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1. Appendix A: Reference Table for Features and Supporting Theories

Table 1 Theoretical Foundations Supporting Feature Extraction

Dimension Subcategory Theory Support References

Product Interaction Visual Attention Focus Visual attentiontTheory Glaholt and Reingold (2011)
Eye Tracking in marketing Martinovici et al. (2023), Ursu

et al. (2024), Unger et al. (2024)
Physical Interaction Search costs and perceived

value
Branco et al. (2012)

Embodied cognition theory Barsalou (2008)
Planned vs unplanned
purchase

Hui et al. (2013b)

Social Interaction Homophily Aral and Walker (2011)
Social facilitation Zajonc (1965)
Theory on group size Mills (1958), Slater (1958)

Non-Product
Engagement

Physical constraints on
shopping equipment

Cochoy (2008), Bellini and Aiolfi
(2017)

Phone usage Atalay et al. (2017)

Spatial-Temporal
Trajectory

Proximity to Product
Display

Purchase consideration Hui et al. (2013a)

Store design and product
placement

Sigurdsson et al. (2009), Ferreira
et al. (2018)

Movement Path Speed Purchase consideration and
search cost

Seiler and Pinna (2017)

Subjective perception of time
Brown (1995)

Directional Changes
Complexity

Exploration and
variety-seeking

Hui et al. (2013b)

Information and search cost
Stigler (1961)
Physical Surroundings Bitner (1992)

Time-Based Engagement Prolonged decision making:
Attention and engagement

Wedel and Kannan (2016),
Baumeister et al. (1998)

Prolonged Decision
Making: cognitive load

Baucells and Zhao (2019)

Pose and Motion Arm Shoulder
Movements

Nonverbal communication
theory – openness and
consideration vs defensive and
resistance

Hall et al. (2019), Burgoon (1994)

Leg Hip Body Posture Nonverbal communication
theory – Interest and
attentiveness

Knapp and Hall (2010)

Hand Positioning
Movement

Nonverbal communication
theory –Assertiveness;
Readiness to act

Mehrabian (1972)

Head Orientation and
Gaze

Nonverbal communication
theory – Agreement and
understanding

Ekman and Friesen (1976)

Facial Expressions Facial Emotions The impact of emotions on
judgments, evaluations, and
decisions

Williams et al. (2014), Gardner
(1985)

Facial Action Coding System
(FACS)

Ekman and Friesen (1976)

Eye Gaze Facial Action Coding System
(FACS)

Ekman and Friesen (1976)

Attention and Trust Building Kleinke (1986)
Mouth Status Facial Action Coding System

(FACS)
Ekman and Friesen (1976)

Benchmark Feature Appearances Contagion effect Argo et al. (2008)
Self-representation Jensen Schau and Gilly (2003),

Clark et al. (1999)
Demographics Behavioral difference in

gender and age
Mitchell and Walsh (2004), Kotler
and Armstrong (2021), Kanwal
et al. (2022), Otnes and McGrath
(2001), Hansen and Jensen (2009)

Contextual Mobile targeting Baker et al. (2014), Zhang and
Katona (2012), Luo et al. (2014),
Ghose et al. (2019)
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2. Appendix B: Feature Extraction from In-Store Video Data —
Framework and Implementation Details

We provide the detailed implementation of our video-based feature extraction process in this sec-

tion. This appendix offers a comprehensive guide to how rich behavioral features are derived from

raw in-store video data using our framework. The technical breakdown—covering feature categories,

design rationale, and implementation examples—serves as a practical reference for researchers and

practitioners aiming to develop real-time consumer analytics systems leveraging video camera data.

2.1. Reconstructing Consumer Shopping Trajectory Using Person Re-ID

Specifically, we adopted SOLIDER to learn general human representations from massive unlabeled

human images, which can benefit downstream human-centric tasks to the maximum extent. Unlike

existing self-supervised learning methods, SOLIDER utilizes prior knowledge from human images to

build pseudo semantic labels and import more semantic information into the learned representation.

Moreover, different downstream tasks always require different ratios of semantic information and

appearance information, and a single learned representation cannot fit all requirements. To solve

this problem, SOLIDER introduces a conditional network with a semantic controller, which can fit

different needs of downstream tasks.

It delivers top-tier results across multiple benchmark datasets: On Market 1501, SOLIDER

achieves mAP/Rank-1 = 91.6% / 96.1% (without re-ranking) and improves further to 95.3% /

96.6% with re-ranking. On the more challenging MSMT17 dataset, SOLIDER reaches mAP/Rank-

1 = 81.5% / 89.2% with re-ranking. In contrast, competitive Re-ID methods like UFFM (Che et al.

(2025)) and CLIP ReID (Li et al. (2022)) baselines typically achieve only 92.0% mAP / 96.1%

Rank-1 on Market 1501 and 67–68% mAP / 80–83% Rank 1 on MSMT17. These results validate

SOLIDER’s superior ability to generalize across complex camera views, making it a strong fit for

our retail environment where accurate and efficient tracking across camera views is essential.

We also demonstrated two matched consumer trajectories in Figure 2 and Figure 3.

2.2. Major Feature Set 1 - Consumer Spatial-Temporal Trajectory Features

This feature set captures how shoppers navigate the store, revealing shifts in interest, exploration

patterns, and engagement levels that are essential for predicting purchase behavior.

To recover consumers’ full Spatial-Temporal Trajectory from video, we conduct location tra-

jectories reconstruction by mapping views from different cameras into a unified plane view with

GPS-like coordinates. This is challenging for two main reasons. First, each camera captures only

a partial footprint of consumers, requiring us to align all camera views in sequence to reconstruct

their true trajectory. Second, since consumer coordinates are detected from fixed camera angles, the

resulting movement trajectory may not accurately represent the actual path. Observed movement

distances can be distorted—either elongated or shortened—depending on the camera angle.
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Figure 1 Person Re-ID Pipeline Illustration

Figure 2 Matched Consumer Trajectories 1 Figure 3 Matched Consumer Trajectories 2

To address these issues, we use homography transformation to map consumer movements across

various camera angles, creating a seamless view of the shopping journey. Homography transfor-

mation, commonly used in computer vision, maps points from one plane to another under the

assumption that both images represent views of the same planar surface.

