details in supplementary
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material Section IV). This filter estimates missing trajectories
within [t;, ¢;], starting with trajectory;, _, and trajectorys,
as the initial input, as shown in Fig. 3(1). This estimation
proceeds until the trajectory error minimizes and aligns closely
with trajectoryy, . At each step of estimation, we derive an
estimated trajectory and a covariance matrix P. The estimated
trajectory indicates the probable location during the missing
period, while the P quantifies the associated uncertainty.

Estimation
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Fig. 3. Category B measurement: covariance matrix-based
measurement for tracking missing uncertainty.

Stage 2: Quantification For analysts, understanding the co-
variance matrix P can be challenging compared to a numerical
format and visualization. We therefore consider converting
it into a numerical value for better clarity. The eigenvalues
of covariance matrix indicate the dispersion degree. Thus,
we apply eigenvalue decomposition (EVD) on P to obtain
the diagonal matrix A, as shown in Fig. 3(2). Further, the
uncertainty degree of estimated trajectory is quantified by
calculating the trace, tr(A).

Stage 3: Normalization Additionally, we assigned uncertainty
values to sampled trajectories obtained by stable tracking
algorithms. This is because, despite being stably tracked, these
trajectories may still hold slight uncertainties due to inherent
variations in neural networks. Finally, we normalize these
uncertainty values using min-max normalization.

C. Self Information-based Action Uncertainty Modeling

Action recognition algorithms typically produce multiple
action labels with corresponding confidence levels. Confidence
reflects the probability of an action’s occurrence, offering an
intuitive way to quantify uncertainty. For Category C, we
apply a quantification strategy based on confidence and self-
information to measure the uncertainty.

Justification: In single-action predictions, lower confidence
indicates increased uncertainty; conversely, decreased uncer-
tainty. In multi-action predictions, smaller differences in con-
fidences between similar actions imply higher uncertainty;
conversely, the lower uncertainty. For example, predictions
like [stand,0.88] and [walk,0.87] indicate ambiguity due
to their closely matched confidence scores. This aligns with
the concept in information theory linking self-information
to uncertainty: I(p;) = —log(p;), where I denotes self-
information and p; represents the probability of event.

In our experimental observations, we noted that action
recognition algorithms are not sufficiently sensitive to minor
changes in lower limb movements in surveillance environ-
ments. This often leads to ambiguous predictions for actions

like standing and walking. Therefore, when similar lower limb
actions occur concurrently, uncertainty is measured by the
differences in their confidence levels, as shown in Fig. 4.
In other cases, it’s measured by the confidence level itself.
Given the singularity of logarithmic function at c¢_diff = 0,
we assign a fixed value to the measurement there. Ultimately,
we apply min-max normalization to action uncertainty values
under different conditions.

* Only actions with confidence > 0.5 are considered.
c: confidence € [0.5, 1]
c_diff: confidence difference € [0, 0.5]
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Fig. 4. Category C measurement: combining prediction con-
fidence and self-information to measure action uncertainty.

V. VISUAL DESIGN FOR LANDER
A. Information-fused Overview Perception

The surveillance scene involves numerous pedestrians and
abundant activity information, making it challenging to obtain
an overall overview of pedestrian spatio-temporal activity.
The design goal is to employ visualization techniques to
summarize, present, and compare multidimensional overview
information of pedestrians. This aims to guide users to focus
on key elements and important features within spatio-temporal
activity and explore meaningful details within them (T1, TS5).

Justification: In computer vision, pedestrian appearance
features are commonly used for re-identification [16]. Inspired
by this, we initially designed appearance feature bar to imply
individual identity (Fig. 5A). In other words, multiple appear-
ances of a bar in the view indicate Category A. That is, the
algorithm fails to correctly identify the same person. However,
E?2 stated that in actual scenarios, the same individual’s charac-
teristic may vary due to changes in surveillance perspectives or
pedestrian appearances. "In this design, it becomes necessary
to determine whether the feature bars belong to the same
pedestrian, which is labor-intensive.” He suggested replacing
bars with intuitive pedestrian images.

hl
II

Appearance feature bar

Size: activity level

mmu feature bar (o/u/ uncertainty
— |

—_—

-

Overview TreeMap

Fig. 5. Design considered but not adopted: (A) An appearance
feature bar characterizes a pedestrian; (B) TreeMap encodes
the overview of pedestrian activities in a video.
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Justification: Additionally, we have considered the treemap
to present overview information about pedestrians in a video
(Fig. 5B). The size of rectangle represents activity level (de-
termined by activity area and duration). The color represents
overall uncertainty. Advantage of this design lies in its compact
layout, reducing wastage of pixel space. It lacks effectiveness
in indicating temporal information, which hinders the ability
to capture activity and uncertainty trends over time. However,
temporal information serves as a crucial foundation for video
analysis. Pixel bar designs typically consist of multiple bars,
each spanning only a few pixels in width. It is particularly
suitable for displaying two-dimensional or higher, and excels
in representing high-density data. Experts also expressed that
the design is intuitive and user-friendly.