The process involves determining a homography matrix between two planes by establishing at

least four point correspondences—pairs of matching points representing the same physical location

on both planes. This homography matrix defines the mapping relationship. Given points {(xi, yi)}

in the camera view and {(x′
i, y

′
i)} in the plane view, we estimate the homography matrix H by

solving the following system of equations:

(
x′
i

y′
i
1

)
∼H

(
xi

yi
1

)
This equation shows how each point in the camera view (xi, yi) is transformed to a correspond-

ing point in the plane view (x′
i, y

′
i) using H. Solving this system (typically using Singular Value
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Decomposition, SVD) provides the homography matrix for mapping any point from the camera to

the plane view.

Our goal is to map views from three overview cameras into a single bird’s-eye perspective,

combining them to reconstruct consumer trajectories in a unified plane view. These overview

cameras, capturing the floor from different angles, provide comprehensive coverage of the shopping

area. By applying homography transformation, we align each camera’s floor plane with the bird’s-

eye view.

To set up this alignment, we used an overhead map of the mall with precise locations of displays

and distances between key points. Ten corresponding ground points were manually labeled in each

camera view and on the map. Using these points, we applied OpenCV’s homography transformation

to estimate H, establishing a one-to-one mapping between each camera’s perspective and the plane

view. Once the mapping relationships are established, we convert consumer coordinates from each

camera into the bird’s-eye view coordinates (x′, y′). We use consumers’ foot coordinates to represent

their location in the video view, assuming that the foot position is on the same plane as the ground.

To approximate these coordinates, we estimate the midpoint between the left and right foot. The

transformation is given by (x′, y′,1)T =H(x, y,1)T . By integrating views from all three cameras,

we reconstruct the full consumer trajectories in the unified plane view. Example of a converted

consumer trajectory in the bird’s-eye view is provided in the online Appendix.

Then based on the extracted plane view coordinates, we compute the following set of Spatial-

Temporal features:

Proximity to Product Display: This feature measures the distance between a consumer and

product displays at each timestamp. To measure this proximity, each product display is modeled

as a rectangle with four corners, labeled (x1, y1), (x2, y2), (x3, y3), and (x4, y4). We calculate the

shortest distance between the consumer’s position (px, py) and the product display by finding the

minimum distance to each of the rectangle’s four sides. Each side of the display is treated as a line

segment between two corner points, such as from (x1, y1) to (x2, y2).

For each line segment, we calculate the shortest distance from the consumer’s position (px, py) to

that segment. We start by representing each line segment as a vector v⃗= (x2−x1, y2−y1), and the

vector from the consumer’s position to the first point of the line segment as w⃗= (px−x1, py− y1).

The scalar projection parameter t, which determines where the perpendicular from the consumer’s

position falls relative to the line segment, is given by:

t=
w⃗ · v⃗
v⃗ · v⃗

=
(px−x1)(x2−x1)+ (py − y1)(y2− y1)

(x2−x1)2 +(y2− y1)2

Using the value of t: - If 0 ≤ t ≤ 1, the shortest distance from the consumer’s position to the

line segment is the perpendicular distance; If t falls outside the range [0,1], the shortest distance
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is to the nearest endpoint of the segment. This process is repeated for each of the four sides of the

rectangle, and the smallest of these distances is taken as the shortest distance from the consumer

to the product display.

Essentially, this shows how close consumers are to displays, helping us gauge interest as they

approach certain products. This calculation is performed for every product display and at each

timestamp, producing a series of distances that reflect the consumer’s proximity to each product

display throughout their shopping session.

Movement Path and Speed: This feature set captures consumer movement dynamics by tracking

path length and speed over time. Starting with plane view coordinates (px,t, py,t), which mark the

consumer’s position on a 2D plane, we calculate both one-step and total path lengths. The one-step

path length is Euclidean distance between the current and previous positions.

The total path length, a cumulative measure up to time t, sums all consecutive distances from the

start of observation. We also compute one-step speed, representing the consumer’s speed between

the last two recorded positions, by dividing the one-step path length by the time taken. The average

speed up to time t is obtained by dividing the total path length by the elapsed time since the

shopping session began.

Directional Changes and Complexity: This feature set measures turning angles, directional

changes, and path complexity, providing a comprehensive view of consumer movement patterns

within the store. We extract the following features for this group.

• The angle feature measures the change in direction between two consecutive movement vectors.

For each time step t, the consumer’s position is represented by vectors. The vector v⃗t represents

the movement from the consumer’s position at time t− 1 to their position at time t, calculated as

v⃗t = (px,t− px,t−1, py,t− py,t−1); Similarly, the vector v⃗t−1 represents the movement from time t− 2

to time t− 1, i.e., v⃗t−1 = (px,t−1− px,t−2, py,t−1− py,t−2).

The angle θt between the two vectors is computed using the dot product:

θt = arccos

(
v⃗t−1 · v⃗t
∥v⃗t−1∥∥v⃗t∥

)
where ∥v⃗t−1∥ and ∥v⃗t∥ represent the magnitudes of the vectors. This angle helps quantify how

sharply the consumer changes direction at each step, providing insights into their navigational

behavior.

• The Total Turning Angle represents the cumulative sum of all turning angles made by the

consumer over time. This feature captures the total extent to which the consumer has changed

direction. A higher Total Turning Angle suggests that the consumer is making frequent or significant

directional changes, possibly indicating exploration or indecision.
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• The One-Step Direction Change feature identifies whether a significant directional change

occurred between two consecutive steps. A direction change is considered significant if the angle θt

exceeds 45 degrees:

one step direction changet =

{
1, if θt > 45◦

0, otherwise

Tracking these sharp changes can highlight moments where the consumer is reconsidering their

path or exploring different areas of the store.

• The Total Direction Changes feature counts the cumulative number of significant direction

changes up to time t. A direction change is defined as significant when θt > 45◦. This feature helps

in understanding how often the consumer makes meaningful directional changes, which may signal

browsing or hesitation.

• The Fractal dimension feature quantifies the complexity of the consumer’s path using the box-

counting method. The consumer’s trajectory is divided into smaller boxes of varying sizes, and the

number of boxes needed to cover the path is counted. The Fractal dimension is calculated as:

Df =
logN(ϵ)

log(1/ϵ)

where N(ϵ) is the number of boxes of size ϵ required to cover the path.

Fractal dimension gives us a measure of path complexity: it captures how the consumer’s tra-

jectory fills space as the box size changes. A higher Fractal dimension indicates a more intricate,

convoluted path, which is typically associated with exploratory or nonlinear movement. In simpler

terms, the higher the Fractal dimension, the more complex and meandering the consumer’s path,

often reflecting more exploratory behavior.

• The Entropy feature captures the unpredictability or randomness in the consumer’s movement

by analyzing the turning angles at each time step. Entropy is a useful measure for understanding

how directed or exploratory a consumer’s behavior is within the store. Higher Entropy values

indicate more random, less predictable movement, reflecting exploratory or less structured shopping

behavior. In contrast, lower Entropy suggests more consistent and deliberate movement, indicative

of focused, goal-directed navigation. To calculate the Entropy at each time step t, the turning

angles θt are first computed for every segment of the trajectory up to time t. From these angles,

the probability distribution P (θ) is determined. The Shannon Entropy Ht up to time t is then

given by the formula:

Ht =−
∑
τ

P (θτ ) logP (θτ )

where P (θτ ) is the probability of turning angle θτ occurring at time step τ .
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• The Net Displacement measures the straight-line distance between the consumer’s starting

point and their current position at time t. Net Displacement reflects how far the consumer has

moved from their original point of entry, providing insight into the depth of their engagement with

the store environment.

• The Path Tortuosity feature measures how winding the consumer’s path is by comparing the

total path length to the Net Displacement. It is calculated as:

Tt =
Lt

Dt

where Lt is the total path length up to time t, and Dt is the Net Displacement at time t. A higher

tortuosity value indicates a more winding and indirect path, which could suggest the consumer is

browsing or uncertain about their decision-making process.

• The average curvature feature measures how sharply a consumer’s path bends, indicating

whether they follow a straight path (low curvature) or frequently change direction (high curvature),

which could suggest browsing or indecision. Curvature Kt at each point is calculated from three

consecutive path points, forming a triangle with area At:

Kt =
4At

a · b · c

where a, b, and c are the triangle’s sides. Averaging these values up to time t provides an overall

curvature, with higher values reflecting frequent directional changes and lower values indicating a

focused path.

The average curvature feature measures how sharply a consumer’s path bends as they move

through the store. To calculate it, we look at three consecutive points along their path and form a

triangle. The sharper the bend, the larger the area of this triangle relative to the distances between

the points. If the points form a straight line, the area (and thus the curvature) is zero, indicating

no bend. By averaging these curvatures across the entire journey, we get a sense of how winding or

direct the consumer’s movement has been. A higher average curvature suggests frequent direction

changes, hinting at browsing or indecision, while a lower value indicates a more straightforward,

focused path.

To calculate curvature Kt at time t, we use three consecutive consumer position points prior to t

including (px,t−2, py,t−2), (px,t−1, py,t−1), and (px,t, py,t). The area At of the triangle formed by these

three points is calculated as:

At =
1

2
|px,t−2(py,t−1− py,t)+ px,t−1(py,t− py,t−2)+ px,t(py,t−2− py,t−1)|
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Then we also need to measure the side lengths of the triangle:

a=
√
(px,t−1− px,t−2)2 +(py,t−1− py,t−2)2

b=
√
(px,t− px,t−1)2 +(py,t− py,t−1)2

c=
√
(px,t− px,t−2)2 +(py,t− py,t−2)2

The curvature Kt is calculated as:

Kt =
4At

a · b · c

The average curvature up to time t is the cumulative average of curvatures at each step:

Average Curvaturet =

∑t

τ=2Kτ

t− 2

The converted GPS-like trajectories from video is shown in Figure 4

Figure 4 Example of a converted consumers’ plane view trajectory

These features collectively offer a detailed view of the consumer’s movement within the store. By

analyzing directional changes, path complexity, and curvature, retailers can gain valuable insights

into consumer behavior, helping optimize store layouts and create targeted marketing interventions

to improve the shopping experience.

Time Based Engagement and Dwell Patterns: This feature set tracks how long consumers spend

in dwell areas, revealing which store sections or products attract the most attention and indicating

potential purchase intent.
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To identify dwell areas, we use the DBSCAN (Density-Based Spatial Clustering of Applications

with Noise) algorithm, which detects areas where consumers linger, signaling points of interest.

DBSCAN clusters points in a consumer’s movement path based on proximity, forming a cluster if

at least five points are within a 0.5-meter radius (equivalent to 17.5 units in the coordinate space).

If the total time spent in a cluster exceeds 30 seconds, it is classified as a dwell area. The following

features are then calculated to capture time-based engagement and dwell patterns.

• Time spent up to now measures the total time the consumer has spent in the store from entry

up to the current moment. It is calculated by finding the difference between the current timestamp

and the store entry time.

• Total dwell time sums the time a consumer spends in all dwell areas. If they remain in a dwell

area for more than 30 seconds, that time is added to the cumulative dwell time. This provides

insight into how long consumers engage with specific areas, revealing which sections or products

attract more attention.

• Belongs to dwell indicates if the consumer is currently in a dwell area. At any moment, it is set

to 1 if the consumer is in a cluster and 0 otherwise. This feature helps track real-time engagement,

showing when a consumer is actively interacting with products.

• Total dwell count tracks the number of distinct dwell areas the consumer has entered during

their shopping session. A higher count indicates multiple moments of high interest, signifying deep

engagement with different store sections, which often correlates with a higher likelihood of purchase.

• Revisit dwell measures how often the consumer returns to previously identified dwell areas,

which can indicate indecision or re-evaluation of products. Revisiting a dwell area shows continued

interest and potential reconsideration of products, suggesting the consumer may be closer to making

a purchase decision.

2.3. Major Feature Set 2 - Product Interaction Features

We quantify consumers’ interactions with products. This refers to how consumers physically inter-

act with products, such as touching, picking up, comparing, or visually focusing their attention.

It also includes social interactions during product engagement, such as showing an item of cloth-

ing to another person. These behaviors can indicate how consumers engage with products and

reflect varying levels of interest, potentially leading to different purchasing decisions. We categorize

different types of product interactions in the following sections.

To capture product interactions from images, we adopt PaliGemma from Google, a versatile and

lightweight vision-language model (VLM) inspired by PaLI-3, which is based on open components

such as the SigLIP vision model and the Gemma language model. PaliGemma, as a state-of-the-

art open-source vision-language model, has been extensively benchmarked and shown to perform
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exceptionally well across a range of visual understanding tasks (Beyer et al. (2024)). It takes

both image and text as input and generates text as output, supporting multiple languages. It is

designed for class-leading fine-tuning performance across a wide range of vision-language tasks such

as image and short video captioning, visual question answering, text reading, object detection,

and object segmentation. Specifically, we adopted a fine-tuned version for the Visual Question

Answering (VQA) task with the VQAv2 dataset1, google/paligemma-3b-ft-vqav2-224. VQA is a

task that involves answering open-ended questions about images, requiring an understanding of

vision, language, and common-sense knowledge. We use images as input and ask carefully designed

questions for the VQA model to answer.