As shown in Fig. 6A, based on video duration, pixel bars
are displayed based on the temporal anchor of pedestrian
activity. The vertical pixel space is divided into two channels:
the upper chart’s pixel bars encode action type count and
uncertainty Category C (height and color, respectively), while
the lower chart’s pixel bars correspond to trajectory centrality
and uncertainty Category B (height and color, respectively).
Centrality here indicates the trajectory’s proximity to the
primary activity center in the scene. The dual-channel temporal
pixel chart provides users with an overview of time-based
changes in multidimensional activity data.

However, displaying large-scale temporal charts in limited
visual space inevitably leads to significant compression of
pixel bars. This results in high-frequency variations in height
and color (Fig. 6B), which may distract users from focusing
on key aspects of pedestrian activity. To alleviate this issue, we
propose a "two-step” sequential subregion aggregation method
that uniformly aggregates the height and color variations. First,
we divided the original pixel bar into equal-length subregions.
Then, within each subregion, we used the pixel height with
the maximum proportion as unified height mapping for height
aggregation. The same approach is applied to color aggre-
gation. It is possible to moderately reduce the frequency of
pixel height and color variations by this method. This can
provide clearer visual effects, helping users to observe activity
overview more effortlessly.

B. Detail-focused Temporal Exploration

The pixel bar charts provide an overview of pedestrian
activity but faces challenges in exploring details. Therefore,
this view is designed to support users in visually exploring
activity details within specific periods (T2).

Video scene provides intuitive information on pedestrian
trajectories and actions, offering high referential value. We
reached an agreement with experts that separate visualiza-
tions for this information are unnecessary. However, experts
have expressed concerns about the complexity (types and
confidences) of actions in algorithmic prediction. Without
visualizing these elements, it would be difficult to comprehend
the reasons for Category C. El: "Although pedestrian actions
can be observed in the video, the reasons for uncertainty
seem difficult to discern.” We considered embedding relevant
information into the video scene, but such a design would
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Fig. 6. (A) Dual-channel pixel chart encodes multidimensional
information about a pedestrian’s activity. (B) "Two-step" ag-
gregation scheme combines frequently changing pixel heights
and colors in subregions.

significantly obstruct the original scene. After consideration,
we opted for a separate view to show temporal action details,
and link them to video scene through interactions.

It is still difficult to show complete sequence information
of actions with limited visual space. We considered the scale-
transforming timeline (Fig. 7), which enables detailed magni-
fication of focal area without occupying additional space. The
near-focus context region is presented as thumbnails, while
the far-focus context region remains compressed at original
pixel scale. Our considerations are as follows: Firstly, when
focusing on the local region, it is essential to maximize the
detail display. Thus, these areas should occupy a predominant
portion of the visual space. Secondly, pedestrian activities are
strongly temporal. Presenting context in the near-focus aids
users in understanding data through temporal connections.
However, it is crucial to avoid distracting the visual focus.
Hence only a moderate pixel space is dedicated to thumbnail
information. Lastly, the far-focus context continues to be
represented with smaller pixel size for overview.

The original timeline (Fig. 7B) only display information at
the pixel level, while the scale-transforming timeline (Fig. 7C)
present multi-scale temporal action information. As shown in
Fig. 7A, "detail-level" information is presented in the focus re-
gion. Category C is encoded with rectangular color, and time
label is positioned at the top. Bars inside the rectangle display
action types and confidence levels. Icons symbolize the action
types, and the bar height represents prediction confidence
levels, accompanied by corresponding labels. In the near-focus
region, time label and confidence label are removed, retaining
"thumbnail-level" information, which includes bar’s height and
type icon. The far-focus context region maintains a "pixel-
level" rectangular size. The rectangle’s height encodes action
type counts, while the color represents action uncertainty. The
scale-transforming timeline provides multi-level information.
It enables a focus on local details while preserving awareness
of the overall temporal context.
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C. Context-aware Scene Verification

To accurately decide on pedestrian activity and uncertainty,
security personnel must grasp the scene’s context. Thus, it
is essential to integrate activity and uncertainty data with
the surveillance scene for context-aware scene verification.
This enables users to intuitively validate pedestrian activity
at specific times and locations (T2, T6).