Physical Interaction: This feature set captures consumers’ physical interaction with products,

meaning direct contact with the products. We ask the VLM a series of questions to capture different

levels of physical interaction, such as: ”Is the person touching the product?”, ”Is the person holding

a product?”, ”Is the person closely examining a product?”, ”Is the person picking up a product

from the rack?”, ”Is the person trying on a product?”, ”Is the person comparing two or more

products?”, ”Is the person checking the price tag?”, and ”Is the person feeling the fabric?” These

questions help quantify various types of consumer interaction.

Visual Attention Focus: This type of interaction lacks physical engagement but involves interac-

tion through visual attention. A consumer may be looking at a product or pointing at it, signaling

initial interest as the product captures the consumer’s attention. We ask VLM model to quantify

visual attention through questions like: ”Is the person looking at the product?” ”Is the person

focused on a particular product?” ”Is the person looking around without touching the product?”

”Is the person browsing through products on the rack?” ”Is the person pointing at product items?”

Social Engagement: Another key factor is social engagement during product interactions, such

as showing a product to someone or shopping with a companion. We ask the VLM model questions

such as: ”Is the person showing a product to another person?” ”Is the person accompanied by

someone?”

Non-product Engagement: We quantify whether the consumer engages in non-product-related

activities during product interaction, such as: ”Is the person carrying a shopping bag?” ”Is the

person holding a mobile phone?” ”Is the person checking their mobile phone?”

2.4. Major Feature Set 3 - Body Pose and Motion Features

This feature set helps us understand how a consumer moves and behaves in a store environment.

These features capture details about the consumer’s body position and movement patterns, provid-

ing insights into their engagement with products. We quantify consumers’ body pose and motion

1 https://visualqa.org/index.html
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behaviors by adopting AlphaPose, a state-of-the-art multi-person pose estimator. Pose estimation

refers to identifying the position of a person’s body parts, like the head, arms, and legs, in a given

image or video frame. In simpler terms, it’s a way of mapping out where each part of the body is

positioned so we can see how someone is standing, reaching, or interacting with an item.

AlphaPose is the first open-source system to achieve over 70 mAP (75 mAP) on the COCO

dataset and over 80 mAP (82.1 mAP) on the MPII dataset (Fang et al. 2022, 2017, Li et al.

2019). It detects 136 key full body points, including 26 body keypoints such as the nose, eye, ear,

shoulder, elbow, wrist, hip, knee, ankle, head, and neck. Additionally, it identifies 68 face keypoints,

21 left-hand keypoints, and 21 right-hand keypoints. We demonstrate examples of the body points

detected for each individual consumer in Figure 5.

Figure 5 Examples of detected body points using AlphaPose

This level of granularity allows us to accurately quantify consumers’ movements and actions,

such as whether they are leaning forward, raising their hands, bending down, squatting, or tilting

their heads. These pose and motion features provide insights into how consumer actions evolve

throughout their shopping journey. By extracting 136 key points from each consumer image, we

can construct detailed pose and motion features that capture the dynamics of their interactions

and behaviors during shopping.

Arm Shoulder Movements: This set of features captures the movements of the arms and shoul-

ders, providing insights into upper body behavior.

• Left and Right Elbow Angle: The elbow angle measures the degree of bending at the elbow

joint, providing insights into whether a consumer is reaching for, holding, or manipulating a prod-

uct. A larger elbow angle (closer to 180 degrees) indicates that the arm is fully extended, often

associated with reaching for products, while a smaller angle (closer to 90 degrees) suggests the arm

is bent, indicating actions like holding or lifting an item.
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θelbow = cos−1

(
(Shoulder−Elbow) · (Wrist−Elbow)

∥Shoulder−Elbow∥∥Wrist−Elbow∥

)
(1)

where Shoulder, Elbow, and Wrist are the respective keypoints.

• Left and Right Shoulder Angle: The shoulder angle measures the arm’s position relative to

the body. It captures how much the arm is lifted or extended away from the torso. A larger angle

indicates that the arm is extended outward, often when the consumer is reaching for or interacting

with products, while a smaller shoulder angle suggests the consumer is in a passive state or has

completed an interaction.

θshoulder = cos−1

(
(Neck−Shoulder) · (Elbow−Shoulder)

∥Neck−Shoulder∥∥Elbow−Shoulder∥

)
(2)

where Neck, Shoulder, and Elbow are the respective keypoints.

• Upper Arm to Forearm Ratio (Left and Right): This ratio measures the relative extension of

the upper arm compared to the forearm. It is calculated by finding the length of the upper arm (the

distance between the shoulder and elbow points) and the forearm (the distance between the elbow

and wrist points) and then dividing the upper arm length by the forearm length. A higher ratio

suggests that the consumer is likely reaching out to engage with a product on a shelf or display,

indicating interest and exploration. Conversely, a lower ratio implies that the consumer is holding

or closely examining an item, reflecting a deeper level of engagement and a higher likelihood of

purchase.

Leg Hip Body Posture: This set of features captures the movements and positioning of the legs,

hips, and overall body posture, reflecting lower body dynamics and stability.

• Left and Right Knee Angle: The knee angle measures how much the consumer is bending their

legs. A larger knee angle (closer to 180 degrees) indicates standing or walking, while a smaller knee

angle (closer to 90 degrees) indicates bending or crouching to inspect lower shelves.

θknee = cos−1

(
(Hip−Knee) · (Ankle−Knee)

∥Hip−Knee∥∥Ankle−Knee∥

)
(3)

where Hip, Knee, and Ankle are the respective keypoints.

• Left and Right Hip Angle: The hip angle measures the degree of bending at the hips. A larger

angle indicates an upright stance, while a smaller angle reflects forward bending, typically when

examining products at lower levels. A smaller hip angle suggests focused attention on specific items,

which may indicate a higher likelihood of purchase. In contrast, a larger hip angle is associated

with standing or walking, reflecting more general browsing behavior.

θhip = cos−1

(
(Neck−Hip) · (Knee−Hip)

∥Neck−Hip∥∥Knee−Hip∥

)
(4)

where Neck, Hip, and Knee are the respective keypoints.
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• Thigh to Lower Leg Ratio (Left and Right): This ratio captures the relative extension of the

thigh compared to the lower leg. It is determined by measuring the distance between the hip and

knee (thigh length) and the distance between the knee and ankle (lower leg length), then dividing

the thigh length by the lower leg length. A higher ratio suggests that the consumer is standing

upright, while a lower ratio indicates that they are bending their knees, which often signifies a

crouching or kneeling posture.

Hand Positioning Movement : This set of features captures the positioning and movements of the

hands, providing insights into hand-related actions such as reaching, grasping, and manipulating

objects.

• Left and Right Hand Position Relative to Shoulder: This feature measures the distance between

the hand and the shoulder. A larger distance indicates that the hand is extended outward, reflecting

active engagement with products, as the consumer is likely reaching out to grab or inspect an

item. Conversely, a smaller distance suggests that the hand is closer to the body, implying that the

consumer has picked up the item and is holding it closer for inspection or resting it near the body.

• Left and Right Hand Finger Spread: This feature measures the average distance between the

fingers, indicating whether the hand is open or closed. A larger spread reflects an open hand, often

associated with exploratory actions, while a smaller spread suggests a closed hand, indicating a

firm grip or holding position.

finger spread =
1

N

∑
f1,f2

√
(xf1 −xf2)

2 +(yf1 − yf2)
2 (5)

where N denotes the total number of pairs of finger keypoints.

Head Orientation Gaze: This set of features captures the orientation and gaze direction of the

head, providing insights into where the consumer’s attention is focused and how they visually

engage with their surroundings.

• Head Orientation (Left and Right): Head orientation measures the consumer’s head movement

from left to right, indicating where they are looking. This is calculated by measuring the distance

between the eye and shoulder points. A larger distance suggests the consumer is looking significantly

to the left or right, possibly scanning product displays or navigating the store.

• Head Tilt (Left and Right): Head tilt measures whether the consumer is looking up or down,

providing insight into their engagement with products placed outside their direct eye level. It is

calculated by comparing the vertical position of the eye relative to the ear. A downward tilt suggests

the consumer is looking at products placed lower on shelves, while an upward tilt indicates they

are focusing on higher displays.
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• Head Facing Direction: This feature captures the direction the consumer’s head is facing,

indicating which area of the store or display the consumer is focused on. A larger facing direction

indicates significant head movement toward a particular area or product.

θfacing = cos−1

(
(MidShoulders−Nose) · (MidEyes−Nose)

∥MidShoulders−Nose∥∥MidEyes−Nose∥

)
(6)

where Mid Shoulders, Nose, and Mid Eyes are the respective keypoints.

2.5. Major Feature Set 4 - Facial Emotion, Eye Gaze, Mouth Status Features

We also capture the more granular aspects of consumers’ facial dynamics. Capturing facial dynam-

ics, including facial emotion, eye gaze, and mouth status, provides valuable insights into a con-

sumer’s emotional and cognitive engagement during the shopping process. These facial cues offer

crucial information on the consumer’s interaction with products and their overall experience in the

store.

Facial Emotions: We use the Face++ API to extract various consumer emotional states, includ-

ing smile, anger, disgust, fear, happiness, neutral, sadness, surprise. Facial emotions are highly

informative for understanding consumer sentiment toward specific products. For example, a smile

or expression of happiness may indicate that the consumer is pleased with a product, which can

signal a strong likelihood of purchase. Conversely, emotions such as disgust or sadness may indi-

cate dissatisfaction or disengagement, potentially signaling that the product does not meet the

consumer’s expectations.

Eye Gaze Attention: We use the Face++ API to extract consumers’ eye center locations and

gaze directions for both the left and right eyes. Each eye is represented by two key aspects: the eye

center location and the gaze direction. The eye center location is provided as x and y coordinates,

which represent the position of the eye’s center on a two-dimensional plane, indicating where the

consumer’s eyes are located within the frame.

Additionally, we obtain a three-dimensional gaze direction vector consisting of x, y, and z compo-

nents. The x component of the gaze vector reflects the horizontal direction of the consumer’s gaze

(left or right), the y component reflects the vertical direction (up or down), and the z component

represents the depth or distance, indicating whether the consumer is focusing on something nearby

or further away.

These detailed gaze metrics allow us to precisely track where consumers are directing their

attention, offering insights into which products or displays are capturing their focus. The longer

and more consistently their gaze is directed at a specific area, the greater the likelihood of consumer

interest and potential purchase intent.
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Mouth Status: We use the Face++ API to detect whether the consumer’s mouth is open or

closed. This simple yet effective feature can provide valuable insights into consumer behavior. For

instance, an open mouth may indicate that the consumer is speaking with a salesperson, asking

questions about a product, or expressing interest verbally—activities often associated with a higher

likelihood of purchase.

2.6. Major Feature Set 5 - Benchmark Features (Static Features)

In addition to dynamic behavioral data, we also include non-dynamic benchmark features such as

consumers’ appearance, demographics, and contextual information like the date and time of their

store visit. These static features can provide valuable insights into consumer purchase intention

by offering additional context about who the consumers are and the conditions under which they

shop.

Appearance: We extract consumers’ appearance attributes, including beauty level and skin health

metrics such as stain, dark circle, and acne. We also determine whether consumers are wearing

glasses, categorizing them as dark glasses, normal glasses, or none, using the Face++ API. These

appearance features can be insightful in understanding how consumers’ self-presentation might

influence their shopping behaviors. For instance, consumers who are more appearance-conscious

may have different preferences, especially in fashion or beauty products.

Demographic Characteristics: We extract basic demographic information such as gender and

age. These demographic features are critical for understanding different consumer segments. For

example, younger consumers may have different purchasing patterns compared to older consumers,

and gender can often influence product preferences.

Contextual Features: We include contextual features such as the specific day of the week (e.g.,

Monday, Tuesday) and the time of day (e.g., early morning, late morning, early afternoon, late

afternoon, early evening, late evening) when the shopping journey occurs. These contextual factors

are important in understanding how consumer behavior varies depending on the timing of their

visit. For instance, consumers shopping during late afternoon or evening may be more likely to

make immediate purchases, whereas early morning shoppers might be engaging in more exploratory

browsing. Additionally, weekend versus weekday shopping behaviors may differ, with consumers

potentially spending more time and purchasing more on weekends.
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3. Appendix C: Latency Test

To assess whether our framework can operate in real-world real-time contexts, we conducted a real-

time feasibility analysis using an actual shopping-day video as a proxy for live input. Specifically,

we simulated real-time processing by feeding the Day 13 video (578 consumers) into our framework

sequentially as time progressed and measured the total end-to-end latency—from feature extraction

to purchase-intent prediction on four NVIDIA A6000 GPUs.