Justification: Validation of the original video stream is
essential. Therefore, we retained standard video player func-
tions to align with security personnel’s routine practices.
Additionally, we positioned visual elements close to the ac-
tivity context, facilitating rapid discernment of the connection
between activity patterns and the scene. Given limited space
within the video scene, we restricted information rendering
to prevent overburdening the video review. We adopt an "on-
demand rendering" approach for rendering, offering selection
at sampling, activity, and uncertainty levels (Fig. 8).

The Sampling Level (Fig. 8A) only renders sampled tra-
jectories, offering an overview of activity paths. In Activity
Level, we introduced "activity bubble" to summarize the distri-
bution of pedestrian lingering spaces and actions. Justification:
Lingering activities often overlap in time while being spatially
close, leading to frequent spatial intersections. This implies
that spatial intersections frequently occur. Additionally, multi-
ple actions commonly occur simultaneously, resulting in tem-
poral intersections. Typically, stacked bar charts are utilized.
However, such glyphs can obscure the video scene, thereby
hindering video validation. To better understand the complex
spatio-temporal relationships in pedestrian activity, we adopted
the bubble-like visual encoding. This approach compactly
encloses elements within a set and facilitates exploring inter-
set relationships. Experts feedback was overwhelmingly pos-
itive: "It is easy to understand and visually appears more
refreshing.” As shown in Fig. 8B, "activity bubble" spatially
encode the location of lingering activities or actions, while
color encodes their duration.

The Uncertainty Level (Fig. 8C) renders "blur circle" and
bounding box to represent the tracking uncertainty Category
B. The estimated trajectory and error by Kalman filter (Section
IV-C) can be used to describe the potential range and uncer-
tainty level of missing trajectories. We used circles to encode
spatial information of estimated trajectory. The center position,

radius, and color correspond to the encoding of estimated
trajectory’s center, average radius, and uncertainty level. Blur
is a suitable method for expressing uncertainty [53]. Inspired
by this, we applied blur to the circle to represent uncertainty,
calling it the "blur circle". Additionally, following E1’s advice,
we retained the bounding box in algorithm result to indicate
pedestrian tracking status. By closely integrating the bounding
box with scene context and combining it with the blur circle,
it enhances users’ understanding of Category B.
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Fig. 8. On-demand rendering design for scene view. Trajectory
lines (sampling level), activity bubbles (activity level), blur
circles and bounding boxes (uncertainty level).

VI. CASE STUDY

We present three use cases to evaluate LANDER. Three
experts operated LANDER to explore pedestrian activities
in various videos. We collected their direct feedback and
evaluations, aiming to assess LANDER’s effectiveness based
on their expertise and experience.

A. Method

1) Experts: Three experts (E4, ES and E6) were recruited
to the case study. E4 (male, age = 28, work = 5), a junior se-
curity personnel, specializes in video surveillance. He has been
responsible for reviewing pedestrian activities during multiple
security incidents. His experience and workflow closely align
with the demands of evaluating LANDER performance. E5
(female, age = 28), a PhD at our institute, specializes in the
intersection of visualization and surveillance video research.
She exhibits exceptional insight in understanding visualization
technologies and their application in surveillance video analy-
sis. ES can offer valuable insights and analyses for our method.
E6 (male, age = 34, work = 6), an associate professor
at our institute, specializes in video vision analysis. He has
a deep understanding of intelligent video technologies and
domain issues, and can provide valuable advice for LANDER
from a vision analysis perspective. Their involvement enriched
our evaluation, providing insights into LANDER’s technology,
application, and user experience.
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2) Preparation: Expert E4, unable to attend in person,
conducted his case analysis online. We provided him with
an external link to LANDER and recorded the procedure
via Tencent Meeting. E4 and E5 conducted their analysis
offline. Before starting, we allocated 15 minutes for them
to familiarize themselves with LANDER. Then, they freely
explored within LANDER based on assigned tasks. A 23-inch,
1920 x 1080 resolution monitor was used.

B. Case One: Individual activity in the parking lot

The video is VIRAT_S_000002.mp4 [54], was taken in a
parking lot. The main exploration tasks of E4 were as follows:
1) identify Tommy’s activity time and area; 2) determine
the category of his uncertainty. We summarized the main
procedure of E4’s exploration:

E4 initially explored the overview view (Fig. 9A). E4
noticed Tommy’s photo was the only one, while the man
wearing a white hat appeared three times (T1). The differences
triggered his thoughts. He pointed out, "Tommy appears only
once and his pixel bar occupies the entire timeline. This
suggests that Tommy remains consistently present in the video
and is not mistaken for someone else." He further added, "In
other words, Tommy’s activity data does not include Category
A, and his information is complete.” (T3)