We structured the processing pipeline into three main stages:

1. Step 1 – ReID (Re-Identification) Modules: Person-level tracking to link video frames across

space and time.

2. Step 2 – Feature Extraction: Includes parallel processing across four modules: Alpha-

Pose (body pose), PaliGemma (gait dynamics), Spatial-Temporal Trajectory analysis, and

Facial/Emotional features (eye gaze, mouth status). Since these extractions are executed in parallel,

we take the maximum latency among the four to represent this step.

3. Step 3 – Purchase Intent Prediction: Real-time inference based on extracted behavioral fea-

tures.

We benchmarked this system under four real-time window scenarios: predicting intent every 30s,

10s, 5s, and 1s. The results are summarized in Table 2 below. The results demonstrate that our

pipeline can be confidently deployed in real-time scenarios. When purchase intent is predicted every

30 seconds, the entire end-to-end pipeline—from feature extraction to intent scoring—requires only

0.76 seconds per consumer, allowing nearly 40 users to be processed within each prediction window.

Even at higher frequencies, the system remains highly efficient: every 10 seconds requires just 0.42

seconds per user (≈24 users per window), every 5 seconds requires 0.27 seconds per user (≈18 users

per window), and even real-time predictions at a 1-second interval can be completed in only 0.12

seconds per user (≈8 users per window).

Table 3 reports the latency breakdown of our end-to-end system under four real-time prediction

windows (30s, 10s, 5s, and 1s) for these three steps. Within Step 2, four feature extraction mod-

ules—AlphaPose (body pose), PaliGemma (gait dynamics), Spatial-Temporal Trajectory analysis,

and Facial/Emotional features (eye gaze, mouth status)—can be processed in parallel. Thus, the

effective latency for Step 2 is determined by the maximum runtime among the four modules, rather

than their sum.

Although PaliGemma (the vision-language model) is the most computationally intensive sub-

module within feature extraction (180.5s for 578 consumers at the 30s window), its impact does not

undermine overall system performance. With parallelization, the bottleneck shifts to the longest

module within Step 2, and the system still delivers end-to-end latency well below each prediction

window. Moreover, PaliGemma is served through an optimized VLLM inference engine, which
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ensures low-latency serving of generative models. Combined with the modest runtime of other fea-

ture extractors (e.g., Pose and Motion, Spatial-Temporal Trajectory, Facial Expressions) and the

negligible cost of intent prediction (¡0.4s across scenarios), the overall time cost of our framework

remains low.

It is also important to note that our latency measurements are conservative, as they were obtained

on four NVIDIA A6000 GPUs without leveraging acceleration toolkits. In practice, significant effi-

ciency gains can be achieved by leveraging tools such as TensorRT2, TVM3, or ONNX Runtime4

for inference acceleration. Additionally, deploying the framework on higher-throughput systems

(e.g., NVIDIA H100 or A100 GPUs) can further significantly reduce end-to-end latency, enabling

higher throughput and tighter prediction windows. As demonstrated in various NVIDIA perfor-

mance benchmarks5, optimized inference pipelines can dramatically increase real-time capacity

while lowering system cost per prediction.

Overall, the latency analysis demonstrates that our framework is fully compatible with real-

time deployment. By combining efficient consumer trajectory reconstruction, parallelized feature

extraction, and low-latency VLM inference, the system enables timely monitoring of dynamic

purchase intent, supporting personalized targeting policies that can be executed in real-world retail

environments.

Table 2 Latency Test: Processing Time and Capacity by Prediction Interval

Prediction Interval Time Per Person (sec) Max Users Processed Per
Window

Every 30 seconds 0.76 39.6

Every 10 seconds 0.42 23.9

Every 5 seconds 0.27 18.2

Every 1 second 0.12 8.5

2 https://developer.nvidia.com/tensorrt

3 https://tvm.apache.org/

4 https://onnxruntime.ai/

5 https://www.nvidia.com/en-us/data-center/resources/mlperf-benchmarks/
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Table 3 Real-Time Prediction Latency Breakdown (Time per person, sec)

Step/Module Submodule/Feature Type Every 30s Every 10s Every 5s Every 1s

ReID 0.4447 0.2143 0.1277 0.0491
Feature Extraction Pose & Motion (Alphapose) 0.0597 0.0389 0.0277 0.0143

Product Interaction
(PaliGemma)

0.3123 0.2029 0.1458 0.0683

Spatial-Temporal Trajectory 0.0065 0.0041 0.0031 0.0015
Facial Expressions 0.0581 0.0403 0.0318 0.0217

Prediction 0.0007 0.0006 0.0006 0.0006

Total Time per person 0.76 0.42 0.27 0.12

4. Appendix D: Prediction Models and Model Performance
4.1. Prediction Model Architecture

We experiment with four popular deep learning models: LSTMs (Long Short-Term Memory net-

works), GRUs (Gated Recurrent Units), RNNs (Recurrent Neural Networks) and Transformers.

We demonstrate the rationale and details of the model architecture as below.

LSTMs are a type of recurrent neural network that addresses the vanishing gradient problem

by introducing memory cells, which help retain information over long sequences. This makes them

ideal for modeling consumer actions that unfold over time, especially when certain behaviors earlier

in the shopping journey might influence later decisions.

GRUs are a simplified version of LSTMs, using fewer parameters while retaining the ability to

handle long-term dependencies in sequential data. GRUs are computationally efficient and are well-

suited for scenarios with fewer time steps or when model performance needs to balance between

speed and accuracy.

RNNs are the foundational architecture for sequence modeling. However, they are less effective

with long-term dependencies compared to LSTMs and GRUs due to issues with gradient propaga-

tion, making them more suitable for shorter, less complex sequences.

Finally, we employed a Transformer model (Vaswani et al. (2017)), which represent the state-

of-the-art for modeling sequential and time-series data due to their ability to capture long-range

dependencies and complex temporal dynamics. Compared with traditional recurrent architectures

such as RNNs or LSTMs, the Transformer model offer superior flexibility and performance in

modeling consumer trajectories over time (Giuliari et al. (2020), Nie et al. (2022)). By leveraging

a self-attention mechanism, the Transformer model dynamically weigh the importance of different

time steps, enabling them to effectively capture intricate behavioral patterns and decision-making

processes during the shopping journey. We also illustrated the Transformer architecture in Figure

6.
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Figure 6 Transformer Model Architecture (Vaswani et al. (2017))
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5. Appendix E: Design of Targeting Policy
5.1. Examples of Evolving Purchasing Intention for Purchasers and Nonpurchasers

(a) (b)

(c) (d)

(e) (f)

Figure 7 Purchasers Real-time Purchase Probability Examples
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(a) (b)

(c) (d)

(e) (f)

Figure 8 Non-Purchasers Real-time Purchase Probability Examples
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5.2. Simulation Framework for Targeting Policy Lift Analysis

Following Sun et al. (2022), we model the effectiveness of promotional interventions using a prob-

abilistic lift framework. Specifically, for each targeted consumer, a simulated increase in purchase

probability is applied at or after the intervention point: pliftedi,t = pi,t +∆i, ∆i ∼N (µ,σ2) , where

∆i captures the consumer-specific response to the intervention, drawn from a normal distribution.