Later, E4 carefully observed the pixel bar chart. He found
that the pixel bars in lower chart exhibited a trend of increasing
height along the time axis (Fig. 9B): "I speculate that Tommy
is gradually approaching the main activity area in the video
and may engage in social interactions with other pedestrians.”
(TS). To verify this hypothesis, E4 randomly reviewed the
scene view and operated the sampling trajectory rendering
button and <. He observed Tommy crossing the parking
lot, briefly pausing by the building, and ultimately staying
near the lawn (Fig. 9C). E4 summarized, "My hypothesis is
confirmed as Tommy consistently present. And in the later
stage, his activity primarily focus on periphery of the parking
lot, which is also a gathering place for pedestrians.” (T6)

In addition to the height changes in lower chart, E4 also
mentioned the color variations in both upper and lower chart
that caught his attention. He observed that the pixel colors in
earlier phase are darker and exhibited significant fluctuations,
while the colors in later phase are lighter and more stable (T5).
He manipulated the uncertainty rendering button to analyze
possible causes [3]. E4 noticed that in the semantic time-
line under video player, green color blocks are concentrated
when Tommy is under the building, accompanied by unstable
bounding box rendering (namely, intermittent rendering). In
the spatial dimension, blur circles appear near the building
(Fig. 9D). Conversely, during Tommy’s stay near the lawn,
there are no green color blocks on the timeline, and the
bounding box rendering remains consistent. No blur circles
are observed in the area (Fig. 9E). E4 expressed excitement,
"In my view, it is very dark near the building, and even
security personnel would find it difficult to discern pedestrian
activity through video. The occlusion also makes it difficult
for algorithms to recognize Tommy, resulting in Category B
in his activity data. This also explains the emergence of visual
elements symbolizing uncertainty.”" (T2, T3, T6)

Subsequently, he conducted interactive visual analysis of
Tommy’s action status. Detailed content is elaborated in sup-
plementary material Section V.

C. Case Two: Item handover activity in the parking lot

The video is VIRAT_S_000101.mp4 [54], was taken in a
parking lot. ES’s main exploration task was to identify key
time and location of item handover activity between Allen and
Jack. We summarized the main procedure of ES’s exploration:

Initially, ES explored the overview view (Fig. 10A), noticing
both Allen and Jack’s images appeared three times. She
clicked to examine and discovered they frequently entered and
exited the surveillance. She noted, "When they re-entered the
surveillance, the tracking algorithm failed to recognize them,
introducing Category A." Then, ES5 clicked button -J[c to merge
three segments of Allen and Jack’s activity (Fig. 10B), gaining
a complete view of their activities. She observed overlapping
activity times between them in all three segments. She clicked
the button and to render the trajectory lines and
activity bubbles (Fig. 10C). She discovered that they actually
performed three item handovers near a car (Fig. 10D-E). E5
added, "Relying solely on automatic assessment or manual
video retrieval, I might have assumed the handover occurred
only at the beginning, overlooking the latter two. In contrast,
LANDER effectively alerted me to these occurrences."

During exploration, ES noticed an issue: despite frequent
item handovers between the two, the "carry" % bar is low
(Fig. 10F). This indicates the action algorithm did not con-
tinuously recognition this activity. ES commented, This could
be due to occlusion, rapid action occurrence, or incomplete
training dataset.”" ES believed that focusing only on automatic
assessment data might cause her to miss brief "carry" action
records, potentially overlooking the item handover. In contrast,
LANDER’s advantage lies in its statistical analysis and spatio-
temporal visualization of action information. This enabled E5
to quickly spot actions that were subtle in data, and easily
locate them in the video for inspection.

D. Case Three: Group Activity Exploration in a street video

The video is fight_margaret_2.mp4 [55], was taken in a
street. E6’s main exploration task was to identify key group
activities in the video. We summarized the main procedure of
E6’s exploration:

Expert E6 also showed great interest in the overview view
(Fig. 11A). He noticed that three pedestrians’ photos appeared
repeatedly, while the other four appeared only once. E6
hypothesized: "According to LANDER’s design, this might
indicate that these three pedestrians are involved in Category
A."” E6 then reviewed the video segments and found that
they indeed frequently entered and exited the surveillance.
E6 noted: "The algorithm failed to recognize their feature
information, resulting in a failure to re-identify them." E6
merged their data, obtaining a complete view of their
activities and visual clues (Fig. 11B). He also noted that three
pedestrians had larger pixel bar representations, indicating
longer activities. In contrast, the other four pedestrians had
shorter pixel bars, suggesting brief activities (Fig. 11E). Upon
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Fig. 10. Case study Two: E5’s interaction exploration process
for item handover activity between Allen and Jack.

reviewing the footage, E6 discovered that the video mainly
captured these three individuals’ group activities, such as
chatting or fighting (Fig. 11D).

Previously, E6 had activated all three level rendering buttons
®, - and [3]. The frequent color changes in LEO’s pixel
bar and green blocks on the timeline drew E6’s attention.
This led E6 to notice frequent missing in LEO’s trajectory
data, indicating Category B. E6 added, "From my observation,
LEO’s attire isn’t conspicuous, and he’s often obscured by
others or moves quickly, leading to unstable tracking." E6
ultimately emphasized, based on his experience in computer
vision, that vision algorithms struggle to achieve ideal results
in such complex scenarios. He advised against overly relying
on automatic assessment data but stressed that "LANDER is a
valuable tool for analysis support.”

Fig. 11. Case study Three: E6’s interaction exploration process
for the group activity (walking and fighting) in the street video.

E. Feedback

After case studies with experts, we received positive feed-
back and valuable suggestions for improving LANDER.

When asking for their views on the LANDER design:
E4 particularly appreciated the scene rendering view. He
emphasized, "Connecting pedestrian activities and related
uncertainties to the video scenes significantly improved anal-
ysis efficiency.” E5 found the exploration design from an
overview to details is user-friendly. It allows for an overview
of complex activity data while facilitating in-depth. However,
she suggested that scene rendering view should support display
of multi-person activity data. "The current view is not ideal
when it comes to comparative or joint analysis of multi-person
activities," she pointed out. E6 found that LANDER’s design
incorporates some fundamental visualization elements suitable
for most users. Particularly, he appreciated the use of icons
instead of actions’ textual descriptions, which was intuitive
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and interesting. Furthermore, he noted that the dual-channel
overview view might initially seem a bit complex.

When asked about integrating uncertainty visualization with
pedestrian activity: E4 expressed appreciation and support. He
believed that visualizing uncertainty linked with pedestrian
activity aids in identifying when and where the algorithm
underperforms. ES found this approach innovative, noting that
LANDER proposal fits with the concerns of video surveillance
field. "Few studies focus on uncertainty in automatic assess-
ments, but LANDER introduces the analysis flow targeting
common activity uncertainties.” E6 recognized the advantage
of LANDER in visualizing uncertainties in assessment results.
He believed it alerts users to potential errors. Additionally,
it provides vision researchers with crucial clues about model
performance, aiding in model or dataset optimization. He
suggested incorporating uncertainty correction features in the
analysis flow or modules. Such as action recognition result
adjustments, allowing users to directly modify.

VII. USER EVALUATION

To further understand LANDER’s effectiveness in facili-
tating exploration and insights into pedestrian activity and
the uncertainty, we conducted a user evaluation. We followed
three objectives to guide evaluation: G1 evaluate LANDER’s
performance in pedestrian activity retrieval tasks. G2 evaluate
how well LANDER aids in understanding pedestrian activity
and the uncertainty. G3 evaluate user experience of LANDER.

A. Evaluation Method

1) Participants: We recruited 12 participants (3 females
and 9 males, postgraduates, agemeqan = 24.5, agesq = 3.2)
from fields including video surveillance, computer vision,
and data visualization. The aim is to encompass various
professional perspectives to evaluate LANDER’s performance.
P1-P3 (recommended by E1), with a solid background in video
surveillance and expertise in video retrieval and investigation.
We further invited 9 individuals in our affiliated research in-
stitution. P4-P7 specialize in video-related vision technology,
with deep knowledge of video research, closely aligning with
LANDER’s workflow. P8-P12, focused to video visualization
research, whose research achievements and experience can
offer valuable insights into LANDER’s design. These partic-
ipants are appropriate for evaluating LANDER, as the user
tasks primarily involve general retrieval rather than specific
security investigation skills. Three participants with expertise
in video surveillance can provide practical application insights,
while others can offer technical and design perspectives.

2) Data and Apparatus: Videos involved are from the
VIRAT [54] and BEHAVE [55] datasets. The videos have
durations ranging from 10 to 60 minutes, rather than being
mere summaries. They encompass diverse pedestrian activities
in real-world surveillance scenarios, providing representa-
tive scenes for analysis. Due to reliance on vision models
and lengthy pipeline, video data processing tasks were pre-
executed on a Linux (Ubuntu 22.04.1) server. For details on
model deployment and virtual environment setup, please refer
to the supplementary material Section III-A. The server was
equipped with an Intel Core i9-10900x CPU (3.70GHz) and

a Nvidia GeForce RTX 2080 Ti GPU (11GB). In addition,
LANDER was hosted on a desktop machine running Win-
dows version 19045.3693, with an Intel Core 15-9400 CPU
(2.9GHz). The user interface, displayed on a 23-inch monitor
with a 1920 x 1080 resolution, enables real-time interaction.