Consistent with prior work (Ghose and Todri (2016)), which finds that a successful digital ad

impression increases consumer intent by an average of 0.22%, we calibrate our simulation using a

normal distribution with mean µ= 0.0022 and standard deviation to be σ = 0.22 (100X mean µ).

This setup reflects the heterogeneity in individual responsiveness while preserving the population-

level effect size observed in the literature. To reflect real-world marketing constraints, we impose

a maximum targeting ratio α, such that at most αN consumers (where N is the total number

of shoppers) can be targeted in each scenario. If more than αN consumers qualify, only the top-

ranked ones (according to the policy-specific signal) are selected. In our dataset with N = 12,346

consumers, we set α= 0.25, meaning that at most one-quarter of shoppers can be targeted.

The outcome for each consumer is determined by whether their (possibly lifted) purchase proba-

bility ever exceeds a conversion threshold (e.g., 0.5). Let Starget ⊆ {1, . . . ,N} be the set of consumers

chosen for targeting under a given policy, subject to the targeting constraint |Starget | ≤ αN . For

each consumer i, define:

Profit i =


R−C, if i∈ Starget and maxt p

lifted
i,t ≥ θ

−C, if i∈ Starget and maxt p
lifted
i,t < θ

R, if i /∈ Starget and maxt pi,t ≥ θ

0, otherwise

Where
R= revenue per purchase

C = cost per coupon

θ=purchase threshold

pi,t = intrinsic purchase probability

pliftedi,t =probability with coupon lift

Based on our data, the revenue per purchase is set at R= 67.43, and the coupon cost is chosen

as 1% of the revenue, i,e., C = 0.6743. Total profit across all consumers is then sumN
i=1 Profit i.

This simulation procedure allows for a fair comparison of different targeting strategies under con-

sistent assumptions and constraints. While all policies operate within the same structural con-

straints—such as budget constraint and lift modeling—they differ in the signals used to identify

consumers for intervention (e.g., trajectory trends, entropy, hesitation, persuadability zone). The

subsequent sections detail the specific design and selection criteria of each policy. We then con-

duct simulations and use total profit as the key metric of targeting efficiency to evaluate their

performance. The pseudocode for the simulation framework is demonstrated in Algorithm 1.
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Algorithm 1 General Simulation Framework with Lift Analysis

1: Input: consumer sequences, budget ratio, lift distribution(), conversion threshold,
revenue per purchase, cost per coupon, signal function()

2: for each i in consumer sequences do
3: (signal[i], t∗i )← signal function(consumer sequences[i])
4: Seligible←{i | t∗i ̸= None}
5: Nmax←⌊budget ratio · |consumer sequences|⌋
6: Starget← top Nmax in Seligible sorted by signal[i] (descending)
7: for each i in consumer sequences do
8: lifted sequence← consumer sequences[i]
9: if i∈ Starget then

10: lift← lift distribution(), t← t∗i
11: for j = t to end do
12: lifted sequence[j] += lift
13: lifted[i]← lifted sequence
14: for each i in lifted do
15: m←max(lifted[i])
16: if i∈ Starget then
17: if m≥ conversion threshold then
18: profit[i]← revenue per purchase− cost per coupon
19: else
20: profit[i]←−cost per coupon
21: else
22: if m≥ conversion threshold then
23: profit[i]← revenue per purchase
24: else
25: profit[i]← 0
26: total profit←

∑
i profit[i]

27: Output: total profit, Starget, profit

We further evaluate the optimal timing for targeting interventions to maximize total profit.

Specifically, we vary the starting point of coupon delivery as a percentage of each consumer’s in-

store journey—for instance, sending a coupon after 20% or 50% of their shopping duration. The

“start fraction” thus represents the share of the consumer journey completed before the inter-

vention. As shown in Figure 9, targeting consumers around the midpoint of their shopping trip

(approximately 50%) yields the highest total profit. This finding supports our hypothesis of a

timing trade-off in real-time targeting: interventions must balance between gathering sufficient

behavioral information from the consumer’s early journey and acting promptly enough to capture

conversion opportunities before the purchase decision is finalized.
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Figure 9 Profit Over Targeting Time (real-time persuadability detection policy)

6. Appendix F: Implementation Guidance for Retailers

In this section, we provide a step-by-step implementation guidance for retailers, along with a system

design blueprint for our framework.

6.1. A step-by-step System Design Blueprint

We first provide a modular system design blueprint (Figure 10) that outlines the end-to-end

pipeline—from camera input, to feature extraction, to real-time targeting decisions. The modular-

ity allows progressive adoption: smaller stores can start with Modules 1–3 (feature tracking and

analytics), while larger retailers can scale into Modules 4–6 (real-time predictive modeling and

targeting).

This design outlines a modular, scalable architecture that facilitates end-to-end automa-

tion—transforming raw camera input into intelligent marketing interventions—while remaining

compliant with privacy regulations and adaptable to varying retail scales.

Module 1: Data Capture Layer (Edge Layer)

Hardware Components: Deploy ceiling-mounted high-resolution RGB cameras across key store

zones (e.g., entrance, promotional aisles, checkout). For smaller stores, a minimal configuration

with 3–5 strategically placed cameras can still capture high-value zones.

Edge Processing (Optional): For latency-sensitive environments, lightweight edge devices (e.g.,

NVIDIA Jetson) can preprocess video streams to reduce cloud dependency and preserve privacy.

Module 2: Data Pipeline and Privacy Middleware

Data Streaming : Raw video feeds are streamed securely via an encrypted protocol to a central

processing unit (on-premises or cloud).



Authors’ names blinded for peer review
26 Article submitted to Information Systems Research; manuscript no.

Privacy Compliance Middleware: Integrate tools for real-time facial blurring, identity obfuscation,

and policy-based data retention to ensure GDPR, CCPA/CPRA, or PIPL compliance.