© P e
= 71 | s =
2 b S Vs. | = ﬁ‘ =
= {5 v, |
Vision Rendering Video (Baseline) LANDER (Our Method)
Video Activity-based Tasks (AbT) Uncertainty-based Tasks (UbT)
O == | Tusk I Explore the trajectory and time of | Task 4 Identify uncertainty type of Pedestrian #4,
s v M | Pedestrian #1's item handover activity. and explore Category B's location and time.
= : =l moe
o - = [ VEE 2 ] 3 Cate d €
" VIRAT_S_00000 Ss ; 5= -
2 g5 g3 . 01:55 - 02:00
2 OFE B o152 0244 | O& K‘ 02:18 - 02:24
=
= Task 2 Explore the trajectory and time of Task 5 Identify uncertainty type of Pedestrian #5,
3 Pedestrian #2’s complete activity. and explore Category B's location and time.
=
= LR~ 2L Category Aand C
& ] ER-
) BB g3
| ) SlE ) 04:55 S &
g 2-11:18 F
2 Task 3 Explore the trajectory and time of | Task 6 Identify uncertainty type of Pedestrian #6,

Pedestrian #3 crossing the road. and explore Category B's location and time.

Fig. 12. The comparative evaluation based on Task1-Task®6.

3) Comparative Evaluation: We first designed a user task-
based comparative evaluation. It involves comparing LAN-
DER with a baseline method (Fig. 12A), which is man-
ually reviewing videos processed by vision algorithms, to
evaluate differences in efficiency, accuracy and other factors
(G1). Specifically, we required participants to perform six
retrieval tasks using both LANDER and baseline method
(Fig. 12B). The six retrieval tasks were categorized into two
types: activity-based (AbT) and uncertainty-based (UbT). The
AbT tasks focus on evaluating LANDER’s performance in
in activity localization and temporal analysis. Participants
were asked to explore locations and time related to specific
pedestrian activity. The UbT tasks emphasize evaluating LAN-
DER’s capability in recognizing and analyzing uncertainty.
Participants were asked to identify uncertainty categories in
pedestrian activity. Specifically, they need to pinpoint locations
and times of Category B. For detailed information on video
parameters, specific task designs, and ground truth, please
refer to Fig. 12. To assess LANDER’s performance in the
retrieval tasks, we established four key metrics. These metrics
quantitatively compare LANDER with the baseline method
across temporal, spatial, and uncertainty dimensions (G2):

o execution time: Measures the total time taken by par-
ticipants to complete a retrieval task, evaluating the
efficiency in retrieval performance.

o time error: The discrepancy between participants’ esti-
mated activity time and the actual time, reflecting the
ability to accurately identify the timing of activity.

o trajectory error: The difference between participants’
described trajectories and the actual trajectories, assessing
the capability in processing spatial information.

e uncertainty category error: The comparison between par-
ticipants’ identified uncertainty categories and the ground
truth, measuring the performance in recognizing and
understanding uncertainty.
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4) User Questionnaire: To assess LANDER’s efficacy in
aiding user understanding of pedestrian activities and their
uncertainties, as well as user experience (G2&G3), we also
designed the questionnaire. The questionnaire comprised 17
questions (Fig. 14), focusing on LANDER’s visualization,
operation, and user experience:

o 01-Q3: Gather user experiences with the tool, focusing
on pleasure, confidence, and workload in operation.

e 04-06: Gather evaluations on LANDER’s effectiveness
in analyzing pedestrian activities and uncertainties.

o 07-Q13: Gather comments about the functionality and
practicality of LANDER’s visual designs.

e Q14-Q17: Collect user feedback on operational simplic-
ity, learning curve, and interaction experience.

The questionnaire results were quantitatively scored using
7-ponit Likert Scale. It has gained widespread recognition
in psychometrics, offering sufficient sensitivity to distinguish
between attitudinal differences.

B. Procedure

Firstly, participants were introduced to the baseline videos,
which displayed elements rendered by visual algorithms, in-
cluding tracking boxes, ID labels, and confidence labels. After
the introduction, they performed six tasks using the baseline
method and completed questionnaire Q/-Q3.

Secondly, to mitigate potential biases in evaluating LAN-
DER method following the baseline due to memory effects, we
considered two programs: cross-evaluation and a cooling-off
period. Given the limited sample size and the involvement of
video variables, we opted for a program combining additional
tasks with a cooling-off period. Hence, following the baseline
method, participants were asked to execute additional tasks
(see supplementary material Section VI for details). The results
were not included in the final evaluation. Subsequently, the
evaluation process entered a 24-hour cooling-off period [56].

Thirdly, we introduced participants to LANDER and pro-
vided a demonstration of how to use it. Similarly, after the
instruction, participants used LANDER to perform six tasks
and complete questionnaire Q/—Q3. Finally, participants were
required to complete questionnaire Q4-Q17. All participants
conducted our study face-to-face. Afterward, each participant
was compensated with US $8.

C. Results

We first conducted statistical analyses on the results of six
tasks and questionnaire Q/—Q3. We used error bar charts
to compare the performance differences between LANDER
and baseline method, as shown in Fig. 13. Given our sample
size (N = 12), the non-normal distribution of data, and the
comparison of baseline and our method under consistent tasks
and participants, we chose the Wilcoxon signed-rank test.
It is a widely used non-parametric method, suitable for small
samples and paired sample comparisons. The G-test is suitable
for categorical data with non-normal distributions, particularly
exhibiting robustness in small samples or situations with zero
frequencies. It can effectively assess user responses across

TABLE I: LANDER’s performance relative to baseline (1
increase, | decrease), with p-values indicate significance.

Metrics Ratio (%) p-values
execution time $2291% p<0.01
time error $2227% p=0.41
trajectory error $48.15% p<0.01
uncertainty category error | 68.25% p < 0.05
QI (pleasure) 1 58.14% p<0.01
Q2 (workload) $3871% p<0.01
Q3 (confidence) 1 18.27% p < 0.05

different rating levels. The overall superiority of LANDER
in metrics is shown in Table. I. Furthermore, we used bar
charts to represent the questionnaire Q4-Q17 results (Fig. 14),
showcasing user experiences.

In summary, for execution time, LANDER demonstrates a
significant 22.91% efficiency increase compared to baseline
(p < 0.01). However, the 22.27% reduction in time error is
not statistically significant (p = 0.41). For trajectory error,
LANDER shows a 48.15% reduction, a statistically significant
enhancement (p < 0.01). Moreover, a 68.25% reduction in
uncertainty category error validates LANDER’s effectiveness
in uncertainty identification (p < 0.05). In user questionnaire,
LANDER shows a 58.14% increase in user pleasure QI (p <
0.01), a 38.71% decrease in workload Q2 (p < 0.01), and
an 18.27% increase in task confidence Q3 (p < 0.05). The
statistical results are analyzed in detail as follows:

As shown in Fig. 13A, LANDER notably reduces the execu-
tion time. Specifically, in AbT Task1-Task3, the average time
is decreased by 22.93%; in UbT Task4-Task®, it is reduced by
22.89%. Participants noted that LANDER’s visual presentation
and analysis significantly improved retrieval efficiency.

As shown in Fig. 13B, LANDER does not demonstrate
a significant advantage in time error metric. This is mainly
due to task nature and data characteristics. In most tasks,
activity times are clearly defined, making manual retrieval
relatively effective. Although LANDER offers higher effi-
ciency, its improvements in time localization accuracy are
not pronounced. But in Task2, the error line in baseline
method shows greater variability (mean = 22.17, std = 46.44).
This is due to two participants mistakenly thought Pedestrian
#2’s activity ended after initially exiting the video. In fact,
Pedestrian #2 reappeared towards the end of video, leading
to significant errors. In such scenarios, manual retrieval is
prone to errors due to missing information, whereas LANDER
effectively avoids this issue by providing a global view.

As shown in Fig. 13C, LANDER'’s error in trajectory iden-
tification is about 48.15% lower than baseline. User feedback
particularly highlights LANDER’s advantages in presenting
and analyzing pedestrian trajectories. Particularly in handling
complex trajectories, it effectively prevents information loss.
P1 stated:"With the baseline method, I often forget the pedes-
trian’s path, but LANDER effectively alleviates this problem."

As shown in Fig. 13D, in uncertainty identification tasks, us-
ing LANDER reduces error by 68.25% compared to the base-
line method. Most participants report that LANDER simplifies
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uncertainty detection, whereas the baseline method struggles
in this aspect. P7 stated:"The baseline method presents all
pedestrian information at once, making it hard for me to focus
on identifying uncertainties in activities."”

As shown in Fig. 13E, LANDER significantly improves user
satisfaction compared to baseline method. P8 commented, "I
feel much more relaxed using LANDER.". While P2 noted, "I
often resist the vision algorithm due to excessive uncertainty
feedback, but LANDER makes my attitude more positive."

As shown in Fig. 14, participants generally agree that LAN-
DER’s visual design effectively supports pedestrian activity
and uncertainty analysis (Q4-Q12), especially its overview
(Q7-08) and rendered views (Q9-Q10). They also expressed
a strong desire to use LANDER in their future work (Q6).
Participants highlight that LANDER’s advantages are its "in-
tuitiveness” and "efficiency”. It provides visual cues on spatio-
temporal activity and uncertainty without involving the de-
tails of vision technology. 16.6% participants indicate that
LANDER is insufficient to effectively support subsequent
collaborative communication among security personnel (Q13).