Consent Tracking Subsystem: Log customer consent via app check-ins, loyalty programs, or in-store

notices, linked to anonymized session IDs.

Module 3: Perception Layer (Computer Vision Models)

Person Re-identification and Tracking : Use a pre-trained model such as SOLIDER to generate

consistent anonymized embeddings of individual shoppers across camera zones.

Behavioral Feature Extraction: Apply vision-language models (e.g., PaliGemma) to infer fine-

grained actions such as product touches, hesitation, and backtracking. Extract features like gaze

direction, dwell time, and trajectory curvature in real time.

Temporal Feature Construction: For each consumer, generate a tensor capturing behavior over

time, segmented by 1-second intervals.

Module 4: Prediction Engine (Intent Modeling)

Model Architecture: Use a transformer-based model trained on labeled data to estimate time-

varying purchase probabilities, denoted as pi,1, pi,2, ..., pi,T for each consumer i using features avail-

able up to time t.

Real-Time Inference: At each frame, the model updates the consumer’s likelihood to purchase,

creating a live behavioral “heatmap” across the store.

Module 5: Policy Layer (Targeting Decision Engine)

Targeting Policy Selection: Choose among five targeting strategies (e.g., high intent, hesitation

detection, trajectory volatility) to define Starget—the real-time set of customers eligible for inter-

vention.

Coupon Optimization Module: Implement a lift-based rule to avoid targeting customers already

highly likely to purchase, maximizing incremental ROI.

Intervention Delivery : Trigger digital coupons via app notifications, shelf screens, or associate

prompts depending on store configuration.

Module 6: Monitoring & Simulation Sandbox

Business Simulation Engine: Simulate targeting policies using historical data under varying thresh-

olds and constraints (e.g., budget, coupon cost) to fine-tune rollout parameters.

Performance Dashboard : Provide real-time dashboards tracking targeting accuracy, latency, engage-

ment, and uplift, with KPIs accessible to store managers.

This modular design supports progressive adoption: stores can start with feature tracking and

analytics (Modules 1–3), then expand to predictive modeling and real-time targeting (Modules
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4–6). The system is horizontally scalable with minimal incremental cost per consumer and enables

continuous learning as more video data is collected.

Figure 10 System Design Blueprint

6.2. Implementation Guidance

We then outlined a few practical guidance for retailers regarding actual implementation and poten-

tial deployment cost.

• Prediction Frequency and Latency Management: Based on our latency tests, the prediction

frequency can be tuned to match store traffic. For example, high-traffic supermarkets may choose

shorter windows (e.g., 1–5s) to capture fast-moving shoppers, while smaller specialty stores may

use longer windows (10–30s) to balance performance with computational cost. This ensures inter-

ventions are delivered at the right moment without overwhelming system resources.

• Targeting Policy Design: Retailers can begin by using our framework to design targeting

policies based on real-time purchase-intention trajectories. As shown in our simulations, policies

such as the real-time persuadability policy or trajectory-informed policy significantly increase profit

compared to baseline approaches. Merchants can select the policy that best aligns with their own

operational data and objectives.

• Behavioral Segmentation for Personalization: Drawing on our demographic and trajectory

analyses, retailers can translate observed consumer patterns into actionable strategies. For exam-

ple, male shoppers often follow gradual-intent trajectories, suggesting policies focused on grad-

ual engagement nudges, whereas female shoppers display sharp early increases and hesitation,

motivating hesitation-detection interventions at critical decision points. These archetypes enable

personalized, context-aware targeting strategies.
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• Cost Considerations: The bulk of costs are incurred during initial setup (camera installation,

computing infrastructure such as edge devices or servers, and integration with store systems). Once

deployed, the marginal cost of processing additional consumers is nearly zero because the system is

fully automated, requiring no manual coding or annotation. Smaller retailers can further minimize

costs by leveraging existing CCTV infrastructure and low-cost edge devices (e.g., Jetson Nano,

Google Coral) to run inference locally.

• Retail environments are inherently complex and dynamic, with factors such as lighting condi-

tions, store layout, camera placement, product assortment, and shopper density evolving over time.

These changes can affect the quality and consistency of video-derived signals and may introduce

variability in model performance across stores or over longer deployment horizons.
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7. Appendix G: Privacy and AI Ethics

We review three representative regulatory frameworks with distinct approaches to video analytics:

GDPR in the European Union, PIPL in China, and state-level laws such as CCPA and CPRA in

the United States. Despite differences, these frameworks converge on core principles emphasized in

international data protection law: transparency and consent (GDPR Art. 7; PIPL Art. 14; CCPA

§1798.100), purpose limitation (GDPR Art. 5(1)(b); PIPL Art. 41), data minimization (GDPR

Art. 5(1)(c); PIPL Art. 6), data security (GDPR Art. 32; PIPL Ch. IV), and legal/regulatory

compliance (GDPR Ch. III VIII; PIPL Ch. VI; CCPA/CPRA §1798.100–1798.199.100). These

principles form the foundation for best practices in privacy-compliant deployment of video analytics

in retail. Table 4 listed examples of real-world retailers who adopted video analytics practices that

are aligned with privacy principles.

Table 4 Examples of Video Analytics Privacy Practices Across Retailers

Principle Walmart Kroger Comcast Smart
Solutions

Transparency &
Consent

Displays signage
in-store (“cameras are
operating”) and
includes privacy
clauses in its public
Privacy Notice6.

Kroger prominently
uses in-store signage
(“cameras in use”)
and maintains a
comprehensive Privacy
Notice online7 that
explains data
collection, including
CCTV.

Promotes
“privacy-aware AI”;
no personal data used
for marketing8.

Purpose Limitation Cameras used for loss
prevention, safety, and
operational insights
only9.

Analytics limited to
traffic patterns,
fraud/security, and
queue management;
excludes facial ID10.

Analytics for safety
and insight—not
identity tracking11.

Data Minimization Footage stored
short-term; limited
access; no facial
recognition12.

Video processed to
extract behavioral
metrics then
discarded13.

Partners with Eagle
Eye & C2RO;
anonymization and no
unique ID storage14.

Data Security Access limited to
authorized staff;
encrypted storage;
retention schedules15.

Video encrypted;
strict access controls;
internal auditing16.

Cloud storage uses
encryption and strict
controls17.

Legal & Regulatory State law compliance
guaranteed; no facial
ID; privacy notices in
place18.

CCPA/CPRA aligned;
scalable toward
GDPR/PIPL19.

Privacy-aware AI;
compliant with local
regulations20.
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