Participants generally express satisfaction with LANDER’s
operating mechanism. 83% participants believe that learning
cost of LANDER is low, and they can quickly get started
(Q15). 25% participants (including P2, P5, and P6) note that
understanding the multidimensional information encoded in
dual-channel pixel chart takes time. All participants unani-
mously agree that LANDER is easy to operate, responsive,
and offers a good user experience. P11 stated:"clear interface
layout and easily understandable operation”.

VIII. D1SCUSSION AND FUTURE WORK

Significance. Traditional video retrieval modes are often
inefficient, especially when it comes to complex pedestrian
activities. We introduce visualization technology into the
surveillance video analysis process. This transforms complex
activity data into an intuitive visual form, enabling a more
streamlined and efficient analysis. However, many studies
have neglected the impact of uncertainty in automatic vision-
based surveillance video visualization. We specifically focus
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not useful useful
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overall distribution of actions? o
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subsequent communication? .?.._.’ -Z-
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Q16 It is complex/simple to operate LANDER. 5
Q17 LANDER provides a rough/smooth interaction experience. 2 Qi rough smooth

Fig. 14. Questionnaire content and bar charts of statistical
results. Bar height indicates participant numbers.

on three uncertainties in automated activity assessment and
explore how to visualize them to alert security personnel to
potential risks. Domain experts also highly appreciate this
idea, and feedback from user study demonstrates potential in
communicating this information via visualization. Especially
in the era of Al-generated content (AIGC), it’s crucial to
closely monitor the uncertainties introduced by Al methods in
practical applications. This attention is particularly important
in domains such as security, law, and healthcare.

Lessons learned. In collaboration with security personnel,
we gained valuable insights from their feedback. Visual de-
signers must customize designs to meet the specific needs of
security personnel, considering their unique job requirements.
We need to understand their workflow, data processing, and
decision-making to provide visualization tools that align with
their needs. Another important lesson learned is the importance
of visual analysis. We realize that emphasizing visual analysis
skills becomes particularly important when dealing with large
volumes of video data. We need to ensure our interface pro-
vides "clear overview and flexible functionality, without losing
touch with the real context”. Further, experts emphasized that
"the performance and response speed of the system are cru-
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cial". We need to ensure that LANDER’s interactive real-time
performance meets needs in practical scenarios. Measures such
as asynchronous data processing, sliding window algorithm
optimization for views, and efficient visualization rendering
techniques can be considered to speed up the data rendering
process on the interface. Additionally, the efficiency of video
processing module can be improved through distributed model
deployment and computing, lightweight modeling techniques,
and GPU acceleration.

limitations and future work. There are limitations in our
study that need to be discussed. Firstly, the scene rendering
view in LANDER has not yet incorporated dynamic embedded
visualization. To achieve dynamic layouts, we plan to develop
a dynamic programming-based layout optimization algorithm.
It is guided by principles of alignment, balance, and minimal
obstruction to optimally place visual elements in video scenes.
To enhance efficiency, we propose integrating a keyframe
sampling strategy into existing scene rendering workflow.
Afterward, we will apply the layout algorithm and leverage
technologies like the GreenSock Animation and OpenGL to
achieve dynamic rendering effects. Secondly, our study fo-
cuses on three categories of uncertainty. However, information
omissions due to missing actions detection also represent a
significant source of uncertainty. To response this, anomaly
detection modules can be integrated to assess abnormalities in
video frames. Combining these assessments with action recog-
nition results quantifies uncertainty. Additionally, introducing
user feedback mechanism allows analysts to annotate missed
actions, facilitating interactive supplementation and updates.
Furthermore, we were unable to access surveillance video data
from law enforcement agencies due to the sensitive nature of
data. This limited our understanding of LANDER’s robustness.
Future research could consider more extensive collaborations
to obtain diverse and authentic scenario data, enabling a more
comprehensive evaluation of LANDER’s performance.

IX. CONCLUSION

This study explores the visualization solution for pedestrian
activity and uncertainty analysis. Based on a formative study,
we propose a design framework that integrates spatio-temporal
activity data analysis, uncertainty modeling, and interactive vi-
sual exploration. We also develop the user interface LANDER
to implement the concept of this design framework. Feedback
from expert interview and user study demonstrates LANDER’s
strong performance, affirming its effectiveness and usability.
In future work, we plan to improve and expand LANDER’s
visual design to enhance its data presentation and analysis
capabilities. We will further evaluate LANDER’s performance
in real scenarios to guide its optimization and enhancement.
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